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This thesis explores the application of machine learning (ML) and explainable artificial

intelligence (XAI) to investigate the complex relationship between environmental factors

and non-communicable diseases (NCDs), with a particular focus on mortality trends in

Italy. The research is motivated by the growing recognition of the impact of environmen-

tal exposures, such as air pollution, on human health, particularly in the development

and progression of chronic diseases like respiratory cancers, cardiovascular diseases, and

metabolic disorders. By leveraging advanced ML techniques and XAI, this work aims to

uncover the underlying mechanisms linking environmental stressors to health outcomes,

providing actionable insights for public health interventions and policy-making.

The thesis is structured around three key studies, each employing a combination of pre-

dictive modeling and XAI to analyze different health outcomes influenced by environ-

mental and socio-economic factors. The first study focuses on the relationship between

air pollution and mortality from respiratory system cancers in Italian provinces. Using

remote sensing data from the Copernicus Atmosphere Monitoring Service (CAMS) and

socio-economic data from the Italian National Institute of Statistics (ISTAT), the study

employs a Random Forest regressor to predict standardized mortality ratios (SMRs) and

identifies nitrogen monoxide (NO), income levels, and ozone (O3) concentrations as the
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most significant predictors of respiratory cancer mortality. The use of SHAP (Shapley

Additive Explanations) values enhances the interpretability of the model, offering insights

into the contributions of various environmental and socio-economic factors.

The second study builds on the first by comparing thirteen classification models to predict

whether Italian provinces exhibit respiratory cancer mortality rates above or below the

national average. The study evaluates the performance of various ML algorithms, including

Random Forest, Gradient Boosting, and Support Vector Machines, and identifies the Extra

Trees classifier as the most accurate model. SHAP analysis reveals that NOx, benzene,

and income levels are the most influential features, reinforcing the findings of the first

study and providing a broader methodological perspective for identifying environmental

determinants of respiratory cancer mortality.

The third study shifts focus to endocrine, nutritional, and metabolic diseases, examining

the relationship between air pollution, socio-economic factors, and mortality rates across

Italian provinces. The study employs three regression models—Gradient Boosting (GB),

Random Forest (RF), and XGBoost—to predict SMRs for these diseases. Gradient Boost-

ing emerges as the best-performing model, with SHAP analysis highlighting the critical

roles of life quality, lifetime, and benzene exposure in influencing mortality rates. The

study underscores the interplay between environmental and socio-economic determinants

in shaping health outcomes and provides actionable insights for policymakers aiming to

reduce health disparities and mitigate risk factors.

Collectively, these studies demonstrate the effectiveness of combining predictive modeling

with XAI to provide accurate, interpretable, and actionable insights into the impact of

environmental factors on public health. The use of SHAP values ensures transparency

and trustworthiness in AI-driven epidemiological research, enabling stakeholders to un-

derstand the underlying mechanisms driving model predictions. This approach not only

enhances the interpretability of complex ML models but also facilitates the generation of

new hypotheses and guides future research directions.
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The findings of this thesis have significant implications for public health policy, partic-

ularly in the areas of pollution control, urban planning, and targeted interventions. By

identifying key environmental and socio-economic predictors of mortality, this work pro-

vides a data-driven framework for assessing health risks and guiding preventive measures.

The integration of geospatial analysis and robust validation techniques further emphasizes

the importance of methodological rigor in environmental health research.

In conclusion, this thesis contributes to the growing field of AI-driven epidemiology by

providing a transparent and interpretable framework for assessing environmental health

risks. The research highlights the transformative potential of ML and XAI in advancing

our understanding of the complex interactions between environmental exposures and hu-

man health. By bridging machine learning, explainability, and epidemiology, this work lays

the foundation for future advancements in AI-assisted health risk assessment and environ-

mental policy development, ultimately aiming to reduce the burden of non-communicable

diseases and promote healthier, more sustainable communities.
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Chapter 1

Introduction

This chapter establishes the foundation of the thesis, highlighting the role of artificial intel-

ligence (AI) and explainable machine learning (XAI) in advancing environmental research.

It outlines the research objectives and emphasizes the importance of interpretability in AI

models for supporting environmental sustainability and policy development.

