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ABSTRACT
Aims: The aim of this study is to cluster OECD (Organisation for Economic Co-operation and Development) countries based 
on their chronic disease burden and to rank the health system and socioeconomic variables that discriminate these clusters 
using machine learning.  
Methods: Secondary data obtained from international databases were analyzed in two stages for 14 variables across 38 OECD 
countries. First, a K-means clustering analysis was conducted based on age-standardized DALY (disability adjusted life years) 
rates for five major chronic disease groups and two associated risk factors. The statistical significance of cluster differences 
was tested using the Kruskal-Wallis test and the Bonferroni-corrected Dunn test. Second, health system and socioeconomic 
variables discriminating between clusters were ranked using the standard and balanced Random Forest models.   
Results: OECD countries were grouped into three clusters: cluster 1 (n=4; Turkiye, United States, Mexico, Costa Rica), which 
exhibits a high burden of diabetes and kidney diseases and chronic respiratory diseases along with significant income inequality; 
cluster 2 (n=8; Central and Eastern Europe, Greece), which has the highest out-of-pocket payment rates along with a high 
burden of cardiovascular disease and tobacco-related risks; and cluster 3 (n=26; including Western European countries, Japan, 
Korea), which combines a relatively low burden of chronic diseases with high levels of health expenditure. Six out of seven 
health system and socioeconomic variables showed significant differences across the clusters. The standard Random Forest 
model identified current health expenditure and per capita income as the most discriminating variables, whereas in the balanced 
model, which accounted for class imbalance, income inequality ranked first.  
Conclusion: The profiles of the burden of chronic diseases in OECD countries are associated with their socioeconomic and 
health system characteristics, particularly income inequality.
Keywords: Chronic disease, cluster analysis, machine learning, delivery of health care, socioeconomic factors, OECD

INTRODUCTION
In Organisation for Economic Co-operation and Development 
(OECD) countries, chronic diseases account for a significant 
majority of the total disease burden and are responsible for 
nearly 90% of all causes of mortality in European Union (EU) 
member states.1,2 These diseases impose an indirect burden 
on the overall economy through disability, early retirement, 
and lost productivity, in addition to the direct medical costs 
they impose on health systems. For example, it is estimated 
that the four major chronic diseases (cardiovascular diseases, 
cancer, diabetes, and chronic respiratory diseases) account for 
at least 25% of the total health budget in the EU and result 
in an economic loss equivalent to approximately 2% of gross 
domestic product.1

One of the most critical factors driving the rising burden of 
chronic disease is the aging of the population; the proportion 
of the population aged 65 and older in OECD countries is 
projected to rise to 27.5% by 2050, and population ageing is 

associated with a rise in chronic diseases.2 Lifestyle-related risk 
factors such as tobacco and alcohol consumption, unhealthy 
diet, and physical inactivity also lead to metabolic issues that 
trigger chronic diseases like obesity, high blood pressure, 
and high blood sugar.3,4 Additionally, environmental factors 
such as socioeconomic inequalities, low income levels, lack 
of education, rapid urbanization, and air pollution, as well as 
workplace stress and long working hours, are among the key 
factors contributing to the disease burden.5 Furthermore, the 
financial structure of the healthcare system plays a significant 
role in the burden of chronic diseases. While increases in 
total health expenditures and the scope of public insurance 
reduce the burden of chronic diseases, rising out-of-pocket 
expenditures increase this burden.6,7 The management 
and prevention of chronic diseases are of great importance 
not only because they reduce individual quality of life and 
life expectancy but also because they increase healthcare 
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expenditures, particularly in cases of multimorbidity, and 
slow economic growth.7,8 

Although OECD countries appear to have similar levels 
of economic development, they exhibit a heterogeneous 
structure in terms of the design of their health systems, 
financing structures, prevalence of chronic diseases, and social 
conditions.  Therefore, evaluating countries based on similar 
disease burden profiles rather than individual indicators 
increases the likelihood that interventions successful in 
one country will also be effective in other countries with 
similar profiles and helps identify inefficiencies in resource 
allocation.2,9 However, previous studies that have used country 
clustering have mostly focused on European countries and 
have examined the disease burden in conjunction with risk 
factors and disease management indicators.9,10 Based on 
this, the aim of this study is to cluster 38 OECD member 
countries solely based on their chronic disease burden profiles 
and to use machine learning to rank the health system and 
socioeconomic indicators that best distinguish these clusters. 
Thus, the study reveals not only which countries share 
similar disease burden profiles but also which health system 
and socioeconomic characteristics are associated with these 
profiles.

METHODS
Ethics
Ethics committee approval was not required for this study 
because it was based exclusively on publicly available, 
aggregated, and anonymized country-level secondary data 
and did not involve human participants or identifiable 
personal information. However, the entire research process 
was conducted in accordance with the principles of scientific 
research and publication ethics. 

Research Design 
This study is descriptive and analytical in nature and has a 
cross-sectional comparative design based on publicly available, 
country-level aggregated secondary data from 38 OECD 
countries. In the study, OECD countries were classified using 
cluster analysis based on chronic disease burden indicators; 
subsequently, the socioeconomic and health system indicators 
that differentiated these clusters were ranked by importance 
using the random forest method, a machine learning model. 

Dataset and Variables
The study’s population consists of all 38 OECD member 
countries and no country was excluded from the analysis. 
Table 1 lists the variables used in the study, the sources of the 
data, the reference years, and the units of measurement. 

