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Doctoral Dissertation, 210 pp. 
Doctoral Programme in Clinical Research 

ABSTRACT 

Heart failure (HF) is a global health problem. HF risk factors remain understudied. 
The roles that diabetes and sodium consumption play in HF remain unknown. 
Furthermore, the validity of HF diagnoses in the Finnish Hospital Discharge Register 
(FHDR) has not been thoroughly evaluated. This thesis aims to discover sodium- 
and diabetes-related HF risk factors, validate FHDR-based HF diagnoses, and 
investigate if the subtyping of register-based HF diagnoses could be improved 
through electronic health record (EHR) data mining. 

A 24-hour urinary sodium excretion (mean 183 mmol/d) was measured from 
4,630 individuals to assess the relationship between salt intake and incident HF 
(Study I). We used data from 3,834 diabetic and 90,177 nondiabetic individuals to 
evaluate the diabetes status-related differences in risk factors and mediators of HF 
(Study II). Medical records of 120 HF cases and 120 controls were examined to study 
the validity of HF diagnoses (Study III). We drew data from 33,983 patients to assess 
if HF diagnoses could be subtyped more accurately through EHR data mining (Study 
IV) and validated the mining-based versus clinical subtyping in 100 randomly 
selected patients. 

In Study I, we observed that high sodium intake was associated with incident 
coronary artery disease (CAD) and diabetes, but not HF. In Study II, the risk of HF 
was 2.7-fold in individuals with diabetes compared to nondiabetic participants. 
Conventional cardiovascular disease risk factors and biomarkers for cardiac strain, 
myocardial injury, and inflammation were associated with incident HF in both 
groups. The strongest mediators of HF in diabetes were the direct effect of diabetes 
and the indirect effects mediated by obesity, cardiac strain/volume overload, and 
hyperglycemia. In studies III and IV, HF diagnoses of the FHDR had good predictive 
values (NPV 0.83, PPV 0.85), even when patients with preexisting heart conditions 
were used as controls. With additional EHR-mined data, the accuracy of our 
algorithm to correctly classify individuals into HF subtypes versus clinical 
assessment was 86 %. 

The findings in this thesis show that register-based HF is an accurate endpoint 
and that EHR data mining can improve this accuracy. Our results also elucidate the 
role of sodium and diabetes as HF risk factors. 

KEYWORDS: Heart failure, validation, Finnish Hospital Discharge Register, salt, 
sodium, hazard, risk, biomarker, Cox proportional hazards model, mediation 
analysis, ejection fraction, data mining, algorithm, electronic health records  
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TURUN YLIOPISTO 
Lääketieteellinen tiedekunta 
Kliininen laitos 
Sisätautioppi 
MATTI VUORI: Sydämen vajaatoiminta: riskitekijät ja diagnoosien validiteetti 
Väitöskirja, 210 s. 
Turun kliininen tohtoriohjelma 

TIIVISTELMÄ 

Sydämen vajaatoiminta on maailmanlaajuinen terveysongelma, jonka riskitekijät 
ovat osin epäselviä. Suolan käytön yhteyttä ja diabeteksen aiheuttamaa korkeaa 
riskiä vajaatoimintaan ei ole riittävästi tutkittu. Vajaatoimintadiagnoosien validi-
teettia Hoitoilmoitusjärjestelmä (HILMO)-sairaalarekisterissä ei tiedetä. Tässä 
väitöskirjatyössä tutkittiin suolaan ja diabetekseen liittyviä sydämen vajaatoiminnan 
riskitekijöitä, validoitiin HILMO-pohjaiset vajaatoimintadiagnoosit ja selvitettiin, 
voidaanko vajaatoimintaa alatyypittää tekstinlouhintaa käyttämällä. 

Suolan saannin ja vajaatoiminnan välisen suhteen arvioimiseksi (tutkimus I) 
tutkittiin 4 630 henkilön vuorokausivirtsan natrium (keskimäärin 183 mmol/d). 
Diabetekseen liittyvien sydämen vajaatoiminnan riskitekijöiden selvittämiseksi 
(tutkimus II) käytiin läpi 3 834 diabeetikon ja 90 177 verrokin tiedot. Vajaa-
toimintadiagnoosien validiteettia (tutkimus III) varten tutkimme 120 vajaatoiminta-
tapauksen ja 120 verrokin (joilla oli muu sydänsairaus) potilastiedot ja tarkempaa 
alatyypitystä (tutkimus IV) varten keräsimme tietoja 33 983 potilaasta ja validoimme 
tiedonlouhintaan perustuvan alatyypityksen 100 satunnaisella potilaalla. 

Tutkimuksessa I suolan saanti oli yhteydessä sepelvaltimotaudin ja diabeteksen 
kehittymiseen, mutta tulokset eivät olleet merkitseviä vajaatoiminnan osalta. 
Tutkimuksessa II diabeetikoiden vajaatoimintariski oli 2,7-kertainen verrokkeihin 
verrattuna. Molemmilla tavanomaiset riskitekijät ja sydämen venyvyyden, 
sydänvaurion ja tulehduksen merkkiaineet olivat yhteydessä vajaatoimintaan. 
Merkittävimmät diabeteksen vajaatoimintaa välittävät muuttujat olivat diabeteksen 
suora vaikutus sekä epäsuorat ylipainon, sydämen venymisen ja hyperglykemian 
vaikutukset. Tutkimuksissa III ja IV HILMO-rekisterin vajaatoimintadiagnoosin 
prediktiiviset arvot olivat hyviä (NPV 0,83, PPV 0,85) verrattuna muihin 
sydänsairaisiin potilaihin ja tiedonlouhinnan alatyypityksen tarkkuus verrattuna 
kliiniseen oli 86 %. 

Tämä väitöskirja osoittaa, että HILMO-pohjaiset vajaatoimintadiagnoosit toimi-
vat tieteellisenä päätetapahtumana ja että vajaatoiminnan alatyyppiä voidaan 
tarkentaa tekstilouhinnalla, sekä tuo uutta tietoa suolasta ja diabeteksesta vajaa-
toiminnan riskitekijöinä. 

AVAINSANAT: Sydämen vajaatoiminta, validaatio, HILMO-rekisteri, suola, riski-
analyysi, merkkiaine, Coxin suhteellisten vaarojen malli, mediaatioanalyysi, 
ejektiofraktio, tekstinlouhinta, potilastietojärjestelmä  
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1 Introduction 

Heart failure (HF) is an important global health problem, with national prevalence 
rates varying between 0.12 % and 6.7 % and worldwide costs exceeding 108 billion 
USD annually (1). The prevalence of HF in Finland was 4.9 % as of 2018, according 
to data from THL, the Finnish Institute of Health and Welfare (2). As the general 
population ages, particularly in Western countries, the prevalence of HF is expected 
to rise substantially (3). About 20 % of people will develop HF in their lifetime (4). 
Therefore, preventing HF is of research interest that benefits the general population.  

HF is a cardiac condition in which the heart’s pumping ability is reduced. It is 
often the endpoint of underlying cardiovascular and metabolic morbidities, such as 
hypertension, CAD, and diabetes (4,5). According to the Global Burden of Disease 
(GBD) study, about 75 % of cases of HF are globally covered by the three etiologies 
of atherosclerotic heart disease (26.5 %), hypertension (26.2 %) and chronic 
obstructive pulmonary disease (COPD) –related heart disease (23.4 %) (6). In 
Finland, 50 % of cases are caused by atherosclerotic heart disease or hypertension, 
with considerable overlap (7).  

HF is divided into different disease patterns depending on whether the heart’s 
pumping function, as measured by the ejection fraction (EF), is reduced (HF with 
reduced EF, HFrEF) or preserved (HF with preserved EF, HFpEF). HFrEF is more 
clearly defined and easier to diagnose, most commonly the result of a myocardial 
loss (8). Preventing HF remains challenging as the differences in underlying factors, 
especially HFpEF, remain largely unknown (9,10). HFpEF is more heterogeneous 
also in its presentation and more difficult to treat (11).  

High salt intake is one of the major causes of hypertension (12). Although 
debated, increased salt intake appears an independent risk factor for CAD and stroke 
(13). However, many previous studies on the relationship between salt consumption 
and developing cardiovascular disease (CVD, namely CAD, stroke, and sometimes 
also HF (14–19)) have been performed in selected samples using frequent food 
questionnaires or spot urine samples for assessing salt intake. Furthermore, although 
hypertension is one of the most critical factors predisposing one to HF, the 
independent correlation between accurately assessed salt consumption and HF has 
not yet been studied.  
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Unlike elevated sodium intake, diabetes is an established risk factor for HF (20). 
The traditional explanation for a diabetic individual’s increased risk of HF has been 
cardiac atherosclerosis, which is accelerated in hyperglycemia (21). However, recent 
findings suggest that the risk for HF among obese and diabetic individuals is elevated 
even without CAD (22) or under meticulous glycemic control (23). Also, the risk of 
HF has surpassed that of myocardial infarction (MI) among diabetic individuals. 
Recently, sodium-glucose-cotransporter 2 (SGLT2) inhibitor use has been 
associated with reducing risk for HF hospitalization, the magnitude of which was 
much greater than expected (24). Thus, increased HF risk in the diabetic population 
from increased vascular volume expansion or alterations in the reabsorption of 
filtered glucose and sodium are probable, with possible roles also presented with 
hyperinsulinemia or obesity-related factors, among other factors (25,26).  

This thesis aims to provide additional insight into the relationships between salt 
intake and type 2 diabetes with HF. 

HF also has a heritable component. Historically, HF has been a challenging 
outcome in genetic studies due to the syndrome’s heterogeneity and underlying 
traits. Developing research methods for uncovering individual genetic 
susceptibilities in HF patients is mandatory to achieve targeted and personalized 
precision medicine for HF. The disease diagnosis codes and KELA 
(Kansaneläkelaitos, The Social Insurance Institution of Finland) drug reimbursement 
codes most often used in epidemiological registers do not differentiate among 
subtypes of HF. Consequently, crucial data on HF severity, subtype 
(HFrEF/HFmrEF/HFpEF), and the disease trajectory’s timeframe (acute/acute-on-
chronic/chronic/transient) is unavailable in register data. EF information and either 
natriuretic peptide (Brain natriuretic peptide [BNP] and/or N-terminal pro b-type 
natriuretic peptide [nT-proBNP or proBNP]) values or echocardiographic 
information of underlying structural heart abnormality or diastolic dysfunction are 
needed for subtyping. However, they are not readily available in the registers. 
Incorporating HF subtype information from EHRs could improve HF subtyping’s 
accuracy. This information could be collected via data mining. 

The diagnosis of HF has been revolutionized by the use of echocardiography. 
Prior to this era, the diagnosis was often vague and based only on clinical and 
laboratory parameters (27,28). We also aim to improve and validate register-based 
HF diagnoses initially by assessing agreement with clinical diagnoses using 
echocardiography data for proof of HF and subsequently by assessing whether EHR 
data mining could help define the HF subtypes.  

The information gained from this thesis will help patients, clinicians, and 
researchers by improving the quality of diagnoses used for HF research and 
providing in-depth information on HF risk factors.  
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2 Review of the Literature 

2.1 Classical risk factors of HF 

2.1.1 The difference between a risk factor and an etiological 
factor 

For disease prevention, knowledge on risk factors is crucial. A risk factor increases the 
chance of developing a disease by definition (29). When this association is strong 
enough, and causality can also be proved, the risk factor also becomes an etiological 
factor. Several criteria, such as the widely-used Hill’s criteria (30), based on the strength 
of association, consistency, and specificity, among other factors, can be used to assess 
causality.  

A disease state can be both an etiological factor and a risk factor, if it does not 
necessarily lead to HF (e.g., the very important CAD and hypertension, discussed 
below). As of now, The European Society of Cardiology (ESC) accepts several groups 
of diseases as causes of HF as of their updated 2021 diagnostic guideline (31). In 
addition to CAD and hypertension, ESC accepts the groups of valvular disease, 
arrhythmias, cardiomyopathies, congenital heart disease, etc. as causes of HF. 

However, there is substantial heterogeneity in the risk of developing HF among 
these. For example, valvular disease manifests with HF when the valve defect 
worsens enough, congenital heart disease is usually imminent at birth and 
cardiomyopathies almost always present with HF. 

Diabetes is a well-known cause and risk factor of HF (32). Due to the setting of 
this thesis, diabetes will be reviewed more thoroughly in its own literature review 
chapter. 

2.1.2 Overview of the classical risk factors of HF 
Results from the Framingham Heart Study (4) and Olmstead County (33) were the 
first population studies to provide longitudinal information on risk factors of HF. In 
these studies, two conditions—hypertension and an antecedent MI—were the most 
common and important risk factors of HF, and the presence of these disease states 
were also confirmed as etiological factors of HF (34,35).  



Matti Vuori 

 18 

Other common classical risk factors for HF according to ESC are advanced age, 
male sex, obesity, diabetes, dyslipidemia, cigarette smoking, heavy alcohol drinking, 
arrhythmias, infections, congenital heart disease, and low physical activity, (Figure 
1) (31). 

According to a meta-analysis covering 38 studies all over the world by 
Khatibzadeh et al., global risk factors for HF are atherosclerotic heart disease (CAD 
in other words), hypertension, valvular heart disease, cardiopulmonary disease (due 
to COPD), and cardiomyopathy (mostly Chagas’ disease), and rheumatic heart 
disease (20). Here, the focus is on risk factors in the Finnish/European population. 

 
Figure 1.  Classical risk factors of HF. Atherosclerotic heart disease and hypertension 

(illustrated in gray) are the two major HF risk factors/etiologies, that have a share in two-
thirds of cases in Finland and westernized countries. Minor risk factors for HF (illustrated 
in white) are advanced age, male sex, obesity, diabetes, dyslipidemia, cigarette 
smoking, heavy alcohol drinking, and low physical activity. The often-coexisting 
conditions of atrial fibrillation (AF), COPD, and chronic kidney disease (CKD) are also 
shown with hexagons. The differentiation among these is mostly subjective. 
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2.1.3 Atherosclerotic heart disease 
After the initial results from the Framingham Heart Study, evidence on ischemic heart 
disease as an HF risk factor accumulated rapidly. Up to two out of three cases of HF 
could be caused by CAD to some extent (36). HF can also be the primary presentation 
of ischemic heart disease and atherosclerostic heart disease is so frequently behind 
new-onset HF that European and American guidelines recommend outruling CAD 
with coronary angiography in HF patients with unclear etiology (9,31,37). 

Regardless of the type of HF, HFrEF and HFpEF share the ischemic etiology as 
the most common cause. However, a coronary occlusion leading to an MI will more 
likely result in HFrEF than HFpEF (33).  

Historically, CAD has been the biggest etiological factor of HF, accounting for 
most cases. However, as cardiovascular prevention has improved, the share of CAD 
has declined. The FinTerveys 2017 study estimated the prevalence of CAD for men 
over 18 in Finland at 14.3 % and 7.1 % for women (38). 

Atherosclerosis reduces the effective amount of oxygen delivered to the heart, 
resulting in myocardial ischemia and dysfunction. MIs, however, result in muscle 
death and cardiac wall remodeling. These changes may cause an abrupt fall in 
cardiac output and EF (which can be reversible with prompt revascularization), or a 
slowly declining heart function that is less likely to fully recover (39).  

In a study of 187,803 acute MI patients hospitalized between 2007 and 2011, 
12 % had signs of HF on admission, and 4 % developed HF within the hospital 
treatment period (40).  

2.1.4 Hypertension 
Hypertension was the biggest contributor to HF risk in the Framingham Heart Study’s 
results. The study’s subjects whose blood pressure (BP) exceeded 160/100 mmHg had 
a two times higher risk of developing HF someday than those with normotension (4). 
Recent reviews have concluded that hypertension’s contribution to developing HF is 
similar to that of ischemic heart disease—possibly even greater (41).  

In the FinTerveys 2017 study, 49.9 % of men over 18 and 40.9 % of women 
reported elevated systolic or diastolic BP readings or antihypertensive medication 
(38). Less than half (48% according to data from 2011) of those with hypertension 
treatment are well controlled and 43% of hypertensives are not aware of the disease 
they have (42). 

Uncontrolled hypertension affects the heart in several ways (right side of Figure 
2): It causes diastolic dysfunction resulting in heart stiffness, and the added workload 
on the heart pumping against an increased peripheral resistance causes left 
ventricular hypertrophy (LVH) (41). LVH increases the heart’s muscle mass and 
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oxygen consumption, demanding increasing coronary circulation, and 
predispose/expose to arrhythmias. 

Hypertension is also a major contributor to CAD (41,43), causing a vicious circle 
of these disease entities as increased pressure causes increased demand to the 
circulation (36,44), possibly leading to HF (illustrated in Figure 2). Hypertension 
accelerates atherosclerosis in numerous mechanisms ranging from increased stress 
and stiffness of the arterial wall to endothelial dysfunction. Hypertension is also 
linked to insulin resistance, and increased lipid metabolism and deposition to the 
vascular wall (45).  

Diastolic dysfunction and LVH are usually the primary presentations of 
hypertension without CAD in the pathophysiologic development of HF—
asymptomatic initially, and then progressing to clinical HFpEF and then HFrEF (41).  

 

Figure 2.  The vicious circles of hypertension, CAD, and HF. Modified after Slivnick & Lampert, 
Lala & Desai and Nagueh (36,41,44). 

2.1.5 Advanced age 
As HF is usually the result of decades of cardiovascular morbidity, it makes sense 
that age is the most crucial risk factor of HF.  

A person’s lifelong risk of acquiring HF is roughly 20 %, from age 40 to 80 for 
both sexes (4). In a study covering 4 million individuals in the general population of 
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Great Britain, the mean age for developing HF was 76.5 (SD 12.0) years (46). 
Globally, over half of HF patients are over 75 (8), with a sharp rise in incidences 
over the last decades of life. The prevalence is small, <1 %, in people under 40 and 
>10 % in the very advanced age (over 80 years) (47).  

The presence of CVD and HF limit activity and increase the need for help the 
most in Finnish elderly women (48). 

2.1.6 Sex 
Though the cumulative incidence of HF between sexes does not differ much 
globally, the risk is slightly greater in men (4). In the same British study, 51 % of 
newly diagnosed HF patients were men (46). One possible reason is that obstructive 
CAD is more prevalent in men and its onset earlier in life, compared to women (49). 

However, there is a difference when it comes to the subtypes of HF. Women are 
likelier to develop HFpEF than men, while HFrEF (especially in the younger years) 
predominates in men (50). The most important underlying factors are the differences 
in coronary atherosclerosis and its presentations between sexes and how female 
myocardium tends to react with more concentric hypertrophy to hemodynamic stress 
than the male myocardium, which reacts more with eccentric hypertrophy (51). 

2.1.7 Obesity 
A strong positive association between increasing body mass index (BMI) and HF 
risk was observed in a meta-analysis of nine studies (three with diabetic study 
samples) consisting of 375,056 individuals (52). This weight association presents a 
J-shaped curve, linking under- and overweight with HF; the morbidly obese ones 
most severely (52).  

Obesity is a global epidemic, with 24.4 % of Finnish men and 26.0 % of Finnish 
women being obese (BMI > 30 kg/m2) in 2017 (38). Obesity is estimated as the 
underlying cause in approximately 11 % of cases of HF among men and in 14 % of 
women (53).  

Myocardial and hemodynamic changes, as well as direct lipotoxicity, have been 
proposed as possible mechanisms (54). Obesity affects hemodynamics, cardiac 
output and vascular volume are increased, increasing also heart preload and filling 
pressures. Obesity also induces myocardial alterations via cardiac lipotoxicity, and 
impairs pumping ability, causing roughly 11 % of HF cases in men and 14 % in 
women (53). Most likely, obesity-related low-grade inflammation also has a role 
(55). 

Obesity also relates to other cardiovascular risk factors such as ischemic heart 
disease, hypertension, type 2 diabetes, and dyslipidemia (45).  
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2.1.8 Dyslipidemia 
Data from the Framingham Heart Study already suggested that low high-density 
lipoprotein (HDL) is associated with a slightly elevated independent risk factor for 
HF, apart from the effects of inducing CAD and MIs (56). Finnish data also show 
that the metabolic syndrome—that dyslipidemia is a crucial part of—is also an 
independent risk factor for HF with an 1.45–1.74-fold risk when adjusting for other 
comorbidities (57). Results from numerous statin trials also suggest a protective role 
against incident HF in patients that already have an established CAD (58), and also 
suggesting probable efficacy in the primary prevention of HF (59). 

2.1.9 Cigarette Smoking 
Cigarette smoking is not only strongly associated with the onset hypertension (60), 
CAD (61), and COPD (62), but is also related to incident HF (63), diabetes (64), and 
AF (65). A recent meta-analysis of 26 studies confirms; the adjusted risk ratios (RRs) 
for current smokers was 1.75 (95 % confidence interval [CI] 1.54–1.99) (66). The 
increased risk of HF associated with smoking persisted even when the effects of 
CAD, hypertension, AF, and diabetes were adjusted for, suggesting that smoking 
also has a direct cardiotoxic effect.  

Nicotine is the substance that is mostly responsible for the addiction (67). The 
carcinogenic and cardiotoxic substances that enter the body from cigarette smoke act 
in largely unknown ways to increase inflammation, thrombosis, and circulating 
lipoprotein oxidation (61). Nicotine also functions as a potent vasoconstrictor both 
directly and indirectly via the activation of the sympathetic nervous system, among 
others (68).  

All cardiac patients should quit smoking. This habit has been decreasing in 
Finland. In 2017, 14.9 % of adult men and 10.7 % of adult women were daily 
smokers (38).  

2.1.10 Alcohol use 
Alcohol use is associated with hypertension (69), several CVD (CAD, MIs, 
peripheral artery disease (70))  and also HF. Heavy drinking is a strong risk factor 
for HF, but nondrinkers also have a slightly elevated risk than light-to-moderate 
drinkers (maximum 7 drinks/week). The results are similar in multiple studies and a 
meta-analysis from 2015 (71–73).  

Alcohol weakens the heart’s pumping ability, is arrhythmogenic and increases BP 
(74). Sustained alcohol use predisposes to a type of cardiomyopathy, the alcoholic 
cardiomyopathy (75). Alcohol’s toxic effects on the heart are also known on the 
cellular level (75) and all HF patients are advised to abstain from alcohol use (31). 
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The slightly raised risk of CVD with abstainers has traditionally been explained 
by the lipid-lowering properties of small alcohol consumption (HDL is known to 
increase slightly (76)), with possible effects on insulin sensitivity, endothelial 
function, and the natriuretic peptide system (77). However, nondrinkers are a very 
heterogeneous group, and it may simply be that they are earlier alcoholics, already 
having an alcohol-induced illness (such as liver cirrhosis) and have been advised to 
adhere with abstinence. 

However, in a similar manner to smoking, all cardiac patients should retain from 
alcohol use. A recent Irish study of 744 persons with risk factors of HF found that 
moderate alcohol consumption was associated with a 4.5-fold risk of HF in 
comparison to no alcohol use, and that even light alcohol intake might be too much 
for persons in risk (78). In Finland, 32.5 % of men over 18 and 10.2 % of women 
consumed over six drinks in one sitting at least monthly in 2017, while the 
abstainers’ share was 20.4 % for men and 23.5 % for women (38).  

2.1.11 Physical activity  
Physical activity has an inverse association with incident HF. Even with minimal 
activity levels (according to national recommendations), a protective role against HF 
can be achieved (79). Those who exercise most have the slightest risk, and it seems 
no upper limit exists concerning the amount of exercise that would be bad for the 
heart.  

Physical exercise is part of the non-pharmacological therapy of CHF (80).The 
beneficial effects of exercise on the heart, circulation, and several other physiological 
organ systems (e.g., immunity) are dose-dependent; even the molecular mechanisms 
are slowly being uncovered (81).  

Most of the Finnish people, 73.6 % of men and 71.3 % of women over 18, engage 
in physical activity in their leisure time (38). However, only 3% are active enough 
according to the national Finnish guidelines (data from 2014–2020 from late 16–20-
year-old adolescents in Finland (82)) 

2.1.12 Coexisting conditions as risk factors of HF 
In the case of HF, many common coexisting comorbidities are often present, such as 
COPD, AF, and CKD. Because of this dualistic existence, it is often difficult to 
determine the order for the causality of the diseases (the chicken and the egg 
dilemma). Interpretations of them as risk factors of HF are also subject to subjective 
views (ESC does not view COPD as a causal entity or a risk factor for HF, whereas 
GBS does (6,9,31)).  

Of supraventricular dysrhythmias, AF is a common condition that occurs when the 
electrical activity in the heart’s left atrium becomes chaotic and irregular and the atrial 
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contraction and its contribution to cardiac output are lost, predisposing to HF. AF very 
often coexists with HF (10–50 %, with  prevalence increasing as HF symptoms worsen 
(83)), with these two conditions also causing, or exaggerating the other (84). 
Ventricular arrhythmias, on the other hand, cause an acute cardiovascular collapse. 

Clinical HF presents with fluid accumulation in the body (85). Also in CKD, as 
the glomerular filtration decreases, less fluid is removed from the body and a non-
cardiac congestion develops. When renal insufficiency starts impeding heart 
function, it is termed a reno-cardiac syndrome and cardiorenal syndrome with the 
opposite (86).   

Both COPD and HF increase pulmonary vascular resistance and strain the 
circulation. In HF, a postcapillary pressure increase due to congestion increases 
vascular resistance, whereas alveolar loss and inflammation in COPD result in 
combined pre- and postcapillary pulmonary hypertension (87). Like AF and HF, 
COPD and HF are frequently coexisting diseases that exacerbate each other. Infection-
related acute HF exacerbation is quite common in several infections invoking the 
systemic inflammation response when the body’s hemodynamics accelerate due to 
ongoing systemic inflammation, requiring more effort from the heart. This has been 
most commonly seen in influenza and COVID-19 viremias and bacterial septic 
syndromes (88–90).  

COPD, CKD, and AF also share many common risk factors, making it more 
tangible to discuss these instead (above) (91). 

In this thesis, the arrhythmic, pulmonary, and renal comorbidities will not be 
discussed further. However, diabetic nephropathy is of special interest and is 
reviewed in more detail in Chapter 2.4.1.6. later, together with other diabetes-
related factors as risk factors of HF. 

2.2 Novel risk factors of HF 

2.2.1 Novel associations as risk factors for HF 
Due to the sake of completeness, novel risk factors and the genetic risk factors of HF 
are also discussed shortly below. 

Obstructive sleep apnea has been linked to various CVD and recognized also as 
a predictor of HF (92,93). 

Anorexia nervosa might lead to HF via malnutrition and electrocardiac 
abnormalities (94).  

Thyroid disorders predict HF as both hypothyroidism and hyperthyroidism 
impair cardiac function (95). The mechanisms are different. In hypothyroidism, the 
mechanism is thyroid hormone deficiency in the heart, and in hyperthyroidism, 
accelerated cardiac function. 
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Accumulating evidence in several studies has been emerging and shown an 
inverse relationship with hemoglobin concentration and EF (96–98), and anemia has 
since been regarded as a risk factor for HF (99). There is a lack of nutrients and 
oxygen delivered to the heart, but the body also compensates anemia by producing 
edema with various mechanisms,  increasing the heart preload (100). 

Compared to noninfected individuals, persons with HIV have an increased risk 
of HF. HIV infection -related HF is a special case scenario, where HIV-associated 
cardiomyopathy presents due to the disease’s progression leading to HF (101).  

Cancer and HF share many risk factors and even biological mechanisms (102). 
In a study by Armenian et al., breast, lung, lymphoid (non-Hodgkin lymphoma) and 
myeloid (multiple myeloma) cancer had an association for developing incident HF 
(103). However, cancer treatment involves the use of many cardiotoxic drugs and 
chest radiotherapy, and the effects of these could not be excluded in the study. 

In the Framingham Heart Study longitudinal analyses, gout was associated with 
incident HF in the multivariable-adjusted analyses (104). The mechanism in question 
is probably related to gout-accelerated atherosclerosis (105). 

Testosterone deficiency induces muscle mass loss in the male and predicts also 
weakening of the heart, but there are no risk analyses available (106,107).  

Gut microbiota is involved with the cardiovascular system and gut dysbiosis has 
been shown to predispose to HF, but the mechanisms behind are unknown (108). 

2.2.2 Genetic risk factors for HF 
The genome-wide association studies (GWAS) made on incident HF are listed in 
Table 1. Several GWAS in the 2010s presented unremarkable results due to 
heterogenous HF diagnostic criteria and other between-study differences at this early 
stage into HF genetics.  

Success was made with clearly defined HF subtype cardiomyopathies. A total of 
19 genes have been linked to dilated cardiomyopathy (DCM), 12 having a definitive 
connection (109). Most of the genes had a small, <2 % share of causing the disease, 
except for the titin TTN gene explaining 15–20 % (110) and lamin A/C LMNA gene 
4–6 % (111).  