1
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1.1 Background and Motivation

In recent decades, the link between environmental factors and human health has become

increasingly clear [1]. Air pollution, exposure to toxic substances, climate change, and

other environmental factors play a crucial role in the development and progression of

numerous diseases, including respiratory, cardiovascular, and chronic illnesses. In this

context, the concept of the exposome, introduced to describe the total set of environmen-

tal exposures an individual experiences throughout their life, represents a fundamental

tool for understanding the complexity of interactions between environment and health [2].

The exposome encompasses not only external factors such as air pollution, chemical expo-

sure, and climatic conditions but also internal factors like the microbiome and metabolic

processes. For example, prolonged exposure to fine particulate matter (PM2.5) has been

associated with an increased risk of cardiovascular diseases, while the interaction between

chemical agents and genetic factors can contribute to the development of chronic diseases

[3]. This holistic approach enables integrated analysis of environmental exposures, offering

new perspectives for disease prevention and management.

Simultaneously, machine learning (ML) has emerged as an essential tool to address the

complexity and multidimensionality of data related to the exposome. ML techniques,

such as convolutional neural networks and unsupervised clustering algorithms, are used

to analyze large environmental and health datasets, uncover hidden patterns, and predict

relationships between exposures and diseases [4, 5]. For instance, ML models have been

successfully applied to identify predictive biomarkers of air pollution exposure and to an-

alyze complex interactions between genetic and environmental factors [6, 7]. Beyond this,

ensemble learning approaches, such as random forests and gradient boosting machines,

have proven effective in modeling nonlinear and interactive effects of environmental ex-

posures on health outcomes [8]. Furthermore, natural language processing (NLP) has

been utilized to extract valuable information from unstructured text data, such as medical

records and environmental reports, to better understand exposure-disease links [9, 10].
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Recent studies have also focused on integrating ML with geospatial analysis to examine

the impact of localized environmental factors, such as urban heat islands and industrial

emissions, on community health [11, 12]. These models are further enhanced by incor-

porating temporal dynamics, enabling the prediction of long-term health outcomes based

on historical exposure trends [13]. However, understanding these dynamics is a complex

challenge due to the multidimensional nature of available data and their origin from het-

erogeneous sources such as environmental sensors, epidemiological databases, and health

monitoring systems [14, 15, 16].

Building upon these advances, the application of Explainable Artificial Intelligence (XAI)

is emerging as a crucial step in ensuring transparency and trustworthiness in ML mod-

els dealing with environmental and health data [17]. XAI provides techniques to make

AI systems more interpretable, allowing researchers and policymakers to understand the

underlying mechanisms driving model predictions [18].

In this work about environmental factors, ML models have a crucial in studying the in-

teraction between exposome and human health, in particular with noncommunicable dis-

eases [19]. The exposome plays a crucial role in understanding noncommunicable diseases

(NCDs), which are significantly influenced by environmental exposures over a lifetime.

NCDs such as cardiovascular diseases, diabetes, and respiratory illnesses are shaped by

complex interactions between external exposures like air pollution, chemical toxins, and

climate-related stressors, and internal factors including metabolic responses and the mi-

crobiome [20, 21, 22]. Explainable artificial intelligence highlights the most significant en-

vironmental contributors to NCDs, guiding policies on pollution control, urban planning,

and public health interventions. Futhermore, XAI can suggest new hypotheses about how

environmental changes influence health, guiding experimental and observational studies.

The goal of this work is to investigate the interplay between environmental factors, en-

capsulated by the exposome concept, and noncommunicable diseases (NCDs), leveraging

advanced machine learning (ML) and explainable artificial intelligence (XAI) methods.
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By integrating complex, multidimensional datasets from environmental and health do-

mains, the study aims to uncover and quantify the relationships between environmental

exposures and the onset or progression of NCDs such as cardiovascular diseases, diabetes,

and respiratory illnesses. Furthermore, it seeks to provide interpretable insights through

XAI techniques to ensure transparency and actionable results for stakeholders, including

researchers, policymakers, and healthcare practitioners. This approach also facilitates the

generation of new hypotheses on the influence of environmental changes on human health,

driving future studies and targeted interventions, while supporting evidence-based policy

formulation in areas like pollution control, urban planning, and public health.