Data on the burden of chronic disease were obtained from the 
Global Burden of Disease (GBD) 2023 study,11 health system 
indicators from the OECD Health Statistics database,12 and 
socioeconomic indicators from the World Bank’s World 
Development Indicators database.13 The variables used in the 
analysis were categorized into three groups. The first group 
includes chronic disease burden indicators: DALY (disability-
adjusted life years) rates for five major chronic disease groups, 
namely the four main noncommunicable disease groups 
(cardiovascular diseases, neoplasms, chronic respiratory 
diseases, diabetes and kidney diseases),1 and musculoskeletal 
disorders (all GBD level 2 cause groups), which form the basis 
of the clustering analysis, as well as DALY rates attributable 
to two major modifiable risk factors, high BMI and smoking. 
Risk factor-attributable DALY rates were included in the 
analysis because they reflect the preventable component of the 
disease burden and represent areas where countries are open 
to policy intervention. The second and third groups include 

Table 1. Research variables

Variables Source Year Unit

A. Chronic disease burden (clustering variables)

Cardiovascular diseases (CVD) DALY rate GBD 2023 DALY/100,000

Diabetes and kidney diseases DALY rate GBD 2023 DALY/100,000

Neoplasms (cancer) DALY rate GBD 2023 DALY/100,000

Chronic respiratory diseases (CRD) DALY rate GBD 2023 DALY/100,000

Musculoskeletal disorders (MSK) DALY rate GBD 2023 DALY/100,000

High body-mass index (BMI) risk DALY rate GBD 2023 DALY/100,000

Smoking risk DALY rate GBD 2023 DALY/100,000

B. Health system (explanatory variables)

Current health expenditure OECD 2023 % of GDP

Out-of-pocket (OOP) expenditure rate OECD 2023a % of current health expenditure

Preventive health expenditure OECD 2023b % of current health expenditure

C. Socioeconomic (explanatory variables)

GDP per capita (PPP) World Bank 2023 Current international $

Population aged 65 and above World Bank 2023 % of total population

Urbanization rate World Bank 2023 % of total population

Gini coefficient World Bank 2019-2023c Index (0-100)
a 2023 data were used for all countries except Norway (2022). b 2023 data were used for 33 countries and 2022 data for Israel and Norway. No data were available for 2019–2023 for three countries (COL, NZL, TUR; 
7.9%), for which median imputation was applied. c For the Gini coefficient, the most recent available year was used (24 countries: 2023; 6 countries: 2022; 3 countries: 2021; 2 countries: 2020; 1 country: 2019). No 
data was available for two countries (HUN, NZL; 5.3 %), for which median imputation was applied. DALY: Disability-adjusted life years, GBD: Global Burden of Disease
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variables related to socioeconomic factors and the health 
system to characterize and discriminate between the clusters. 
The year 2023 was used as the reference year for all variables, 
partly to minimize the exceptional impact of the COVID-19 
pandemic on health expenditure. All GBD indicators and 
most explanatory variables refer to 2023; for countries 
without 2023 data, the most recent year between 2019 and 
2023 was used (Table 1). Missing values remained in only two 
explanatory variables, preventive health expenditure (three 
countries, 7.9%) and the Gini coefficient (two countries, 5.3%), 
and were imputed with the median of the observed values 
across the 38 countries. Median imputation was preferred for 
three reasons. First, the proportion of missing data was low 
and confined to explanatory variables, leaving the clustering 
unaffected. Second, complete-case analysis would have 
excluded four countries (10.5%), including Turkiye, reducing 
cluster 1 to three countries. Third, the median is robust to 
skewed distributions and outliers. Multiple imputation was 
not used because it is unlikely to yield stable estimates in such 
a small sample.

Statistical Analysis
The aim of the study is not to estimate the effects on a single 
outcome variable, but rather to identify multidimensional 
disease burden profiles consisting of seven indicators and 
to rank the variables that best distinguish these profiles. To 

accomplish this, a two-stage approach was adopted, and the 
data were analyzed accordingly. In the first stage, K-means 
clustering (non-hierarchical) analysis was performed using 
variables related to the burden of chronic disease. Z-score 
standardization was applied to ensure the comparability of 
variables with different scales and units. The analysis used 
the Hartigan-Wong algorithm based on Euclidean distance; 
it was run with 50 random starting points (nstart=50) and a 
maximum of 200 iterations (iter.max=200). A fixed random 
number of seeds (set.seed(42)) was specified to ensure 
reproducibility. The K-means method was chosen because 
it directly minimizes intra-cluster variance for a given 
number of clusters and, unlike agglomerative hierarchical 
methods, allows countries to be reassigned among clusters 
during iterations; the Ward method was used for sensitivity 
analysis (Supplementary Table 1). Additionally, the method’s 
sensitivity to the choice of initial centers was reduced by using 
multiple random starting points. The optimal number of 
clusters was determined using two complementary criteria. 
The first criterion, the Elbow Method, examines the change 
in the within-cluster sum of squares (WCSS) for values 
of k ranging from 1 to 8. The second criterion, the average 
Silhouette width, measures the extent to which each country 
assigned to a cluster fits compared to its nearest neighbor’s 
cluster for values of k ranging from 2 to 8. The number of 
clusters was determined as the value at which the Silhouette 