More recently, as GWAS technology progressed and genetic databases became 
more extensive, the results have become more tangible. Genes with functions in the 
cardiac developmental pathways and heart muscle contraction regulation (112) as well 
as the PITX2 gene, that is already known for a strong association with AF (113), and loci 
near the ABO gene have been discovered. ABO is the gene responsible for blood type, 
which has also been connected to CAD and cardiovascular health, suggesting that people 
with O blood have an increased risk of CVD outcomes, due to unknown reasons 
(114,115). 
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In the most extensive GWAS yet, across 26 studies from the Heart Failure 
Molecular Epidemiology for Therapeutic Targets (HERMES) Consortium, several 
genes were found to have associations with CAD, AF, BMI, or impaired ventricular 
function (bottom row in Table 1). 

In summary, the genetic risk factors are strong with cardiomyopathies. However, 
candidate genes with associations to heart function or CVD health are emerging as 
technology progresses and genetic databases improve. Currently, the Finnish Current 
Care Guidelines (Käypä hoito) recommends genetic testing only in DCM (7). 

Table 1.  Genetic risk factors of HF uncovered in genome-wide analyses. Number of controls 
omitted if not explicitly stated in the article in question. 

Study, year Cases and controls Findings Relation 
to 

Cappola et al., 
2010 (116) 

1,590 cases 
577 controls 

FRMD4B (FERM domain-containing 
protein 4B), HSBP7 (heat shock protein 
B7) 

HF 
Morrison et al., 
2010 (117) 

2,992 cases CMTM7 

Fox et al., 
2013 (118) 

6,765 cases UBE2V2, WIPI1, PPAPDC1A, KLF5 (all 
unknown) 

Smith et al., 
2016 (119) 

2,828 cases TSLP (cytokine) 

Stark et al., 
2010 (120) 

1,910 cases, 3,630 
controls 

HSBP7 

Idiopathic 
DCM 

Villard et al., 
2011 (121) 

1,165 DCM patients,  
1,302 controls 

BAG3 (BCL2-associated athanogene 3) 
HSBP7 

De denus et 
al., 2020 (122) 

799 patients  
with HF, 1,529 controls 

BAG3 

Aragam et al., 
2019 (123) 

488,010 participants (HF 
cases and controls) 

BAG3 

Meder et al., 
2014 (124) 

4,100 DCM cases and  
7,600 controls 

HCG22 (Human Leukocyte Antigen 
complex group 22) 

Horne et al., 
2011 (125) 

41 cases,  
703 controls 

PTHLH-KLHDC5 Peripartum 
cardio-
myopathy 

Kao et al., 
2017 (126) 

3,804 cases TGFBR3 (transforming growth factor-
beta [TGFR-beta] receptor 3), 
connection to cardiac fibrosis, 
hypertrophy (127,128) 

HFpEF  

Aung et al., 
2019 (112) 

16,923 cases TTN, BAG3, GRK5, HSPB7, MTSS1, 
ALPK3, NMB, and MMP11 (cardiac 
developmental pathways, heart muscle 
contraction regulation (112)) 

HF 
Arvanitis et al., 
2020 (129) 

10,976 cases and  
437,573 controls 

PITX2 (strong association also with AF 
(113)), ABO (blood type) and ACTN2 
(structural cardiac protein (129)) 

Shah et al., 
2020 (130) 

47,309 cases and  
930,014 controls 

CELSR2, PITX2, FAM241A, KLHL3, 
CDKN1A (dynamic action with LMNA 
(131)), LPA, 9p21/CDKN2B-AS1, ABO, 
SURF1, SYNPO2L, AGAP5, BAG3, 
ATXN2 and FTO 
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2.3 Sodium (salt) as an HF risk factor 

2.3.1 Sodium and body water homeostasis  
Sodium is an essential mineral that plays a key role in many body functions. It is the 
strongest osmotically active ion in the body’s fluids and has extremely vital functions 
in maintaining a wide range of homeostatic mechanisms (132).  

On the macroscopic level, sodium is the most important factor in the amounts of 
total body water and intravascular volume; on the microscopic cellular level, sodium 
is the most essential osmole, maintaining intracellular and extracellular fluid 
osmolalities. Sodium is also the most vital electrolyte in the function of cell 
electrochemical signals and the formation of action potentials (133,134).  

Thus, sodium is extremely and tightly regulated within different bodily fluid 
compartments. Many homeostatic mechanisms actively regulate sodium’s 
concentration in these compartments. The amount of water in the body tightly 
connects with the amount of sodium in the extracellular fluid, requiring that 
isotonicity is reached.  

However, the total amount of sodium depends mainly on renal excretion and 
not intake, as humans typically ingest sodium freely in excess of what the body 
needs—probably as little as 2–3 grams daily (135). What physiological functions 
control sodium intake in humans is not precisely known. Different mechanisms 
activate when a perturbation in the body’s sodium-water balance exists 
(summarized in Figure 3). The renin-angiotensin-aldosterone system (RAAS) is 
activated when salt loss occurs, and aldosterone release can also produce a 
perceived craving for salt (136). In case of excess salt, excess water is ingested by 
thirst and antidiuretic hormone (ADH) mechanisms; isotonicity is reached by 
adding water to bodily fluids.  

However, in the case of dehydration, thirst, ADH, and RAAS mechanisms are 
activated to increase water and salt intake (137). When the contrary occurs, and the 
body has excess water, the natriuretic peptides activate, and the kidneys actively 
excrete the excess water with some sodium.  

Actual sodium deprivation is very rare as the average Finn’s diet is high in 
sodium: 8.6–9.5 g/d for men and 6.9–7.4 g/d for women in 2002 (138). Humans, in 
general, crave sodium, often above the amount their body needs (139). 
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Figure 3.  Body tonicity and related salt-water perturbations and mechanisms by which too 

much or too little water or sodium in the body are regulated. Compiled from several 
sources (140–147). 

Normally, BP isn’t dependent on the body’s sodium level, and an increased sodium 
intake does not significantly elevate BP (148,149). However, in certain individuals, 
termed salt-sensitive, this does not hold true, resulting in several physiological 
abnormalities and risks of morbidity and mortality (see below Chapter 2.3.2.).  

2.3.1.1 ADH 

Also known as vasopressin, ADH is a primary neurohypophyseal hormone 
regulating total body water and plasma tonicity (141). However, it does not control 
the body’s sodium level or total amount.  

ADH’s main action is urine concentration via increased water reabsorption by 
controlling aquaporin channels in the kidney’s distal tubule (150). ADH is released 
as serum osmolarity, the most crucial component of the plasma tonicity by far, rises 
to a threshold of about 285 mOsm/l (140) and the central nervous system’s 
osmoreceptors in the hypothalamus sense this perturbation (151).  

Simultaneously, thirst is activated to increase water intake, which happens 
primarily by plasma hypertonicity via the same osmoreceptors. However, thirst can 
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also occur secondarily via aldosterone’s actions or the low-pressure baroreceptors in 
the venae cavae and atria, which can sense hypovolemia (152).  

In addition, pain and nausea increase the plasma ADH concentration (153). 
The ADH and thirst responses rapidly act concerning hypo- or hypervolemia and 

are, by far, the most critical mechanisms in the body’s total water balance (Figure 
3). 

2.3.1.2 The RAAS 

Renal sodium handling depends highly on bodily fluid status—rapidly regulated by 
thirst and ADH. Although the RAAS reacts slower, it is the main factor controlling 
the body’s total sodium amount.  

Also, the RAAS secondarily controls the water bound to all the body’s sodium 
and, ultimately, BP (142). However, it does not control the plasma’s sodium 
concentration; which is mostly controlled by ADH.  

Renin is secreted from the kidney when there is fluid loss, arterial BP or plasma 
sodium chloride level fall, or when the sympathetic nervous system activates (154). 
Renin activates a cascade of enzymes to form angiotensin II—a potent 
vasoconstrictor—causing the adrenal cortex to produce aldosterone (155). 
Moreover, angiotensin II is recognized by the hypothalamus, causing thirst by 
activating osmoreceptors. This activation leads to further ADH secretion to minimize 
the urinary loss of water (156). 

Aldosterone is the most important component of RAAS, and plays a key role in 
sodium-potassium homeostasis. Its main course of action is stimulating the epithelial 
sodium channels in proximal tubules in the kidney to increase the exchange of 
sodium to potassium, facilitating the reabsorption of sodium at the cost of losing 
potassium (157,158). Thus, the RAAS increases BP and intravascular volume by 
conserving sodium. 

Normally, high-sodium food inhibits plasma renin and aldosterone activity. 
However, the ingested additional water bound to a sudden sodium load can elicit an 
abrupt rise in BP, but this is usually rapidly countered by the body’s adaptive 
functions (159) (See Figure 3).  

2.3.1.3 The atrial natriuretic peptides  

The atrial natriuretic peptides (BNP and proBNP most commonly in clinical setting) 
are natriuretic hormones produced by the heart, acting against fluid overload (160). 
The most important trigger for natriuretic peptide secretion is heart muscle stretch 
due to increased blood volume in the atria (161). Certain hormones, such as 
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endothelin I, angiotensin II, or cytokines (interleukin 1β or tumor necrosis factor 
[TNF], for example), can increase their secretion into the bloodstream (162,163).  

The peptides work in the glomeruli by afferent arteriole vasodilation and efferent 
arteriole vasoconstriction, increasing glomerular filtration rate (GFR) and decreasing 
renin release (164,165). In tubuli, they decrease sodium reabsorption in the 
collecting duct, causing natriuresis. In the adrenal cortex, aldosterone secretion is 
also inhibited. Moreover, the peptides reduce perceived salt cravings and thirst for 
water. They can increase ADH secretion (166,167) and decrease chemo- and 
baroreceptor sensitivity to suppress the accelerating results of the sympathetic 
nervous system’s activation on the heart and circulation (168). The overall impact 
promotes natriuresis and diuresis, as well as the decrease in total body sodium, BP, 
and extracellular fluid volume.  

Normally, the natriuretic peptides are inferior in their ability to generate thirst, 
and to stimulate ADH and RAAS mechanisms. However, there is evidence from 
small physiological studies that natriuretic peptide activity can sometimes forego 
that of the RAAS, revealing that they are indeed an important system in reacting to 
water overload (169,170). In these studies, healthy subjects were infused with 
isotonic saline to generate a slow sodium overload and fluid excess, causing conflict 
between the RAAS and natriuretic peptide systems. 

NT-proBNP levels are normally inversely related to glucose levels and adiposity, 
being the lowest in obese and diabetic individuals. This is thought to be possibly due 
to increased clearance, but other factors may also be present (171,172). 

2.3.1.4 Renal sodium excretion 

The kidneys control the amount of total body sodium by active excretion,  achieved 
by the kidney’s central neural, cardiovascular, hormonal, and tubular mechanisms 
(147).  

There is a small volume expansion due to subsequent water ingestion after 
sodium ingestion. This expansion is not often seen in arterial BP because of effective 
BP regulation and the prompt ADH response to clear the excess water (148,149). A 
classic hypothetical mechanism is behind this—the “pressure natriuresis” concept—
where higher BP drives more sodium to the urine. However, recent evidence has 
been growing against this concept (173).  

The central neural mechanisms act to conserve the body’s total sodium level and 
increase vascular tonus. In the kidney, multiple intrarenal mechanisms regulate the 
sodium excretion in the nephron (Figure 4). 
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Figure 4. Intrarenal mechanisms in the kidney that control the sodium balance along the 

nephron, from proximal to distal. Compiled from several sources (155,174–176). 

Renal sodium excretion has a wide day-to-day variability, and sodium intake and 
excretion do not seem to balance within one day of sodium ingestion as was 
previously thought (177,178). The information gained in the closed environments of 
the Mars500 study mimicking conditions on a space flight revealed longer infradian 
rhythmicity of almost a week in the daily urinary sodium excretion with considerable 
daily variability, even within the same subject, despite the subjects being on an 
extremely stable daily salt intake (179). 

Physiologically, there is always sodium in urine because a sodium gradient is 
used to concentrate urine. The kidneys can excrete urine with a solute concentration 
up to a threshold of 1,400 mOsm/kg in the young adult. For older adults ( >70 years 
of age), when this limit is diminished to 500–700 mOsm/kg, such makes them not 
only more susceptible to dehydration but also sodium loss (180).  

2.3.1.5 Sodium retention 

As the plasma sodium concentration is held in very tight limits by the mechanisms 
mentioned above and cannot rise, the body will seek extra water after consuming 
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salty food (145), causing water retention for a few days. Thus, urine sodium 
concentration increases; this extra sodium is excreted slowly, and the body’s weight 
returns to its state before the salt ingestion (181). 

A lack of understanding exists concerning the imbalance of dietary and excreted 
sodium. However, this mystery is slowly being unraveled. Evidence indicates that 
total sodium is not tightly regulated within certain narrow limits, but stored in the 
body rather in an osmotically inactive form—up to a certain limit (182).  

The earliest evidence stems from starvation research in the 1960s, when Garnett 
et al. found that sodium levels decrease during the first week of starvation, and then 
increase, suggesting there is osmotically inactive sodium storage somewhere in the 
body (183). 

This storage space, termed the “third compartment,” as well as the intracellular 
and extracellular fluid compartments, could manifest in the skin or muscle 
interstitium (184). This storage has been quantified and seems larger in men, whereas 
women with less storage react faster with hypertension to constant sodium excess 
(185). 

Further research proved that sodium can bind to cell surface glycosaminoglycans 
in the third compartment as an osmotically inactive form (186). However, when this 
system reaches its limits, the interstitium becomes hyperosmotic. Then the body 
reacts with the entry of inflammatory cells (such as macrophages) to the interstitium 
and secretion of growth factors to promote the growth of new lymphatics for sodium 
to enter (186–188).  

2.3.2 HF-inducing mechanisms of sodium 

2.3.2.1 Salt sensitivity and sodium-induced raised BP 

High salt intake is widespread, and most people consume more than they need. 
Scientific consensus on the causal association between excess sodium use and high 
BP is undisputable (189). Why some people do not tolerate excess salt and develop 
salt-sensitive hypertension, while others are naturally salt-resistant, is unknown 
(190,191). No globally accepted diagnostic criteria for salt sensitivity exist. 
However, it is hypothesized to be a highly prevalent condition, maybe even 50 % of 
the general population (192). Because of the water-retention properties in salt-
sensitive individuals, the World Health Organization (WHO) recommends a sodium 
restriction of no more than 5 grams daily (193). 

The mechanisms of salt-sensitive hypertension are summarized in Figure 5. In 
salt-sensitive hypertension, the added water bound to ingested salt does not elicit a 
normally seen compensatory drop in peripheral resistance, and BP rises (194). 
Vascular dysfunction seems a major component in the altered peripheral resistance, 
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increasing in salt-sensitive individuals with age (195). In the endothelium, nitric 
oxide (NO) production diminishes, while tumor growth factor b (TGFb) production 
increases. Other factors are most likely also present, and increased BP is also related 
to the other sodium-related adverse effects listed in the next subchapters. 

How sodium load induces these phenomena is unclear (196–199), but metabolic 
perturbations with the RAAS have emerged as possible etiological factors, with the 
exact mechanisms behind these still elusive (200). Somehow, the RAAS becomes 
uncoupled from sodium homeostasis, and the total body sodium amount and BP 
become linearly dependent on each other (146). Animal studies show that alterations 
with angiotensin II type 1 receptors are linked with sodium-sensitive hypertension 
(201). These alterations could increase sympathetic nervous system activity, 
targeting especially the intra-abdominal circulation (202), affecting especially the 
kidneys. 

The kidneys’s independent role has also been affirmed, as one’s hypertensive 
status seems to transfer to the recipients of kidney transplants (203). An early sign 
of developing hypertension is a loss or reduction in the night-time dipping pattern of 
BP—seen in some people when salt sensitivity manifests with more night-time 
sodium excretion because the daytime excretion seems insufficient (204–206). Thus, 
the development of salt-sensitive hypertension is also dependent on the renal sodium 
excretion capacity. 

 
Figure 5.  Mechanisms behind salt-sensitive hypertension. Compiled form several sources 

(146,194,207,208,195–202).  
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Recently, the research on gut microbiota has discovered mechanisms how gut 
dysbiosis might increase salt-sensitive BP reactions in animal models. A high-
sodium diet was associated with decreases in gut lactobacilli concentrations and 
interestingly, salt-sensitive hypertension (207). A recent substudy of FINRISK 
produced evidence for this also in the human population (208). 

2.3.2.2 Sodium-induced adverse cardiovascular effects 

The concept of CVD (CAD, HF and stroke in most studies) and sodium is disputed 
(209). Methodological issues that weaken the scientific value of many, even large-
scale studies, exist. 

Physiologically, a high sodium load has been linked to several unfavorable 
findings concerning cardiovascular health. 

Arterial stiffness, measured with pulse wave velocity, was 22 % lower in 57 
Australian subjects who had been on a low-sodium diet of approximately 44 mmol/d 
(2.5 Na g/d, calculated from mean molar K/Na ratios from early morning urine spot 
samples) for a mean duration of 24.8 months (210). The results were independent of 
age and BP. The stiffening most likely happens by suppressing NO production 
(impairing its vasodilatory effects) and the activity superoxide dismutase, leading to 
increased reactive oxygen species (ROS) production in the endothelium, seen first 
in animal models, and subsequently confirmed in humans (211,212).  

Left ventricular mass index and left ventricle thickness independently increased 
in two studies with 314 and 1,042 healthy volunteers as 24-hour urinary sodium 
excretion increased (213,214). Both studies were adjusted for BP and BMI.  

Endothelial function was assessed in 16 young, healthy subjects with multiple 
methods. The responses to intra-arterial infusion of acetylcholine (which produces 
an endothelium-dependent vasodilation) were significantly lower in participants who 
received salt loading (200 mmol of sodium daily) for five days compared to those 
who received placebo (215).  

Also, a daily diet exceeding 4.6 g sodium is consistently associated with declines 
in GFR and elevations in proteinuria (216). However, no evidence of sodium in end-
stage renal disease patients exists, though that they might be more susceptible to high 
sodium is suspected (216). 

Renal accumulation of immune cells, especially T lymphocytes, is seen in salt-
sensitive hypertension development in humans. The T lymphocytes can stimulate the 
Na-Cl cotransporters in the distal tubules, increasing chloride efflux and sodium 
retention (217). 

More research is needed to connect these harmful findings to vascular health and 
high sodium intake before generalizations and hypotheses regarding overarching 
mechanisms can be made. 
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2.3.2.3 Sodium-induced insulin resistance and diabetes mellitus 

Salt intake, salt sensitivity, and obesity are also connected.  
People who eat unhealthily tend to consume more energy and sugar-intensive 

food and beverages, so they eat more and also favor processed food or otherwise 
salty food (218,219). Manufactured food, cheese and bread are the main sources of 
extra sodium in Finland (220). Some studies have linked salt intake and obesity 
regardless of caloric consumption (221). However, the amount of sodium consumed 
can be postulated to be somewhat related to the amount of food consumed (as almost 
all food contains salt). Thus, people who put on weight, are obese, or are insulin 
resistant most likely consume more sodium and other nutrients (222). 

In overweight people, weight loss decreases salt sensitivity to BP (223). The 
sodium reabsorption rate in the nephron is accelerated in persons with central obesity 
(224). Increased circulating noradrenaline and aldosterone levels have also been 
reported in the obese (225–227). However, the underlying mechanisms are unknown. 

In earlier studies, hyperinsulinemia and insulin resistance have been linked to 
salt-sensitive persons regardless of hypertension (see Table 2 for details). Most of 
the studies were of small scale, made with 15–25 subjects. 

The glucose and insulin levels after a glucose load in the salt-sensitive 
participants were greater and lasted longer than the control subjects’, suggesting 
insulin resistance in the earliest studies (228,229).  

The same phenomenon has since been studied with euglycemic hyperinsulinemic 
clamp tests—the gold standard for insulin resistance (230). Salt-sensitive 
hypertensive subjects were found to have reduced insulin sensitivity indexes 
compared to salt-resistant normotensives (231), but also conflicting results were 
presented (232); salt-sensitive responses in glucose metabolism only in 
hypertension-prone men when their RAAS activity was low. In the same study, salt 
sensitivity in women was related to weight gain after salt loading. The authors stated 
that the dichotomous cut-off values (used in all previously mentioned studies) could 
probably explain the differences between studies, and they suggested the use of 
continuous variables in the future. 

Healthy volunteers who switched from low-salt to high-salt diets have also been 
studied with euglycemic clamps (233,234). The results in both studies implied 
sodium-induced insulin resistance. Calf blood flow, lipid status, plasma 
noradrenaline, renin, and aldosterone levels were also measured in these. Urinary 
noradrenaline was used to assess sympathetic nervous system activity. 

Normally, salt deprivation increases RAAS and sympathetic nervous activity, both 
able to increase insulin resistance (235,236). However, the findings in these studies 
suggested sympathetic overactivity also in the salt-sensitive subjects after salt-loading.  

In conclusion, salt-sensitive responses and insulin resistance seem linked. 
However, these studies have been small and heterogeneous, and the mechanisms and 
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pathways in question are still unanswered. The RAAS or the sympathetic nervous 
system or their dysregulation might have a role. 

Table 2.  Studies assessing the relationship between urinary 24-hour sodium excretion 
andinsulin resistance or the onset of type 2 diabetes. 

Study, year Subjects  Definition of salt 
sensitivity 

Method Findings  

Sharma et 
al., 1991 
(228) 

23 young, 
healthy male 
volunteers 

Drop in mean 
arterial pressure 
[MAP] tested 
under a low-salt 
diet 

Glucose tolerance 
tests with insulin 
measurements 

Glucose and insulin 
levels were higher in 
the salt-sensitive 

Sharma et 
al., 1993 
(229) 

18 young, 
healthy male 
volunteers 

Glucose and insulin 
levels after 180 
minutes of glucose, 
insulin, and 
somatostatin 
infusions 

Glucose levels were 
more than 50% 
higher in the salt-
sensitive 

Melander et 
al., 2000 
(232) 

28 healthy 
subjects with a 
family history 
of 
hypertension 

BP difference 
when switching 
from low-salt to 
high-salt diets, 
assessed as 
continuous 
variables 

Euglycemic 
hyperinsulinemic 
clamp tests 

Salt sensitivity 
increased and the 
the activity of the 
RAAS decreased; 
insulin sensitivity 
increased in 
hypertension-prone 
men 

Giner et al., 
2001 (231)   

17 non-obese, 
essential 
hypertensive 
patients 

Rise in MAP after 
switching from a 
low-salt to a high-
salt diet 

Reduced insulin 
sensitivity index in 
salt-sensitive 
subjects 

Townsend et 
al., 2007 
(233) 

Healthy 
normotensive 
lean volunteers 

BP difference 
when switching 
from low-salt to 
high-salt diets 

Glucose disposal 
response following 
insulin infusion 
stronger after the 
high-salt diet; 
salt sensitivity was 
inversely related 
with the glucose 
infusion rate 

Yatabe et al., 
2010 (234) 

24 lean and 
hypertensive 
patients  

Difference in 24-h 
BP 1 week after 
low-salt and high-
salt diets 

Inverse relation 
between the glucose 
infusion rate and the 
salt sensitivity index 

Garg et al., 
2011 (159) 

152 healthy 
adults 

Week of low 
sodium diet and 
week of high 
sodium diet in a 
random order 

Homeostatic Model 
Assessment for 
Insulin Resistance 
(HOMA-IR) 

Low sodium diet 
increased insulin 
resistance 

Park et al., 
2018 (237) 

3,722 adults, 
age 40–69 

Estimated 24-hour 
urinary sodium-to-
potassium-ratio 
calculated from 
spot urine sample  

HOMA-IR, and the 
quantitative insulin 
sensitivity check 
index (QUICKI) 

HOMA-IR positively 
and QUICKI 
inversely associated 
with estimated 
urinary sodium-to-
potassium ratio 
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2.3.2.4 Sodium-induced inflammation 

Sodium accumulation in the interstitium promotes growth factors, especially in 
inducing lymphatic capillary growth and attracting immune cells, such as 
macrophages, on site (186,187). The macrophages secrete cytokines and enzymes 
that increase sodium clearance from the interstitium via the lymphatics. Blocking the 
macrophages’ entry into the interstitium or these enzymatic mechanisms induces 
salt-sensitive hypertension in rodent models (238). This suggests that macrophages 
control extrarenal and extravascular sodium reserves to some extent. However, 
animal studies suggest the cytokines released cause vascular dysfunction and 
interfere with sodium handling in the nephron, causing sodium retention (239).  

Apart from documented lymphatic growth and immune-cell migration, several 
other findings also link high sodium intake and inflammation. 

Tissue inflammation and circulating pro-inflammatory cytokines associated with 
autoimmune diseases, such as rheumatoid arthritis, are seen in humans with a high-
sodium diet (240,241). 

High sensitivity C-reactive protein (CRP) levels are significantly higher in high-
salt-intake hypertensive men and women (mean urinary 24-hour sodium 263.6 ± 
68.3 mmol) compared to controls with hypertension but less salt intake (242).  

A shift to TH17 in the T helper cell balance—a type of T helper cell strongly 
associated with autoinflammation (243)—and high levels of interleukin-17, are seen 
in a high-sodium diet in several studies (244,245). The effect may come through the 
serum glucocorticoid kinase 1, SGK1 (246). In kidneys, the TH17 cells are known to 
mediate the pathogenesis of glomerulonephritides (247). In bone, the TH17 cells 
promote osteoclast function, inducing bone loss via a subclinical inflammatory 
pathway (248).  

Restricting salt intake has been shown to decrease markers associated with renal 
inflammation and fibrosis in nondiabetic chronic renal disease patients (249,250).  

Lung inflammation by macrophage infiltration was induced in a mouse study 
with a high-salt diet with the molecular pathways elucidated, suggesting that high 
sodium load might be a risk factor for lung injury in humans (251). 

To summarize, the understanding of immune cell reactions to interstitial sodium 
is still severely lacking but the immune system seems to have an important role in 
interstitial sodium storage regulation. There is a need to study the subject further to 
open ways for new studies with anti-inflammatory drugs targeting salt-sensitive 
diseases (252). 
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2.3.3 Epidemiology of sodium as an HF risk factor  

2.3.3.1 Sodium as a risk factor for CVD  

The relationship between high sodium intake and CVD has been shown in several 
studies, most of the research has been made with CAD and stroke endpoints. A 
systematic review and meta-analysis combining data from 13 prospective studies, 
including 177,000 participants, reported a greater risk of cardiovascular events in 
those with higher salt intakes (relative risk 1.17 [95 % CI 1.0–1.32]) (253).  

As spot urinary samples and 24-hour estimates derived mathematically from 
these are too unreliable (254), the focus here is on studies made with at least one 
actual collected 24-hour sample. Most evidence points out the harmful health effects 
of excess sodium consumption, summarized in Table 3. 

Alderman et al. and the more extensive EPOGH study presented an inverse 
relationship between cardiovascular, with a cardioprotective and mortality-reducing 
role for high sodium excretion (15). The Rotterdam study also did not predict a 
consistent association between urinary sodium and mortality (16) and the Scottish 
Heart Health Study (14) presented only a borderline negative gradient for mortality 
and urinary sodium excretion and a positive gradient for CAD in only women. 

The trials of hypertension prevention (TOHP I & II) and the Finnish FINRISK 
study presented discovering that a reduction in 24-hour urinary sodium reduction 
resulted in lower CVD morbidity. In FINRISK, this was particularly strong in men. 
The onset of type 2 diabetes revealed a positive correlation with sodium excretion in 
the same study sample (255,256). 

The most extensive study was made in rural China, where persons aged 60 or 
older were studied by randomizing half of them with dietary salt substitute (25 % of 
sodium chloride substituted with potassium chloride) (257). The rates of CVD 
outcomes and death were significantly lower among them. 

A meta-analysis by Poggio et al., published in 2015, reviewed 11 prospective 
studies, concluding that excess sodium intake was associated with an elevated risk 
of cardiovascular mortality (258). 
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Table 3.  Studies assessing the relationship between urinary 24-hour sodium excretion and 
CVD. 