This thesis explores predictive modeling and Explainable Artificial Intelligence (XAI) to

analyze and predict mortality trends in Italy, focusing on transparency and actionable

insights for public health. The first study develops a regression model to predict mortality

from cancers of the respiratory system, identifying critical predictors such as environmental

and socioeconomic factors, with XAI techniques providing insights into feature contribu-

tions. The second study compares various classification models to predict whether Italian

provinces exhibit respiratory cancer mortality rates above the national average, leveraging

XAI tools to enhance interpretability and robustness. The third study evaluates differ-

ent regression approaches to predict mortality from endocrine, nutritional and metabolic

diseases, highlighting key predictors and ensuring model transparency through XAI. Col-

lectively, these studies demonstrate the effectiveness of combining predictive modeling with

XAI to provide accurate, interpretable, and actionable insights to address critical public

health challenges in Italy.

1.2 Machine Learning models

In recent decades, machine learning (ML) has emerged as a transformative field in ar-

tificial intelligence (AI), driving advances in diverse domains such as healthcare, finance,

autonomous systems, and natural language processing [23, 24, 25, 26]. At its core, machine
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learning is the study and development of algorithms that enable computers to identify pat-

terns and make predictions or decisions without explicit programming. These algorithms

leverage data to iteratively improve performance, offering solutions to problems that were

previously considered intractable due to their complexity or scale [27].

The success of machine learning algorithms is fundamentally tied to the choice of method-

ology, the quality and quantity of data, and the computational resources available. Ma-

chine learning techniques are broadly categorized into supervised, unsupervised, semi-

supervised, and reinforcement learning, each suited to specific types of problem and data

characteristics. A key strength of supervised learning lies in its ability to generalize to

new, unseen data when sufficient high-quality labeled examples are provided. However, its

performance is heavily dependent on the availability of large, accurately labeled datasets.

Supervised learning, one of the most widely used paradigms, operates by training models

on labeled datasets where each input is paired with a corresponding output. This approach

enables the algorithm to learn a mapping function between inputs and outputs, making it

particularly effective for tasks such as classification and regression.

Unsupervised learning, in contrast, does not rely on labeled data. Instead, it seeks to iden-

tify hidden patterns, structures, or relationships within the data. This makes it especially

useful for exploratory data analysis, clustering, and dimensionality reduction.

Semi-supervised learning bridges the gap between supervised and unsupervised approaches

by leveraging both labeled and unlabeled data. This is particularly advantageous when

obtaining labeled data is costly, but large volumes of unlabeled data are readily available.

In such cases, the algorithm uses the limited labeled examples to infer patterns and rela-

tionships in the unlabeled data, effectively amplifying its learning capacity. For instance,

semi-supervised learning is widely used in natural language processing tasks, where only a

fraction of textual data may have annotated labels, while the majority remains unlabeled.

By combining the strengths of both supervised and unsupervised methods, semi-supervised

learning provides a practical solution for domains like healthcare, where annotations are

expensive and require expert input. However, its effectiveness depends on the assumption
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that labeled and unlabeled data share similar underlying structures, which may not always

hold true.

Another significant paradigm is reinforcement learning, which diverges from the above

categories by focusing on learning through interaction with an environment. An agent

learns to take actions in order to maximize cumulative rewards based on feedback from

the environment. This approach is particularly well-suited to dynamic, sequential decision-

making tasks, such as robotics, game-playing, and autonomous systems. Unlike supervised

learning, reinforcement learning does not rely on explicit input-output pairs but instead

learns by trial and error, guided by reward signals.

Each of these paradigms has its strengths and limitations, making them suitable for differ-

ent applications depending on the problem domain, the nature of the data, and the specific

requirements of the task. The choice between supervised, unsupervised, semi-supervised,

or reinforcement learning is often dictated by the trade-offs between the availability of

labeled data, computational resources, and the desired balance between accuracy and in-

terpretability. Furthermore, ongoing advancements in self-supervised learning and hybrid

approaches are increasingly blurring the boundaries between these categories, enabling the

development of more flexible and robust solutions for real-world challenges.

