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Abstract. This paper uses state-of-the-art machine learning techniques to study the relationship between 

environmental pollution, life expectancy and lifestyle variables in European countries, with a focus on the 

Italian regions. 

K-means clustering allowed to analyse the impact of the pandemic on socio-economic variables between 

2019 and 2021, showing how countries position themselves with respect to these changes. 

Different regional typologies were outlined, reflecting the diversity of environmental and health 

challenges. 

Furthermore, a random forest analysis was used to predict life expectancy in European countries and 

Italian regions based on the presence of the most polluting and health-damaging substances. 

This methodological approach offers new ways of identifying priorities for intervention, combining 

environmental mitigation with targeted prevention and treatment strategies. 

 

1. Introduction 

According to the World Health Organization, Europe is the most affected region in the 

world by non-communicable diseases such as cancer, cardiovascular diseases and chronic 

respiratory diseases, with a relatively small group of health conditions accounting for a large 

proportion of the disease burden. 

Since 2013, European Commission reports have identified the main causes and effects of 

health inequalities, including living conditions, health-related behaviours, education, 

occupation and income. The report recognises the role that exposure to air pollution can play in 

health inequalities. 

Air pollution is the most important environmental health risk factor, independent of an 

individual's lifestyle. It remains a major cause of ill health, contributing not only to the 

development of cancers but also to respiratory and cardiovascular diseases, and is thought to be 

responsible for more than 6.5 million deaths per year worldwide. 

According to the European Environment Agency (EEA), 253,000 deaths in the EU-27 in 

2021 were attributable to exposure to concentrations of fine particulate matter (PM2.5), and 

coarse particulate matter (PM10). A further 52,000 deaths were associated with exposure to 

other key air pollutants, such as high NO2 (nitrogen dioxide) and O3 (ozone) concentrations. 

According to the EEA, energy consumption in residential, commercial and institutional 

buildings was the main source of PM10 and PM2.5. Agriculture was the main source of 

ammonia and methane, accounting for 94% and 55% of emissions respectively. 
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Figure 1  Main sources of air pollutants in Europe, 2021. 

 

Source: European Environment Agency. 
 

In 2021 road transport was the main source of nitrogen oxides, accounting for 39% of 

emissions. In the same year, the energy sector was the main source of sulphur dioxide, 

responsible for 46% of emissions. Manufacturing and extractive industries were the main 

emitters of heavy metals to air. 

Figure 2  N. of deaths attributable to the environment in EU countries (2019 -2021). 

Source: European Environment Agency 

 

Figure 2 presents the number of deaths attributable to the environment: Eastern European 

countries carry a significantly higher environmental burden of disease and mortality than 

western European countries, exacerbating economic inequalities across the European region. 

The relationship between socio-economic status and health inequality is unequivocal1.  

                                                      
1 Pickett and Wilkinson, (2015) 
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Societies with wide disparities in socio-economic status also have wide disparities in health and 

mortality outcomes. Social disparities are evident in both lifestyle choices and dietary patterns.  

As incomes decline and household budgets tighten, food choices often shift towards cheaper, 

more energy-dense options. High-quality protein, whole grains, fruits, and vegetables are 

typically the first to be sacrificed. Over time, this dietary pattern can lead to an increased risk of 

chronic diseases and premature mortality. 

 

2. Methodology: preliminary consistency analysis 

This study aims to identify potential significant correlations between environmental 

pollution, life expectancy and lifestyle variables using cutting-edge machine learning 

techniques. For a preliminary consistency analysis, a K-means cluster analysis has been 

applied to look for likely relationships within the data without any prior assumption. 

The K-Means clustering technique is an unsupervised learning algorithm widely used 

in data science to identify hidden structures in data and break them down into 

homogeneous groups.K-Means algorithm, minimizing within-cluster inertia, 

partitions quantitative observations into K clusters, with K random initial centroids, 

thus associating each observation to the nearest centroid according to the Euclidean 

distance: 

dE =  ∑√(xi − yi)2Ni = 1 (1) 

Where 𝑥𝑖 and 𝑦𝑖 are coordinates of two observations, X = (𝑥1,2, ..., 𝑥𝑁) and Y = (𝑦1,𝑦2, ..., 

𝑦𝑁),  respectively. Then, the algorithm computes the centroids of the new groupings iteratively 

until convergence. 