Study, year Region Subjects  Median follow-
up time 

Setting Findings  

Alderman et 
al., 1995 (17) 

The US 2,937 
(hypertensive) 

3.8 years Incident CVD Positive 
association 

Scottish Heart 
Health Study, 
1997 (14) 

The UK 11,627 7.6 years CVD mortality  No 
association 

FINRISK 2001, 
2005  
(255,256) 

Finland 2,436  18.1 years Incident CVD, 
CVD mortality, 
incident type 2 
diabetes  

Positive 
association 

Rotterdam 
study, 2006 
(16) 

Netherlands 
2006 

7,983  5.0 years CVD mortality  No 
association 

TOHP I & II, 
2007 (259) 

The US 2,415 18 months Incident CVD  Positive 
association 

EPOGH, 2011 
(15) 

Seven 
regions in 
Europe 

3,681 7.9 years CVD mortality Inverse 
association 

Neal et al., 
2020 (257) 

Rural China  20,995 persons 
aged 60 or 
older 

4.7 years Incident CVD 
and CVD 
mortality 

Positive 
association 

 
Several other cohort studies exist, presenting a J- or U-shaped curve. However, 
methodological issues limit them (see below on limitations and challenges). Overall, 
the relationship between sodium intake (urinary sodium excretion) and CVD, 
including HF, is still somewhat unclear due to these conflicting results. 

2.3.3.2 Sodium as an HF risk factor  

HF is an ultimate endpoint that always requires an etiology. When studying HF as 
an endpoint, more data must be collected on these etiological or confounding factors 
to be considered in the analyses. Thus, HF is usually studied after CAD or other 
CVD endpoints in cohort studies, which might partly be why HF is studied less than 
other CVD. Because HF’s development takes longer, having longer follow-up times 
and using the most reliable methods of quantifying salt intake are vital.  

The evidence linking incident HF and excess sodium intake has been examined 
using urinary spot estimates (USEs) for 24-hour sodium excretion or diet surveys.  

The EPIC-Norfolk study most notably showed a statistically significant 
increased hazard of HF (1.32 [95 % CI 1.07–1.62]) in multivariable analysis using 
USEs and lifestyle questionnaires on 25,639 persons between 1993 and 1997 in 
Norfolk, the UK (18). A marked attenuation (1.21 [0.98–1.49]) existed when 
adjusting for hypertension—a major cause of HF.  
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Also, the NHANES (National Health and Nutrition Examination Survey) from 
1971 in the United States used a 24-hour dietary recall survey to assess incident HF 
risk, showing a marked increase in obese but not in normal-weight individuals (260).  

Salt restriction is also used in HF treatment in the clinical setting, and it is an 
effective method associated with less decompensation hospitalizations (85). HF 
has not yet been studied with 24-hour urinary collections, but preliminary results 
made with less accurate methods so far indicate an association between salt intake 
and HF. 

2.3.4 Limitations and remaining challenges 
Earlier large-scale studies on sodium intake’s effect on mortality and morbidity have 
primarily relied on frequent food questionnaires, urinary spot samples, or USEs 
derived from the Kawasaki formula because of the ease of collection for spot 
samples. However, these methods are at risk of being too unreliable (254,261,262). 
Because of the broad day-to-day variability and difficulties in studying sodium 
intake and total body sodium (254), the measurement of sodium is also relatively 
inaccurate (177,179,263). In the case of a single collected baseline 24-hour sample, 
regression dilution bias might be an issue (264). Multiple 24-hour urinary collections 
are the gold standard for assessing individual sodium homeostasis, but obtaining 
these is challenging (265). At least single 24-hour collections should be pursued.  

Unfortunately, even the 24-hour collections are an imperfect method and have 
several limitations. Up to 25 % of urine collections might be incomplete (265). 
Furthermore, the sodium level in urine widely differs, not just physiologically but 
based on the medication used and study conditions (266). Also, obtaining 24-hour 
urine samples is methodologically tricky, and we still don’t know how many samples 
are optimum when assessing disease risk factors on a population level (264).  

Exceeding the WHO’s recommendation of no more than 5 grams of sodium a 
day is pervasive in most modern societies (193). When excess salt intake is 
considered normal, finding suitable population cohorts for study purposes is 
complex, as groups with physiological sodium consumption or sodium deprivation 
are hard to find and ascertain (138). 

Furthermore, errors in the study design or methodology which  might have been 
related to some studies presenting a J- or U-curve regarding the association of salt 
intake and cardiovascular morbidity, suggesting that a minimal salt restriction would 
increase morbidity (259,267). Unfortunately, bias seems to be present with either 
patient selection (when already ill patients were instructed earlier to restrict their salt 
intake) or regression dilution (when a single measurement of a fluctuating variable 
is assessed as a linear predictor of a disease) (253,264).  
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As an additional challenge, many aspects of sodium metabolism remain elusive 
and more research is needed focusing on sodium storage, sodium sensitivity and 
pathophysiological effects of excess sodium in the body.   

In conclusion, sodium research is hard, the pathophysiology is complex and 
multifactorial, excessive sodium consumption very common, producing mixed 
results in the scientific community. 

2.4 Diabetes mellitus as an HF risk factor 

2.4.1 Mechanisms of diabetes as an HF risk factor 
The connections between HF and diabetes are a complicated interplay of different 
pathologic processes. The numerous HF-inducing pathways of diabetes (detailed 
below) are illustrated and summarized in Figure 6. Insulin resistance and 
hyperinsulinemia are the hallmark alterations of diabetes in the body’s metabolic 
homeostasis (268). These alterations are tightly connected with hyperglycemia and 
hypertriglyceridemia in the pathological processes of glucotoxicity and 
lipotoxicity—the main driving forces undermining the diabetic’s heart (269).  

However, other mechanisms are also at work: the overexpression of the RAAS, 
inflammation, oxidative stress, disturbances in the calcium metabolism, 
hypervolemia, reno-cardiac effects from renal insufficiency, and increased rates of 
atherosclerosis (270–276).  

On a cellular level, cellular dysregulation, oxidative stress, and lipotoxicity, 
among others, have been proposed to drive HF risk in people with diabetes (277). 
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Figure 6.  The numerous HF-inducing pathways of diabetes illustrated. Each white box has 

effects connected with increased stress to the heart. The interconnected 
pathophysiologies of oxidative stress, inflammation, and atherosclerosis are connected 
to many independent pathways, the most notable of which are illustrated with arrows. 
Compiled from multiple sources (see text in Chapter 2.4.1. subchapters). 

2.4.1.1 Diabetic cardiomyopathy 

The conventional explanation for the elevated risk of incident HF in diabetic 
individuals has been the increased rate of hyperglycemia-induced coronary 
atherosclerosis in diabetic individuals. However, many findings suggest that the risk 
for HF among diabetic individuals is elevated, even without clinically relevant CAD 
(22). The risk of HF seems independently connected to diabetes mellitus.  

One reason is the development of diabetic cardiomyopathy, a cardiac muscle 
disease caused by factors related only to the diabetic state, and unrelated to other 
factors such as hypertension, dyslipidemia, and CAD. Diabetic cardiomyopathy has 
been presented as a microangiopathic complication of prolonged hyperglycemia 
(273). The early pathological examinations that coined this special type of 
cardiomyopathy revealed HF of an unknown etiology, with no major coronary 



Review of the Literature 

 43 

occlusions, but with myocardial hypertrophy and fibrosis, in patients with proven 
diabetic glomerulosclerosis (278).  

The prevalence of diabetic cardiomyopathy is unknown, but several studies 
report signs of early diastolic dysfunction in diabetic individuals ranging from 
adolescent type 1 diabetics to older type 2 diabetics with no sign of hypertension, 
CAD, or lipid abnormalities (279–282). Diagnosis is made upon excluding the other 
major etiological factors of HF previously mentioned (275). 

Symptomatic diabetic cardiomyopathy presents classically with a dilated HFrEF 
phenotype in echocardiography or, more commonly now, with a restrictive HFpEF 
phenotype with concentric LVH and left atrial enlargement (LAE), seen in older 
women with diabetes (274). 

Glucolipotoxicity plays a vital role in this development and, with alterations in 
the insulin metabolism, is responsible for the early changes seen in the diabetic 
individual’s heart (273). However, even under rigorous glycemic, BP, and lipid 
control, the risk of developing diastolic dysfunction early is higher in diabetic 
individuals, suggesting that other underlying mechanisms are responsible 
(280,283,284). 

In summary, HF in diabetic patients may be caused (in addition to atherosclerotic 
changes in the coronary vessels) by diabetes-induced changes in cardiac muscle cells 
presenting with diastolic dysfunction and chamber wall restriction, leading to a heart 
muscle disease called diabetic cardiomyopathy.  

2.4.1.2 Insulin resistance and hyperinsulinemia 

Insulin resistance in nondiabetic individuals predisposes to HF (285). Metabolic 
syndrome is also associated with a 1.45–1.74-fold risk of incident HF (57). Fasting 
insulin levels are associated with incident HF, even when adjusted for all 
components of the metabolic syndrome (286). 

Several potential mechanisms are behind this finding. A healthy heart is an 
insulin-sensitive organ, and hyperinsulinemia promotes cardiac hypertrophy (287). 
Hyperinsulinemia has also proven to be a crucial part of the myocardium developing 
diabetic changes, leading to developing diabetic cardiomyopathy, in the diabetic 
population (273).  

Insulin resistance increases circulating fatty acid levels by activating lipolysis  
(288), while hyperinsulinemia increases the uptake of lipids in cardiomyocytes 
(289). 

Insulin resistance also plays a pivotal role in the changes seen in the myocardial 
metabolism in type 2 diabetes, increasing free fatty acids by decreasing glucose 
utilization (290). Normally, myocytes can use a wide array of metabolites as fuel, 
using primarily free fatty acids about 70 % of the time and glucose for the rest, and 
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then cycling between these two (291,292). In insulin resistance, ketone utilization 
rises, but it is unknown whether this comes first or is a result of other 
pathophysiologies in the interplay of HF and diabetes (293).  

Insulin causes inotropy in the myocardium by activating Ca2+ channels and 
increasing Ca2+ sensitivity of the myofilaments (294), increasing the load on the 
cell’s endoplasmic reticulum. The endoplasmic reticulum is the cell’s protein folding 
factory, which is also involved in maturing and transporting proteins in vesicles 
(295).  Insulin tries to increase glucose utilization in the heart, but a strong preference 
exists in the tissue to utilize fatty acids instead (296). Again, this increases oxidative 
stress. The elevated and excessive Ca2+ uptake to the myocardial cells raises the 
cells’ apoptosis rate by opening additional mitochondrial Ca2+ sensitive channels, 
decreasing mitochondrial membrane permeability (297). The endoplasmic reticulum 
has a major role in cardiac contractility, as it reacts to the Ca2+ influx by handling the 
cytoplasmic Ca2+ intake and releasing from the endoplasmic reticulum during the 
action potential and relaxation. Thus, the action potential is prolonged in diabetic 
cardiomyocytes (298).  

HF also causes insulin resistance by activating the sympathetic nervous system 
and lipolysis, further implementing pancreatic insufficiency, and forming a vicious 
circle of the two pathological processes (299).  

As a summary, insulin resistance causes several changes in the energy 
metabolism as glucose utilization decreases and fatty acids are more actively used 
by the heart, while also other heart-straining physiological mechanisms, like the 
sympathetic nervous system, are activated. 

2.4.1.3 Glucotoxicity and lipotoxicity 

In uncontrolled diabetes, the heart is overwhelmed with glucose, free fatty acids, and 
ketones (300).  

When cells are exposed to high glucose levels, abnormal glycosylation of cell 
structures—lipids, amino acids, and various lipoproteins—creates advanced 
glycation end-products (AGEs) that deposit in the myocardium, increasing fibrotic 
stiffness and diastolic dysfunction (292). AGEs also activate RAGEs (receptors for 
advanced glycation end-products) that promote inflammation and ROS production 
via nicotinamide adenine dinucleotide phosphate, NAPDH, oxidase (301)(272). 

In diabetes, the availability of free fatty acids increases through lipolysis, which 
the myocardium also starts using more of (302). Insulin resistance further decreases 
glucose use (290). When triglyceride levels are excessive for an extended period of 
time, myocardial lipotoxicity results, as triacylglycerols and other fatty acids are also 
deposited in the heart muscle (54,303).  
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The pathophysiological alterations in HF also activate lipolysis through 
neuroendocrine sympathetic nervous activation (299). 

Hyperglycemia inhibits mitochondrial respiration, as the increased fatty acid 
oxidation consumes more oxygen, activating pathways favoring ROS production in 
the mitochondria—the myocardium’s main energy source under normal metabolic 
circumstances (304). The excess energy formed by the cells’ metabolism creates 
electron donors for cell respiration, creating adenosine triphosphate (ATP), the cell’s 
main energy source. However, when no demand exists for ATP due to 
oversaturation, the electrons leak from the mitochondria to react with oxygen, 
forming ROS (305). 

ROS cause oxidative stress to the cell, and its normal antioxidative mechanisms 
are oversaturated upon reaching their limit (306). This overload produces 
inflammation, endoplasmic reticulum  stress, and Ca2+ handling disturbances, 
resulting in apoptosis and fibrosis in the diabetic heart (276).  

As a conclusion, the cardiac glucolipotoxicity is the result of the integrated 
actions of the alterations in the heart’s energy metabolism in diabetes, from oxidative 
stress, endoplasmic reticulum stress, accumulation of AGEs, and impaired Ca2+ 
handling synergistically promote cardiac apoptosis, autophagy, and ultimately, 
necrosis (276).  

2.4.1.4 Inflammation 

Inflammation, whether acute or chronic, systemic or local, primary or secondary to 
other damage, is crucial for HF’s pathogenesis (307). A fundamental difference in 
inflammation exists between HFrEF and HFpEF. In HFrEF, myocardial damage or 
hypoxia damage induces inflammation after cell death (308), but in HFpEF, the 
inflammation-inducing pathways prevail, and HFpEF-specific changes in the heart 
occur (309,310). HFpEF and HFrEF are generally equally prevalent in diabetes, but 
HFpEF is more common as a direct complication of diabetes in women (311–313) 

Obesity and metabolic syndrome are a central part of the subclinical 
inflammatory part of the pathogenesis of HF (307). Obesity and insulin resistance 
are associated with low-grade inflammation, although the exact triggering factors are 
largely unknown (287,314). AGEs are also potent activators of the immune response 
(315). Unfortunately, therapeutic interventions targeting inflammation have proven 
unsuccessful in ameliorating HF, although this has not been tested in diabetic 
patients (316,317). 

Human epicardial adipose tissue collected from 39 cardiac bypass patients (16 
of them with diabetes) was shown to infiltrate rodent cardiac muscle with 
proinflammatory and profibrotic cytokines in vitro in a study from 2012 (318). 
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Numerous proinflammatory cytokines have also been reported in the diabetic 
heart, the most notable being TNF-α, IL-6, interleukin 18 (IL-18), and the nuclear 
factor kappa-light-chain-enhancer of activated B cells (NF-κB) (276). Same 
cytokines were also related to carotid intima thickening in diabetic individuals (319). 

Autoimmunity towards cardiomyocytes has also been observed in persons with 
type 2 diabetes and diabetic cardiomyopathy, resulting in cell apoptosis and, 
ultimately, in the dilated phenotype (274).  

As a summary, there are many proinflammatory mechanisms behind HF in 
diabetics, some of them linked with obesity.  

2.4.1.5 Macrovascular complications and atherosclerosis 

Accelerated atherosclerosis in diabetic individuals is the main reason for 
macrovascular complications (320), which is also the reason why the risk of CVD 
and MI is increased in diabetic patients. The scientific evidence linking the degree 
and duration of hyperglycemia to the risk and severity of CVD is robust (321,322).  

Type 2 diabetes has been recognized as an important predictor for HF of 
ischemic origin, with 62% of type 2 diabetic HF patients having ischemic origin in 
a SwedeHF study made with 35,163 HF patients (323). Globally, the prevalence of 
CVD among type 2 diabetes patients was 32.2 % in a meta-analysis from 2017 made 
with the data of 4,549,481 persons with type 2 diabetes (roughly half of them 
European) (324).  

The mechanisms are partly the same as in the myocardium in diabetic 
cardiomyopathy. Accumulation of AGEs in the vessel walls of the coronary 
circulation is most likely the most important atherogenic and inflammation-
promoting factor (325). There is also endothelial dysfunction due to insulin 
resistance and normal insulin activation of intrinsic NO production is impeded (326). 
In addition to decreased vasodilation, the anti-inflammatory and atherosclerosis-
inhibiting properties of NO are less expressed (327).  

Moreover, high glucose levels assert extra stress on the branching points of the 
coronary vasculature that are prone to shear stress, causing the more unstable 
diabetic coronary lesions to form in clinically worse sites. These lesions are more 
likely to rupture and cause a coronary occlusion (328). There is also oxidative stress 
from the effects of ROS (329). 

Inflammation is an integral part of developing atherosclerotic plaques (330). 
High glucose levels induce the endothelial monocytes to secrete more inflammatory 
cytokines, which are more likely to mature into foam cells. These non-functional 
immobile cells are the hallmark of the plaque in pathological specimens (330). 
Hyperglycemia-induced oxidative stress also happens in the endothelium (331). 
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Diabetic dyslipidemia is more dangerous in comparison to nondiabetic 
dyslipidemia, and diabetic individuals need tighter lipid control, even in euglycemia 
(332). Evidence exists that high glucose and atherogenic lipids accentuate the effects 
of each other (21).  

Diabetes is also associated with microvascular thrombosis (333). Thrombus 
formation is incremented by endothelial dysfunction, oxidative stress, and 
atherosclerosis-related inflammation. 

In conclusion, macrovascular complications cause HF in diabetes via more 
dangerous dyslipidemia and increased atherosclerosis, that accumulates in worse 
sites, with more active thrombus formation.  

2.4.1.6 Diabetic renal insufficiency, fluid overload, and the activation of 
the RAAS 

Diabetic nephropathy is a clinical proof of diabetic microvascular damage (334). It 
is a common complication with a global prevalence estimate of about 25 % in 
diabetic individuals (335). In diabetes patients, microalbuminuria due to 
nephropathy is a strong predictor of HF, and the risk is independent of CAD (336). 
The degree of albuminuria in HF patients is also associated with mortality risk (337).  

Normally, a considerable share of cardiac output blood flow is directed to the 
kidneys, underscoring the two-way dependence the heart and kidney have. Diabetic 
nephropathy leads to HF as a chronic reno-cardiac syndrome (cardiorenal syndrome 
type IV according to ESC), in which chronic poor kidney function impairs also 
cardiac output (86). 

Generally, all systemic metabolic alterations secondary to kidney disease (renal 
anemia, uremia, and sympathetic nervous system and RAAS hyperactivity, 
Ca2+/PO₄³⁻ equilibrium disturbances, volume and sodium overload, dyslipidemia, 
and inflammation) are pathophysiological processes predisposing one with diabetic 
kidney disease to HF.  

The sympathetic nervous system and RAAS activations, together with the 
circulating catecholamine level increase due to kidney failure increase stress to the 
heart and participate in the pathophysiology of HF, hypertension and atherosclerosis 
(338). Pharmacologically blocking the activation of the RAAS is a central part of 
improving the prognosis of HF, leading to decreased fibrosis rates in the myocardium 
(339). In diabetes, there is already hyperglycemia-induced RAAS activation. As both 
HF and diabetes hyperactivate the RAAS, it is very easily understandable why the 
RAAS blockade is even more effective in improving the prognosis of diabetic 
individuals with HF (340). The RAAS also has some role in energy balance, and its 
dysregulation in the metabolic syndrome favors insulin resistance and the 
development of type 2 diabetes by mechanisms still largely unknown (235).  
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Moreover, chronic kidney disease leads to universal arteriosclerosis. Dissections 
of coronary plaques in patients with a primary renal insufficiency and a secondary 
CVD have revealed protein-bound uremic toxins and vascular calcification (341). 
Endothelial dysfunction and decreased NO production have been reported in 
experimental models studying diabetic nephropathy (342). 

The osmotic volume overload related to hyperglycemia and obesity—most often 
the case in type 2 diabetes—further strains the heart by increasing preload (343).  

To draw this all together, diabetic nephropathy is a complication of diabetes that 
has many unfavourable physiological alterations when it comes to the cardiovascular 
system, and may potentially advance to a renocardiac syndrome, causing HF. 

2.4.1.7 Diabetes-related cardiac autonomic neuropathy 

In diabetic neuropathy, diabetes damages the nervous system, most commonly by 
the length of the fibers in ascending order (344). Diabetic neuropathy is a 
commonplace complication affecting roughly half of diabetic individuals (345).  

Diabetic cardiac autonomic neuropathy is a subclass of diabetic neuropathy, in 
which the cardiac innervation is impaired, causing tachycardia, exercise intolerance, 
and orthostatic hypotension (346). Normally in HF, β-blockade is beneficial in 
improving prognosis, which holds true for diabetic HF patients. However, this 
benefit is not as great due to autonomic cardiac dysfunction (347). 

Diabetic cardiac autonomic neuropathy is reported to be less frequent compared 
to general diabetic neuropathy. Still, due to very differing diagnostic approaches (see 
below), the prevalence estimates cannot be compared.  

In a cross-sectional Saudi Arabian study of 400 patients with type 2 diabetes, the 
prevalence was 15.3 %, when cardiac autonomic neuropathy was defined as any of 
the following: resting tachycardia, orthostatic hypotension, or a prolonged corrected 
QT interval in the ECG (348).  

In a similar study of 70 Japanese diabetic patients, the prevalence of cardiac 
autonomic neuropathy was 41.4 %, defined as abnormally low R-R variations in an 
ECG recording of 100 complexes (349). In comparison, only 16 patients (22.8 %) 
reported at least one symptom of autonomic neuropathy. 

Cardiac neuropathy predicts the onset of HF in several studies, listed under. 
Magnetic resonance imaging (MRI) performed in 966 diabetic and nondiabetic 

individuals revealed increased LV mass with a concentric remodeling in patients 
with cardiac autonomic neuropathy (350).  

In another study of 120 diabetic individuals, cardiac autonomic neuropathy was 
a predictor of a major cardiovascular event (HF among them), and superior to silent 
myocardial ischemia, measured with an ECG stress test, thallium-201 myocardial 
scintigraphy with intravenous dipyridamole infusion, and an ambulatory 48-h ECG 
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monitoring (351). Here, cardiac autonomic neuropathy was assessed with 
calculations on heart rate variability during autonomic function tests (the Valsalva 
test, the deep breathing test, and a lying-to-standing test). 

In two other studies, diabetic autonomic cardiac dysfunction (specified here as 
reduced heart rate variability) was also associated with coronary arterial changes 
(352,353). Another manifestation of diabetic cardiac autonomic neuropathy—the 
loss of BP’s circadian rhythm and dipping phenomenon during night-time—was 
associated with LVH and cardiovascular events in a small study made with 25 
diabetic patients (354).  

Echocardiography studies with cardiac autonomic neuropathy patients have 
demonstrated increases in E/A wave ratios and peak diastolic filling pressures, 
indicating diastolic dysfunction as an early sign of HF (355). 

The mechanisms behind diabetic autonomic cardiac neuropathy are incompletely 
understood. However, the etiology is likely multifactorial, and there is AGE 
deposition, ROS, inflammation, perhaps even autoimmunity (356,357). The 
condition lacks diagnostic criteria and thus is difficult to assess epidemiologically.  

2.4.2 Studies assessing the epidemiology of diabetes and 
HF 

2.4.2.1 Studies, systematic reviews, and meta-analyses assessing HF 
and all types of diabetes in general 

The Framingham Heart Study, published in 1974, notes a 5-fold increase in HF-risk 
for women aged 30–62 and a 2-fold increase for men aged 45–74 with all kinds of 
diabetes (271). This increase was consistent even when several variables were 
controlled, such as age, BP, and the prevalence of CAD. The risk was restricted 
mostly to insulin-treated individuals. Women had a more considerable risk than men. 

Extensive systematic reviews have also been done to summarize the relationship 
between prevalent diabetes and incident HF.  

In 2018, a systematic review of the subject by Aune et al. of 77 studies covering 
over 21 million participants demonstrated a 2-fold increase in HF risk among 
diabetes patients (32). This systematic review also included studies assessing blood 
sugar levels and diabetes. Each 1.1 mmol/l (20 mg/dl) unit of increase in blood sugar 
levels resulted in a 23 % increase in the risk of HF. 

Ohkuma et al. covered 47 cohorts, including 12 million people in 2019, noting a 
severely greater risk of HF in persons with type 1 diabetes, especially for women 
with type 1 diabetes (358), who had a multivariable-adjusted risk ratio (RR) of 5.15 
(95 % CI 3.43–7.74) for HF. In comparison, men with type 1 diabetes had an RR of 
3.47 (2.57–4.69) for HF. In individuals with type 2 diabetes, the risk was 
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considerably lower, 1.95 (1.70–2.22) for women, and 1.74 (1.55–1.95) for men. 
These results meant that women with type 1 diabetes have a 47 % greater risk of HF, 
and women with type 2 diabetes have a 9 % greater risk than men. 

Kodama et al. covered the relationship between diabetes and HF in 2020, 
focusing on the differences between new-onset HF (74 studies) and recurring HF (38 
studies) (313). The pooled RR for all kinds of new-onset HF was 2.14 (1.96–2.34). 
However, considerable heterogeneity existed between studies based chiefly on the 
study-specific age group being analyzed. No difference between sexes in new-onset 
HF was reported, but recurrent HF and HFpEF predominated in females. Kodama et 
al.  also concluded that the risks of HFrEF and HFpEF are similar in diabetes. The 
risk of HFrEF was assessed by analyzing eight studies and the risk of HFpEF by 
analyzing seven studies. However, they hypothesized that a higher risk of HFpEF 
would have been expected, as sole diastolic dysfunction, presenting most often as 
the first hallmark of HF in diabetes, results in HFpEF, of which only a minority 
degenerates to HFrEF (359).  

In another study, the prevalence of HFpEF in diabetes was estimated to be 22.9 
% (19.5–26.3 %) and HFrEF to be 4.8 % (3.1–6.6 %) by Boonman-de Winter, with 
HFpEF dominating in females similarly (312). 

In conclusion, diabetes is a strong predictor of HF in several large-scale meta-
analyses, and women being in greater risk of HF that is also more likely to be HFpEF.  

2.4.2.2 Prediabetes as an HF risk factor  

Prediabetes has special interest in prevention of actual clinical diabetes and CVD 
related to it. Prediabetes as an HF risk factor was assessed in the previous systematic 
review by Aune et al. (32), who concluded that the degree of dysglycemia, even in 
prediabetic levels, is linearly associated with incident HF. The systematic review 
included three studies to evaluate elevated glucose levels or prediabetes.  

Two found positive associations (a Finnish cohort study of 1,032 Finns and the 
Jackson Heart study of 5,306 black Americans) (57,360), with a hazard ratio (HR) 
of 1.46 (95 % CI 1.06–2.02, p=0.021) for fasting plasma glucose above 6.1 mmol/l 
and HF and an HR of 1.76 (1.34–2.29, p<0.0001) for elevated fasting plasma glucose 
and incident HF.  

The third study by Deedwania et al. had slightly contradictory findings in 4,602 
Cardiovascular Health Study participants in 2013 (361). They investigated the 
association between prediabetes and incident HF. Their results showed a significant 
unadjusted HR of 1.22 (1.07–1.40; p=0.003) and a nonsignificant multivariable-
adjusted HR of 0.98 (0.85–1.14; p=0.826). This was the only study to evaluate 
prediabetes and the risk of HF as their primary endpoint. However, the mean age of 
the participants was 73, and the authors concluded that individuals in this age group 
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might die of other causes before developing diabetes or HF was possible. Thus, the 
results are not generalizable to younger individuals.  

Preliminary findings show that prediabetes may increase the incidence of HF, 
but the topic is not studied sufficiently enough. 

2.4.2.3 Type 1 diabetes as an HF risk factor  

Type 1 diabetes has also been studied as a separate entity in a systematic review of 
six observational studies by Avogaro et al. in 2020 (362). The authors concluded that 
prevalent type 1 diabetes carries an age-adjusted threefold risk (incidence rate ratio 
effect 3.18, p>0.001) of incident HF. 

Five of these observational studies by McAllister et al. (363) were Swedish, 
covering four national Swedish registers and one register of Scotland’s entire 
population (being the biggest and carrying the most weight in this study).  

Two studies could not be compared to the others, and imputation was performed 
for the incidence rates and control groups for the studies lacking it. The mean 
follow-up period was 11 years, and the average sum of patient-years was 160,096 in 
individuals with type 1 diabetes and 10,463,412 in controls, respectively. The 
average glycated hemoglobin A1c (HbA1c) was 8.4 %, indicating an overall elevated 
glucose level and insufficient glycemic control.  

HF is clearly more prevalent among individuals with type 1 diabetes compared 
to individuals with type 2 diabetes (below). 

2.4.2.4 Type 2 diabetes as an HF risk factor  

Numerous studies have demonstrated similar results, explicitly linking type 2 
diabetes with HF during the past 20 years. These studies have mainly been 
retrospective cohort studies with several thousand participants followed up for up to 
six years, some for only two.  