The application of these methods in environmental health offers enormous potential for

identifying complex correlations between ecological factors, pollution, and diseases, en-

hancing the ability to prevent and respond to health emergencies.

Classification is one of the most widely used machine learning techniques in environmental

and health-related studies, as it allows researchers to categorize data points into prede-

fined classes. In air quality monitoring, machine learning models classify pollution levels

based on sensor data, helping policymakers implement timely interventions. In healthcare,

classification is crucial for diagnosing diseases by analyzing medical records, imaging data,

and genetic markers, enabling early detection of conditions such as cancer or respiratory

diseases linked to environmental exposure. Additionally, in epidemiology, classification

models predict disease outbreaks by analyzing climate, pollution, and demographic data,
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improving public health preparedness. These applications demonstrate how classification

enhances decision-making, risk assessment, and targeted interventions in critical domains.

Building on classification approaches, regression techniques play a crucial role in environ-

mental and health sciences by predicting continuous numerical outcomes, offering deeper

insights into risk factors and trends. In environmental science, regression models estimate

pollution levels, temperature variations, and climate-related impacts, aiding in resource

management and policy-making. For instance, linear and nonlinear regression methods

predict air pollutant concentrations based on meteorological and industrial activity data,

helping assess public exposure risks. Similarly, in healthcare, regression is used to analyze

disease progression, forecast hospital admissions, and estimate the impact of environmen-

tal factors on chronic illnesses. The key difference between classification and regression

lies in their outputs: classification assigns discrete labels to data points (e.g., categoriz-

ing air quality as ”good” or ”hazardous”), whereas regression predicts continuous values

(e.g., estimating the concentration of pollutants in the air). Together, these approaches

provide a comprehensive analytical framework, enabling data-driven decision-making in

public health and environmental protection.

In contrast to classification and regression, clustering is an unsupervised learning approach

that groups similar data points without predefined labels, making it particularly useful

for discovering hidden patterns in environmental and health data. Unlike classification,

which assigns known categories, clustering identifies natural groupings within datasets

based on feature similarities. In environmental science, clustering techniques help segment

geographic regions based on pollution levels, identify climate zones, and detect anomalous

environmental patterns, such as sudden spikes in air contamination. For example, k-

means clustering can group areas with similar air quality profiles, aiding policymakers

in targeted interventions. In healthcare, clustering is used to categorize patients with

similar symptoms or risk factors, improving disease diagnosis and personalized treatment

strategies. Clustering also plays a crucial role in epidemiology, detecting outbreak patterns

in infectious diseases by analyzing spatial and temporal distributions. By uncovering

hidden structures in data, clustering provides valuable insights that complement supervised
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learning methods, enabling more effective decision making in environmental monitoring

and healthcare planning.

Despite its transformative impact, machine learning has several limitations, particularly

in complex fields like environmental science and healthcare. One of the biggest challenges

is data quality and availability: many models require large, well-labeled datasets, but

in real-world applications, data can be noisy, incomplete, or biased [28]. For instance,

environmental monitoring systems may have missing sensor readings [29], while medical

records often contain inconsistencies that can affect model accuracy [30]. Additionally,

interpretability and explainability remain major concerns, especially for deep learning

models, which function as ”black boxes” [31]. In high-stakes applications like disease

diagnosis or air quality prediction, understanding why a model makes a certain decision

is crucial for trust and regulatory compliance [32].

Generalization and robustness are also ongoing challenges, as models trained on specific

datasets may perform poorly when applied to new environments with different conditions

[33]. For example, a pollution prediction model trained in one city may not work well

in another due to variations in industrial activities or climate [34]. Furthermore, ma-

chine learning models are susceptible to bias and fairness issues, particularly when data

reflect historical inequalities, potentially leading to discriminatory outcomes in healthcare

or environmental policies [35]. Lastly, computational complexity and energy consump-

tion pose practical limitations, as training large models requires significant computational

resources, raising concerns about sustainability and accessibility [36, 37]. Although contin-

uous advances are addressing these limitations, ensuring ethical, interpretable, and efficient

machine learning models remains a key challenge in their widespread adoption.