Supplementary Table 1. Robustness of the three-cluster K-means results

A. Internal validity indices

k Calinski–Harabasz index Gap (standard error) Cluster sizes

2 16.42 0.327 (0.040) 11/27

3 17.53 0.324 (0.039) 4/8/26

4 16.82 0.329 (0.039) 1/9/9/19

5 15.93 0.316 (0.039) 1/3/7/8/19

6 15.65 0.333 (0.039) 1/3/5/7/7/15

7 15.09 0.329 (0.040) 1/3/4/4/5/7/14

8 15.25 0.346 (0.041) 1/2/2/4/4/5/6/14

B. Cluster-wise bootstrap stability (1,000 bootstrap resamples)

Cluster Countries (n) Mean Jaccard similarity Dissolved, n/1,000

Cluster 1 4 0.639 468

Cluster 2 8 0.862 43

Cluster 3 26 0.889 4

Two-cluster solution (k=2) 11/27 0.824/0.935 –

C. Agreement with alternative clustering algorithms

Method Adjusted Rand index Differences from the K-means solution

Partitioning around medoids (k=3) 0.918 Colombia grouped with cluster 1

Ward's method (k=3) 0.688 Mexico formed a single-country cluster; the United States and Turkiye grouped with six 
cluster 2 countries; Czechia, Greece, and Costa Rica grouped with cluster 3

D. Leave-one-country-out re-estimation (38 runs)

Country excluded Adjusted Rand index with original assignment Cluster 1 retained

Any of the other 35 countries 1.000 Yes

Czechia 0.903 Yes

United States 0.970 No

Mexico 0.537 No
The gap statistic selected k=1 (gap 0.317; standard error 0.041). An average Jaccard similarity of ≥0.75 indicates a stable cluster, while a value of 0.60-0.75 indicates a pattern with uncertain membership; a cluster 
with a Jaccard similarity <0.50 is considered dissolved in that resample.
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width reached its highest value and a distinct break in the 
WCSS curve was observed. The Calinski–Harabasz index 
and the gap statistic were also examined, and the stability 
of the three cluster solution was examined using bootstrap 
resampling, alternative clustering algorithms, and leave-
one-country-out re-estimation (Supplementary Table 1).14 
Differences between groups were identified using the Kruskal-
Wallis test and the Bonferroni-corrected Dunn test. These 
comparisons were conducted solely for descriptive purposes, 
as disease burden indicators were used to define the clusters. 
Cluster centers were visualized using a heatmap.

In the second stage, the cluster assignments obtained in 
the first stage were defined as the dependent variable, and 
a Random Forest classification model was built using seven 

health system and socioeconomic variables as explanatory 
variables. The number of potential variables evaluated at 
each node was determined as the square root of the number 
of explanatory variables, rounded to the nearest integer 
(√7≈2.65; mtry=3). Since the package's default setting rounds 
this value down (mtry=2), the results obtained with mtry=2 
are also provided as a supplementary file (Supplementary 
Table 2). To reduce the risk of overfitting in the small 
sample, no hyperparameter tuning was performed, and other 
parameters were left at their default values (replacement 
bootstrap sampling, minimum terminal node size=1). Since 
preliminary analyses showed that the variable importance 
rankings obtained with 1,000 trees varied depending on the 
random number seed, the number of trees was set to 5,000 

Supplementary Table 2. Out-of-bag confusion matrices and sensitivity analyses of the Random Forest models

A. Out-of-bag confusion matrices

Actual cluster Predicted cluster 1 Predicted cluster 2 Predicted cluster 3 Correct, % (95% CI)

Standard model (mean of 50 runs)

Cluster 1 (n=4) 1.1 0.0 2.9 28.0 (0.6–80.6)

Cluster 2 (n=8) 0.0 5.0 3.0 62.5 (24.5–91.5)

Cluster 3 (n=26) 2.5 1.9 21.6 83.1 (65.1–95.6)

Overall 72.9 (56.9–86.6)

Balanced model (identical in all 50 runs)

Cluster 1 (n=4) 3 0 1 75.0 (19.4–99.4)

Cluster 2 (n=8) 0 8 0 100.0 (63.1–100.0)

Cluster 3 (n=26) 3 4 19 73.1 (52.2–88.4)

Overall 78.9 (62.7–90.4)