Nichols et al. reviewed the records of 9,591 individuals with type 2 diabetes 
using multiple logistic regression models in 2001 (281). The prevalence of HF 
among those with diabetes was 11.8 %, compared to 4.5 % among controls. The 
incidence of HF was 7.7 % in diabetic individuals free of HF at baseline compared 
to 3.4 % in control subjects. Age, duration of diabetes, insulin treatment, female sex 
and prevalent CAD were risk factors of HF. However, in an updated analysis using 
Cox’ regression model, female sex was not related to a bigger risk of incident HF 
(364). 

Thrainsdottir et al. organized a community-based study of 19,381 participants 
aged between 33 and 84 in Reykjavik, Iceland (2005) (365). In this study, the 
incidence of HF was 3.2 % among healthy controls, 6.0 % among those with 
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impaired glucose tolerance, and 11.8 % among those with type 2 diabetes. The odds 
ratios calculated between impaired glucose tolerance and HF and type 2 diabetes and 
HF were 1.7 (95% CI 1.4–2.1) and 2.8 (2.2–3.6), respectively. This was the first 
study to highlight that not only diabetes, but all glucose metabolism disturbances 
were associated with HF. 

The MESA (Multi-Ethnic Study of Atherosclerosis) study by Bahrami et al. 
(366) was a community-based study of 6,814 participants (969 of them with 
diabetes) with multiple ethnicities in the US (European Americans, Hispanic 
Americans, African Americans, and Asian Americans). In this study, high plasma 
fasting glucose levels were a significant predictor of HF (representing the diabetic 
population of the cohort) with an adjusted HR of 2.30 (1.45–3.64), but a high 
HOMA-IR index (above 95th percentile) representing insulin resistance in non-
diabetic individuals was not (multivariable-adjusted HR 1.30 (0.59–2.88)). The 
effect of sex was not studied in diabetic individuals. 

The most common cardiovascular complications in type 2 diabetes were assessed 
in the largest cohort study so far, published by Shah et al. in 2015, and consisted of 1.9 
million people and 34,198 diabetic individuals with a median follow-up time of 5.5 
years. This study showed that HF, together with peripheral arterial disease, was the 
most typical primary presentation of CVD in individuals with type 2 diabetes, 
foregoing even antecedent MI (367).  In diabetic individuals <60 years of age, the risk 
of HF was stronger in females with type 1 diabetes (multivariable-adjusted HR 3.37 
[2.41−4.73] compared to men with type 2 diabetes (multivariable-adjusted HR 2.32 
[1.79−3.01]). The risk sex profile was similar albeit slightly smaller in persons >60 
years. 

Moreover, HFpEF in type 2 diabetes was covered by Bouthoorn et al. in their 
meta-analysis of 28 studies on type 2 diabetes and echocardiographically validated 
diastolic dysfunction or HFpEF in their systematic review in 2018 (311). Here, the 
pervasiveness of diastolic dysfunction was equally high in both sexes, but the 
prevalence of HFpEF was greater in women than men. 

As a summary, type 2 diabetes is a significant predictor of HF in many large-
scale studies, with women again being in greater risk of HF and especially HFpEF.  

2.4.2.5 Obesity as an HF risk factor in diabetic individuals 

The association between increasing BMI and HF risk was confirmed to hold true 
concerning also diabetes and obesity, proven in a study of 83,021 patients with type 
2 diabetes and no HF (26). Here, the rising probability of HF onset across BMI was 
even sharper, 2–3 times greater than what was seen in nondiabetics. 



Review of the Literature 

 53 

2.4.3 Biomarker studies assessing the link between HF and 
diabetes 

2.4.3.1 Glucose levels and HbA1c as an HF risk factor  

Studies have been consistent that increases in glucose levels or HbA1c also result in 
increased rates of HF. 

HbA1c among individuals with type 2 diabetes has been studied in 4,585 
participants of the United Kingdom Prospective Diabetes Study (UKPDS-35) by 
Stratton et al., who reported a 16 % decrease per one percentage point reduction of 
HbA1c (p=0.021) (368). 

Iribarren et al. covered 25,958 men and 22,900 women with diabetes, that was 
predominantly of type 2 (75 %) or unknown type (20 %) (282). Here, each 
percentage point increase in HbA1c was associated with an 8 % increase in the risk 
of HF. 

In the retrospective cohort studies by Nichols et al. (see Chapter 2.4.2.4.), the 
results of the second study (with Cox models) showed a linear increase in the risk of 
HF per each percentage point of HbA1c (HR 1.32 [95% CI 1.23–1.41] /point% HbA1c) 
(364). There were no such findings in the first study using multiple regression models 
(281). 

The incidence of HF hospitalization was also evaluated by Pazin-Filho et al. 
(369) in the Atherosclerosis Risk in Communities (ARIC) study cohort of 1,827 
people. Adjusted HR for each percentage point increase of HbA1c was 1.17 (1.11–
1.25) in the absence of CAD and 1.20 (1.04–1.40) in its presence. 

Increased glucose variability in diabetes has also been linked with more 
cardiovascular complications (370).  

It is sensible that the glucose control levels seem to reflect the risk of HF.  

2.4.3.2 Cardiac and inflammatory biomarkers (proBNP, high-sensitivity 
troponin T [hs-TnT] and hs-CRP) as HF risk factors in diabetic 
individuals  

The role of cardiac and inflammatory biomarkers as predictors of HF has been 
studied in some diabetic populations and compared to nondiabetic populations.  

In a study of 12,301 type 2 diabetes patients and established CVD or multiple 
risk factors of (The Saxagliptin Assessment of Vascular Outcomes Recorded in 
Patients with Diabetes Mellitus [SAVOR]–Thrombolysis in Myocardial Infarction 
[TIMI]), Scirica et al. reported a stepwise increased risk of hospitalization for HF 
patients with rising levels of proBNP (adjusted HR 3.92 [95 % CI 3.11–4.92), hs-
TnT (3.85 [2.82–5.27]), and hs-CRP (1.47 [1.20–1.81]); their results with proBNP 
had the most consistent predictive evidence in all their models (371). However, the 
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median follow-up time was only 2.1 years. Hs-CRP was not predictive of MI but of 
CVD mortality and HF hospitalization.  

Another study by Ohkuma et al. reports HRs per 1-SD increase of 3.06 (2.37–
3.96) for nT-proBNP, 1.50 (1.27–1.77) for hs-TnT, and 1.32 (1.12–1.55) for hs-CRP 
in a population of 3,098 participants with type 2 diabetes during a median of 5.0-
year follow-up (372).  

Both studies’ analyzes were multivariable-adjusted by sex, but no sex-specific 
results were presented. 

In the population-based MESA study, the HF event rate increased with 
biomarker elevation across quartiles of proBNP and hs-TnT in diabetic individuals 
(373). The event rate was 25.2 per 1,000 person-years in the highest quartiles of 
proBNP and hs-TnT, compared to 16.6 in the normoglycemic participants. There 
seemed to be a synergistic effect when both biomarkers were elevated. A subcohort 
of 695 diabetic participants was studied for incident HF, with a median follow-up 
time of 12.4 years. HR for HF in the highest quartile of proBNP range was 5.60 and 
25.16 for the highest quartile of TnT. 

Both biomarkers have also been studied in HF patients with and without 
diabetes; TnT values were higher in HF patients with diabetes (median TnT 18 ng/l 
compared to 13 ng/l in those without), but nT-proBNP values did not differ in 
patients with diabetes when comparing against those without diabetes (374). 
However, together their levels were additive in predicting the risk of death or 
hospitalization. Hs-CRP has shown to be elevated in patients with obesity and 
metabolic syndrome, with also a prognostic value in the general population (375). In 
7,915 mostly nondiabetic participants of the FINRISK trial, hs-CRP was observed 
as  predicting the onset of HF, especially if cardiac troponins and natriuretic peptides 
were also elevated (376).   

In another study using a pooled cohort of 6,799 diabetic or prediabetic 
participants from the ARIC, MESA, and Dallas Heart Study cohorts, hs-CRP was a 
significant predictor of HF in their multivariable-adjusted models (377). In the 
ADVANCE (Action in Diabetes and Vascular Disease: Preterax and Diamicron 
Modified Release Controlled Evaluation) trial, using data from 3,098 partakers with 
type 2 diabetes, hs-CRP also predicted the onset of HF (372). 

In the StrongHeart study (3,098 participants), elevated CRP levels also predicted 
the risk of HF in individuals with diabetes or metabolic syndrome (378).  

However, in a study using 7,953 patients in the PREVEND (Prevention of 
Vascular Disease and Renal End-Stage Disease) cohort free of HF and diabetes in 
the baseline, hs-CRP predicted only the onset of diabetes (379). In a similar fashion, 
in an Iranian study of 7,762 persons with or without obesity or diabetes, hs-CRP was 
elevated above the threshold of 3.0 only in the group of obese diabetic individuals 
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(3.6 [1.8–7.1]) (380). Hs-CRP was 1.3 (0.8–2.3) in normal weight non-diabetic 
persons, and 2.1–2.2 (1.1–4.4) 

A smaller study noted elevated levels of CRP and interleukin 6 (IL-6) in 19 HF 
patients and 26 diabetic HF patients compared to healthy controls, observing the 
increased release of proinflammatory activities among both in vitro, which was even 
more pronounced in the individuals with both conditions (381). 

As a conclusion, high-sensitivity assays of the cardiac and inflammatory 
biomarkers seem to have some role as predictors of HF in diabetic and nondiabetic 
individuals, the effects seem to be synergistic in nature and increase as the risk of 
HF increases in most (but not all) of the studies. In addition, inflammatory 
biomarkers are generally elevated in obesity and metabolic syndrome. 

2.4.3.3 Vitamin D deficiency as an HF risk factor in diabetic individuals 

Vitamin D deficiency is widespread, especially in the Western countries in the 
Northern Hemisphere: between 20 % and 60 % in Europe, about 80 % in the Middle 
East, and 42 % in the United States (382,383).  

Vitamin D has numerous functions. In previous literature, low vitamin D levels 
have been seen with low-grade inflammation, atherosclerosis, and even insulin 
resistance (384). Associations with HF have also been made in the ARIC study 
(12,215 partakers). However, this finding was only observed among white 
individuals, not black individuals (385). Belen et al. noted that vitamin D levels were 
consistently lower among HF patients as the disease progressed (386).  

Vitamin D deficiency has not been studied as a predictor of HF in diabetes. 
However, in a small study, von Hurst et al. reported that insulin resistance was 
significantly decreased and fasting glucose levels lowered among vitamin D 
deficient nondiabetic individuals when administered a vitamin D supplement (387).  

As a conclusion, and as stated by Rodriguez et al. in their systematic review on 
effects of Vitamin D supplementation on inflammatory markers in HF (388), that 
vitamin D deficiency can have some significance in the pathogenesis of HF, but 
evidence on inflammation regarding vitamin D is controversial and limited, and 
proof concerning the outcomes of HF patients with vitamin D supplementation is 
lacking. 

2.5 Validation of register-based HF diagnoses 

2.5.1 Clinical HF diagnosis according to current guidelines 
The global gold standard in diagnosing HF is the ESC 2021 Guidelines for Acute 
and Chronic HF (31). At the time of these studies this gold standard was the ESC 
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2016 Guidelines on Acute and Chronic HF (9), which is very similar (Table 4); 
minor changes were made mainly to echocardiographic evaluation parameters 
regarding HFpEF (31). The widely used Finnish Käypä hoito (Current Care) 
guideline is modified according to ESC’s and is also very similar, with a few minor 
changes (see below) (7). Only recently have the guidelines embraced the concepts 
of different disease patterns for HFrEF and HFpEF (ESC guideline since 2012 
(389)).  

ESC divides HF subtypes, according to the EF recorded with cardiac ultrasound, 
into three categories: HF with reduced EF (HFrEF, EF ≤40 %), HF with preserved 
EF (HFpEF, EF >50 %), and a midrange area (HFmrEF; HF with mildly reduced 
EF) (Figure 7).  

The diagnosis always requires signs or symptoms of HF (Table 5). 
According to ESC guidelines, a diagnosis of HFpEF or HFmrEF requires proof 

of an underlying structural cardiac abnormality from an increased left atrium (LA) 
or LV filling pressures or direct signs of diastolic dysfunction for HFpEF. 
Alternative for any structural changes, elevated levels of natriuretic peptides also 
validate a diagnosis.  

The Finnish Käypä hoito guideline differs a bit from ESC’s. Both a sign and a 
symptom of HF are required for diagnosis in it. However, an abnormality in the 
electrocardiogram (ECG) is accepted as a sign of HF (Table 4). The HFmrEF range is 
also included in the HFpEF range, so a diagnosis of HFpEF is possible if EF is >40 %. 

Table 4.  Diagnosis of HF and its subtypes according to ESC 2016 Guidelines on Acute and 
Chronic HF (9). For signs and symptoms, please see Table 5. Modified slightly from 
Ponikowski et. al, European Journal of Heart Failure (2016), 18, 891–975, doi:10.1002/ejhf.592 (9).  

  HFpEF HFmrEF HFrEF 

Criteria 
 
1., 2., and any 
of 3. required 
(3. criteria only 
for HFpEF and 
HFmrEF)  

1. Symptoms ± signs  

2. 
EF ≥ 50 % EF 40–49 % EF < 40 % 

3. Elevated levels of natriuretic peptides 
 

Echocardiographic abnormality 
• Relevant structural heart disease: 

diagnosed left LAE or LVH 
• Diastolic dysfunction (= LV abnormal 

filling) 
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Figure 7.  Diagnostic algorithm for HF and its subtypes, modified according to ESC 2016 

Guideline on HF diagnosis (9). For signs and symptoms, please see Table 4. IVS, 
interventricular septum. The following measures are used in assessing diastolic 
dysfunction: E/e’, the ratio of transmitral Doppler early filling velocity to tissue Doppler 
early diastolic mitral annular velocity; E/A, the ratio of early filling wave to atrial kick 
wave; DT, deceleration time in LV filling. 
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Table 5.  Definitions of HF findings (modified from ESC 2016 HF Guidelines (9)). 

History of 
comorbidities 
and etiological 
factors possibly 
leading to HF 

History of CAD, revascularization, and MI 
History of supraventricular or ventricular arrhythmia 
History of hypertension 
History of perimyocarditis 
History of cardiomyopathy (excluding Takotsubo) 
History of diabetes mellitus 
History of inflammatory cardiac disease (e.g., sarcoidosis) 
History of cardiac malignancy or metastases 
History of idiopathic pulmonary hypertension or severe hypoxic pulmonary 
disease (e.g., COPD) 

Symptoms of HF Breathlessness 
Orthopnoea 
Nocturnal dyspnoea or cough 
Reduced exercise tolerance 
Fatigue or tiredness 
Exposure to cardiotoxic drugs or radiation 

Signs of HF Rales on auscultation 
Heart murmur  
Elevated jugular venous pressure 
Hepatojugular reflux 
Ankle swelling 
Laterally displaced apical beat 

ECG 
abnormalities 
related to HF 

AF or any other arrhythmia 
Left ventricular hypertrophy by Sokolow-Lyon criteria 
Left or right bundle branch block or left anterior hemiblock 
Third-degree atrioventricular block 
Q-waves 
QRS duration > 110 ms 
Ventricular rate >120/min or <40/min 

Echocardio-
graphic 
measures 
related to HF 

EF: lowest EF before or in 6 months after index date in four-chamber view 
(preferred); alternatively in M-mode view 
Structural abnormalities: 
LAE: left atrial volume index >34 mL/m2 (preferred) or left atrial diameter > 
3.8/4.0 cm in women/men 
LVH: left ventricular mass index ≥95 g/m2 in women and ≥115 g/m2 in men 
(preferred), alternatively intraventricular septum >0.9/1.0 cm in women/men 
Past or present mitral and/or aortic stenosis or regurgitation 
Diastolic dysfunction: The ratio of transmitral early filling velocity to early 
diastolic mitral annular velocity (E/e’) ≥13 (preferred), alternatively the ratio of 
early diastolic filling to atrial contraction (E/A) <0.8 or >2.0 with reduced DT 
(<150ms) 
Right heart failure: tricuspid annular plane systolic excursion (TAPSE) 
<17mm 
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2.5.2 Healthcare registers in Finland 
Administrative registers, such as hospital discharge registers (HDR), are an 
important source of epidemiological data for investigating a wide spectrum of 
diseases, such as HF, on the population level (390).  

HDRs are a vital source of epidemiological data used to investigate a broad 
spectrum of disease-related analyses from risk factors to quantifying effects or 
treatment costs. However, for these investigations to be valid, the validity of the 
HDR must also be tested at regular intervals.  

2.5.2.1 The Finnish Hospital Discharge Register (FHDR) 

The Finnish Institute for Health and Welfare (Terveyden ja Hyvinvoinnin Laitos, 
THL) upholds the FHDR covering all hospital discharge diagnoses from all regions 
of Finland since 1967 and outpatient diagnoses from secondary and tertiary 
outpatient care clinics since 1998 (391).  

Since 2011, the FHDR has covered data for open and institutional care for special 
medical care, primary health care, institutional care, social housing services, and 
home care (392). 

The basic information collected in the FHDR include the person’s social security 
number, the date of birth, sex, residential area, hospital of admittance, admission and 
discharge days, and up to four different diagnoses of the medical conditions that were 
treated (391), coded with the International Classification of Diseases, 10th Revision 
(ICD-10) (393).  

The FHDR has been validated in its accuracy on 32 different items and 
systematically analyzed by Sund et al. (391). The quality was good in general, and 
satisfactory in rarely used items, but at its best when it came to diagnoses of CVD. 

2.5.2.2 The Finnish Cardiovascular Disease Register 

The Finnish Cardiovascular Disease Register (CVDR) contains information on every 
Finnish individual with a register-based diagnosis of CAD, stroke, or HF, as recorded 
in the hospital discharge diagnoses from FHDR, Causes of Death Register, and 
individual outpatient visits (394).  

CVDR is also administrated by THL and contains patient data starting from 
1994.  

2.5.2.3 The drug reimbursement register 

A special reimbursement for drug purchases is available to all citizens in Finland and 
used to cover costs from drugs to treat chronic diseases (395).  
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The register is maintained by KELA (395). When a citizen is prescribed a certain 
reimbursement-eligible drug (such as insulin), the reimbursement code is stored in 
the drug reimbursement register.  

2.5.2.4 Causes of Death Register 

Statistics Finland administers the Causes of Death Register (396). The archives hold 
information on death certificates from all citizens of Finland from 1936 onwards. 

2.5.3 Assessment of diagnosis validity 

2.5.3.1 The confusion matrix and relevant epidemiological measures 

Several epidemiologic measures (397) can address a dichotomous diagnostic 
classifier (such as the presence or absence of a diagnosis). An exemplary population 
cohort of individuals with true and false positive and negative conditions is depicted 
in Figure 8. The epidemiologic measures—the most important of which are 
sensitivity, specificity, and negative and positive predictive values—are in Figure 
9. The mathematical equation is listed for added clarity. 

 
Figure 8.  Essential epidemiological terms illustrated. The box represents the whole population 

with individuals who have the condition on the left (the number of actual cases in the 
data, represented by icons with a plaster cast) and individuals without a plaster cast on 
the right (the number of real non-cases in the data). The circle is the predicted condition, 
diagnosis, or result of a positive test (black icons). True positive = register-based 
diagnosis positive and a true case. False positive = register-based diagnosis positive 
but a true non-case. True negative = register-based diagnosis negative and a true non-
case. False negative = register-based diagnosis negative but a true case.  
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 True condition 
 

 Total 
population Condition + Condition - 

Predicted condition 

Predicted 
condition 
+ 

True  
positive  
(TP) 

False  
positive  
(FP) 

Positive predictive value (PPV) 

=
TP

TP + FP
(Predicted condition pos. )

 

 

Predicted  
condition  
- 

False  
negative  
(FN) 

True  
negative  
(TN) 

Negative predictive value (NPV)  

=
TN

TN + FN
(Predicted condition neg. )

 

 

 
True positive rate  
(Sensitivity) 

=
TP

TP + FN
(Condition pos. )

 

 

 
True negative rate  
(Specificity)  

=
TN

TN + FP
(Condition neg. )

 

Figure 9.  The confusion matrix (simplified). Sensitivity (true positive rate) is the 
probability of detection (the ability to correctly detect ill patients with the condition). 
Specificity (true negative rate) is the ability to correctly reject healthy patients without 
the condition. Positive predictive value (=precision) is the probability that in case of a 
positive test, the patient really has the specified disease. Negative predictive value is 
the probability that in the case of a negative test, the patient does not have the specified 
disease (397). 

Sensitivity is also the share of correctly diagnosed individuals from those with the 
disease with a positive result and specificity the share of correctly diagnosed healthy 
individuals with a negative result. There is no 100 % specific and 100 % sensitive 
test.  

Prevalence is the number of confirmed cases in the total population:  

=
Condition positive 

Total population
=

TP + FN
TP + FP + TN + FN

 

The predictive values are success rates, which depend on prevalence, sensitivity, and 
specificity (see below). A test with 100 % PPV would only detect true positives (in 
a diagnostic setting, the probability of having HF in a subject with a register-based 
diagnosis). A test with 100 % NPV would only reject true negatives.  
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Sometimes, positive and negative likelihood ratios and the Cohen’s Kappa 
coefficient are used. The positive likelihood ratio (PLR) is the ratio of a positive 
result in subjects with a diagnosis to the subjects without a diagnosis. The negative 
likelihood ratio (NLR) is the ratio of a negative result in subjects with a diagnosis to 
the subjects without a diagnosis.  

Accuracy is the share of correct predicted conditions in the total population:  

=
Predicted condition correct 

Total population
=

TP + FN
TP + FP + TN + FN

 

Cohen’s Kappa (κ) is the proportion of responses in which two random (positive or 
negative) responses agree. As a measure, it is close to accuracy, as when accuracy=1; 
also κ=1. However, when a random guess already produces high accuracy, Kappa 
serves as a better measure by considering the element of a random result. 

2.5.3.2 The validation procedures 

Register data must be compared against the gold standard to be validated. When 
assessing the validity of a diagnosis, the gold standard would be the most accurate 
diagnostic procedure or criteria. In the case of HF, this is the ESC guideline from 
2016/2021 (9,31).  

Most studies on diagnosis validity report sensitivity and PPV, which can be 
reported without a control group. However, if the study goal is to report a wide array 
of epidemiological markers, it must address the prevalence of the condition in the 
general population, and also form a control group of subjects without the diagnosis 
of the studied condition.  

Assessing specificity and NPV requires a set of controls (i.e., a group among 
whom the test is negative). PPV and NPV depend on the condition’s prevalence. 
However, this increases the number of subjects needed, as a simple population 
sample would need numerous controls to find a relative number of false negative 
cases. Power analyses can be used to determine the correct case and control group 
sizes with predetermined levels of epidemiological variables (398). 

2.5.4 Previous HF validation studies 
Prior validation studies in North America, the Netherlands, Denmark, Sweden, the 
UK, and Finland as well (399–403) have usually found a relatively low sensitivity 
and high specificity for HF diagnoses. However, many of the studies had certain 
methodological limitations (see below Chapter 2.5.5.), and the validation 
procedures have been very diverse, making comparisons difficult (404). 
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Ingelsson et al. revised the validity of 321 HF register-based diagnoses from a 
cohort of 2,322 males from Sweden (400). Only actual cases were assessed; no 
comparisons with non-cases were made. The validity of the diagnoses presented was 
82 %; implementing echocardiography improved the validity to 88 %. The 
corresponding validities were 86 % and 91 % in internal medicine or cardiology 
inpatient wards. 

Kümler et al. tested all hospitalized patients admitted within a 12-month period 
for any reason in a Danish hospital, reporting a sensitivity of 29 % and a specificity 
of 99 % for HF for all patients admitted (403). The bottom line was that HF is very 
underreported in Danish hospital patients.  

In another study from Denmark, Delekta et al. validated HF diagnoses by 
retrospectively examining 500 patient files in selected Danish counties between 2007 
and 2018, concluding with a PPV of 83.6 % (95 % CI 80.1–86.7 %) for certain and 
possible HF (405).  

Khand et al. made a comparison study in Glasgow, Scotland with a control group 
formed from a cohort of AF patients (406). They argued that using hospital discharge 
codes markedly underestimate all kinds of HF-associated hospital events, as 54 % of 
HF patients admitted because of AF did not get a diagnostic code for HF during the 
three-month examination period.  

In the Netherlands, Merry et al. compared HDR diagnoses of acute CAD, acute 
MI, unstable angina pectoris, and HF against the CVD register diagnoses from the 
Maastricht cohort study, resulting in a fairly good PPV of 80 % but a low sensitivity 
of 43 % for HF (401). 

Similar results were presented in a recent meta-analysis of 19 HF validity studies 
mostly from the Western countries, where sensitivities remained below 69 % while 
specificities exceeded 95 % (407). 

The validity of the FHDR on HF diagnoses from 1969 to 2008 was assessed in 
2013 by Mähönen et al. (399). Although the results showed a high specificity of 99.7 
% and a moderate sensitivity of 48.5 %, this study had certain limitations (404). The 
diagnoses of HF, to which register-based diagnoses were compared, were mainly 
based on brain natriuretic peptide levels instead of full clinical data with 
echocardiographic proof of ventricular dysfunction. Echocardiography usage has 
continued drastically increasing over the previous ten years, and new guidelines for 
diagnosing HF have been presented since, most notably by the ESC task force in 
2016 and 2021 (5,31), that also increasingly highlight the need for ultrasound in 
clinical decision-making. Register-based diagnoses from secondary and tertiary care 
outpatient clinics were also unavailable at the time. Usually, register studies present 
good PPVs, but information on negative findings is usually lacking. Drawing 
judgment from the validation studies available now, HDRs are generally prone to 
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underestimate the number of hospitalizations for HF. However, considerable 
differences among countries exist.  

2.5.5 Improving the quality of register-based HF diagnoses  

2.5.5.1 Clinical aspects 

Diagnosing HF clinically is challenging. Myriad ways of defining HF have been 
used in clinical practice and various studies over the last 70 years. The gold standard 
diagnostic measures have been updated as technology has progressed and more 
sophisticated methods, such as echocardiography, have become more readily 
available also outside of specialized cardiology units. Unfortunately, diagnosing 
chronic HF is, in many ways, more challenging than an acute diagnosis with clear 
congestive findings, as the underlying structural heart disease may be asymptomatic 
without a clear clinical syndrome (408). Abnormality in the heart may begin by 
showing symptoms periodically when added strain to the circulation presents and 
more pumping function is needed, leading to repeating periods of acute 
decompensations before deteriorating to chronic ones. This is of particular interest 
in the validation studies, as the study period may not overlap with a clinically 
relevant period (404). Thus, the patient may have diagnosed or undiagnosed chronic 
HF that is asymptomatic at the time of interest. 

Furthermore, many other disease conditions may present with congestion or HF-
like symptoms, such as COPD and renal insufficiency, which often present with non-
cardiac congestion (86,409). Many conditions, like infections, AF and pulmonary 
emboli, may also trigger HF by adding strain to the circulation (84,89). Whether 
these conditions relate to undiagnosed clinical HF or not, possibly elucidates only 
during follow-up, when the acute condition is ameliorated.  

One way of improving the diagnosis is to use full clinical data supported by 
echocardiography, and not rely solely on signs and/or symptoms and laboratory 
findings (407). The more clinical data that is collected and reviewed, the more certain 
the diagnosis of HF will be. Data should also be collected from several visits and a 
more extended period to better assess HF’s longitudinal trajectory (acute/acute-on-
chronic/chronic).  

Only the most recent gold standard guideline for diagnosing HF should be used.  

2.5.5.2 Issues with diagnostic coding 

There are issues with the diagnostic coding in the registers and individual coding 
among clinicians is very heterogeneous. 
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Sometimes, only one diagnostic code is used, even though multiple disease 
processes are treated during hospitalization, one of which may be the 
decompensation of HF, triggered by the acute onset of another disease. Also, short, 
transient periods of HF triggered by an otherwise severe health condition such as a 
septic infection in otherwise healthy individuals receive the same code as chronic 
HF patients. 

The ICD-10 is also imperfect in HF diagnosis classification, as it has only one 
diagnostic code used for all kinds of HF (393,410). Thus, it is up to the person 
performing the validation procedure to differentiate these.  

Using several analysis scenarios may be helpful, such as counting all events of 
HF; counting only the chronic cases, including only those with reduced EF (<40 %); 
or rejecting any differential diagnostically challenging patients.  

2.5.5.3 Research methods 

Forming a control group helps assess non-cases (persons truly without the condition 
= true negatives) making calculating specificity and negative predictive values of the 
diagnosis possible. However, if the prevalence of the predicted condition in the 
validation cohort is higher than in the administrative data, the predictive values are 
erroneously high (411). 