The typical machine learning workflow for analyzing geospatial data consists of several

key stages, from data collection to model deployment, ensuring that spatial patterns and

relationships are effectively captured and leveraged for decision-making.

The first step is data acquisition and preprocessing, where geospatial datasets are gathered

from various sources, such as satellite imagery, remote sensing data, geographic information
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systems (GIS), and environmental monitoring stations. This data often comes in different

formats (raster, vector, time-series) and requires preprocessing steps like coordinate stan-

dardization, missing value imputation, and noise reduction [38]. Feature engineering is

particularly crucial in geospatial analysis, as it involves extracting meaningful attributes,

such as land use types, elevation, proximity to water bodies, and climate variables, which

enhance model performance [39].

Next, exploratory data analysis (EDA) is performed to visualize spatial distributions, de-

tect outliers, and identify patterns using geospatial techniques like spatial autocorrelation

(Moran’s I), kriging, and kernel density estimation [40]. This step helps researchers de-

termine whether machine learning is appropriate and which algorithms might be most

effective.

Following EDA, the model selection and training phase involves choosing suitable machine

learning techniques based on the problem type. Supervised learning methods, such as

classification and regression, are commonly used for tasks like land cover classification and

climate prediction, whereas unsupervised learning methods such as clustering are applied

to detect spatial anomalies or segment geographic regions [41]. Deep learning models,

particularly convolutional neural networks (CNNs), are widely used for satellite image

analysis due to their ability to extract complex spatial features [42].

Once trained, models undergo validation and evaluation using spatial cross-validation tech-

niques, as traditional random splitting may not account for spatial dependencies [43]. Met-

rics like coefficient of determination (r2) and mean absolute error (MAE) for regression,

accuracy and F1-score for classification, and Silhouette Score for clustering help assess

model performance. Overfitting is a common concern in geospatial applications, so regu-

larization techniques and hyperparameter tuning are applied to improve generalization.

Finally, the model deployment and interpretation phase involves integrating predictions

into GIS platforms, dashboards, or decision-support systems. Model interpretability is crit-

ical, as stakeholders in urban planning, environmental monitoring, and disaster response

need transparent insights rather than black-box predictions. Tools like SHAP (Shapley
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Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations) are

increasingly used to explain spatial model outputs [44]. Continuous monitoring and re-

training are essential, as environmental conditions and geospatial patterns evolve over

time.

By following this structured workflow, machine learning enables effective analysis of geospa-

tial data, supporting applications such as deforestation monitoring, climate modeling, and

pollution forecasting, ultimately aiding in better decision-making for environmental and

public health policies.

1.3 Explainable Artificial Intelligence (XAI)

Explainable Artificial Intelligence (XAI) is a field of research dedicated to making machine

learning models more transparent, interpretable, and trustworthy. As AI systems become

increasingly integrated into critical decision-making processes, such as healthcare, environ-

mental monitoring, finance, and autonomous systems, understanding how and why these

models produce specific outputs is essential to ensure fairness, accountability, and relia-

bility [45]. Traditional machine learning models, particularly deep learning architectures,

often function as ”black boxes”, meaning that their internal decision-making processes

are not easily understood by humans [46]. This lack of transparency can lead to ethi-

cal concerns, particularly when models inadvertently reinforce biases or make incorrect

predictions without clear explanations.

To address these challenges, Explainable AI (XAI) techniques can be categorized into

local and global interpretability methods, each serving different purposes in understanding

model behavior.

Global explainability focuses on providing an overall understanding of how a model makes

predictions across an entire dataset. This approach helps researchers and practitioners

assess the importance of features, detect biases, and ensure the model aligns with do-

main knowledge. Methods such as feature importance rankings, partial dependence plots



Chapter 1. Introduction 11

(PDPs), and SHAP (Shapley Additive Explanations) help analyze how input variables

influence predictions on a broader scale [47]. For instance, in environmental applications,

a globally interpretable model might reveal that air pollution levels and temperature vari-

ations are the strongest predictors of respiratory disease outbreaks.