B. Variable importance ranks (Mean Decrease Gini) under alternative specifications

Variable
Standard model Balanced model

mtry=3 mtry=2 Complete case mtry=3 mtry=2 Complete case

Current health expenditure 1 1 2 4 4 5

GDP per capita 2 2 1 5 5 4

Gini coefficient 3 4 4 1 1 1

Urban population 4 3 3 2 2 2

Population aged 65 and over 5 5 5 3 3 3

OOP expenditure 6 6 6 6 6 6

Preventive health expenditure 7 7 7 7 7 7

Accuracy, % 72.9 75.2 80.9 78.9 78.9 78.4

Cohen's Kappa 0.41 0.44 0.57 0.62 0.62 0.60

Most important for cluster 1 Gini Gini Gini Gini Gini Gini

C. Stratified subsampling (200 subsamples, 80% of countries in each cluster)

Variable
Standard model Balanced model

Mean rank Top 3, % Top for cluster 1, % Mean rank Top 3, % Top for cluster 1, %

Current health expenditure 1.44 100 18 3.61 28 0

GDP per capita 1.62 100 3 4.00 22 0

Gini coefficient 3.62 51 79 1.85 80 96

Urban population 3.88 38 0 2.88 74 0

Population aged 65 and over 4.91 8 0 2.75 96 4

OOP expenditure 5.53 3 0 6.11 0 0

Preventive health expenditure 7.00 0 0 6.82 0 0
Panel B shows the average ranks for 50 repetitions. Confidence intervals are exact binomial intervals (based on rounded average counts in the standard model); the majority class rate was 68.4%. Panel C shows the 
percentage of subsamples in which the variable ranks in the top three in the overall ranking or first in cluster 1. Complete case analysis: n=34 (Colombia, Hungary, New Zealand, and Turkiye excluded). In both 
the complete case and subsample analyses, the balanced model sampled two countries from each cluster. CI: Confidence interval, OOP: Out-of-pocket
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(ntree= 5,000). To account for the stochastic nature of the 
algorithm, the model was run 50 times with different random 
number seeds (1-50), and all results were reported as the mean 
and range (lowest–highest) of these 50 repetitions; this range 
reflects algorithmic variability only, not uncertainty due 
to small sample. Because there was a significant imbalance 
among the clusters (4, 8, and 26 countries), a balanced 
Random Forest model was also estimated, in which each tree 
was trained on a stratified sample consisting of three countries 
from each cluster, without replacement. The balanced model 
was also run with the same settings (ntree=5000, mtry=3, 
50 random seeds). While the standard model reflects the 
actual distribution of countries across clusters, the balanced 
model is better suited for identifying the variables that 
distinguish small clusters because it assigns equal weight to 
each disease burden profile. Rather than selecting one of the 
models afterward, both were reported, and the conclusions 
were based primarily on findings that were consistent across 
both models. The uncertainty arising from the small sample 
size and the robustness of the findings were assessed using 
exact binomial confidence intervals, a complete case analysis 
excluding the four countries with imputed values, and 200 
stratified subsamples (Supplementary Table 2). Variable 
importance indicates discriminatory ability rather than a 
causal effect. Since the sample size (n=38) was not sufficient 
to create separate training and test sets, model performance 
was evaluated using the out-of-bag (OOB) approach. Model 
performance was assessed using the OOB error rate, overall 
accuracy, Cohen’s Kappa coefficient, and cluster-based 
correct classification rates (OOB confusion matrices are 
given in Supplementary Table 2). In addition, the countries 
misclassified in the OOB predictions and the frequencies of 
misclassification were examined over 50 iterations. A country 
was considered misclassified when the cluster to which it 
belonged, as predicted by the Random Forest model based 
on socioeconomic and health system indicators, differed 
from the cluster to which it actually belonged based on its 
disease burden profile. Variable importance was primarily 
determined using the Mean Decrease Gini (MDG) metric. This 
metric represents the average reduction in impurity achieved 
by a variable across all trees’ node splits and is conceptually 
independent of the Gini coefficient, which serves as an 
indicator of income inequality in the dataset. To examine the 
cluster-specific importance of variables, the mean decrease 
accuracy (MDA) was also calculated. All analyses were 
performed in R (version 4.5.3; R Foundation for Statistical 
Computing, Vienna, Austria) using the cluster (2.1.8.2), 
factoextra (2.0.0), fpc (2.2.15), mclust (6.1.3), randomForest 
(4.7-1.2), caret (7.0-1), and dunn.test (1.3.7) packages.

RESULTS
The findings of the study are presented in this section using 
tables and figures. The Silhouette and Elbow methods were 
applied together to determine the optimal number of clusters. 
The Silhouette score reached its highest value (0.374) at k=3 
(Table 2). 

In the elbow plot, it was observed that the rate of decline in 
WCSS slowed down starting at k=3 (see Figure 1). The three-
cluster solution also has the highest Calinski–Harabasz index; 

the gap statistic, however, did not indicate a distinct cluster 
structure. Clusters 2 and 3 are stable across bootstrap samples 
and largely reproduced by alternative algorithms; the four-
country cluster 1, however, is less stable and relies heavily on 
Mexico (Supplementary Table 1). In the two-cluster solution, 
cluster 2 and three of the four cluster 1 countries (all except 
Costa Rica) formed a single high burden group.

Accordingly, a K-means cluster analysis was conducted, 
and the 38 OECD countries were divided into three distinct 
groups based on their chronic disease burden profiles. The 
cluster assignments are presented in Table 3.

The median values for the burden of chronic disease, 
socioeconomic, and health system variables across the 
three clusters are presented in Table 4. The Kruskal-Wallis 
test conducted to determine differences between clusters 
identified statistically significant differences between clusters 
in 12 of the 14 variables (p<0.05). Musculoskeletal disorders 
(p=0.412) and preventive health expenditures (p=0.526) did 
not show significant cluster differences.

Cluster 1 reflects the metabolic and respiratory burden profile, 
with the highest median DALY rates for diabetes and kidney 
diseases (2,033.9 per 100,000), chronic respiratory diseases 
(1,127.2 per 100,000), and high BMI-attributable burden 
(2,335.7 per 100,000). For diabetes and kidney diseases, 
high BMI, and CVD, Cluster 1 did not differ significantly 
from cluster 2, but both clusters were significantly higher 
than cluster 3; for chronic respiratory diseases, cluster 1 
was significantly higher than cluster 2 but did not differ 
significantly from cluster 3. The smoking-attributable burden 

Table 2. Average Silhouette scores

Number of clusters (k) Average Silhouette score

2 0.368

3 0.374

4 0.292

5 0.259

6 0.238

7 0.216

8 0.231

Figure 1. Optimal number of clusters (Elbow method) (k=1 to k=8, within-
cluster sum of squares)
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Table 3. Distribution of countries by clusters

Cluster Profile n Countries

Cluster 1 Metabolic and respiratory burden profile 4 Costa Rica (CRI), Mexico (MEX), Turkiye (TUR), United States (USA)

Cluster 2 Cardiovascular and smoking-related burden profile 8 Czechia (CZE), Estonia (EST), Greece (GRC), Hungary (HUN), Latvia (LVA), 
Lithuania (LTU), Poland (POL), Slovakia (SVK)