The Standards for Reporting of Diagnostic Accuracy (STARD) initiative was 
introduced to make validation study data more reliable and comparable. STARD is 
used for reporting all measures needed for a validation study. Validation studies are 
used to ensure all relevant information (in the form of a 25-point checklist) is 
gathered (Table 6) (412). If all measures are not stated, the omitted measures risk 
possible misclassification bias. Adhering to the checklist is highly recommended. 
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Table 6.  STARD checklist for accurately reporting diagnostic studies, according to the 
STARD initiative by Bossuyt et al. (412). Slightly abridged.  
Hyperlink: www.equator-network.org/reporting-guidelines/stard/ 

1. TITLE: Identify the article as a study of diagnostic accuracy (recommend heading ‘sensitivity 
and specificity’).  

2. INTRODUCTION: State the research questions or study aims, such as estimating diagnostic 
accuracy or comparing accuracy between tests or across participant groups.  

3. METHODS: The study population: The inclusion and exclusion criteria, setting, and locations 
where the data were collected. 

4. METHODS: Participant recruitment. 
5. METHODS: Participant sampling and selection. 
6. METHODS: Data collection: Was data collection planned before the index test and the 

reference standard was performed (prospective study) or after (retrospective study)?  
7. METHODS: The reference standard and its rationale for the test methods. 
8. METHODS: Technical specifications of material and methods involved, including how and 

when measurements were taken. 
9. METHODS: Definition of and rationale for the units, cutoffs, and/or categories of the results of 

the index tests and the reference standard. 
10. METHODS: The number, training, and expertise of those executing the index and the 

reference tests. 
11. METHODS: Whether the readers of the index tests and the reference standard were blind 

(masked) to the results of the other test.  
12. METHODS: Methods for calculating or comparing measures of diagnostic accuracy and the 

statistical methods used to quantify uncertainty (e.g., 95 % CI).  
13. METHODS: Methods for calculating test reproducibility (if these methods were used).  
14. RESULTS: When the study was done, including the beginning and ending recruitment dates.  
15. RESULTS: Clinical and demographic characteristics of the study population (e.g., age, sex, 

the spectrum of presenting symptoms, comorbidity, current treatments, recruitment centers). 
16. RESULTS: The number of participants satisfying the criteria for inclusion that did or did not 

undergo the index tests and/or the reference standard. Describe why participants failed to 
receive either test. 

17. RESULTS: Time interval from the index tests to the reference standard and any treatment 
administered between. 

18. RESULTS: Distribution of severity of disease (define criteria) in those with the target 
condition; other diagnoses in participants without the target condition.  

19. RESULTS: A cross-tabulation of the results of the index tests (including indeterminate and 
missing results) against the results of the reference standard.  

20. RESULTS: Any adverse events from performing the index tests or the reference standard.  
21. RESULTS: Estimates of diagnostic accuracy and measures of statistical uncertainty (e.g., 95 

% CI). 
22. RESULTS: How indeterminate results, missing responses, and outliers of the index tests 

were handled.  
23. RESULTS: Estimates of the variability of diagnostic accuracy among subgroups of 

participants, readers, or centers (if done). 
24. RESULTS: Estimates of test reproducibility (if done).  
25. DISCUSSION: Discuss the clinical applicability of the study findings.  
This work is licensed under the Creative Commons Attribution 4.0 International License. To view a 
copy of this license, visit http://creativecommons.org/licenses/by/4.0/ or send a letter to Creative 
Commons, PO Box 1866, Mountain View, CA 94042, USA. 
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2.5.5.4 Electronic health records (EHRs) mining for data collection 

EHRs are almost universally adopted to record information gathered and related to 
single outpatient clinic visits and hospitalizations and consist mostly of unstructured 
text. Procedure codes and diagnostic coding systems (such as ICD-10 (393)) 
incorporate a more structural approach to EHRs. However, these codes and systems 
are often cumbersome for clinicians to remember and use. Issues with coding and 
data accuracy also exist, and each system needs occasional validation to be reliable. 

As statistical variables, unstructured text in research must be read and coded 
manually into variables according to rules already agreed upon. Text mining uses a 
computer algorithm to read large volumes of EHRs and picks text to be converted 
into variables using predefined rules. Usually, text mining uses keyword filters to 
identify predetermined phrases, other keywords, and exclusion phrases from EHRs.  

2.5.5.4.1 Experiences from different diagnosis groups 

Text or data mining has recently been used in various studies, mainly as a test method 
to see if collecting reliable information is feasible and whether such matches the 
diagnostic or procedural coding (listed in Table 7). 

The uppermost examples have been simple pilot studies to assess whether a 
machine could perform a monotonous human labor task, such as to detect the 
presence of a predetermined symptom, already diagnosed disease, or medical 
complication, that simply has not been coded into the coding systems used.  

A test data set of 100–200 patients was generally established to validate the 
method. Most results suggest that the method in question has potential as a screening 
tool in clinical setting. 

However, text mining can also be used to generate more specialized data (the 
final three rows of Table 7) that is better suited for machine algorithms to generate 
than the human mind. One such example was the mining of specialized 
physiotherapy terms to generate new variables on nursing home residents’ quality of 
life and care, or to determine possible predictors of a disease that has hard-to-detect 
prodromal symptoms. 
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Table 7.  Studies assessing data mining as a scientific method. 

Algorithm target Author, year Setting Algorithm accuracy, 
other findings  

To detect 
colorectal cancer 

Xu et al., 
2011 (413) 

1,262,671 patient files and 
pathology notes  

PPV 84 % 
Sensitivity 97 % 

To identify 
pregnancies after 
breast cancer 

Labrosse et 
al., 2019 
(414) 

1,226 patients’ EHRs Sensitivity 97 % 
NPV 100 % 

To detect 
systemic lupus 
erythematosus 

Brunekreef et 
al., 2021 
(415) 

4,607 patient records  Sensitivity 96 % 
Specificity 93 % 

To detect 
depressive 
symptoms 

Wu et al., 
2020 (416) 

500 randomly chosen 
individuals’ EHRs read first 
by psychiatrists and then by 
the algorithm 

Sensitivity 85 %  
PPV 69 %  
(for a major depressive 
disorder) 

To detect cardiac 
implantable 
device infections 

Mull et al., 
2020 (417) 

19,212 cardiovascular 
implantable electronic device 
procedure patients’ EHRs 

PPV 44 % 
Sensitivity 94 % 
Specificity 49 % 

To detect 
smoking status 

Groenhof et 
al., 2020 
(418) 

1,661 Utrecht 
Cardiovascular Cohort 
participants’ EHRs 

Sensitivity 88 % 
Specificity 92 % 
NPV 98 %  
PPV 63 % 

To define 
socioeconomic 
status 

Hollister et 
al., 2017 
(419) 

9,977 Vanderbilt University 
Medical Center patients’ 
EHRs 

PPV 80.0 % for education 
87.5 % for unemployment 
63.6 % for retirement 
23.1 % for the lack of 
insurance 
33.3 % for homelessness 

To determine 
possible 
predictors of the 
disease during 
the prodromal 
period 

Högg et al., 
2018 (420) 

EHRs of 8,669 patients with 
multiple sclerosis 

Hospitalizations related to 
urinary system or spinal 
cord diseases, 
prescriptions for urinary 
antispasmodics or anti-
vertigo medication 

Physiotherapy 
specialized 
medical terms 

Delespierre et 
al., 2017 
(421) 

1,015 nursing home 
residents’ EHRs 

Quality of care  
Automatically generated 
variables on the residents’ 
autonomy, pain, nutrition, 
mobility, etc. 

2.5.5.4.2 Conclusion and the current situation 

Currently, text mining presents as a screening tool for researchers and medical 
professionals to help save time, but numerous false positives limit its use in practice. 
It holds much promise as a data collection method, as in the latter examples listed 
above. However, creating an algorithm requires great human effort to develop and 



Review of the Literature 

 69 

expertise in computer science. As such, text mining is an investment not available to 
everyone.  

In conclusion, data or text mining is an emerging technology with much potential 
that will continue improving. This practice will most likely improve the accuracy of 
EHRs. Unfortunately, regarding the currently available studies listed above, the 
sensitivities and specificities in most studies seem relatively high. However, because 
the studied diseases are relatively rare (prevalence estimates <1 %), a substantial 
number of false positives (and a low positive predictive value) will still exist if these 
algorithms were to be used in actual patient detection. 

2.6 Summary 
HF is a complex and common disorder and the etiologies leading to it are also very 
diverse (20).  

Lifestyle factors are connected to almost all etiologies underlying HF (422). 
High salt intake is already an established risk factor for hypertension (190), and the 
evidence for arterial stiffening, inflammation, CVD, obesity, and insulin resistance 
is steadily increasing (211,221,237,252). Sodium excretion varies highly between 
days in a single subject, and the body seems able to accumulate sodium in a non-
osmotic form in the interstitium, mainly in the skin (184,263).  

The gold standard in measuring sodium intake is the 24-hour urinary collection 
(265). However, there is still much we do not know about sodium physiology and 
homeostasis. Previous studies with more inaccurate methods suggest a connection 
between excess sodium intake and HF. 

The evidence for diabetes or dysglycemia as independent drivers of HF is 
mounting; practically all forms of diabetes or dysglycemia are connected with HF 
(32). HF subtypes are similarly associated with diabetes (313). However, certain 
types of HFpEF seem more connected to obesity or diabetes than others, especially 
in women (423). In addition to glucose levels, cardiac and inflammatory biomarkers 
seem to have some role as predictors of HF in diabetic and nondiabetic individuals, 
but there are no large-scale biomarker studies conducted. 

 The genetic component of HF is still elusive; several genes have been uncovered 
that need more research (123,129). These preliminary findings give insight into what 
is to come, and unraveling the right genetic traits is deeply connected to the concept 
of HF phenotyping even further.  

The diagnosis of HF and its validity are challenging to establish, requiring 
sophisticated methods—such as echocardiography—and deeper subtyping of the 
syndrome with it. Only recently have the concepts of HFrEF, HFpEF, HFmrEF, and 
their differing pathophysiologies been established (9). This subtyping will most 
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likely evolve and get more specific as more information becomes available. HFpEF, 
especially, seems a heterogeneous entity (10). 

Preventing HF holds much promise and continues evolving as we gain more 
information on the wide array of risk factors that predispose to it. 
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3 Aims 

This thesis was designed to investigate the risk factors and the validity of the HF 
diagnosis in a general Finnish or European population, with a focus on diabetes and 
sodium.  
 
The specific aims were: 

 
I. To estimate the relationship of salt intake and risk of HF among other 

CVDs (CAD and stroke) and mortality using a true population sample 
from FINRISK and 24-hour urine sodium collection samples  

 (Study I – the sodium-HF study) 
 
 

II. To elucidate the factors underlying and mediating the development of HF 
in diabetic individuals in Europe-wide data using detailed biomarkers to 
elucidate the key drivers of incipient HF in diabetic individuals  

 (Study II – the diabetes-HF study) 
 
 

III. To assess the validity of the HF diagnosis based on the Finnish HDR 
using full clinical data against a control group  

 (Study III – the validation study) 
 
 

IV. To demonstrate how EHR data can be used to construct new, more 
granular HF phenotypes using a text mining algorithm  

 (Study IV – the data mining study) 
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4 Materials and Methods 

4.1 Research cohorts used in this series of studies 

4.1.1 Cohorts with 24-hour urinary collections available for 
assessing sodium intake 

Sodium intake has been systematically measured on a national level in Finland using 
24-hour urinary collections in numerous sequential investigations since 1979.  

The first Finnish cohort with 24-hour urinary collections available for assessing 
sodium intake was the North Karelia Salt Study from 1979. After this, 24-hour 
urinary collections were collected in FINRISK studies in 1982, 1987, and 2002, 
which also comply with the WHO MONICA protocol.  

4.1.1.1 The North Karelia Project  

The North Karelia Salt Study is part of the North Karelia Project, a successful 
intervention study conducted in eastern Finland in a county with prior high 
hypertension and CVD burden (255). The North Karelia Project was a series of 
cross-sectional surveys in a randomly selected population of 30,118 30- to 59-year-
old people between 1972 and 1987 that have been carried out in two eastern regions 
in Finland to assess the level of CVD risk.  

Initially, the salt study was not a part of the actual study but was added in 1979, 
as reduced salt intake was included as a covariate in further studies. A subsample of 
2,487 participants was randomly selected from the National Population Register for 
a subanalysis. A 24-hour urine collection was collected to assess sodium, potassium, 
and creatinine excretion, among other measurements.  

4.1.1.2 FINRISK or FINMONICA 

FINRISK (or FINMONICA as a part of WHO Multinational Monitoring of Trends 
and Determinants in Cardiovascular Disease [MONICA] studies) are a series of 
successive cross-sectional surveys organized by THL and implemented with a five-
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year interval since 1972 in four distinctive areas of Finland. These studies contain 
the data of 53,589 randomly chosen Finnish men and women (424).  

In each survey, a sample of 25–64-year-old people was randomly drawn 
(stratified by sex and ten-year age groups) from the National Population Register and 
summoned to join in the study. Contributors completed a lifestyle survey outlined 
by the extended WHO MONICA protocol and visited a trained nurse for physical 
examination (height, weight, BMI, and BP) and venous blood sampling for serum 
total cholesterol evaluation (425).  

A randomly selected sub-sample of the partakers was also requested for 24-hour 
urine collection. Subsequently, 1,382 participants completed a 24-hour urine 
specimen collection in 1982. In 1987 and 2002, the number of participants with 
successful collections was 1,151 and 909, correspondingly. 

4.1.2 The MORGAM (MOnica Risk, Genetics, Archiving and 
Monograph) project cohorts with HF follow-up 
information available 

The MORGAM (MOnica Risk, Genetics, Archiving and Monograph) project is an 
international, worldwide collaborative research project elucidating the interactions 
of the development of CVD, their risk factors, biomarkers, and genetics 
(376,426,427). At the time of the project’s proposal, MORGAM included 374,547 
individuals from 15 European population cohorts with follow-up data on incident 
CAD, stroke, and their conventional risk factors, with relevant biomarker data 
available.  

Follow-up data for incident HF was available for 115,868 individuals from 20 
cohorts from six countries (the FINRISK study from Finland, the Northern Sweden 
MONICA study, the DAN-MONICA from Denmark, the Moli-sani study from Italy, 
and the Scottish Heart Health Extended Cohort [SHHEC] from the UK). All these 
cohorts have been carried out with the extended WHO MONICA protocol and 
harmonized for multinational CVD risk evaluation.  

Data from FINRISK was collected in 5-year intervals from 1982 up to 2007 and 
used in this study, with biomarkers measured in 1997. There were 36,907 subjects 
with HF follow-up data after exclusions suitable for survival analyses and 7,852 
subjects with biomarker data. 

Data from the Northern Sweden MONICA used was gathered between 1986 and 
2009, with 10,370 participants eligible for survival analyses and 10,031 with 
biomarker data. 

Data from DAN-MONICA was collected between 1982 and 1992, with 7,526 
participants eligible for both analyses. 



Matti Vuori 

 74 

Data from the Moli-sani study was gathered between 2005 and 2010, with 23,249 
participants eligible for survival analyses and 23,198 with biomarker data. 

Data from SHHEC was collected between 1984 and 1995, with 15,959 
participants eligible for survival analyses and 14,190 with biomarker data. 

4.1.3 FinnGen 
FinnGen is a collaborative research project aiming to increase understanding of 
disease pathophysiologies via genetics. FinnGen aims to accumulate personal-level 
information (genome, patient documents) from 500,000 Finnish individuals that 
have signed an informed consent for their samples or data to be used for scientific 
purposes during a visit to a laboratory or a healthcare professional (428).  

At the time of finishing this thesis, as of data freeze 6 (autumn 2021), genotype 
data has been collected for 260,405 Finns, with 700,000 gene markers and 17 million 
gene variants. Public and private health care providers work with universities, THL, 
biobanks, and various companies to collect data as biobank samples and population-
level questionnaires. All partakers have signed a biobank consent. 

FHDR information has been incorporated since 1968, the Causes of Death 
Register information since 1969, and drug reimbursement registers since 1987 in 
FinnGen. The data is stored in the format of ICD-10 diagnosis codes and KELA drug 
reimbursement codes (393,395) and can be further used as study endpoints. 

4.2 Study samples 

4.2.1 Study sample for Study I (the sodium-HF study) 
The data used was from up to 8,990 contributors of the North Karelia Salt Project, 
or the National FINRISK Study in 1982, 1987, and 2002, where partakers had 
provided a 24-hour urinary collection at baseline (424,429).  

Please see Figure 10, for a flow chart depicting the sample formation.  
Patients with prevalent disease conditions at baseline (n=115 for CVD, 70 for 

CAD, 13 for stroke, 79 for type 2 diabetes, and 29 for HF) were excluded for their 
corresponding analyses, creating multiple subgroups. Also, 29 partakers provided 
two urine collections during the series of studies and the earlier entry of the two was 
excluded. 16 partakers with missing data were excluded.  

Moreover, to achieve a common age range of 25–64 for all cohorts, 236 
individuals aged <25 years had to be excluded. After exclusions, the number of 
subjects was 4,632 in the sample eligible for analyses, and 4,603 in the subsample 
with prevalent HF excluded. 
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All partakers had given informed approval for their data to be used for research 
purposes. In the studies, partakers’ data were handled anonymized. 

Follow-up data available for HF was up to 14 years.  
The participants did not know for what purposes the urine collection would be 

used to avoid any behavioral bias; and the collections of persons reporting 
incomplete collection by the time of returning the sample were excluded (138).  

 
Figure 10.  Flow chart depicting the sample formation in Study I. Reprinted from the Annals of 

Medicine, by Vuori et al, (430). https://doi.org/10.1080/07853890.2020.1780469. 
This work is licensed under the Creative Commons Attribution 4.0 International License. To view a 
copy of this license, visit http://creativecommons.org/licenses/by/4.0/ or send a letter to Creative 
Commons, PO Box 1866, Mountain View, CA 94042, USA. 

4.2.2 Study samples for Study II (the diabetes-HF study) 
We used the MORGAM cohorts to form two different data sets: one with only 
follow-up data for survival analyses (the general MORGAM sample, n=94,011 after 
exclusions), and the other with biomarker data (the MORGAM biomarker sample, 
n=55,271 after exclusions). Variables of both data sets were studied as predictors of 
HF in diabetic and nondiabetic persons: first with Cox proportional hazards models 
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and then with a subsequent multiple mediation analysis. The study setting was a 
retrospective cohort study consisting of two population samples. 

We pooled 105,660 individuals from the MORGAM cohorts for analyses. After 
excluding multiple round investigations, cases with prevalent HF, missing baseline 
diabetes information, or missing follow-up data, we had 94,011 individuals eligible 
for survival analyses in the general MORGAM follow-up sample.  

Biomarker information was available for 75,172 of these individuals before 
exclusions and 55,271 after the exclusions described above, with 78.7 % having 
complete data with no missing values for the MORGAM biomarker sample.  

Of the 11,795 individuals with missing data, 7,229 (61.3 %) had only one 
missing value. All cohorts from the DAN-MONICA and cohort 21 from SHHEC 
had key biomarkers missing regarding diabetes and HF (i.e., glucose, nT-proBNP). 
Thus, these cohorts were excluded from survival analyses with biomarker data.  

Please see Figure 11, for illustrations of the different steps in the sample 
formation. 

 
Figure 11.  Flow chart depicting the sample formation in Study II. Sample 1 = the general 

MORGAM follow-up sample, Sample 2 = the MORGAM biomarker data sample. 
Reprinted from the Cardiovascular Diabetology, by Vuori et al (431). 
https://doi.org/10.1080/07853890.2020.1780469.  
This work is licensed under the Creative Commons Attribution 4.0 International License. To view a 
copy of this license, visit http://creativecommons.org/licenses/by/4.0/ or send a letter to Creative 
Commons, PO Box 1866, Mountain View, CA 94042, USA. 

https://doi.org/10.1080/07853890.2020.1780469
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4.2.3 Study sample for Study III (the validation study) 

4.2.3.1 Study sample for the main analyses  

We used the FHDR and Cardiovascular Disease Registers to classify 240 people 
from two distinct regions of Finland—the Hospital District of Southwest Finland 
(Varsinais-Suomen Sairaanhoitopiiri, VSSHP) in the Southwest and the Central 
Finland Hospital District (Keski-Suomen Sairaanhoitopiiri, KSSHP)—to cases and 
controls for validating HF diagnosis in FHDR.  

The sample size of 120 cases and controls was chosen. This size provided a 
statistical power of 0.80, 0.93, and 0.99 for specificity and sensitivity—when 
specificity was set at 0.8, 0.9, and 0.95 (398).  

First, 60 patients were randomly assigned as cases in both regions. The inclusion 
criterion of these patients was that their first HF diagnosis had been established in 
2013–2015 in secondary or tertiary care hospitals.  

Then, a control group of 60 patients from each region was created. The inclusion 
criterion of these patients was that their first diagnosis of a condition predisposing 
them to HF (see below Chapter 4.3.1.) had been established in 2013–2015, and no 
diagnosis of HF.  

The total number of patients was 240.  
For clarity purposes, exclusion criteria were patients under 30 or over 80 at the 

time of diagnosis—mostly to avoid structural heart disease from substance abuse in 
the young and multimorbidity in the old.  

4.2.3.2 Assessment of Validity of HF Diagnoses Based on Furosemide 
Purchases (a sub-study of Study III) 

As the FHDR does not primarily notice HF patients diagnosed in primary care 
instead of secondary or tertiary care, the drug reimbursement data based exclusively 
on repetitive furosemide purchases was also used to evaluate the validity of HF 
diagnoses.  

Of the 75,081 partakers who participated in national FINRISK studies between 
1972 and 2012, 2,967 30–80-year-old individuals with furosemide or furosemide 
combined with a potassium-sparing diuretic (ATC codes C03CA01 and C03EB01) 
purchases three or more times was recognized (432).  

After this, the individuals who developed an FHDR-based diagnosis of HF with 
the above definition over three- and five-year follow-up periods were evaluated.  

We also measured the individuals with noncardiac diuretics use to calculate the 
effects of other furosemide indications. These results were based on register-based 
diagnoses for hepatic (ICD-10 codes R18, K70, K71, K72, K73, K74, K75, K76 [not 
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including K76.1], and K77) or renal insufficiency (ICD-10 codes N17, N18, N19, 
Z49, and Z99) during follow-up.  

4.2.4 Study sample for Study IV (the data mining study) 
Data from the FinnGen database’s Auria or Helsinki biobanks representing the 
Southwest Finland and Helsinki-Uusimaa Hospital Districts were used to test the 
data mining algorithm. All data were handled anonymized. 

Data were available in Auria for 29,201 participants and in Helsinki for 58,693 
participants, and 43,405 of them had at least a single EF measurement identifiable 
in their EHRs. With a subsequent exclusion of fatal cases with unknown baseline HF 
status (n=534), and those with missing creatinine or proBNP laboratory data 
(n=4,922), or HF follow-up data in the EHRs (n=1,283), the final number of subjects 
was 33,983.  

Laboratory data for creatinine and proBNP were required for HF cases; only 
creatinine data sufficed for controls. 

4.3 Definitions 

4.3.1 The definitions of HF cases and controls based on the 
FHDR 

Individuals receiving the ICD-10 codes I50, I110, I130, or I132; ICD9 codes 4029B, 
4148, or 428; ICD8 codes 42700 or 42710; or 428 in the FHDR (including outpatient 
visits) were defined as having register-based HF.  

In Study III, this diagnosis had to be for the first time in 2013–2015 when only 
ICD-10 was used, and with a concurrent visit to a VSSHP or KSSHP hospital 
documented in the FHDR. 

Individuals receiving any ICD-10 code for a cardiac condition predisposing them 
to HF (CAD, MI, or coronary revascularization (I20-25)), cardiomyopathy (I42), or 
valvular heart disease (I34-I37)) in the FHDR without an HF diagnosis were defined 
as controls. 

4.3.2 The definitions of HF as baseline and endpoint 
conditions in the MORGAM and WHO MONICA 
studies 

The follow-up for HF is specified by the cohort responsible for data collection. A 
slight variation between baseline years also exists. 
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Data from HDRs, Causes of Death Registers, and drug reimbursement registers 
in FINRISK were used to ascertain baseline HF after a positive reply to survey 
questions regarding HF.  

A baseline positive survey question was acceptable for diagnosing HF (FINRISK 
and Moli-sani) in certain cohorts. A positive survey answer for diabetes was accepted 
in all.  

In DAN-MONICA, the ICD-8 codes were 427.0, 427.1, or 428 in cases of 
hospitalization or death; the ICD-10 codes I11.0, I13,0, I13.2, or I50 were considered 
indicative of HF.  

In FINRISK, the ICD-8 codes were 427.00, 427.10, and 428; the ICD-9 codes 
were 402.9B, 414.8, and 428; the ICD-10 codes were I50, I11.0, I13.0, and I13.2; 
and the drug reimbursement register’s KELA code was 201 for chronic HF.  

In Moli-sani, the ICD-9 code 428 was used.  
In Northern Sweden MONICA, the ICD-8 code 427.00, ICD-9 code 428, and 

ICD-10 codes I50 and I11.0 were used.  
In SHHEC, the ICD-9 code 428, and ICD-10 code I50 were used. 
For details and lists of register diagnoses used in each cohort, please see 

Supplemental Table S1a and S1b in Article II. Detailed reports on data gathering 
and harmonization are also online (427). 

4.3.3 The definitions of baseline diabetes 
As ICD-8 does not differentiate diabetes subtypes, the earliest surveys do not either. 
Thus, diabetes subtypes are combined in these studies. 

In DAN-MONICA, hospitalization or death was coded with ICD-8 codes 249 or 
250 or ICD-10 code E11; E10 was considered to indicate diabetes.  

In FINRISK, the codes used were ICD-8 and ICD-9 250, ICD-10 codes E10, 
E11, and E14, and the drug reimbursement register’s KELA code 103 for diabetes 
mellitus.  

In Moli-sani, ICD-9 code 250 was used.  
In Northern Sweden MONICA, the Swedish National Diabetes Register was 

used to ascertain baseline diabetes status (433).  
In SHHEC, ICD-9 code 250 and ICD-10 codes E10, E11, and E14 were used.  

4.3.4 The definitions of other baseline variables 
The diagnoses in FHDR and drug reimbursement registers have been validated for 
CAD, MI, and stroke, which have been proven to have correct diagnostic material 
for scientific purposes (391,434,435).  
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CAD was defined as ICD-10 codes I20-I22; ICD8/9 codes 410 or 4110 in the 
FHDR (391); ICD-10 codes I20-I25, I46, R96, or R98; or ICD8/9 codes 410-414 in 
the Causes of Death Register (396).  

Stroke was defined as ICD-10 codes I61 or I163 (but not I636 or I64); ICD-9 
codes 431, 4330A, 4331A, 4339A, 4340A, 4341A, 4349A, or 436; or ICD-8 codes 
431 (except 43101 and 43191) 433, 434, or 436 in the FHDR or Causes of Death 
Register, excluding all subarachnoid hemorrhages). The exclusion diagnoses 
were subarachnoid hemorrhages and venous occlusions. Intracerebral hemorrhages, 
in contrast, were included, as they can be regarded as a type of CVD. 

4.3.5 Definitions of HF in FinnGen 
FinnGen defines HF as the presence of any of the following ICD codes in the FHDR, 
Causes of Death Register, or the KELA drug reimbursement registers: ICD-10 codes 
I11.0, I13.0, I13.2, and I50; ICD-9 codes 4029B and 428; ICD-8 codes 42700, 
42710, 428, and 7824; the KELA code 201 for the monetary compensation (or 
purchase) of furosemide or furosemide combined with a potassium-sparing diuretic 
(products with ATC codes C03CA01 or C03EB01) used in treating chronic HF 
according to the drug reimbursement register. 

4.3.6 The definition of an HF diagnosis based on the Study 
III protocol 

A modified diagnostic algorithm based on the ESC acute and chronic HF guideline 
from 2016 was used as the gold standard for HF in validating the FHDR-based HF 
diagnosis (5).  

For clarity purposes, HFmrEF was categorized into HFpEF in this algorithm. 
Based on this algorithm, all FHDR-based cases and controls were categorized as 
having the following (see flow chart in Figure 12):  

1. HFrEF 
2. HFpEF 
3. HF based on clinical criteria (if no echocardiography was available) 
4. No HF 
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Figure 12.  Diagnostic algorithm adapted from Figure 7 used to classify patients as 

HFrEF/HFpEF/clinical HF/no HF in the HF validation study. HFmrEF is included in 
HFpEF. ALI-ARDS, acute lung injury / adult respiratory distress syndrome.  
Reprinted from Matti A. Vuori, Jari A. Laukkanen, Arto Pietilä, Aki S. Havulinna, Mika Kähönen, Veikko Salomaa, 
& Teemu J. Niiranen, The validity of heart failure diagnoses in the Finnish Hospital Discharge Register, The 
Scandinavian Journal of Public Health, 2019; 1–9. Copyright © [2019] (SAGE Journals). DOI: 
[10.1177/1403494819847051] (436). 