On the other hand, local explainability provides insights into individual predictions rather

than the overall model behavior. This is particularly useful in high-stakes decision-making,

where understanding why a specific output was generated is crucial. SHAP local values

allows users to interpret specific decisions by approximating how the model would behave

with slight modifications to the input data [48]. In healthcare, for example, local XAI

can help explain why an AI model classified a particular patient as high-risk for heart

disease, identifying whether factors like age, blood pressure, or cholesterol levels played

a significant role. Similarly, in geospatial analysis, local explanations can clarify why a

machine learning model predicts a specific region to be at high risk for deforestation,

allowing policymakers to take targeted action.

XAI methods can be further categorized into model-specific and model-agnostic approaches,

each offering different levels of flexibility and interpretability depending on the machine

learning model used.

Model-specific methods are designed to work exclusively with certain types of models and

leverage their internal structures to provide explanations. These methods are often more

precise and computationally efficient because they directly interpret the model’s learned

representations. For example, in decision trees and random forests, feature importance

scores and decision path analysis can be used to explain how the model arrived at a par-

ticular prediction [49]. However, the main limitation of model-specific methods is that

they do not generalize well to different types of models, meaning a technique developed

for neural networks may not be applicable to tree-based models or support vector ma-

chines. In contrast, model-agnostic methods are more flexible, as they can be applied to

any machine learning model without requiring access to its internal workings. These meth-

ods typically approximate model behavior using surrogate models or perturbation-based



Chapter 1. Introduction 12

techniques. These techniques allow users to gain insight into complex models without

sacrificing flexibility, making them widely used in fields like healthcare, finance, and en-

vironmental sciences. While model-agnostic methods provide greater generalization, they

often involve higher computational costs and may introduce approximation errors, reducing

the fidelity of explanations. On the other hand, model-specific methods offer more pre-

cise insights, but are restricted to certain model architectures. To balance interpretability

and accuracy, researchers often combine both approaches, selecting the most suitable XAI

technique based on the complexity of the model and the requirements of the application

domain.

SHAP (Shapley Additive Explanations) values are a powerful method for interpreting ma-

chine learning models by assigning an importance score to each feature in a prediction.

This technique is based on Shapley values, a concept from cooperative game theory intro-

duced by Lloyd Shapley in 1953, which provides a mathematically fair way to distribute

credit among players in a game [50]. In the context of machine learning, each feature is

treated as a ”player” that contributes to the final model prediction, and SHAP values

quantify the average marginal contribution of each feature across all possible subsets of

features [51]. This method provides both local and global interpretability, allowing users

to understand individual predictions as well as overall model behavior. Unlike traditional

feature importance measures, SHAP values maintain consistency and fairness, ensuring

that features contributing more to a prediction receive higher importance scores. Addi-

tionally, SHAP is available in both model-agnostic and model-specific variants, making it

applicable across different machine learning models while offering optimized versions for

tree-based models to enhance computational efficiency. The method also enables intuitive

visualizations, such as SHAP summary plots, dependence plots, and force plots, which

help in uncovering how features influence predictions.

This thesis work is structured around three key studies that apply SHAP values to analyze

the impact of environmental factors on health outcomes. The first two studies focus on

mortality from respiratory cancers, examining how air pollution and socioeconomic con-

ditions contribute to increased risks. The third study, instead, investigates mortality due
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to metabolic, endocrine, and nutritional diseases, highlighting the role of environmental

stressors such as air quality and exposure to endocrine disruptors.

1.4 Outline of the thesis

This thesis is structured as a collection of published or submitted research articles, each

focusing on the application of machine learning and explainable artificial intelligence to in-

vestigate the relationship between environmental factors and non-communicable diseases.

Each chapter corresponds to a distinct study, presenting a detailed analysis of specific

health outcomes influenced by environmental exposures. The first chapter provides an

overview of the theoretical foundations of ML and XAI, discussing their relevance in envi-

ronmental health research. The subsequent chapters contain individual research articles,

each applying ML models and SHAP-based interpretability techniques to examine dif-

ferent non-communicable diseases, such as respiratory cancers and metabolic disorders,

in relation to air pollution, socioeconomic conditions, and other environmental stressors.

Finally, the thesis concludes with a synthesis of the key findings, highlighting their implica-

tions for public health policies and future research directions in the field of environmental

epidemiology and AI-driven health analytics.