Cluster 3 Relatively low chronic disease burden profile 26

Australia (AUS), Austria (AUT), Belgium (BEL), Canada (CAN), Chile (CHL), 
Colombia (COL), Denmark (DNK), Finland (FIN), France (FRA), Germany (DEU), 
Iceland (ISL), Ireland (IRL), Israel (ISR), Italy (ITA), Japan (JPN), Korea (KOR), 
Luxembourg (LUX), Netherlands (NLD), New Zealand (NZL), Norway (NOR), 
Portugal (PRT), Slovenia (SVN), Spain (ESP), Sweden (SWE), Switzerland (CHE), 
United Kingdom (GBR)

Table 4. Hypothesis test results by cluster

Variables Cluster 1 (n=4) Cluster 2 (n=8) Cluster 3 (n=26) χ² p

Chronic disease burden (DALYs per 100,000)

CVD 3279.5 (3081.9-3554.9)a 4316.1 (3782.5-5609.5)a 1995.1 (1810.8-2265.1)b 23.2 <0.001

Diabetes and kidney diseases 2033.9 (1800.5-2653.6)a 978.1 (876.0-1138.6)a 719.4 (607.4-779.5)b 19.4 <0.001

Neoplasms 2908.6 (2726.7-2998.2)a 3701.6 (3230.6-3749.1)b 2902.6 (2668.0-3188.5)a 12.4 0.002

CRD 1127.2 (991.8-1211.6)a 560.3 (418.8-675.2)b 798.1 (650.6-918.6)a 11.6 0.003

MSK 2154.9 (2106.6-2332.6) 2058.9 (1989.5-2170.0) 2091.9 (1952.8-2195.3) 1.8 0.412

High BMI-attributable burden 2335.7 (2125.0-2696.7)a 1793.6 (1581.6-1994.1)a 1041.7 (929.8-1208.9)b 24.0 <0.001

Smoking-attributable burden 1172.9 (670.7-1737.0)ab 1932.3 (1881.6-2034.4)a 1132.1 (1030.1-1348.1)b 15.9 <0.001

Health system and socioeconomic indicators

Current health expenditure (% of GDP) 6.28 (5.32-9.37)ab 7.32 (7.22-7.67)a 10.06 (8.71-10.79)b 9.9 0.007

OOP expenditure (% of CHE) 21.59 (17.09-27.87)ab 22.60 (19.08-31.84)a 14.57 (12.44-20.76)b 6.6 0.037

Preventive health expenditure (% of CHE) 2.86 (2.14-3.19) 2.78 (2.66-3.32) 3.12 (2.32-4.44) 1.3 0.526

GDP per capita, PPP (thousand international $) 35.85 (27.99-52.67)ab 47.53 (45.16-49.56)a 63.82 (55.78-76.81)b 11.3 0.003

Population aged 65 and over (%) 10.86 (9.50-13.15)a 20.68 (19.78-21.02)b 19.88 (16.94-21.16)b 8.6 0.014

Urban population (%) 79.77 (79.33-82.31)ab 69.43 (66.24-71.19)a 83.12 (78.40-88.61)b 10.6 0.005

Gini coefficient (0-100) 43.60 (43.08-44.45)a 31.67 (27.80-33.55)b 32.35 (29.07-33.77)b 9.2 0.010
Values are medians (interquartile range, 25th–75th percentile). χ² and p values are from the Kruskal-Wallis test (df=2). Superscript letters indicate Dunn's post hoc comparisons with Bonferroni adjustment: clusters 
sharing a letter do not differ significantly (adjusted p≥0.05). Bonferroni-adjusted p-values for all pairwise comparisons are given in Supplementary Table 3. Letters are not shown when the Kruskal-Wallis test was 
not significant. Missing values (preventive health expenditure: COL, NZL, TUR; Gini coefficient: HUN, NZL) were imputed with the median. DALY: Disability-adjusted life years, CVD: Cardiovascular diseases, 
CRD: Chronic respiratory diseases, MSK: Musculoskeletal disorders, BMI: Body-mass index, OOP: Out-of-pocket, CHE: Current health expenditure

Supplementary Table 3. Bonferroni-adjusted p-values for pairwise comparisons between clusters (Dunn's test)

Variable Kruskal–Wallis p Cluster 1 vs 2 Cluster 1 vs 3 Cluster 2 vs 3

Disease burden (DALYs per 100,000)

CVD <0.001 1.000 0.027 <0.001

Diabetes and kidney diseases <0.001 0.596 <0.001 0.009

Neoplasms 0.002 0.034 1.000 0.002

CRD 0.003 0.003 0.217 0.034

MSK 0.412 0.742 0.573 1.000

High BMI-attributable burden <0.001 1.000 <0.001 <0.001

Smoking-attributable burden <0.001 0.053 1.000 <0.001

Health system and socioeconomic indicators

Current health expenditure 0.007 1.000 0.172 0.015

OOP expenditure 0.037 1.000 0.659 0.044

Preventive health expenditure 0.526 1.000 1.000 1.000

GDP per capita 0.003 1.000 0.127 0.008

Population aged 65 and over 0.014 0.012 0.033 0.959

Urban population 0.005 0.136 1.000 0.004

Gini coefficient 0.010 0.014 0.012 1.000
Bonferroni-corrected p-values for the two-tailed, three pairwise comparisons obtained from the Dunn test; values less than 0.05 are shown in bold. DALY: Disability-adjusted life years, CVD: Cardiovascular 
diseases, CRD: Chronic respiratory diseases, MSK: Musculoskeletal disorders, BMI: Body-mass index, OOP: Out-of-pocket



1191

Sönmez S. Chronic disease burden in OECD countriesJ Med Palliat Care. 2026;7(5):1185-1195

in cluster 1 did not differ significantly from either of the other 
clusters. From a socioeconomic perspective, this cluster had 
the highest income inequality (median Gini coefficient 43.60) 
and the lowest proportion of the population aged 65 and over 
(10.86%), both significantly different from clusters 2 and 3.