The ESC highlights the need for objective clinical signs or symptoms of HF, or an 
abnormal ECG combined with echocardiographical proof of reduced EF for 
diagnosing HFrEF (please see Table 4, Table 5, and Figure 7 earlier in Chapter 
2.5.1.) (9,31). 

For assessing natriuretic peptides, we used proBNP levels. According to ESC, it 
is not needed to measure them when establishing a diagnosis of HF. We used the 
range below the cut-off for the normal range of proBNP <125 ng/l as an exclusion 
criterion for all kinds of HF. 

Patients with an asymptomatically reduced EF—as in the case of an acute MI or 
valvular catastrophe that was promptly treated—or a fast subsequent normalized EF, 
were documented and not counted as having HFrEF.  

In occasional cases where echocardiography or natriuretic peptide levels were 
unavailable, diagnosing clinical HF was still possible. Classifying clinical HF 
required signs or symptoms of HF and proof of congestion or pulmonary edema in 
the chest X-ray. The number of signs and symptoms, other simultaneous purposes 
for hospitalization or lack thereof, the amount of proBNP level elevation, and the 



Matti Vuori 

 82 

response and speed of clinical improvement with diuretics, were used in clinical 
decision-making. 

For diagnosing HFpEF in our study, we required a structural abnormality (LAE 
or LVH, diastolic dysfunction, or valvular disease) to be present with preserved EF. 
High levels of proBNP aided in the diagnosis when available. Often, diagnosing 
HFpEF needed an understanding of other comorbidities and notes on congestion, so 
we examined chest X-rays for signs of HF.  

Using these rules, we used a stepwise approach to the patient files: 
1. Assess if the patient has signs or symptoms of HF 
2. Assess their proBNP levels 
3. Assess echocardiography information  

a. If EF is reduced, the diagnosis is HFrEF 
b. If EF is normal or mildly reduced, check if structural 

abnormalities in the form of LAE or LVH, signs of diastolic 
dysfunction or congestion, AND elevated proBNP levels exist 
for diagnosing HFpEF 

c. If echocardiography was not performed, validate through 
clinical records, ECG, and chest X-rays for a clinical HF 
diagnosis 

4. Repeat in other times of interest in the patient files to validate the 
chronological aspects and whether the diagnosis is transient or 
permanent 

Transient cases needed to have all signs and symptoms resolved and EF normalized 
within three to six months. If the patient had any sign of HF, including diuretic use, 
it was counted as a chronic case. If no evidence of a case being transient (i.e., 
incomplete follow-up or follow-up in a remote clinic with no data) existed, we 
assumed the HF status was permanent.  

Cardiomyopathy patients were always counted as having permanent HF from the 
first onset, although they often improved with treatment. Takotsubo cardiomyopathy 
was an exemption because of the disease’s transient nature. 

In the setting of multiple cases of acute, completely resolved episodes of HF that 
eventually led to chronic HF (i.e., multiple cases of MIs), we counted the first onset 
date as the diagnostic date. This was also done for patients with multiple cases of 
acute AF accompanied by HF, eventually leading to permanent HF as the 
paroxysmal nature of AF degenerated to chronic AF.  

The STROBE protocol (Strengthening the Reporting of Observational Studies in 
Epidemiology) for reporting observational studies was used for all parts (437). 
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4.3.7 Definitions of behavioral, anthropometric, and 
biomarker data 

Smoking data were derived from answers to the survey questions. All regular and 
occasional tobacco, cigar, cigarette, cigarillo, and pipe use within six months before 
the examination were counted as smoking. Occasional smoking varied a little by 
definition in each cohort. Smoking data were lacking for the 1979 North Karelia Salt 
Study cohort. The average alcohol consumed was calculated as g/d from survey 
answers. BP was measured twice with a manual sphygmomanometer or an 
automated device. The widths of the cuffs, posture of the subject, arm used, number 
of measurements, and the timing of the measurement concerning the venous 
sampling were documented for quality control. The mean value from the two 
measurements was calculated and used.  

BMI was outlined as the quotient of weight (kg) and height (m) squared (kg/m2). 
Height and weight were measured simultaneously with standardized methods. 
Height, weight, and BP were measured in the baseline examinations by a nurse 
trained with the research protocol. 

The analyses used the following biomarkers: creatinine, a high sensitivity assay 
of CRP (hs-CRP), glucose, insulin, HDL cholesterol, low-density lipoprotein (LDL) 
cholesterol, triglycerides, C-peptide, nT-proBNP, a high sensitivity assay of troponin 
I (hs-TnI), and vitamin D. High sensitivity methods for CRP and TnI were used.  

All biomarker data were baseline measurements, deep-frozen, and analyzed with 
standard methods in the central MORGAM laboratory. However, total cholesterol 
and HDL were exceptions, analyzed locally. The methods used were the enzymatic 
method in FINRISK, DAN-MONICA, and SHHEC; the dry method in the Northern 
Sweden MONICA; and the colorimetric/enzymatic method in the Moli-Sani study. 
All samples were analyzed during the same day as the venous sample was taken. The 
fasting requirements varied. In Moli-sani and DAN-MONICA, the requirement was 
>10 hours. FINRISK and Northern Sweden MONICA required at least four hours, 
and no fasting was accepted in SHHEC only. LDL measurements were calculated 
with the Friedewald formula. Acquisition methods and the biomarkers’ validity were 
available from prior publications (438). 

The characteristics of the urine collections were published in prior publications 
(138). Generally, the collection day was Sunday, and self-reportedly incomplete 
collections or those with less than 1,000 ml of urine were excluded. 

An External Quality Assessment Program (by Labquality, Helsinki, Finland) 
concluded that the bias of the serum sodium analysis method was 1.4 % (SD 0.55, 
n=12) in 1979, 4.0 % (SD 2.08, n=10) in 1982, 1.9 % (SD 1.81, n=10) in 1987 
(measures by a flame photometer), and reduced to 0.2 % (SD 1.85, n=12) in 2002 
(measures by an ion-selective electrode).  

In conclusion, the measurement accuracy of the data was good. 
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4.4 Follow-up periods in the studies 
The follow-up data of HF rely on data from HDRs, death certificates, and causes of 
death registers.  

In Study I, the participants were followed up through the Causes of Death (396), 
the FHDR (391), and drug reimbursements registers (395) for up to 14 years for 
adverse incomes, namely the onset of CVD (i.e., CAD, stroke, or HF), or diabetes 
beginning in either 1979, 1982, 1987 or 2002.  

Follow-up periods in Study II were 1982–2010 in DAN-MONICA and 
FINRISK, 2005–2015 in the Moli-sani Study, 1986–2011 in the Northern Sweden 
MONICA, and 1984–2009 in SHHEC. When assessing the connections between 
diabetes and HF, the follow-up time was up to 29 years. 

Follow-up was censored if the subject moved to another area, died, or was lost 
to follow-up for other reasons. 

In FinnGen, the follow-up time was only 1.5 years (mean). 
The Finnish Ethics committee has approved the study protocols; the research 

projects also comply with the Declaration of Helsinki (439).  

4.5 EHR data mining algorithm 
A computer algorithm was created to catch all mentions of EF readings from EHRs; 
its use was tested and subsequently validated with a test data set. Laboratory values 
were collected via the laboratory’s web service for nT-proBNP and creatinine to be 
used as a covariate to help identify HFpEF. 

Instead of searching for procedure codes, the algorithm reads through the whole 
patient file. All numbers identified as a possible EF reading were recorded with date 
information, and a mean was calculated, if there was more than one reading daily. 

Using the Study III’s diagnostic algorithm (Article III, Figure 1) as a backbone, 
we used the quantitative values available for the algorithm to produce four clinical 
HF scenarios based on EF and proBNP values, following the ESC 2016 guidelines 
of acute and chronic HF (seen in Table 4 and Figure 7) (9) using EF measurement 
and nT-proBNP data (Table 8). 

Table 8.  Diagnosis of HF subtypes according to the EF mining algorithm and nT-proBNP 
values. 

 
 No HF HFpEF HFmrEF HFrEF 

Criteria 

1. EF ≥ 50 % EF 40–49 % EF < 40 % 
2. Normal proBNP 

levels (≤125 
pg/ml) 

Elevated 
proBNP levels 
(>125 pg/ml) 
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The algorithm starts with a word search by trying to find the words “ejection 
fraction” (in Finnish) or simply “EF”. With a successful match, this text entry is 
extracted for further analysis. First, all sentences are reviewed and searched for a 
two-digit number followed by a percent marker (or the word percent) representing 
the EF reading, which is recorded. There is an alternative method for worded terms, 
including if the algorithm does not find a suitable two-digit number and the number 
is derived from these words: 

• End-stage → 15 % 
• Weak, bad → 25 % 
• Abnormal, reduced, rEF → 39 % (as HFrEF range is < 40 %) 
• Mildly reduced, mrEF → 45 % (the mean of HFmrEF range 40–49 %) 
• Within normal range, pEF → 50 % (as HFpEF range is ≥ 50 %) 
• Normal, usual, good → 60 % 
• Hyperdynamic → 75 % 

Then, the text is checked for a correct time frame, and if there are mentions of the 
EF measurement being an old one (words “last time”, “back then”, “a year ago”, 
“earlier”, etc.), the sentence is discarded.  

4.6 Validation procedures 

4.6.1 The FHDR’s diagnosis validation procedure in Study 
III 

Patient files—including echocardiography and radiology reports, laboratory tests, 
and ECGs—were examined for information on HF for all medical history and for six 
months after the FHDR index date, when the patient first received an HF-related 
ICD-10 code (cases) or other cardiovascular diagnoses specified earlier (controls). 
As well as FHDR, the register-based diagnoses were used from outpatient visits to 
secondary or tertiary care. Permissions from the two hospital districts’ chiefs of 
medicine were applied and received in order to access the relevant EHRs of the study 
participants. 

A thorough history was used because the diagnosis was sometimes delayed, 
especially when the first hospitalization of HF was documented only with the 
causative disease (i.e., MI) or there were multiple comorbidities. All possible 
underlying chronic diseases were documented, including cardiac malignancies and 
inflammatory diseases, and all echocardiographic data were reviewed.  

Simpson’s biplane area quantification for EF calculation was preferred to the 
linear methods. However, we collected data on both methods. When the 
investigators’ echocardiographic statements were vague or contained only worded 
information, we assumed that “normal EF” was 60 % and “reduced EF” was 39 %.  
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The ratio of transmitral Doppler early filling velocity to tissue Doppler early 
diastolic mitral annular velocity (E/e’) was preferred for diastolic dysfunction. 
However, when E/e’ was unavailable, we used the ratio of early diastolic filling to 
atrial contraction (E/A) with E-wave DT when the patient was in sinus rhythm.  

Any worded mentions for valvular disease or cardiomyopathy were accepted as 
a cause of HF only when the patient developed symptoms or signs of HF.  

A panel of three medical or cardiology specialists was used if any uncertainty 
for clinical judgment in deciding the diagnosis existed. When no echocardiographic 
data were available, the diagnosis of clinical HF had to be clear and agreed upon by 
everyone in our panel.  

4.6.2 Validation procedure for the EF data mining algorithm 
in Study IV 

The EF algorithm’s validity was evaluated with a test data set of 100 randomly 
selected files from 100 people. These individuals all had their extracted text files 
read and then an EF measurement and HF subtype decided from them, following the 
pattern described above based on the ESC 2016 guidelines of acute and chronic HF 
(5). These were then compared to the algorithm-generated EF values. The HF 
subtype was validated simultaneously; the process was double-blind. 

Last, all incorrect EF readings were studied and searched for a particular reason 
for a failed reading. 

4.7 Statistical methods 

4.7.1 Statistical methods used in Study I 
The 24-hour urinary sodium excretion was divided into equal-sized quartiles to 
assess each endpoint in each quartile separately. The highest quartile was used as the 
reference level to which the others were compared, as the highest quartile had the 
highest number of events in all categories. Thus, the highest quartile would provide 
the highest statistical power.  

Cox proportional hazards models evaluated the risk of adverse outcomes 
categorized into quartiles of sodium excretion, and restricted cubic splines were used 
to assess the continuous risk. Restricted cubic splines are an effective way of 
assessing non-linear continuous variables, using calculated cubic polynomial 
functions that are cut into windows along the variable, with the points marking the 
change of window termed as knots (440). One gram of salt [NaCl] intake was 
calculated as equal of 17.1 mmol of sodium excretion (molecular weight of sodium 
chloride is 0.058 g/ mmol (138)). The median sodium excretion level of 170.6 
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mmol/day (corresponding to 10.0 g NaCl/day) was set as the reference level with 
HR=1.0 in contrast to the categorical quartiles. The proportional hazards assumption 
was tested with Schoenfeld residuals.  

The characteristics of the study participants were equated using ANOVA with 
equal variance assumption (continuous variables) and chi-square tests with 
continuity correction (categorical variables).  

Covariates used were baseline age, cohort year (stratified), sex, total serum 
cholesterol, prevalent diabetes mellitus, and BMI.  

The systolic BP measurements were not included as BMI would better represent 
the long-time association of the causal chain among salt intake, BP and being 
overweight. Furthermore, analyzing BP with BMI could result in over-adjustment. 
However, another analysis with BP data was performed as a sensitivity analysis.  

4.7.2 Statistical methods used in Study II 
According to the MORGAM protocol, the biomarker data is usually very skewed to 
the right, so using transformations is recommended (the square root for lipid data 
and the cubic root for the rest of the biomarkers in the case of this study). 
Winsorizing—substituting the top three values with the fourth highest—was used to 
avoid skewness from the farthest outliers.  

Next, missing data were handled with multiple imputations. For details on 
missingness, see Table 1 in Article II. Ten imputed data sets were calculated, using 
random forests as the imputation method, after which the continuous variables were 
centered (the variable mean was subtracted from each) and scaled (the variable was 
divided by its standard deviation [SD]). 

The baseline diabetes status was studied as an HF risk factor with Cox 
proportional hazards models in the MORGAM cohorts in an unadjusted model while 
adjusting for conventional HF risk factors. Age was used as the timescale in Cox 
models, so the models are age-adjusted.  

Associations of selected classical risk factors and biomarkers in the MORGAM 
biomarker sample were studied as predictors of HF, each variable in a separate 
model. Classical risk factors of HF (sex, average alcohol consumption, systolic BP, 
BMI, baseline MI, and AF) were used for adjustment and stratified by cohort. 
Separate analyses were made for diabetic and nondiabetic populations, and the 
analyses were stratified by cohort.  

We assessed the interactions of diabetes status for the risk factors and biomarkers 
in the MORGAM biomarker sample to study the associations’ statistical differences 
in diabetic and nondiabetic participants.  

Ultimately, we performed mediation analyses with biomarkers and risk factors 
as potential mediator variables between the outcome of incident HF and baseline 
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diabetes status as the predictor. Mediation as a concept means the effect of the 
predictor variable, conveyed by an intervening variable to the response variable. 
Figure 13 demonstrates the conceptual model of the mediation analysis.  

The method introduced earlier by Yu et al. was used to select the possible 
confounder variables (441). For a variable to pass the tests needed to be classified as 
a mediator, it must be significantly related to the predictor and the outcome and have 
a significant association with diabetes and HF when the other variables were 
controlled for (with the significance level of 0.1). The variables not passing the tests 
mentioned earlier were used as covariates by default. We decided to exclude 
smoking status and average alcohol use, as these are behavioral variables and the 
effect of diabetes on HF’s onset cannot be expressed through them.  

The final mediator variables used were systolic BP, BMI, HDL cholesterol, 
glucose, triglycerides, creatinine, CRP, nT-proBNP, hs-TnI, baseline MI, baseline 
AF, and vitamin D.   

 
Figure 13. Conceptual model for mediation analysis. The effect of the predictor on the incidence 

of outcome is divided into direct and mediator-driven effects. Covariates associated with 
the outcome are depicted on the right. Modified after Yu et al. (442). 

4.7.3 Statistical methods used in Study III  
PPV, NPV, PLR, NLR, and Cohen’s kappa statistic (Chapter 2.5.3. and Figure 9) 
were calculated for the FHDR-based HF diagnosis against our judgment in the four 
distinct scenarios. Sensitivity and specificity were left out as they are affected by 
HF’s prevalence in the general population. 

For characteristics of the study population, analysis of variance (ANOVA) with 
equal variance assumption was used for continuous variables and chi-square tests 
with continuity correction for categorical variables.  

Cohen’s kappa statistic was used for outlining the agreement between FHDR-
based and clinical diagnoses of HF.  
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4.7.4 Statistical methods used in Study IV 
We used Cox proportional hazards models to assess the hazard of death presented 
by HF’s presence, divided into subtypes. Covariates included were sex and the 
presence of established diagnoses of CAD, hypertension, type 2 diabetes, COPD, or 
chronic kidney disease at baseline.  

Age was used as the time scale. Proportional hazards assumptions were 
evaluated with the visual inspection of plotted Schoenfeld residuals, generated with 
the survminer’s ggcoxzph-function (443). 

4.8 Sensitivity analyses 

4.8.1 Sensitivity analyses in Study I 
Sensitivity analyses were made by dividing the sodium excretion also into quintiles.  

The effect of BP was also studied. The analyses with quartiles and all 
aforementioned adjustments were used for this, with an additional BP covariate. 

Smoking data were included but only in a separate analysis for the 1,801 
partakers, contingent on the data available.  

Last, the cohort effect was studied in a final sensitivity analysis.  

4.8.2 Sensitivity analysis in Study II 
A sensitivity analysis to assess the extent of different adjustments was also 
performed, with all risk factors and biomarkers in the same single model, while 
adjusting for each other. Thus, the effect of a wider adjustment could be evaluated. 

4.8.3 Sensitivity analyses in Study III 
Three alternative scenarios, as well as the main one, were analyzed; all cases were 
counted as HF.  

In the first scenario, all transient cases were excluded; only chronic ones counted.  
In the second scenario, any patient having an episode of HFrEF was counted as 

having permanent HFrEF, even when the EF normalized with treatment. The case 
was transient only if all signs and symptoms were resolved and medication was 
discontinued.  

In the third scenario, all dialysis and chronic pulmonary patients were counted 
as not having HF, even with signs of congestion, elevated proBNP levels, and 
structural echocardiographic changes. However, these signs were assumed to be 
secondary to pulmonary or renal disease.  
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4.8.4 Sensitivity analyses in Study IV 
As a feasibility study for the EF data mining algorithm, no additional analyses were 
made. 

4.9 Software 
The open-source R programming language (versions 3.5.0–3.6.3) was used for all 
analyses (444).  

Survival functions were provided by the survival and survminer packages 
(443,445). The restricted cubic spline functions were done with the plotHR-function 
(Greg-package) (446). All other analyses were performed using the built-in 
functions. 

The mediation analysis was performed with the mma-package by Yu and Li and 
the multiple imputations with the mice-package by Buuren (442,447). 
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5 Results 

5.1 Results of Study I (the sodium-HF study) 
The mean baseline age of the participants was 45.4, which did not differ across the 
quartiles of sodium excretion. 2,387 of the participants were women (51.5 %), with 
the highest amount in Q1 (the lowest) (70.2 %) and the lowest in Q4 (28.0 %). The 
average BMI was 26.4 kg/m2, the average total cholesterol level was 6.1 mmol/l, and 
the average baseline measurement of systolic BP was 141 mmHg.  

All the variables mentioned earlier consistently rose across the quartiles from the 
lowest to the highest.  

The 24-hour urinary sodium range was 12–685 mmol/d (range 0.7–40.0 g NaCl 
intake /d); the average sodium excretion was 183 mmol/d, corresponding to 10.7 g 
NaCl intake /d. The highest sodium excretions were observed in 1979, where 35.4 
% of the study population belonged to the highest quartile (and just 18.3 % to the 
lowest); the lowest excretion was in 2002, with 36.9 % belonging to the lowest 
quartile and just 7.3 % to the highest.  

The study participants were followed up for a median of 14 years, resulting in 
62,402 person-years of data.  

Within this time, 423 deaths, 424 events of CVD, 288 events of CAD, 142 events 
of stroke, 142 events of diabetes, and 139 events of HF were observed. Mortality, 
CVD, CAD, diabetes, and HF had the fewest number of events in the lowest quartile, 
with the number of events steadily rising in all quartiles (Figure 14). Stroke was an 
exception, with more events in Q1, Q3, and Q4 than Q2. However, most events still 
occurred in Q4 (55 of them, 38.7 % of all occurrences).  
  



Matti Vuori 

 92 

Figure 14.  Numbers of events across quartiles of urinary 24-hour sodium excretion. For P 
values and HRs with 95 % CIs, please see Table 9.  
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A very low excretion of less than 3 g/d was observed with 43 individuals, among 
which only two cases of CAD, two of diabetes, and one of stroke were observed.  

The HRs of an incident adverse event at different levels of sodium excretion are 
presented with multivariable adjustments in Table 9. The HRs depicted are against 
the highest quartile of excretion: HR=1.0. For Kaplan-Meier curves on all endpoints 
in different quartiles, please see Figure 1 in Article I.  

In the unadjusted models, the lowest risk for events regarding mortality and all 
adverse outcomes except stroke were recorded in the lowest quartile of salt intake; 
the results were statistically significant.  

In the multivariable-adjusted models, CVD, CAD, and diabetes risk were 
considerably lower in the lowest quartile compared to the highest. Stroke was again 
an exception, with the lowest risk seen in the second quartile in unadjusted and 
adjusted analyses.  

Similar results were achieved with the restricted cubic spline functions depicting 
the continuous risk. Please see Figure 3 in Article I for all endpoints with 
multivariable adjustments and Figure 15 below for HF. For CVD, stroke, and 
diabetes, the HR increased clearly across the spline variable. The same was observed 
for mortality but to a lesser extent.  

The multivariable adjusted associations were markedly attenuated compared to 
the unadjusted models. However, the results were similar in both models but not 
statistically significant in either for stroke. However, in these, the spline curve 
depicted a more negligible risk in the lower ranges of sodium excretion. 

Several sub-analyses for special scenarios were also run, including smoking as a 
covariate for the subgroup of 1,801 participants with smoking data available. Here, 
the spline curves depicted a greater risk for diabetes and HF. However, HR’s sharp 
increase in the low range of sodium excretion in stroke was greatly attenuated.  

Including baseline measurements of systolic BP or grouping results by cohort 
year as covariates did not notably affect the results.  

A model with only age, sex, and cohort as covariates was made to assess the 
effect of covariates. However, the results were very similar to the multivariable-
adjusted ones.  

Quintiles of urinary sodium excretion were also studied. The results did not 
change much. However, the statistical power was reduced, and p values were higher 
due to smaller numbers of events. The risk of HF is depicted below in Figure 16— 
first unadjusted and then multivariable-adjusted.  

In all of the scenarios, the adjustments are able to negate salt intake’s effect on 
HF risk. 
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Table 9.  Multivariable-adjusted risk of adverse health outcomes by quartiles of 24-hour 
urinary sodium excretion. Models are adjusted for baseline age, body mass index, 
cholesterol, and prevalent diabetes and stratified by sex and cohort. Individuals with a 
prevalent disease in question at baseline were removed from the corresponding 
analyses. 

Quartile Q1 Q2 Q3 Q4 
Urinary sodium 
excretion range 
(mmol/d) 

12–127 127–171 171–224 225–685 

Mortality 
Events 79 95 104 145 
HR (95 % CI) 0.96 (0.70–1.30) 0.94 (0.71–1.24) 0.82 (0.63–1.06) 1.00 (ref) 
P value 0.77 0.66 0.13 - (ref) 

CVD 
Events 72 84 105 163 
HR (95 % CI) 0.70 (0.51–0.95) 0.70 (0.53–0.93) 0.73 (0.57–0.94) 1.00 (ref) 
P value 0.024 0.013 0.015 - (ref) 

CAD 
Events 39 64 74 111 
HR (95 % CI) 0.63 (0.42–0.94) 0.86 (0.62–1.19) 0.77 (0.57–1.04) 1.00 (ref) 
P value 0.023 0.37 0.084 - (ref) 

Stroke 
Events 35 19 33 55 
HR (95 % CI) 0.92 (0.56–1.50) 0.44 (0.25–0.76) 0.67 (0.43–1.05) 1.00 (ref) 
P value 0.74 0.003 0.078 - (ref) 

Diabetes 
Events 24 26 45 66 
HR (95 % CI) 0.52 (0.31–0.87) 0.50 (0.31–0.80) 0.80 (0.55–1.18) 1.00 (ref) 
P value 0.012 0.004 0.27 - (ref) 

HF 
Events 23 31 34 51 
HR (95 % CI) 0.82 (0.47–1.41) 0.91 (0.57–1.47) 0.79 (0.51–1.23) 1.00 (ref) 
P value 0.47 0.71 0.30 - (ref) 
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Figure 15. Continuous unadjusted (left) and multivariable-adjusted (right) risk of HF by 24-

hour sodium excretion on the horizontal axis, with plotting of HR on the vertical axis 
(black line; 95% CI grey lines) using restricted cubic splines.  
The HRs were calculated using Cox proportional hazards regression. The models are 
centered at the median (dashed line, 170.6 mmol/day; HR=1.0) with 5 knots.  
The models are adjusted for baseline age, BMI, total cholesterol, and prevalent diabetes 
and stratified by sex and cohort. The density of the observations along the spline 
variable is marked by the mountain plot, denoting the median and the 1st and 3rd 
quartile with vertical white lines. 
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Figure 16.  The risk of HF by 24-hour urinary quintiles of sodium excretion, unadjusted (top), 

and multivariable-adjusted (bottom); the models are adjusted for baseline age, body 
mass index, cholesterol, and prevalent diabetes and stratified by sex and cohort. 

5.2 Results of Study II (the diabetes-HF study) 
A slight majority of the MORGAM sample of 94,011 individuals were female: 
48,320 (51.4 %). At the time of measurements, the average age was 48.65 (SD 12.5). 
The largest cohorts in the survival analyses were the FINRISK Study with 36,907 
individuals (39.3 % of the whole sample) and the Moli-sani Project with 23,249 
individuals (24.7 %).  

There were 3,834 individuals with baseline diabetes (type 1 or 2): 4.1 % of the 
sample population. The information regarding diabetes type is unfortunately 
unavailable. However, according to diabetes treatment information, 15.8 % were 
insulin-treated, 37 % were orally medicated, and 25.8 % only had dietary treatment, 
meaning over 70 % of those with diabetes must have type 2.  

Among diabetic individuals, the mean age (57.7 compared to 48.7 years among 
nondiabetic individuals), systolic BP (146 compared to 135 mmHg), and BMI (29.2 
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compared to 26.1 kg/m2) were higher compared to those who did not have diabetes. 
The presence of baseline CVDs used (the baseline diagnosis of MI or AF) was 
significantly more prevalent in those with diabetes. MI was almost four times more 
prevalent (7.9 % among diabetic individuals and 2.1 % among nondiabetic 
individuals), and AF was twice as prevalent (1.3 % to 0.6 %), compared to 
nondiabetic individuals. The cardiovascular outcomes were also more prevalent 
among diabetic individuals, with 721 (18.8 %) suffering a coronary event during 
follow-up time (compared to 8,104 [9.0 %] nondiabetic individuals) and 652 (17.0 
%) ending up with an HF diagnosis (compared to 5,524 [6.1 %] nondiabetic 
individuals).  

An unadjusted model (Figure 17) presents survival curves with the function of 
age to a follow-up time of up to 29.0 years. The HR of developing HF among diabetic 
individuals was 2.70 (95 % CI 2.49−2.93), compared to nondiabetic individuals; the 
curves diverge almost as soon as the follow-up periods begin. The number of events 
was 6,176 in 94,011 individuals; the median follow-up time was 14.1 years. Another 
critical baseline condition, the MI, had an HR of 3.0 (2.75−3.27) among diabetic 
individuals, compared to nondiabetic individuals. 

 
Figure 17.  Kaplan-Meier curves for HF with age as the time-scale in individuals with and 

without diabetes if the person does not die from another cause. Unadjusted. Total 
number of partakers is 94,011. A total of 652 (17.0 %) and 5,524 (6.1 %) events of 
incident HF were recorded in 3,834 and 90,177 persons with and without diabetes, 
respectively. Shaded area depicts the 95 % CI and ticks the censored subjects. Log-
rank P value <0.001.  
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5.2.1 Results of the Cox proportional hazard models for 
different risk factors of HF among diabetic and 
nondiabetic participants 

5.2.1.1 Hazard models for individual risk factors 

Figure 18 presents plots depicting the multivariate-adjusted effect of each risk factor 
and biomarker on the incidence of HF among diabetic and nondiabetic individuals 
analyzed with Cox proportional hazards models.  