The K-means algorithm was implemented for regional analysis using independent variables 

that concern some socioeconomic and lifestyle variables at the regional scale: 

The feature “Meat consumption” derives from five features concerning the consumption 

of animal-source food meats, defined as the percentage of individuals who declare that they -

consume cured meats, chicken, turkey, beef, pork,  more than once a week2. 

The five variables have been summarized on animal-source food into a single feature 

(“Meat consumption”), namely the first component resulting from a Principal Component 

Analysis. 

PCA are made as a linear combination, orthogonal to each other, of the dataset features; the 

first principal component PC1 represents a large fraction of variation (variance explained) in 

the sample, and successive PCs account for decreasing portions of the remaining variation.  

                                                      
2 For Italy data are provided by the 2021 Aspects of Daily Life (AVQ)  Istat survey, Data for other 

countries, are provided by surveys carried out from other National Institutes of Statistics and collected 

by Eurostat. in Regions database 
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Therefore, to reduce the variability to get a good representation of the data and to build the 

feature “Meat consumption”, only the first few PCs have been used only PC1, which 

contained almost 80 % of the data variance. 
 

Table 1  Independent variables relating to socio-economic aspects and lifestyle. 

Variable Description 

Environmental pollution the value of the annual average concentration of PM10 and PM2.5 

Available hospital beds the average number of beds in public hospitals, per regional population 

Income the mean annual income per family provided by the EuSilc survey 

Life expectancy the mean number of years that a person can expect to live at birth 

Overweight 
the average percentage of people in excess weight (overweight and obese 

individual3) 

Smoke the average percentage of smokers 

Fruit and vegetable consumption 
the percentage of subjects who declare that they eat fruit or vegetables at least 

once a day 

 

3. Results of European regions between 2019 and 2021 

As a result of the K-means cluster analysis for European regions based on environmental 

and socio-economic variables in 2019 and 2021, three clusters were identified as the optimal 

number according to the Elbow method4. 

Cluster 1 (Red in Fig.3): Cluster 1 includes Eastern European countries such as Romania, 

Bulgaria, and Hungary. These states remain characterized by socio-economic challenges, 

including lower income levels and limited access to advanced healthcare services. Unfavorable 

health behaviors such as higher smokers’ prevalence and overweight rates are notable in this 

group. Additionally, this cluster shows moderate life expectancy and significant environmental 

challenges (Fig: 4a, 4b). Between 2019 and 2021,Cipro and Greece join this cluster. 

Cluster 2 (Blue in Fig: 3) predominantly includes Western European countries such as 

France, and Switzerland. These countries demonstrate strong socio-economic indicators, such 

as high income levels and advanced healthcare systems., lower smokers' rates and higher fruit 

and vegetable consumption, environmental pollution and meat consumption are moderate 

concerns in some countries within this group, while life expectancy is generally high (Fig: 4c, 

4d). Between 2019 and 2021 Norway, Germany, Belgium and Austria will leave this cluster, 

while Italy, Spain and Sweden will enter. 

Cluster 3 (Green in Fig.3): This cluster features Nordic and Southern European countries. 

These states present a balanced profile, with moderate to high income levels and positive 

lifestyle factors (Fig: 4e, 4f). Life expectancy remains relatively high overall, reflecting positive 

health outcomes in these states. 

                                                      
3 Overweight” means people with a body mass index (BMI) between 25 and 29,9 while people with a 

BMI of 30 are included in the “obese” group. 
4 Elbow 
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Figure 3  Cluster in EU regions in 2019 and 2021 

 

 

Figure 4  Cluster characteristics in the EU regions in 2019(a,c,e) and 2021(b,d,f) 
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4. Focus on Italy 

Focusing on the Italian regions to perform a cluster analysis based on environmental and 

socio-economic variables in 2019 and 2021, again using Elbow methods, three clusters were 

identified as the optimal number. 

 

Figure 5  Cluster in Italian regions in 2019 and 2021. 