Cluster 2, consisting mainly of Central and Eastern European 
countries, reflects the cardiovascular and smoking-related 
burden profile. This cluster had the highest median DALY 
rates for CVD (4,316.1 per 100,000) and smoking-attributable 
burden (1,932.3 per 100,000), both significantly higher than in 
cluster 3, as well as the highest neoplasm burden (3,701.6 per 
100,000), which was significantly higher than in both other 
clusters. In contrast, its burden of chronic respiratory diseases 
was significantly lower than in both other clusters. Cluster 2 
had the highest median out-of-pocket expenditure (22.60% 
of current health expenditure), and its health expenditure 
(7.32% of GDP), GDP per capita, and urbanization rate were 
significantly lower than those of cluster 3.

Cluster 3 exhibits a relatively low chronic disease burden 
profile and includes most Western, Northern, and Southern 
European countries, as well as Japan, Korea, Canada, 
Australia, New Zealand, Israel, Chile, and Colombia. DALY 
rates for CVD, diabetes and kidney diseases, and high BMI-
attributable burden were significantly lower than in clusters 
1 and 2, whereas the neoplasm burden was similar to that of 
cluster 1 and significantly lower than that of cluster 2. This 
cluster had the highest median health expenditure (10.06% 
of GDP) and GDP per capita (63.82 thousand international 
$) and the lowest out-of-pocket expenditure (14.57%); these 
differences were statistically significant compared with cluster 
2 but not with cluster 1.

K-means cluster centers were visualized using a Z-score 
heatmap (Figure 2). In Cluster 1, diabetes and kidney diseases 
(Z=2.30) and high BMI-attributable burden (Z=2.04) are 
markedly elevated, indicating a predominant metabolic 

burden; together with the above-average CRD burden 
(Z=1.25), this supports the metabolic and respiratory burden 
profile. In Cluster 2, CVD (Z=1.50), smoking-attributable 
burden (Z=1.36), and neoplasms (Z=1.23) stand out with 
high values, whereas CRD is below average (Z=−0.90), 
which is consistent with the cardiovascular and smoking-
related burden profile together with a high neoplasm burden. 
Cluster 3, on the other hand, reflects a generally low chronic 
disease burden with negative or near-zero Z-scores across 
all dimensions. Although cluster 1 showed an above-average 
Z-score for MSK (Z=0.75), this difference was not statistically 
significant in the Kruskal-Wallis test (p=0.412). These labels 
describe the dominant characteristics of each cluster center 
but do not imply that each indicator differs significantly 
across clusters (Table 4; Supplementary Table 3).

Table 5 presents the performance of the standard and 
balanced Random Forest models along with the ranking of 
variable importance. In the standard model, current health 

Figure 2. Heatmap for clusters (Heatmap of standardized Z-scores for seven 
DALY variables across three clusters) 
DALY: Disability-adjusted life years, CVD: Cardiovascular diseases, CRD: Chronic respiratory diseases, 
MSK: Musculoskeletal disorders, BMI: Body-mass index

Table 5. Variable importance and model performance for Random Forest

Variable
Standard Random Forest Balanced Random Forest

Rank MDG Consistency (%) Rank MDG Consistency (%)

A. Variable importance (MDG)

Current health expenditure 1 4.48 100 4 0.87 98

GDP per capita 2 4.21 100 5 0.82 98

Gini coefficient 3 2.55 98 1 1.42 100

Urban population 4 2.43 98 2 1.16 100

Population aged 65 and over 5 2.07 100 3 1.04 100

OOP expenditure 6 1.32 100 6 0.41 100

Preventive health expenditure 7 0.56 100 7 0.27 100

B. Model performance (OOB) Mean (min-max) Mean (min-max)

Overall accuracy, % 72.9 (71.1-76.3) 78.9 (78.9-78.9)

Cohen's Kappa 0.41 (0.38-0.49) 0.62 (0.62-0.62)

Correct classification, cluster 1, % 28.0 (25.0-50.0) 75.0 (75.0-75.0)

Correct classification, cluster 2, % 62.5 (62.5-62.5) 100.0 (100.0-100.0)

Correct classification, cluster 3, % 83.1 (80.8-88.5) 73.1 (73.1-73.1)
Consistency is the percentage of runs in which the variable occupied the rank shown. MDG values are means across the 50 runs. MDG values are not directly comparable between the two models because of 
different sample sizes per tree; ranks are comparable. Predictions of the balanced model were identical in all 50 runs. MDG: Mean Decrease Gini, OOP: Out-of-pocket, OOB: Out-of-bag, Min: Minimum, Max: 
Maximum
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expenditures and GDP per capita emerged as the most 
important variables, followed by the Gini coefficient and the 
urbanization rate. In the balanced model, the Gini coefficient, 
the urbanization rate, and the population aged 65 and older 
ranked in the top three, followed by health expenditures and 
GDP per capita. In both models, the Gini coefficient was the 
most important variable for cluster 1 in all trials, while out-
of-pocket expenditures and preventive health expenditures 
ranked last. The standard model’s average overall accuracy 
was calculated as 72.9% (71.1-76.3) and the Kappa coefficient 
as 0.41 (0.38-0.49), indicating moderate agreement; the 
overall accuracy only slightly exceeded the majority-class rate 
of 68.4%. The correct classification rates were 28.0%, 62.5%, 
and 83.1% for clusters 1, 2, and 3, respectively. The balanced 
model, which produced the same predictions across all 
runs, demonstrated substantial agreement, achieving 78.9% 
overall accuracy and a Kappa coefficient of 0.62; the correct 
classification rates were 75.0%, 100%, and 73.1% for clusters 1, 
2 and 3, respectively. The United States (classified as cluster 3 
instead of cluster 1), Colombia and Chile (classified as cluster 
1 instead of cluster 3), and Portugal and Italy (classified as 
cluster 2 instead of cluster 3) were consistently misclassified in 
both models. These findings remained largely unchanged in 
the complete case analysis and in most stratified subsamples; 
the Gini coefficient continued to be the most important 
variable for cluster 1. However, the confidence intervals for 
the accuracy estimates are wide and include the majority class 
rate (Supplementary Table 2).