Traditional risk factors were noticed as being stronger drivers of HF in diabetic 
and nondiabetic individuals than biomarkers in the analyses. Female sex had a 
protective role against HF in both groups, while BMI, smoking, and baseline MI 
meant an increased risk. Baseline AF was statistically significant only among 
nondiabetics. Systolic BP failed to reach significance in diabetic individuals, but it 
is important to consider that roughly half of diabetic individuals in the sample 
already had antihypertensive medication (see Article II, Table 1). 

We observed a protective role with vitamin D and HDL in biomarkers. An 
elevated baseline level of nT-proBNP (average concentration 321.60 pg/ml 
compared to 138.44 pg/ml among diabetic individuals who did and did not develop 
HF) had the most pronounced association with HF in both groups. Elevated 
triglycerides, glucose, CRP, and troponin levels also had a slight but statistically 
significant association to an elevated risk of HF. Insulin levels had an HR of 1.10 
(95 % CI 1.03−1.17) in predisposing individuals with diabetes (but not those 
without) to HF, which was statistically significant. Insulin, however, did not pass the 
mediation tests. Creatinine levels had no significant relationship whatsoever. 
Troponin levels were over double in those with diabetes who would develop HF: 
24.63 pg/ml compared to 9.25 pg/ml in the diabetic individuals who would not 
receive a HF diagnosis.  
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Figure 18.  Multivariate-adjusted associations between risk factors and biomarkers and 

incident HF analyzed separately in diabetic and nondiabetic participants. Adjusted for 
sex, alcohol intake, systolic BP, BMI, baseline MI and AF, and stratified by cohort. 
Bolded= HR terms with statistical significance in the hazard models (p<0.05). Asterisks= 
variables with statistically signifact interaction terms (p<0.05), and glucose (p=0.067). 
The terms without statistical significance are written with slightly smaller font for clarity. 
The most important variables (bolded and marked with an asterisk) among 
diabetic individuals are systolic BP (see text), baseline MI, glucose, nT-proBNP, 
and hs-CRP. 
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5.2.1.2 Interaction terms 

Interaction terms between baseline diabetes status and systolic BP, CRP, nT-
proBNP, and baseline disease conditions were statistically significant (p<0.05), 
meaning these were statistically stronger predictors of HF in diabetic compared to 
nondiabetic individuals (marked with * in Figure 18).  

5.2.1.3 Sensitivity analyses for development of HF in the hazard models 

We also performed several other analyses—unadjusted and with several other 
adjustments.  

In the unadjusted model, the associations of the classic risk factors of HF were 
very robust, and the association of biomarkers was more pronounced. Results 
remained unchanged when we adjusted only for sex, age, and cohort. There was no 
clear difference between survival analyses when the associations were studied with 
only a 10-year-follow-up. 

In a separate analysis with all the risk factors and biomarkers in the same model, 
the results were similar, except for smoking and baseline MI and AF—stronger 
predictors of HF in this model. However, the CIs were wider and p-values slightly 
higher in most of the variables. 

Sex-specific analyses were also done, in which low alcohol consumption was 
seen as a protective factor (women with diabetes: HR 0.64 [95 % CI 0.43–0.96], 
men: HR 0.96 [0.80–1.14]), and heavy smoking more hazardous, especially in 
women with diabetes (women with diabetes: HR 3.96 [95 CI, 2.56–6.14] and men: 
HR 1.68 [1.21–2.34]).  

In biomarkers, the results were similar, with nT-proBNP being a slightly better 
predictor of HF in men with diabetes than women (women with diabetes: HR 1.19 
[1.08–1.31] and men: HR 1.31 [1.20–1.42]). 

5.2.2 Results of the mediation analysis of diabetes on the 
onset of HF 

The effects of risk factors, biomarkers, and diabetes status as mediators on HF risk 
were subsequently studied in a mediation analysis. Figure 19 presents the results 
with direct and mediator-driven effects of diabetes and their relative effects shared 
as percentages of the whole effect.  

The effect of diabetes on HF risk—1.23 (95 % CI 1.10–1.36)—was divided into 
the mediator effects and a major direct effect of the diabetes status. This direct effect 
was 0.53 (0.38−0.68)—almost half—or 43.1 % (33.9−52.3) of the total effect’s 
relative share.  
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The combined mediator effect of diabetes was 0.70 (0.60−0.79), or 56.9 % 
(47.7−66.1) share of the total effect, with the biggest effects of diabetes mediated by 
BMI (0.16 [0.13−0.19] and a 13.2 % [10.3−16.2] share), elevated glucose (0.15 
[0.05−0.24] and a 12.0 % [4.2−19.9] share), and nT-proBNP (0.10 [-0.01−0.21] and 
an 8.4 % [-0.7−17.4] share) levels. Insulin, LDL, and creatinine did not pass mediator 
tests and were disqualified from mediation analysis. Sex and cohort (stratified) were 
selected as covariates in advance, and creatinine and insulin by the algorithm. 

 
Figure 19.  Shares of the mediation effects of diabetes on HF onset. The effect of diabetes on 

HF risk is divided into the direct effect of diabetes and the indirect, mediator-driven effect 
(left). The mediator-driven effects are illustrated with their respective share of the indirect 
effect (right). The 95 % CIs are in the parentheses. 
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5.3 Results of Study III (the validation study) 

5.3.1 Results of the main analysis scenarios 
Of 240 individuals, 76 were female (31.7 %). The average age of the sample was 
64.8 (8.9 SD). The most common cardiac conditions were CAD (150 patients, 
64.1 %) and hypertension (145 patients, 60.7 %).  

Both groups presented symptoms of HF: 109 (90.8 %) in the register-based group 
and 49 (41.2 %) among controls. Information on EF was readily available for 199 
individuals (82.9 % of the study population–for 108 cases and for 91 controls to be 
exact) with an average EF of 47.6 (16.4 SD). Information on diastolic dysfunction 
was only available for 27 % of patients during the set study period. A structural 
cardiac abnormality was seen in 161 patients. The mean value of the lowest 
individual EF recorded was 40.4 % (SD=16.1) in the FHDR-based HF group and 
56.2 % (SD=12.1) in the group without an FHDR-based HF diagnosis, respectively. 
Our panel for unclear cases reviewed the files of 41 cases (17.1 %). 

Altogether, 112 (60.5 %) patients had a true positive register-based and clinical 
HF of any kind in the study sample. There were 20 false negatives (16.7 %) in the 
control group and 18 false positives (15.0 %) in the FHDR-based cases. The most 
common reason for a false positive diagnosis was shortness of breath (6 patients) or 
congestion because of a noncardiac condition (3 patients). The most common reason 
for a false negative among controls was coding the diagnosis only for the underlying 
cause, even though the patient had clinical HF because of it (9 patients). In addition, 
there were six cases of a genuine missed diagnosis, and five where the ICD-10 
diagnostic code for HF was seen in the FHDR but had not been properly transmitted 
to the database due to an unknown reason.  

Table 10 presents the results. In the main scenario, FHDR-based diagnoses had 
a PPV of 0.85 (95 % CI 0.77–0.91) and an NPV of 0.83 (0.75–0.90) for HF. PLR 
was 5.48 for all cases of HF.  

In the second scenario, where HF was evaluated only for the chronic/permanent 
HF, PPV decreased to 0.63 (0.54–0.72), but NPV was slightly better at 0.88 (0.80–
0.93), and the PLR decreased to 2.83 (2.17–3.68).  

Excluding COPD and dialysis patients from analyses dropped PPV a little to 0.82 
(0.75–0.89) and NPV to 0.83 (0.75–0.90) against the primary classification, but PLR 
was higher at 4.79 (3.22–7.13).  

Defining HF strictly as only HFrEF produced a considerably low PPV of 0.44 
(0.35–0.54) but a better NPV of 0.91 (0.84–0.95) simultaneously. 
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Table 10.  Agreement between clinical and register-based diagnoses with varying criteria for 
clinical diagnosis. Transient HF = <6 months duration. Modified from Matti A. Vuori, Jari A. 
Laukkanen, Arto Pietilä, Aki S. Havulinna, Mika Kähönen, Veikko Salomaa, & Teemu J. Niiranen, The validity of 
heart failure diagnoses in the Finnish Hospital Discharge Register, The Scandinavian Journal of Public Health, 
2019; 1–9. Copyright © [2019] (SAGE Journals). DOI: [10.1177/1403494819847051] (436). 

The main analysis – Chronic and transient HF 
 Clinical HF Measure (95 % CI) 
Register-
based HF 
diagnosis 

+ - PPV 0.85 (0.77–0.91) PLR 5.48 (3.56–8.45) 

+ 102 18 NPV 0.83 (0.75–0.90) NLR 0.19 (0.13–0.29) 
- 20 100 Kappa 0.68 (0.56–0.81) Accuracy 0.84 (0.79–0.89) 

 

Sensitivity analysis 1 – Chronic HF 
 Clinical HF Measure (95 % CI) 
Register-
based HF 
diagnosis 

+ - PPV 0.63 (0.54–0.72) PLR 2.83 (2.17–3.68) 

+ 76 44 NPV 0.88 (0.80–0.93) NLR 0.23 (0.15–0.38) 
- 15 105 Kappa 0.50 (0.39–0.63) Accuracy 0.75 (0.69–0.81) 

 

Sensitivity analysis 2 – Chronic and transient HF (excluding dialysis and lung patients) 
 Clinical HF Measure (95 % CI) 
Register-
based HF 
diagnosis 

+ - PPV 0.82 (0.75–0.89) PLR 4.79 (3.22–7.13) 

+ 99 21 NPV 0.83 (0.75–0.90) NLR 0.20 (0.14–0.31) 
- 20 100 Kappa 0.66 (0.53–0.78) Accuracy 0.83 (0.78–0.87) 

 

Sensitivity analysis 3 – Chronic and transient clinical HFrEF 
 Clinical HF Measure (95 % CI) 
Register-
based HF 
diagnosis 

+ - PPV 0.44 (0.35–0.54) PLR 2.18 (1.75–2.71) 

+ 53 67 NPV 0.91 (0.84–0.95) NLR 0.28 (0.16–0.48) 
- 11 109 Kappa 0.35 (0.24–0.46) Accuracy 0.68 (0.61–0.73) 



Matti Vuori 

 104 

5.3.2 Results for the sub-analysis of the agreement between 
furosemide purchase entries and register-based HF 
diagnosis 

There were 2,477 people who had purchased diuretics (with a drug reimbursement 
accepted for repeated furosemide purchases) and had data available for the 3-year 
FINRISK follow-up, and 2,059 people with data for the full 5-year follow-up.  

Of these, 1,024 (41.3. %) individuals received a diagnosis of HF during the 3-
year follow-up and 1,054 (51.2 %) individuals who received it during the 5-year 
follow-up. Isolated HF (without any of the other congestive conditions) was the sole 
diagnosis in 885 (35.7 %) participants in the 3-year and 903 (43.9 %) in the 5-year 
follow-up groups.  

Many used furosemide diuretics without any congestion-causing diagnoses: 
1,189 (48.0 %) in the 3-year and 808 (39.2 %) in the 5-year follow-up groups.  

5.4 Results of Study IV (the data mining study) 

5.4.1 Data mining results with the EF mining algorithm 
There were 43,405 participants whose EF could be mined at least once with the 
algorithm. Of this sample, 58.1 % were female. Only a minority, 7,173 subjects (16.5 
%) within the sample had a registry-based diagnosis of HF, and 3,746 (0,9 %) had 
HF based on the algorithm’s findings—1,162 cases of HfrEF (2.67 %), 474 cases of 
HfmrEF (less than 0.1 %), and 2,110 cases of HfpEF (4.9 %).  

The average age was 58.7 (SD 18.2). Comorbidities were common, with 
hypertension as the most common condition (prevalence 29.7 %), followed by type 
2 diabetes (17.2 %) and CAD (15.7 %). Their prevalence increased to 50–60 % in 
those with diagnosed HF. The average EF, mined with the algorithm, was 49.0 (SD 
10.3 %), and the average level of proBNP was 1,666 (SD 4,587) ng/l. 

When validated against a test data set of 100 randomly chosen subjects, the 
algorithm produced an EF reading matching precisely with the clinician’s judgment 
in 78 % of test cases. In 87 % of test cases, the algorithm’s value was within a 5 % 
range to the clinician’s judgment. The algorithm successfully chose the correct HF 
subtype in 86 % of test cases.  

An incorrect number chosen as an EF reading was the most typical reason for 
the failed reading, followed by various problems with the algorithm to correctly 
recognize the EF value in the text. 
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5.4.2 Results of the Cox proportional hazards models  
The multivariate-adjusted risks of death by HF subtype resulting from Cox 
proportional hazards models’ analyses, using the ‘No HF scenario’ as the reference 
standard (HR=1.0) against which the subtype scenarios were compared, produced 
significantly high risks for all kinds of HF.  

The highest risk was observed with HFrEF, HR 2.63 (95 % CI 1.97–3.50). 
However, the risk observed with HFpEF was not much lower: 2.28 (1.80–2.88). The 
lowest risk was observed with HFmrEF, HR, 1.91 (1.24–2.95). 
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6 Discussion 

6.1 Sodium and HF are not directly connected 
This thesis studied whether excess sodium intake, measured with 24-hour urinary 
collections at the baseline, is associated with an increased risk of HF. Our study’s 
strengths include the proper multivariable adjustment, the several sensitivity 
analyses made, stratification by sex and cohort, and a long follow-up time. 

Although the unadjusted analyses suggested an amount-dependent link, this 
association was completely attenuated in the multivariable-adjusted models. We did, 
however, measure a positive and statistically significant association with CVD, 
CAD, and type 2 diabetes—all documented earlier (256,258,448). It seems the risk 
connecting sodium with HF is mediated via BP, BMI, CVD, and prevalent diabetes 
mellitus, but not necessarily limited to them.  

Sodium and HF have only been studied with spot urinary samples, food 
frequency questionnaires, and USEs. Although these results are incomparable, it 
might be noted that the EPIC-Norfolk and NHANES I and II studies measured a 
positive correlation. These associations were also attenuated with adjustments—but 
not negated as in our study (18,19,449). However, several aspects must be 
considered. First, these measurement methods for assessing sodium intake are 
deemed too inaccurate (254,262). Second, the level of adjustment tends to be 
suboptimal in the analyses of sodium studies (253), and a proper effect of adjustment 
can be obtained only if enough sodium-induced illnesses are taken into account. 
Drawing judgement from our experiments, we hypothesize that the level of proper 
adjustment tends to decrease the resulting associations.  

Several harmful effects of excess sodium have been documented: it can raise BP 
in salt-sensitive individuals (195,200,450); is connected with either increased BMI 
via simultaneously ingested high-calorie nutrition (219) or independently (221); may 
even induce CVD (258), CAD (448), insulin resistance (228,232,233,237) or 
diabetes (256); and impair vascular function (185,196,211,215)—all of which can 
lead to HF in the long run (summarized in Figure 20). 

Central to these results is that there was no independent connection between 
excess sodium excretion and HF. 
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Figure 20. The effects of excess sodium intake on incident HF summarized. In light of this 

thesis, excess salt intake is not directly associated with HF, but mediated via its other 
pathophysiological effects, such as raised BP, BMI-induced increased salt sensitivity, or 
prevalent, possibly sodium-induced CAD, vascular dysfunction, or diabetes mellitus 
(256,258,448).   

6.2 Issues with measuring sodium and suitable 
cohorts for intake evaluation  

Measuring sodium and making assumptions at the population level is very difficult. 
Many studies have methodological issues, many of which are done with CVD, CAD, 
or stroke (264,451). 

High salt intake is very widespread in the modern diet, and most persons 
consume more than their body needs (139). Because almost everybody in Western 
societies ingests excess salt, many confounding factors exist when studying the 
harmful effects salt might induce. In addition, there is no proper comparison on the 
population level, as population cohorts with balanced sodium intake or sodium 
deprivation would need to be studied to make assumptions and create hypotheses on 
the effects of excess sodium intake.  

Accurately measuring excess sodium is also challenging due to the convoluted 
sodium metabolism. Measuring urinary sodium is relatively inaccurate for several 
reasons (reviewed more thoroughly in Chapter 2.3), mainly due to the wide day-to-
day variability in urinary sodium and the unknown amounts stored in the body 
(178,184,186,263).  

As spot samples seem too inaccurate (262), we should pursue at least single 24-
hour urinary collections. However, obtaining them is methodologically difficult. In 
addition, we still don’t know how many are needed (264). Unfortunately, even the 
24-hour collections have several limitations as up to 25 % of urine collections might 
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be incomplete; the amount of sodium in the urine also widely differs—not only 
physiologically but based on the medication used and study conditions (265,266). 
The evidence supporting infradian rhythmicity of about six days with the daily 
urinary sodium excretion hints that even 24-hour urine collections might be too 
inaccurate when assessing disease risk factors on a population level (179). Pursuing 
one-week collections would not be feasible either. Moreover, urinary collections are 
rarely performed as part of population cohort studies.  

6.3 The effects of diabetes that are directly and 
indirectly related to HF  

As a part of this thesis work, our purpose was to elucidate the drivers of HF in 
diabetic individuals. Diabetes status was a strong predictor of HF. The direct effect 
of diabetes was the single greatest mediator of HF in the mediation analysis, with 
more minor indirect effects seen by variables representing myocardial strain or fluid 
overload (nT-proBNP), obesity (BMI), and the degree of hyperglycemia (glucose 
levels). Together, diabetes status and glucose levels mediated 55.1 % of the whole 
effect of prevalent diabetes regarding the onset of HF. Figure 21 depicts these 
central findings, focusing on the central natriuretic peptide system, that is able to 
react to many kinds of cardiovascular pathologies. 

Traditional risk factors had statistically significant associations with HF. 
Baseline MI surpassed the effect of other baseline comorbidities and biomarkers in 
the analyses. However, no remarkable differences among diabetic and nondiabetic 
persons existed. Systolic BP was an outlier, with significant predictability only in 
the nondiabetic population (however, antihypertensive medication was prevalent in 
the diabetic participants). Biomarkers nT-proBNP, hs-TnI, and hs-CRP in the Cox 
analyses predicted a similar onset of HF in both groups. Statistically significant 
interactions were observed with systolic BP, baseline MI and AF, glucose, nT-
proBNP and hs-CRP levels, indicating that these are stronger predictors of HF in the 
diabetic population, compared to the non-diabetic.  

A statistically significant HR among diabetic individuals, a statistically 
significant interaction term, and a significant mediation effect of diabetes was 
observed with systolic BP, baseline MI, glucose, nT-proBNP and hs-CRP levels. 

Only a minority of diabetic individuals had a prior coronary event; most were 
cases of de novo HF. 
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Figure 21.  Central findings of the study connecting diabetes and HF illustrated, with a focus 

on the natriuretic peptide system (straight, darker arrows in the center). The 
peptides are diminished in obesity (center, blunted arrow) but react accordingly to 
cardiovascular pathology (right, one-way arrow). A central mechanism is a reaction to 
hypervolemia (bottom, one-way arrow), connected to hyperglycemia and adiposity. 
There is the possibility that natriuretic peptides also work as an independent mediator 
of cardiac remodeling or elevate as a cause of it (top, two-way arrow). Other causes of 
cardiac remodeling leading to HF are illustrated with curved arrows, the most important 
of which is the increased preload caused by hypervolemia and glucotoxicity (in the 
center), caused by diabetes status, hyperglycemia, and inflammation (either primary or 
secondary), and lipotoxicity, caused by diabetes status and adiposity (the whole left-
hand side of the figure).  

6.3.1 Hyperglycemia as a driver of HF development in 
diabetes 

Diabetes and dysglycemia are established risk factors of HF in previous literature. 
HF and peripheral arterial disease are the most typical primary presentations of CVD 
in individuals with type 2 diabetes, foregoing MI (367).  

We noted a slight positive association in the Cox models with diabetic 
individuals’ HF risk and baseline glucose levels as a biomarker. Glucose also passed 
the mediator tests, carrying 13 % of the mediator-driven effects of diabetes on HF 
incidence. Our results align with the meta-analysis by Aune et al. (32): the degree of 
dysglycemia, even at prediabetic levels, is linearly associated with incipient HF risk.  
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HF is often the result of a decades-long cardiometabolic disease burden, so it is 
noteworthy that the follow-up time in the previous studies has been only several 
years. This work extends this knowledge with a longer follow-up time and further 
proves the connection between these disease entities. 

Glucose, as a molecule, can exert osmotic forces and bind water to it, causing 
vascular fluid retention and activation of the natriuretic peptide system (lower left 
corner of Figure 21) (452), which was observed as the indirect effect of diabetes 
caused by nT-proBNP in our study (left side of Figure 21). Furthermore, obesity is 
also connected with hypervolemia (299,343) and adiposity with diabetes status, 
insulin resistance, hyperinsulinemia and hyperglycemia (453). These connections 
link the major findings in this study.  

Most likely, all these pathologies synergistically add stress to the heart, and their 
combined effect is more than the sum of the individual effects.  

6.3.2 Hyperinsulinemia and insulin resistance as drivers of 
HF in diabetes 

Insulin resistance has also been shown to predispose healthy individuals to HF 
(285,286,369). A healthy heart is an insulin-sensitive organ, and hyperinsulinemia 
promotes cardiac hypertrophy (287). However, increasing heart muscle size is not 
the only mechanism by which insulin resistance and hyperinsulinemia promote HF.  

Hyperinsulinemia increases the uptake of lipids in cardiomyocytes, which, when 
excessive, results in lipotoxicity (54). This could also be why we observed the most 
notable results with triglycerides out of all the lipids—albeit small. However, it is to 
be noted, that hypertriglyceridemia is also a central finding in the metabolic 
syndrome (see the next subchapter). 

Surprisingly, insulin did not pass the mediator tests in the mediation analysis, 
which could be due to several issues listed below. A plausible explanation is that 
insulin counteracts the harmful effects of hyperglycemia on the heart by attempting 
to restore normoglycemia. However, we did not calculate homeostatic insulin 
resistance indexes to assess insulin resistance, so different results might be possible 
if insulin resistance were used in the analyses instead.  

The diabetic population studied in this work was also very heterogeneous, as all 
types of diabetes were analyzed jointly. Different results might also be expected if 
individuals with type 2 diabetes and endogenous hyperinsulinism were studied in a 
subanalysis. 

Hyperinsulinemia, insulin resistance, hyperglycemia, and hypertriglyceridemia 
are all part of the same pathological process of glucolipotoxicity (left side of Figure 
21). According to our mediation analysis, hyperglycemia is the most central part of 
this phenomenon. 
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6.3.3 Traditional risk factors as drivers of HF in diabetes 
Male sex, age, BMI, and the cardiac conditions (prior MI and AF) observed at 
baseline were equally strong risk factors of HF among diabetic and nondiabetic 
populations. 

Smoking status and alcohol intake from the behavioral variables were equally 
strong risk factors in the diabetic and nondiabetic individuals. Both were highly 
significant in women with diabetes in the sex-specific analyses highlighting several 
factors.  

Women with diabetes are more prone to HF than men (271) and more vulnerable 
to the toxic effects of smoking and alcohol (423). This aligns with previous literature 
concerning smoking cessation and alcohol abstinence on preventing HF (66,78).  

We also postulate that heavy drinkers generally do not partake in healthcare 
studies, and light-to-moderate drinking patterns are most likely overrepresented in a 
study like this. Light alcohol intake has also been documented to be connected with 
cardiovascular health (77). These may be the reasons behind the lack of otherwise 
meaningful findings regarding alcohol intake.  

Heavy drinking is a strong cardiovascular risk factor, documented earlier in 
physiological and population studies designed explicitly for evaluating its effects 
(71–73,75). Alcohol impairs cardiac pumping ability and is toxic to cardiomyocytes, 
predisposing to alcoholic cardiomyopathy and HF (74,75). 

We noted an interesting diabetes-mediated indirect effect with BMI on HF onset 
(left side of Figure 21), suggesting that obesity and its physiological changes are 
more pronounced in the pathophysiology of HF development in diabetic individuals. 
BMI is generally higher in diabetic individuals than nondiabetics (454). This is 
supported by a meta-analysis of nine studies (three in diabetic populations) 
consisting of 375,056 individuals (52). A rising association of obesity’s severity on 
risk of incident HF was observed, measured with BMI ranges (52). Morbid obesity 
is also able to induce HF by the hemodynamic changes and increased demand the 
increased mass induces on the circulation (455–457). It also seems that obesity-
induced HFpEF is a distinct subphenotype of HFpEF (10,456,457). 

Interestingly, we observed no association between systolic BP and HF risk 
among the diabetic individuals in the Cox models, only among the nondiabetic ones. 
However, systolic BP mediated a small effect of diabetes on HF incidence. There are 
most likely confounding factors concerning medication, as almost half of diabetic 
individuals in our study had antihypertensive treatment compared to roughly 15 % 
of the nondiabetic ones. In addition, the treat-to-target BP threshold is usually lower 
in diabetic individuals compared to the nondiabetic ones as a part of cardiovascular 
prevention (458,459). Furthermore, persons with diabetes visit healthcare 
professionals more often than persons without it, and, thus, their BP levels are better 
controlled and treated more often than persons’ without diabetes.  
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Traditional atherosclerosis markers, such as LDL levels, did not predispose one 
to HF or mediate the effect diabetes on HF in our analyses. However, elevated LDL 
levels are strongly associated with developing CAD (460). Lipid lowering treatment 
is also in a similar fashion used more among diabetic individuals compared to 
nondiabetic, 19.4 % compared to 4.5 % in our study. A meta-analysis of 132,538 
individuals in 17 trials concluded that LDL-lowering statin therapy protected against 
new-onset HF, regardless of whether a preceding MI had happened (461). Metabolic 
syndrome—a combination of insulin resistance, hypertension, central obesity, 
dyslipidemia (low HDL, high triglycerides) (462)—and which often predicts type 2 
diabetes and also coexists with it (463,464), carries a high CVD risk and has also 
been shown to predispose individuals to HF (465,466). 

However, only a minority of diabetic HF endpoints presented with a prior 
coronary event in our study. Nevertheless, in our analysis, baseline MI predisposed 
individuals with and without diabetes to HF. Surprisingly, this was to a lesser effect 
than expected, which can be postulated to relate to the incidence of de novo HF 
surpassing ischemic etiology in diabetic patients (22,271). In the Framingham Heart 
Study, high HDL concentration was associated with reduced risk of incident HF; the 
same results were observed among diabetic individuals in the MESA Study (56,467). 
In our study population, diabetic individuals had a lower HDL and a higher 
triglycerides concentration than others, most likely as a part of the metabolic 
syndrome, and this might also be why HDL levels can mediate some of the effects 
of diabetes on HF onset.  

Dyslipidemia and the metabolic syndrome still appear to be major factors in 
developing HF in diabetes and our results show that both also partially contribute to 
HF risk in diabetes.  

6.3.4 Natriuretic peptides as drivers or consequence of HF 
in diabetes 

Out of the biomarkers and after glucose, our results present the strongest indirect 
mediation effect of diabetes with nT-proBNP, and which also predisposed both 
groups to incident HF in the survival models (the very center of Figure 21). Our 
results were also statistically more significant in predicting HF among diabetic 
individuals according to its interaction p-value. Their apparent mediation effect 
suggests that some effects of diabetes on HF onset might be mediated by cardiac 
stretching, volume overload, or another pathologic process connected to natriuretic 
peptide release.  

The natriuretic peptide system is activated in many disease states affecting the 
cardiovascular system, which can be used in ruling out several pathologies (right 
side of Figure 21) (468).  
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Interestingly, natriuretic peptide levels correlate linearly with insulin sensitivity 
and are often diminished in diabetes and obesity (the blunted arrow in the center of 
Figure 21), possibly due to higher clearance (172). NT-proBNP, measured at 
baseline in 7,822 healthy individuals, was also predictive in decreasing quartiles of 
incident diabetes diagnosis (HR 0.75 [95 % CI 0.64–0.87] in the highest quartile) 
during a follow-up time of 12 years in the ARIC study (469). This correlation was 
similar for obesity and insulin sensitivity in the MESA cohort (172). This 
diminishment of natriuretic peptides may stem from increased receptor-mediated 
clearance or a decrease in synthesis (470–472). Thus, nT-proBNP was also a stronger 
predictor of HF in the nondiabetic than in the diabetic population in our study. 

The peptides still physiologically react in diabetes when the heart is subject to 
oxygen deficit, stretching, or the body’s inflammatory systems activate (468), and 
nT-proBNP was an important mediator of diabetes on HF onset in our mediation 
analysis. However, these findings with nT-proBNP can have several underlying 
reasons that we cannot differentiate.  