 
 

Cluster 1:(Red in Fig: 5): Composed of southern regions, this cluster highlights socio-

economic challenges. It is characterized by lower income levels, higher smoking prevalence, 

and significant rates of overweight individuals and meat consumption. The life expectancy is 

very low in this group. (Fig: 6a, 6b) 

Cluster 2: (Blue in Fig: 5): Includes the north-west and central regions, which have 

moderate socio-economic indicators. This cluster is characterized by healthier lifestyles, 

including lower prevalence of overweight individuals and high consumption of fruit and 

vegetables, reflecting a relatively balanced health profile, with high life expectancy. (Fig: 6c, 

6d) 

Cluster 3 (Green in Fig: 5): This cluster groups northern regions. These regions demonstrate 

high income levels and favorable health behaviors, such as higher fruit and vegetable 

consumption and lower smoking prevalence with life expectancy remaining notably high 

compared to other regions. (Fig: 6e, 6f). 

 

5. A deeper level of analysis: prediction of future mortality incidence 

To delve deeper into the specific air pollutants linked to mortality in EU and Italian regions, 

a secondary analysis was conducted using a Random Forest5 model. 

                                                      
5 Babu S, Thomas B (2023) 
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Figure 6  Cluster characteristics in the Italian regions in 2019(a,c,e)and 2021(b,d,f). 

 

 

The Random Forest technique is a regression tree technique which combines multiple 

decision trees and randomization of predictors to achieve a high degree of predictive accuracy.  

Each tree in the forest builds from a different subset of the data and makes its independent 

prediction. The final prediction for input is based on the average of all the individual trees’ 

predictions. The RF regression is one of the most popular machine learning algorithms and has 

been success fully applied to both classification and regression in many different fields. 

A Random Forest analysis was developed to predict life expectancy in the six identified 

clusters, using major environmental pollutants (associated to life expectancy reduction) such as 

PM2.5, PM10, O3 and NO2 as predictors according to EEA  and Ispra data. 

The prediction was made from socio-economic data and environmental variables in 2021. 

The importance of each variable and its predictive accuracy were assessed. The evaluation used 

leave-one-out cross-validation, highlighting the predictive ability of the model within each 

cluster. 

 

Table 2  Mean Values of Air Pollutants for Different Clusters of Italian Regions. 

 NO2 O3 PM10 PM2.5 

Cluster 1 15.55 54.39 22.10 11.53 

Cluster 2 16.27 57.98 19.95 11.87 

Cluster 3 22.54 53.12 24.26 16.59 
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Table 3  Mean Values of Air Pollutants for Different Clusters of European States. 

 NO2 O3 PM10 PM2.5 

Cluster 1 7.80 61.77 16.76 12.84 

Cluster 2 5.88 60.74 14.52 8.25 

Cluster 3 6.59 65.75 13.94 7.73 

 

After identifying the relevant characteristics (pollutants), cleaning and pre-processing the 

data, dealing with missing values and normalizing pollutant levels, the following steps were 

taken: 

 Model Training: Data are split into training and test sets. Random Forest model is trained 

with pollutants as features and life expectancy rates as the target. 

 Model Evaluation: The model's performance is assessed on the test set using metrics like 

Mean Squared Error (MSE)6 Mean absolute error (MAE)7 and Root Mean Squared Error 

(RMSE)8 . 

 Future Data Prediction: future pollutant data are collected and input into the trained model. 

 Life expectancy prediction: The model predicts future life expectancy based on the input 

pollutant data, providing insights into potential future health impacts in the region based on the 

levels of the main pollutants detected in 2021 according to EEA data. 

The following table illustrates how the model's predictions assesses the model's accuracy 

using the MSE, MAE, RMSE 

 
Table 4  Performance Measures to predict Life Expectancy in European countries. 

 Cluster 1 Cluster 2 Cluster 2 

MSE 0.038 0.003 0.018 

MAE 0.145 0.056 0.097 

RMSE 0.196 0.059 0.136 

 

In Cluster 1, NO2 was identified as the most significant predictor, with PM10 and PM2.5 

also contributing notably. O3 had a limited influence on life expectancy predictions (Fig: 7a). 

This cluster demonstrated a MSE of 0.038, MAE of 0.145, and RMSE of 0.196, indicating 

reliable predictions (Tab: 4). 

                                                      

6   

7.  

8  
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For Cluster 2, PM2.5 emerged as the most critical variable, highlighting the substantial 

impact of fine particulate matter on life expectancy. The variables PM10, and NO2 played 

meaningful roles, while O3 had minimal relevance (Fig: 7b). This cluster achieved the best 

predictive performance, with the lowest MSE (0.003), MAE (0.056), and RMSE (0.059), 

reflecting highly accurate predictions (Tab: 4). 