DISCUSSION
In this study, OECD countries were clustered based on their 
chronic disease burden profiles and were found to fall into 
three groups. This finding indicates that the burden of chronic 
disease is not distributed uniformly across countries and is 
not determined by economic level alone. For example, the 
United States shared a burden profile with middle-income 
countries such as Mexico, Costa Rica, and Turkiye, whereas 
Colombia and Chile, which belong to the low-burden cluster 
3, had socioeconomic characteristics similar to those of cluster 
1. Studies have also shown that OECD countries, particularly 
in Europe, are divided into different groups based on health 
status indicators (such as DALYs and life expectancy at birth), 
and that there are distinct differences between these groups in 
terms of behavioral patterns and geographic characteristics.9 
Similarly, a recent study examining the EU-27+2 countries 
identified seven clusters. According to this study, the OECD 
member countries in the three clusters with the highest 
burden of cardiovascular disease are the same eight countries 
that form cluster 2 in this study, despite the use of different 
indicators and methods.10 In another study, among European 
countries in 2019, CVD accounted for about one-third of the 
chronic disease DALY rate in Latvia (32.1%), compared with 
10.5–12.5% in France, Spain, and Iceland.4 This variability 
is also evident in conditions such as stroke, diabetes, and 
chronic respiratory diseases; the disease burden from stroke 
can be up to ten times higher in some regions compared to 
others.5 Compared to these analyses, this study groups all 38 
OECD member countries based on their age-standardized 

disease burden and associates the resulting profiles with 
health system and socioeconomic characteristics.4,9,15-18

The fact that Turkiye, the United States, Mexico, and Costa 
Rica (cluster 1) exhibit a high burden of diabetes and kidney 
diseases and high BMI-attributable disease may reflect the 
“nutritional transition” triggered by globalization and rapid 
urbanization; and that this process has accelerated the 
shift toward out-of-home consumption, high-calorie fast-
food-style diets, and sedentary lifestyles.15 In Turkiye, this 
transition is reflected in one of the highest rates of adult 
obesity in the WHO European Region (32.1%).19 While 
these countries are at different stages of the epidemiological 
transition, they share high income inequality. Cluster 1 has 
the highest Gini coefficient, and the Gini coefficient has been 
the most important variable for this cluster in all iterations 
of both Random Forest models. Socioeconomic analyses 
demonstrate a significant and strong association between risk 
factors for chronic diseases and income inequality, showing 
that the risk of obesity and diabetes spreads more rapidly 
in societies with high income inequality.16,20 Considering 
the imbalance in cluster sizes, the balanced Random Forest 
model correctly classified Turkiye, Mexico, and Costa Rica 
as cluster 1 based solely on socioeconomic and health system 
indicators. In contrast, although the United States belongs to 
cluster 1 in terms of disease burden, it was classified as cluster 
3 by both models in all iterations. In other words, the United 
States’ socioeconomic and health system indicators resemble 
those of the high-income countries in cluster 3. Consequently, 
the United States combines the economic and health system 
characteristics of high-income countries with a metabolic 
disease burden profile shared with middle-income countries; 
relatively high income inequality may be relevant to this 
pattern.

While the high burden of CVD and tobacco-related diseases 
in Eastern European countries in cluster 2 is well documented 
in the literature, this study shows that this is accompanied by 
lower health expenditures, GDP per capita, and urbanization 
rates, as well as a higher share of out-of-pocket payments, 
compared to cluster 3. In Random Forest models, the 
variables that best distinguished these two groups were health 
expenditure and GDP per capita in the standard model, and 
urbanization in the balanced model; the contribution of out-
of-pocket payments remained limited. The concurrently high 
burden of neoplasms in cluster 2 is also consistent with this 
cluster’s high burden attributable to smoking. Indeed, tobacco 
use is a common risk factor for cardiovascular diseases and 
many types of cancer.21 This finding is consistent with evidence 
that, in addition to traditional risk factors such as smoking, 
high blood pressure, unhealthy diets, and heavy alcohol 
consumption, difficulties in accessing health care due to 
inequities in access and insufficient investment in preventive 
health care contribute to the burden of preventable chronic 
diseases.22-24 The relatively low burden of chronic diseases 
in cluster 3, comprising mostly high-income countries, may 
reflect higher health expenditure and economic resources, 
as well as factors not measured in this study, such as healthy 
lifestyle habits and health system capacity.25 Consistent with 
their higher per capita GDP, these countries allocate more 
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resources to their health systems, which may facilitate the 
prevention and management of chronic diseases. Additionally, 
healthy dietary patterns characterized by a variety of plant-
based foods and the restriction of processed foods serve 
as a key protective factor in preventing chronic conditions 
such as cardiovascular diseases and diabetes.26 This may 
be particularly true for Italy and Portugal, which, although 
predicted to be in cluster 2 by both models, actually belong 
to cluster 3 meaning their socioeconomic characteristics are 
closer to those of cluster 2.