First, the mediation effect conveyed by natriuretic peptides may represent the 
effects of volume overload relating to obesity and hyperglycemia—the other major 
mediators of diabetes in our study (left side of Figure 21). The authors of the MESA 
study hypothesize that the body’s adiposity creates a state of hyporesponsiviness to 
increased levels of natriuretic peptides, when a disease state triggers an increase in 
their levels (172). Our findings would support this theory, and as this excess fluid is 
at least partially osmotically bound to glucose, partly also explain why SGLT2 
therapy in diabetic HF patients has been so effective (25).  

Second, natriuretic peptides may merely elevate because of the body’s adaptive 
mechanisms to other cardiovascular pathology (right side of Figure 21), that may be 
related or unrelated to diabetes (473). Such pathologies could be diabetes-associated 
renal disease (474), CAD (475), hypertension (171), or AF and stroke (476)—
common comorbidities in diabetes (329) all predisposing one to HF (84,329,338).  

Finally, the possibility that the mediation effect conveyed by natriuretic peptides 
acts as an independent mediator of cardiac remodeling should be discussed (central 
two-way arrow in Figure 21). According to Iwakura et al., the most common major 
echocardiographic changes in type 2 diabetes are LVH unrelated to hypertension 
(present in 75 %), diastolic dysfunction, and impaired global longitudinal strain—an 
early marker of systolic dysfunction (477). All these could relate to increased 
natriuretic peptide levels (478). Also, 27.7 % of asymptomatic newly diagnosed 
diabetic individuals undergoing a screening ultrasound were diagnosed with HF, and 
30 % had indications of diabetic cardiomyopathy (312). In another study, 49 % of 
153 individuals with type 2 diabetes assessed with echocardiography had 
asymptomatic left ventricular diastolic dysfunction and higher BNP levels (479).  

Also, any combination of the former is possible. 
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In conclusion, natriuretic peptides seem to convey pathology associated with the 
development of HF in diabetes—but how, is another, more difficult question to 
assess.  

6.3.5 Obesity, metabolic syndrome, and low-grade 
inflammation as drivers of HF in diabetes 

BMI was the most significant mediator of diabetes’s effect on HF risk in our 
analyses, suggesting that obesity is a crucial component of the pathophysiological 
cascade leading to HF developing in diabetic individuals. Hs-CRP was also a 
significant, albeit small, indirect mediator of diabetes on the onset of HF. 

Obesity- and hyperglycemia-related hypervolemia and increased preload are also 
present as the circulation tries adapting to the increased demand, adding strain to the 
myocardium (left side of Figure 21) (455). More mass needs more circulation and 
cardiac output, which can explain the effect nT-proBNP mediates, linking the most 
apparent central findings of obesity, hyperglycemia, vascular fluid overload, and 
cardiac strain as the most important pathologies together in aignle pathway that 
diabetes status mediates in the onset of HF. Altogether, these components mediated 
76.7% of diabetes’s effects.  

Inflammation is simultaneously a cause, a consequence, and a part of HF 
development (307,480). Chronic inflammation causes HF, as the hemodynamics are 
accelerated because of it. The myocardium in chronic HF is also infiltrated by 
inflammatory cells. However, we hypothesize that inflammation is tied to the 
diabetic pathophysiology previously mentioned, as seen in our findings regarding 
the connection between elevated levels of hs-CRP and incident HF. This connection 
could indicate subclinical inflammation related to diabetes, metabolic syndrome, and 
developing HF.  

The inflammatory process could also occur in the heart, especially if troponin 
levels are also elevated as a sign of cardiac damage. This could be the case when 
diabetic cardiomyopathy is developing. If the shares of cardiac damage, as seen by 
the effects of hs-TnI and inflammation (hs-CRP), are added to the central 
pathological pathway of diabetes status, obesity, glucose levels, and the cardiac 
strain or hypervolemia represented by natriuretic peptides (described above), the 
combined effect of these components rises to 84.6%. 

The physiological findings from earlier studies back this, but no biomarker study 
has been earlier conducted on diabetic cardiomyopathy.  
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6.3.6 Vitamin D deficiency and HF in diabetes 
We also observed a small negative association between vitamin D and HF in diabetic 
and nondiabetic populations, noting a slight mediation effect of diabetes with 
vitamin D that is most likely inverse (i.e., vitamin D deficiency mediates HF 
development). Our results, with previous literature (384–388), suggest a small 
protective role for vitamin D in the development of HF. 

Our findings also substantiate the earlier findings of vitamin D with insulin 
resistance and HF onset (384,387). Still, these results seen with vitamin D may 
simply represent the overwhelming prevalence that vitamin D deficiency has in the 
general Western population (382,383), which can confound the links to the disease 
patterns studied. 

6.4 Validity of HF diagnoses in the FHDR 
As a part of this thesis, we validated the HF diagnoses in the FHDR to correctly 
discriminate HF diagnoses associated with first events in 2013–2015. A control 
group of patients with preexisting cardiac conditions was also formed to obtain 
negative predictive information on the absence of the diagnosis of HF in the FHDR. 
We observed good epidemiological measures for the FHDR in correctly and reliably 
discriminating HF cases and non-cases. As expected, the PPVs were consistently 
lower when true HF was defined with stricter HF criteria as only chronic HF, chronic 
HF without dialysis and lung disease patients (prone to possible noncardiac 
congestion), or HFrEF patients. A false positive diagnosis because of noncardiac 
shortness of breath or congestion was just as likely as a missed false negative 
diagnosis, missed when only the underlying reason for HF was coded.  

Issues with clinical decision-making and with the ICD-10 diagnostic coding used 
are discussed below. 

As well as assessing the validity of HDR-based diagnoses for HF, we evaluated 
whether diuretics (furosemide) drug reimbursement data could reliably diagnose HF. 
We observed that approximately half of the individuals with repeated furosemide 
purchases did not receive an HDR-based diagnosis for HF, liver disease, or renal 
insufficiency over a 5-year follow-up.  

6.4.1 Comparison of HF validities with previous studies 
The previous FHDR validation study for HF by Mähönen et al. in 2012 produced a 
high specificity of 99.7 % and a moderate sensitivity of 48.5 % (399). The observed 
between-study discrepancy has several reasons. Mähönen used a study sample from 
population survey partakers with a validation mainly based on BNP values without 
a clinical examination, echocardiography, or a control group.  
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An HF-patient’s BNP can normalize with treatment; up to 30 % of HFpEF 
patients can have normal BNP values (481), leading to lower sensitivity if BNP 
values are used in negative diagnostic assessment. However, the role of BNP in 
ruling in the disease is still included in the ESC diagnostic algorithm, and it also 
recommends echocardiography if HF is strongly suspected—even when BNP levels 
are normal (31).  

Also, echocardiography data and register-based diagnoses from secondary and 
tertiary care clinics were not as widely available when the study was done. New 
gold-standard guidelines for diagnosing HF have been introduced, such as the ESC 
2016/2021 (5,31).  

The validity of HF diagnoses in Sweden was 82 % in all cases; echocardiography 
usage increased the validity to 88 % (400). This study’s strength was a thorough 
clinical evaluation. Although not directly comparable due to lacking a control group, 
these measures roughly agree with our study’s predictive values. 

In the two separate studies from Denmark, HF was observed as severely 
underreported in the Danish inpatients. However, the diagnosis was specific: 99 % 
(403) with a high PPV, 0.84 (405). This PPV matches ours, but the extremely high 
specificity stems from inspecting the emergency room records of hospital-admitted 
patients. The results were similar to ours when patients admitted for AF were studied 
(406), and several cardiologic diagnoses were compared against the Maastricht 
cohort study (401).  

Moreover, a meta-analysis of 19 HF validation studies concluded that the 
specificities of HDRs were high (>90 %). However, the sensitivities were usually 
much lower (<69 %) (407). The main reasons for the varying results of earlier studies 
are the widely variable study settings (i.e., differences in study samples and the 
diagnostic criteria used). 

Considering our study, this trend of underreported HF in HDRs seen in other 
countries is true to FHDR as well. It seems that globally, not all diagnostic codes are 
coded in the HDRs; sometimes, the HF diagnosis is missed simply because another 
code was coded as a single diagnosis.  

Accounting for all these validation studies, it seems HDRs, in general, 
underestimate the number of hospitalizations for HF (although with notable 
differences among countries). However, roughly 25 % of HF diagnoses are not 
captured. 

6.4.2 Clinical diagnosis of HF is challenging 
At the heart of these validation studies is the correct diagnosis of HF; the setting 
starkly contrasts between acute and chronic HF. Due to the nature of the disease, 
diagnosing HF is often quite challenging, even for experts in the field (482). 
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Diagnosing HF at the time of evaluation (not counting longitudinal aspects) requires 
two components: 1) signs or symptoms of HF and 2) echocardiographic proof of 
underlying heart disease (or elevated levels of natriuretic peptides), according to the 
gold standard ESC diagnostic guideline (9). Both components can be difficult to 
assess (Figure 22).  

 
Figure 22. The hard-to-assess components of clinical HF diagnosis. The diagnosis of HF is 

formed from two components—1) signs and/or symptoms of HF and 2) proof of 
underlying heart disease (circles)—with both presenting themselves from true HF or 
another concurrent disease condition (horizontal arrows). Also, the signs and symptoms 
may be permanent or transient, and the underlying heart disease symptomatic or 
asymptomatic, and permanent or transient (small vertical arrows). 

HF patients often have other comorbidities that present with HF-like signs and 
symptoms, such as infections, renal failure, or COPD exacerbation (top row in 
Figure 22) (87,483). Based on experience in these situations, it is possible that only 
one of these diagnoses, most often an underlying cause for HF, is coded in the HDR, 
especially in the hustle and bustle of the ER. Also, many disease states present with 
similar congestive signs or symptoms, such as those listed above. A pulmonary 
embolus or a COPD exacerbation misdiagnosed as HF is not uncommon (87).  

Moreover, the concept of underlying heart disease is very vague. A broad set of 
conditions is accepted as causing HF, which may or may not cause HF on an 
individual level (bottom row in Figure 22). A misleading presentation as an etiology 
of new-onset HF and hard to assess differential diagnostic symptoms simultaneously 
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is not uncommon. Let us consider a very mild condition linked as an etiology of HF, 
such as essential hypertension. Uncomplicated disease is prevalent and can lead to 
target organ damage, one of which is HF (484). Evaluating the possibility of HF in 
a patient presenting with HF-like symptoms with a long history of untreated essential 
hypertension requires methods not readily available, such as expert-level 
echocardiography or invasive pressure measurements. Fortunately, these concepts 
were reviewed and updated with more precision in the ESC 2021 guidelines, 
significantly increasing the chance of correctly diagnosing HFpEF (31). 

Moreover, the cardiac abnormality may precede the clinical syndrome 
asymptomatically (which is often the case with LVH or LAE) or debut with an acute 
and immediately symptomatic injury to the heart, evidenced as a major ischemic 
event, for example, or as any manifestation in the ranges of acute to chronic and 
asymptomatic to symptomatic, or anything in between (small top/down arrows on 
the bottom row in Figure 22). In most cases, the structural abnormality presented in 
the heart is permanent; in specific cases, if revascularization or surgical intervention 
is made promptly enough, the abnormality may also wholly dissipate.  

The diagnosis is more difficult when the EF is preserved, a central congestion is 
missing, or multiple comorbidities are present. In such a case, no gold-standard 
diagnostics are available according to the ESC guidelines (9). The diastolic 
assessment has also been a subject of evolution as imaging technologies improve 
and become more available (485). 

Unfortunately, diagnosing chronic HF is often more difficult than diagnosing 
acute HF (Figure 23). The onset of HF can be acute, acute-on-chronic, chronic, or 
transient. Usually, the failing heart disease process involves many phases of acute 
decompensations before deteriorating into a chronic one. The HF status should be 
assessed multiple times and based on the longitudinal data: Generally, if any signs 
or symptoms persist over several months after the initial diagnosis, the case should 
be defined as chronic HF (9). If all signs or symptoms of HF, the heart function, and 
proBNP levels are completely normalized within several months after an initial 
episode of HF, the case can be considered an episode of transient HF (e.g., one-time 
STEMI leading to hyperacute HF treated with prompt revascularization). However, 
if the subject has a transient but recurring HF in the setting of multiple ischemic 
conditions or paroxysmal FA attacks, the subject should still be considered as having 
recurring, chronic HF. It is often problematic that the validation study period is 
mostly fixed and may overlap any point of the individual disease trajectory, 
regardless of the signs and symptoms of HF and the onset of a structural heart 
disease.  

In conclusion, clinical HF is a difficult diagnosis to establish, often confounded 
by permanent or passing coexisting conditions, that may or may not cause symptoms 
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and signs of HF, may or may not cause a structural cardiac abnormality, and may 
precede clinical HF or present itself simultaneously with it.  

The diagnosis of chronic, stable HFpEF presenting with multiple coexisting 
conditions and multiple vague or misleading signs and symptoms is especially 
difficult. 

 
Figure 23.  Different longitudinal diagnostic scenarios of three exemplary HF patients. 

Diagnosing HF requires two components: signs and/or symptoms of HF and an 
underlying structural or functional heart disease. Panel a: abrupt onset of structural or 
functional heart disease with signs/symptoms and the onset of chronic HF, as in the 
case of ischemic cardiomyopathy with acute coronary onset. Panel b: the onset of 
structural or functional heart disease with signs/symptoms developing later in the 
longitudinal disease trajectory, as in the case of diastolic dysfunction of hypertensive 
origin. Panel c: the acute onset of structural or functional heart disease with 
signs/symptoms and a subsequent remedy of the etiology with amelioration of 
signs/symptoms, such as a case of transient HF triggered by an acute anterior STEMI 
with revascularization. The fixed study periods of validation studies often miss the 
individual variation in longitudinal disease patterns. 

6.4.3 Challenges in validation and methods to improve them 
Cainzos-Achirica et al. reviewed the pitfalls of assessing diagnostic acute and 
chronic HF events in scientific studies using EHR databases (404). Due to the 
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difficulty of the diagnosis, using the most recent gold-standard diagnostic guidelines 
is paramount. They recommended the 2016 ESC Guidelines criteria with levels of 
natriuretic peptides, imaging, and echocardiographic data for the utmost diagnostic 
precision (the 2021 guideline was not available at the time of their publication). The 
underlying structural heart abnormality should always be ascertained through 
imaging. Our study tried to address many of these shortcomings by using the ESC 
diagnostic algorithm with full clinical and echocardiographic data, including a 
control group, which enabled us to perform sensitivity analyses for alternate 
definitions of HF.  

Similarly, as diagnosing chronic HF is difficult, so is validating chronic HF 
harder than acute HF hospitalizations, when the chronological aspects must be 
considered more thoroughly (404). There is a difference separating the first onset 
date of HF, when the diagnosis should have been set, from the first event of the study 
period, as the HDR-coded diagnosis under validation might be from any event. 
Ultimately, this means that the validation study setting should be different while 
investigating the validity of chronic cases, in contrast to acute ones that consider the 
validity of the diagnosis only at a single time point in the individual longitudinal 
disease trajectory. In our study, we validated both acute and chronic diagnoses of 
HF, and got lower PPVs, PLRs, and Kappa statistics with the chronic diagnoses. This 
is logical and expected when the criteria tighten, and the timescale of the disease 
pattern widens.  

Just as there are difficulties with diagnosis establishing, there are issues with 
diagnostic coding. All relevant diagnoses are probably not always coded, and mild 
or stable HF events are more often left uncoded than those of HF patients with an 
active, recurring disease requiring many hospitalizations (404). A mild disease 
should be coded even when treated in an out-of-hospital setting, or there is another, 
more severe, concurrent reason for contacting healthcare services. Another problem 
associated with the FHDR is that ICD-10 does not differentiate between acute and 
chronic HF, which may have completely different clinical meanings and prognoses. 
Using ICD-11 or ICD-10-CM (Clinical Modification) could be beneficial as these 
disease classifications have a broader spectrum of HF diagnosis codes available, 
including acute, chronic, and acute-on-chronic HF.  

Drawing this together, the difficult diagnosis, lacking echocardiographic data, 
HF’s longitudinal aspects, the wide array of HF terminology in everyday clinical 
setting, and the narrow set of disease codes make HF also a difficult entity to evaluate 
solely by using register data. 
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6.5 Data mining as a method in improving validity 
and diagnostics of HF 

EF proved not to be an easy target to text mine. The most common texts the algorithm 
recognized were visits to the cardiology outpatient clinic or inpatient ward epicrises. 
These texts tended to be lengthy and unstructured. On many occasions, past EF 
readings were listed in addition to the one measured at the time of visit or during the 
hospitalization. The algorithm was well-designed to work with this kind of text, but 
it was not perfect. The biggest problem was correctly distinguishing the timepoint’s 
real measured EF value from the previous dates, often listed at the beginning of the 
clinician’s text. The Finnish sentence structure is very flexible, allowing words to be 
placed in almost any order, so the algorithm’s programmed response to reject values 
only after words like “last year” was suboptimal, although this was amended 
surprisingly well using calculated mean values. Non-numerical, descriptive reports 
tended not to be problematic. However, as we did not have a control group, we still 
do not know how many patients or readings were missed.  

To our knowledge, text mining of EF values has never been tried before. The 
text mining of several dichotomous variables that have been mined earlier usually 
results in excellent sensitivity or negative predictive values (Table 7). However, 
false positives limit their use in practice. As the idea of the algorithm is to read 
through large volumes of patient data, high epidemiological accuracy is needed for 
the algorithm data to be useful in clinical practice. 

As diagnostic coding is imperfect in the many ways listed earlier, data mining is 
a promising method to possibly phenotype HF further.  

6.6 Weaknesses and limitations 
Several weaknesses and limitations in the studies must be discussed.  

Adjustments in Study I were hard to perfect. There might be some residual 
confounding or multicollinearity, especially with the factors relating to being 
overweight and having hypertension, an unhealthy BMI, and prevalent diabetes, 
which all have links to excess sodium intake. Increasing the adjustment level could 
result in over-correction. What’s important to remember is that only a single baseline 
collection was collected, which might leave some regression dilution bias. Assessing 
renal function or medication was not part of the research protocol, so this information 
is missing. For those whose sodium intake differs on a daily basis, Sunday being the 
typical collection day might have influenced the amount of sodium measured. 
However, this should represent the sodium ingested during the week quite well if 
sodium excretion follows a six-day rhythm (179). Sunday was chosen when ease of 
collection was prioritized in the study protocol, which was assumed to help increase 
the number of returned collections. It is also worth noting that as excess sodium 
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intake has decreased in the Finnish diet during the last 40 years (138)  that our study 
periods cover, at the same time also cardiovascular morbidity and mortality have 
declined dramatically (432) as medicine, preventive cardiology, and treatment 
options for heart disease have advanced greatly. Their share in the decrease is most 
likely much larger than that of the effect of reduced salt intake.  

Similarly, all of Study II’s measurements were made at baseline. However, we 
don’t have information on their development over time. Including these 
measurements as time-dependent variables to improve the mediation analysis’s 
results would be beneficial if this data were available. As with all population studies, 
the possibility of residual confounding due to variability in physical activity, diet, 
stress, and other environmental factors exist. We did not include medication, HbA1c, 
or urinary parameters related to diabetic nephropathy as covariates, that would 
reflect the long-time effects of hyperglycemia better than a single baseline 
measurement of glucose. Also, our pooled cohorts have substantial heterogeneity. 
The diagnosis of HF is specified by the cohort, resulting in slight differences in 
diagnostic criteria. However, the HDRs are usually highly reliable. The diagnostic 
approach in the FHDR concerning HF diagnoses was validated as a part of this 
thesis; the HF diagnoses in the Danish and Swedish HDRs were validated earlier. 
Some biomarker measurement methods also vary. The follow-up times with the 
smaller Scandinavian and Scottish cohorts were substantially longer than that of 
Moli-Sani—a big cohort with a shorter follow-up time. However, the benefit of this 
pooling is that our study extends the sample size and follow-up time from earlier 
studies, and the results can be regarded as pan-European. We also did multiple 
analyses with different adjustments and settings with Cox models and the mediation; 
our results with them back each other. 

Furthermore, the type of diabetes could not be distinguished in the salt and 
diabetes studies because the ICD-8 coding system has only one diagnostic code for 
all types of diabetes, and the HDRs have not been validated for diabetes diagnoses. 
Drug reimbursement data can be used to increase the validity. 

We did not classify the individuals in FHDR separately as possible, probable, or 
definite cases of HF in Study III as in some other studies. Instead, a panel of 
physicians reaching a consensus in unclear cases was used for 17.1 % of cases (41 
patients), and we did not have access to primary care data where follow-up visits 
sometimes occurred. However, these data may not be completely reliable as 
echocardiography is rarely performed at local health centers, and 
echocardiographical data were not always available. Furthermore, this data highly 
depends on the individual investigators, their ultrasound skills, and hospital 
protocols. Although a fair share (83 %) of our sample had echocardiographic data 
available, measurements on diastolic dysfunction were available for only 27 % of 
the patients included in our sample. Thus, we could not fully distinguish mild HFpEF 
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cases from extracardiac congestion. In any case, echocardiography usage is expected 
to increase in the future. 

Study IV also has certain limitations that mostly come from the algorithm’s 
design. The algorithm validation process correctly distinguishes 86 % of cases to the 
right HF subtype. For a first-generation algorithm in a pilot study, this is good 
enough. However, for future scientific purposes, it must be improved further.  

Last, when researching HFrEF and HFpEF, acknowledging that they are simply 
sets of different diseases with numerous underlying etiologies is essential, as HF is 
a symptom of underlying heart disease, not an independent disease entity (8). All 
speculation and conclusions made must target the correct underlying etiology. 

6.7 Clinical implications 
This thesis increases the evidence on the harmful effects of overconsuming sodium. 
However, urinary sodium excretion was not directly connected to the HF onset but 
mediated HF risk via all previously established sodium-connected illnesses. Taking 
measures to reduce sodium intake, especially in cardiovascular patients, is important. 

It can be hypothesized that the elevated levels of cardiac markers in diabetic 
individuals indicate a possible underlying cardiac structural pathology, minuscule 
ongoing cardiac damage by diabetic cardiomyopathy development, or 
hyperglycemia-related volume overload. Considering our results and all previous 
evidence, measuring these biomarkers would possibly benefit diabetic patients in 
primary prevention and they also add evidence to possibly include a cardiac 
screening ultrasound in high-risk patients. NT-proBNP can best be used as an 
exclusion marker for HF in diabetes, but it most likely works better in nondiabetic 
individuals. However, an unmet potential exists in its use in diabetes; it could also 
serve as a relevant marker of cardiovascular health. However, routine measurement 
of any of these biomarkers or a screening ultrasound is not currently recommended 
for diabetic individuals. 

HF’s presence in patients with obesity, metabolic syndrome, or diabetes 
highlights the importance of weight loss in improving prognosis, making weight 
control even more crucial than in those without HF.  

The FHDR is reliable for assessing the diagnosis and non-diagnosis of HF. This 
reliability is better with acute than chronic cases and benefits the scientific 
community, especially when conducting epidemiological research. It might also help 
personnel in the clinical medicine field assess the probability of HF in their patients 
presenting with congestion or heart symptoms.  

The EF mining algorithm may someday be used to generate an individual-level 
longitudinal history of cardiac function in the clinical setting. 
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6.8 For future research aspects 
HF must be more extensively studied as an endpoint and with multiple 24-hour urine 
collections to best assess the problems presented by varying sodium excretions on 
an individual level (179,263); those with the most considerable risk for illnesses 
connected to excess salt intake, and who would also gain the best possible benefit 
from salt aversion, should be better identified.  

Salt physiology leaves much to be discovered. The emerging methods quantifying 
the body’s interstitial sodium storage must be studied further in quantifying total body 
sodium and its relationship to cardiovascular illnesses and undertake population-level 
studies using these data as predictors of cardiovascular outcomes.  

The primary prevention of HF in diabetes should be more aggressive. Earlier 
evidence pointed that diabetic individuals with unoptimal glycemic control, early 
diastolic dysfunction or subclinical echocardiographic abnormalities achieved 
normalized heart function with tight glycemic control (477). However, the 
recognition of this kind of asymptomatic early-onset diastolic dysfunction in 
diabetes patients remains difficult. More aggressive glycemic and weight control 
methods are paramount. However, could pharmacological treatment be guided by 
natriuretic peptides, cardiac troponins, or inflammatory biomarkers’ levels to 
improve prognosis, especially in asymptomatic diabetic patients without HF? It 
remains also to be studied, whether a cardiac screening ultrasound would benefit 
diabetic patients, possibly also guided by cardiac biomarkers.  

Further research is needed to establish links between the biomarkers and diabetic 
cardiomyopathy development, and biomarkers and other factors that could be 
considered possible predictors of diabetic cardiomyopathy. 

Further studies should be designed to discover possible new associations with 
novel biomarkers on diabetic cardiomyopathy or HF in diabetes, e.g., with 
adiponectin—a hormone that increases especially adipose tissue insulin sensitivity 
(331)—or other inflammatory biomarkers (TNF alpha, IL-6, for example).  

Data mining methods, which should be tested with a large enough cohort study, 
can most likely improve the validity of HF. The EF data mining algorithm must be 
further refined to better detect correct EF values and identify HF’s different 
phenotypes. Other measures most likely must be mined as well, such as 
echocardiographic parameters connected to LVH, LAE, fluid status and diastolic 
dysfunction. In addition to these, social and anthropometric data would also be of 
benefit, such as weight; alcohol intake; smoking status; past infections; and the 
length, severity, and subtypes of diabetes and hypertension. Combining data from 
these measures for a more varied spectrum of subphenotypes of HF that are 
meticulously targeted, such as obesity-related HFpEF or DCM-related HFrEF, is 
mandatory to achieve personalized HF treatment in the future. 

Finally, the FHDR should be assessed for the validity of HFrEF and HFpEF. 
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7 Summary/Conclusions 

This work provides added proof of the consequences of consuming too much salt on 
a population level. Incident HF was not directly associated with excess salt excretion. 
However, the increased risk was conveyed by other risk factors of HF, which have 
been linked to excess salt. These factors include (but are not necessarily limited to) 
hypertension, CVD, prevalent diabetes, and vascular/endothelial dysfunction.  

Although not perfect, 24-hour urine collections are the gold standard method of 
assessing salt intake and adhering to them is crucial when avoiding methodological 
problems in salt-associated population studies. However, there are still unknown 
aspects in the complicated sodium metabolism, making it difficult to determine the 
optimal method for quantifying the harmful effects of excess sodium consumption. 

This work also provides further evidence aligning with prior findings implying 
that diabetes is a strong driver of HF, studied now with survival models and a 
mediation analysis in a large pan-European study population. Traditional CVD risk 
factors were major predictors of HF, but we observed no significant differences in 
them between diabetic and nondiabetic populations. The major indirect effects of 
diabetes were characterized by the effects from BMI, dysglycemia, and natriuretic 
peptides, suggesting that cardiac damage is conveyed by glucolipotoxicity, fluid 
excess, and heart stretching. 

The question is, if measuring selected cardiac biomarkers would benefit diabetic 
patients in the primary prevention of HF or should a cardiac screening ultrasound be 
evaluated in high-risk patients, and how early. As BMI was a critical driver of 
diabetes at the onset of HF, the results also highlight the importance of weight control 
in obese diabetic individuals even more in the prevention of diabetes-associated HF. 

The FHDR is reliable for assessing the diagnosis and non-diagnosis of HF. The 
accuracy is slightly higher with acute cases, and the probability of a missed diagnosis 
is bigger with chronic cases. We conclude that although furosemide purchases can 
most likely increase the validity of register-based HF diagnoses, it simultaneously 
leads to decreased specificity, as furosemide is widely used off-label for various 
swellings such as venous insufficiency (486). 
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However, the accuracy of HF diagnosis could be increased by meticulously 
coding even slight and chronic HF cases and by reducing clerical errors leading to 
improper coding.  

There is a clear need for more diagnostic codes for HF subtypes, such as 
acute/chronic/acute-on-chronic HF, and mild or unsure cases of HF, in addition to 
HFrEF, HFpEF and HFmrEF. All clinicians in countries with nationwide healthcare 
registers should become increasingly aware of the clinical and research benefits of a 
structurally unified register and its coding system. Treating physicians should pay 
attention to correctly coding diagnoses during patient encounters. 

EF data mining methods could be used for scientific purposes when there is a 
need to distinguish the correct HF subtype (HFrEF/HFmrEF/HFpEF) in large 
cohorts of epidemiological data. 

Preventing HF holds much promise and continues evolving as we gain 
understanding. Knowledge on the risk factors of HF has been increasing with a 
growing pace and this thesis adds to this with new evidence on excess sodium use 
and strengthens the already strong evidence of diabetes as a HF risk factor.  

Starting prevention early and an early diagnosis gives the best benefit to the 
individual patient. Improving the register-based diagnostic data gives the best benefit 
to the scientific community. 
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