In Cluster 3, NO2 and O3 were the dominant variables, underlining their importance in 

regions characterized by diverse environmental conditions. PM2.5 and PM10 were less 

influential compared to other clusters (Fig: 7c). The predictive metrics for this cluster were 

strong, with an MSE of 0.018, MAE of 0.097, and RMSE of 0.136, showcasing good model 

performance (Tab: 4). 

 
Figure 7  Predictors of life expectancy in EU regions grouped in 3 clusters(a, b, c). 

   

 

 

A similar Random Forest model can be build  to predict life expectancy by analyzing the 

three clusters previously identified, with environmental variables levels (main pollutants 

detected in 2021) as predictors according to Ispra data. 

 
Table 5  Performance Measures to predict life expectancy in Italian regions. 

 Cluster 1 Cluster 2 Cluster 2 

MSE 0,032 0,011 0,008 

MAE 0,124 0,104 0,084 

RMSE 0,178 0,104 0,089 

 

The predictions were evaluated using the leave-one-out cross-validation method, and the 

results provide insights into the predictive performance and importance of different variables 

across clusters. 

In Cluster 1, the PM10 was the most critical predictor, with the highest importance score, 

indicating its strong association with life expectancy in this cluster. NO2 and PM2.5 also played 

significant roles, while O3 was less influential (Fig: 8d) Cluster 1 exhibited the highest error 
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metrics among the three groups, with an MSE of 0.032, an MAE of 0.124, and an RMSE of 

0.178, but the overall predictive performance is still acceptable. 

For the cluster 2, NO2 emerged as the most important predictor, emphasizing the role of 

traffic-related pollution in influencing mortality rates. PM10 and PM2.5 were also relevant, 

while O3 showed minimal importance (Fig: 8e). Cluster 2 performed well, with an MSE of 

0.011 and an RMSE of 0.104. 

Finally, in cluster 3 the PM2.5 was the dominant variable, reflecting the relevance of fine 

particulate matter in regions with higher industrial activities. PM10 and NO2 followed in 

importance, with O3 having a negligible impact (Fig: 8c). Cluster 3 achieved the best results, 

showing the lowest error metrics, including a MSE of 0.008, a MAE of 0.084, and a RMSE of 

0.089.  

 

Figure 8  Predictors of life expectancy in EU regions grouped in 3 clusters(d, e, f). 
   

 

6. Results and discussion 

The results highlight the crucial role of environmental and socio-economic conditions in 

determining health inequalities. Regional classification using K-means clustering allowed the 

identification of three macro-groups with distinct socio-economic and health characteristics. 

Eastern European regions, although less polluted than some in Western Europe, show greater 

vulnerability due to lower income levels and limited access to health services. Conversely, 

Western European countries, while benefiting from advanced health care systems and 

generally healthier lifestyles, face growing concerns about air pollution, as evidenced by the 

effects of fine particulate matter (PM2.5 and PM10). 

An important finding is the importance of particulate matter and nitrogen dioxide (NO2) as 

primary predictors of mortality and life expectancy, independent of socio-economic factors. 

This underlines the fact that in high-pollution contexts, even a healthy lifestyle cannot offset the 

negative effects of prolonged exposure to pollutants. In Italy, regional disparities are particularly 

pronounced: northern regions show better health indicators due to higher incomes and healthier 

lifestyles, while southern regions face a combination of adverse factors, including lower 

incomes and higher rates of obesity and smoking. The Random Forest analysis confirmed the 

key role of specific pollutants, with PM2.5 emerging as the most significant predictor of 

reduced life expectancy in many clusters. These findings underscore the importance of targeted 
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interventions to reduce air pollution and integrated policies addressing both socio-economic 

inequalities and environmental risks. 

 

7. Conclusions 

This paper demonstrated the effectiveness of advanced techniques, such as K-means 

clustering and the Random Forest model, in identifying relationships between environmental 

pollution, socio-economic factors, and life expectancy. The emergence of PM2.5 and NO2 as 

key predictors highlights the need for specific policies aimed at improving air quality, 

particularly in the most vulnerable areas.  

These findings underscore the importance of targeted interventions to reduce air pollution 

and integrated policies addressing both socio-economic inequalities and environmental risks. 

Moreover, the observed disparities call for focused strategies to promote health equity and 

to reduce pollution. A polluted environment can impede our efforts to achieve optimal health, 

just as a polluted train carriage can impede our comfort on the journey of our lives. 
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