The most important variables that differentiate countries 
based on their chronic disease burden profiles were ranked 
using two random forest models. In the standard model, 
health expenditure and GDP per capita were found to be 
the most important variables. This finding is consistent with 
studies reporting a relationship between health expenditure 
and health outcomes.27,28 However, these variables which are 
two closely related indicators of economic capacity primarily 
distinguished cluster 3 from cluster 2. In the balanced model, 
where equal weight was assigned to each disease burden 
profile, income inequality, urbanization, and population aging 
emerged as the most important variables. The balanced model 
classified small clusters considerably better and produced 
consistent predictions across repetitions. However, this led 
to a decrease in accuracy for cluster 3. Population aging 
primarily distinguished the younger populations of cluster 
1. Since DALY rates were age-standardized, this relationship 
is not a direct result of differences in age structure; instead, 
it may reflect differences in the stage of demographic and 
epidemiological transition. Urbanization, on the other hand, 
primarily distinguished cluster 2, which had the lowest 
urbanization rate. The Gini coefficient, an indicator of income 
inequality, emerged as the most important variable for cluster 
1 in all model specifications and in most subsamples; however, 
its ranking in the overall hierarchy varied depending on the 
model. This finding is consistent with the importance of social 
determinants of health, but it reflects an association rather 
than a causal effect. Research has shown that DALY rates 
increase in countries with high income inequality.9,16 This 
situation creates a “social gradient” in which individuals of 
lower socioeconomic status are more exposed to risk factors 
such as unhealthy diets, tobacco use, and physical inactivity, 
and face financial barriers to accessing preventive health 
services.4,29 Particularly in countries with pronounced income 
inequality, such as Turkiye, the United States, and Mexico, 
this pattern has been associated with high prevalence rates of 
obesity and diabetes.20 

Preventive health expenditure was the least important 
variable in both models and showed no significant differences 
across clusters. This finding should not be interpreted as 
preventive health expenditure is at a uniform level across 
OECD countries. Indeed, the share of these expenditures 
within current health expenditures ranges from 0.3% in 
Israel to 6.7% in Canada. Since this indicator is expressed as 
a share of current health expenditures, it reflects the relative 
priority given to preventive care rather than the absolute level 
of preventive spending. Therefore, countries with high total 
health expenditures may spend more per capita on preventive 

services, even if the share of such spending is similar or lower. 
This finding primarily reflects significant variability within 
the clusters and certain measurement issues. First, the scope 
of preventive services in national health accounts varies across 
countries. Preventive services provided during primary care 
visits are often recorded as curative services, which can lead 
to an underestimation of preventive health expenditure.2 The 
consistently low values reported by Israel for the 2019–2022 
period (0.25%–0.32%) may reflect this reporting practice 
rather than actual differences in preventive activities. Second, 
expenditures on COVID-19 testing and vaccination were 
recorded as preventive services and may have inflated the 
figures for the pandemic years, including the 2022 values 
reported for Israel and Norway. Third, current preventive 
health expenditure may not reflect the disease burden that has 
accumulated over decades.  Nevertheless, preventive health 
expenditure remains low in most countries. While the average 
share of preventive health expenditure in GDP (rather than 
in current health expenditure, as in the present study) across 
36 OECD countries was 0.237% in 2017, it has been estimated 
that the share needed to minimize the prevalence of ill health 
and maximize economic growth and well-being is 1.175% of 
GDP.30

Limitations
While this study fills an important gap in the literature, it 
also has certain limitations. First, due to its cross-sectional 
data structure, the causal nature of the relationships between 
variables could not be assessed. Given that the disease burden 
reflects cumulative exposures over decades, it is recommended 
that future studies examine temporal dynamics using 
panel data approaches. Second, the sample was limited to 
38 countries, and there is a significant imbalance in cluster 
sizes and the cluster structure was only weakly separated, 
with the four-country cluster 1 being less stable than other 
clusters. Therefore, the classification performance of the 
standard Random Forest model remained moderate, the 
confidence intervals for accuracy were wide in both models, 
and the ranking of variable importance varied depending 
on whether cluster sizes were balanced or not. Furthermore, 
closely related variables such as health expenditure and GDP 
per capita may share importance in Random Forest models. 
Third, the reference year differs across countries for some 
explanatory variables. Although these differences are limited 
to a small number of countries and largely concern slowly 
changing indicators such as the Gini coefficient, the 2022 
values for preventive health expenditure may partially reflect 
pandemic-related spending. Fourth, the median imputation 
applied to preventive health expenditure (7.9% missing) and 
the Gini coefficient (5.3% missing) may have reduced the 
variance of these variables and weakened differences across 
clusters although a complete-case analysis yielded consistent 
results. Finally, the GBD estimates for 2023 are model-based. 
Although each estimate is reported with a 95% uncertainty 
interval, only the central estimates were used in this study.

CONCLUSION
This study reveals that OECD countries can be divided into 
three clusters with different chronic disease burden profiles, 



1194

Sönmez S. Chronic disease burden in OECD countries J Med Palliat Care. 2026;7(5):1185-1195

and that this cluster structure is associated with socioeconomic 
and health system factors, particularly income inequality, 
whereas the importance of health expenditure and per capita 
income depended on the modelling approach. The findings 
suggest that countries should adopt context-specific strategies 
aligned with their cluster profiles when determining policies 
related to chronic disease management. Turkiye’s similarity 
to countries with a high burden of metabolic and respiratory 
diseases highlights the importance of prioritizing preventive 
interventions targeting obesity, diabetes, and tobacco control 
in health policies together with policies addressing income 
inequality. Future studies may be recommended to examine 
causal relationships and the impact of policy interventions on 
cluster profiles using panel data approaches.
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