The following list summarizes each case study in detail:

• Chapter 2. This chapter presents a study on the relationship between air pollu-

tion and mortality due to respiratory system cancers in Italy, using machine learn-

ing and explainable artificial intelligence. The study leverages remote sensing and

socio-economic data to analyze Standardized Mortality Ratio (SMR) across Ital-

ian provinces. The methodology involves hierarchical spatial clustering, a Random

Forest regressor, and SHAP values to identify the most relevant environmental and

socio-economic factors influencing mortality rates. The results highlight nitrogen

monoxide (NO), income levels, and ozone (O3) concentrations as the key predic-

tors of respiratory cancer mortality, providing valuable insights for public health
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interventions and environmental policy. This work demonstrates how XAI enhances

transparency in AI-driven epidemiological research, offering a data-driven framework

for assessing environmental health risks and guiding targeted preventive measures.

• Chapter 3. Building on the previous study, which applied a regression-based ap-

proach, Chapter 3 contains a work that explores a comparative analysis of classi-

fication models to predict whether Italian provinces have above- or below-average

Standardized Mortality Ratios for respiratory cancers. By evaluating thirteen ma-

chine learning algorithms, including Random Forest, Support Vector Machines and

Gradient Boosting, this study aims to determine the most effective classification ap-

proach. The analysis highlights differences in predictive performance, demonstrating

how various models handle complex interactions between air pollution, socioeconomic

conditions, and urbanization. SHAP values are then used to interpret the best per-

forming model, reinforcing previous findings and expanding on the role of NOx,

benzene, and income levels as significant risk factors. The results further validate

the importance of XAI in epidemiological studies, offering a broader methodological

perspective for identifying environmental determinants of respiratory cancer mortal-

ity.

• Chapter 4. The final chapter, titled ”Explainable artificial intelligence for en-

docrine, nutritional and metabolic mortality in Italy with geolocalized pollution

data”, examines the risk of death for endocrine, nutritional and metabolic diseases

for environmental factors. As the work presented in the Chapter 2, this study ex-

ploited hierarchical spatial clustering to identify clusters of provinces with similar

mortality and compare the performances of three different machine learning models

evaluated with a leave-on-cluster-out cross-validation. Finally, the SHAP values of

the best model were evaluated, identifying which features had the most impact on

the prediction of the model.

In conclusion, this thesis explores the application of machine learning and explainable arti-

ficial intelligence (XAI) in understanding the complex relationship between environmental
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factors and mortality rates in Italy. Through a series of interconnected studies, this work

demonstrates how advanced AI techniques can reveal key insights into the influence of air

pollution, socio-economic conditions, and urbanization on public health outcomes, specif-

ically focusing on respiratory and endocrine-related diseases. The use of SHAP values

not only aids in model interpretability but also enhances the transparency and trustwor-

thiness of AI-driven epidemiological research. Ultimately, this thesis contributes valuable

data-driven frameworks for guiding public health interventions, informing environmental

policy, and advancing the integration of XAI in health risk assessment.
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Chapter 2

AI-Driven Insights on Air

Pollution and Respiratory Cancer

Mortality in Italy

This chapter explores the relationship between air pollution and mortality from cancer

of the respiratory system in Italian provinces. The study employs explainable artificial

intelligence (XAI) and machine learning (ML) techniques to identify key environmental

and socio-economic factors influencing mortality rates.
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Respiratory system cancer, encompassing lung, trachea and bronchus cancer,

constitute a substantial and evolving public health challenge. Since pollution

plays a prominent cause in the development of this disease, identifying which

substances are most harmful is fundamental for implementing policies aimed

at reducing exposure to these substances. We propose an approach based on

explainable artificial intelligence (XAI) based on remote sensing data to identify

the factors that most influence the prediction of the standard mortality ratio

(SMR) for respiratory system cancer in the Italian provinces using environment

and socio-economic data. First of all, we identified 10 clusters of provinces

through the study of the SMR variogram. Then, a RandomForest regressor is used

for learning a compact representation of data. Finally, we used XAI to identify

which features were most important in predicting SMR values. Our machine

learning analysis shows that NO, income and O3 are the first three relevant

features for the mortality of this type of cancer, and provides a guideline on

intervention priorities in reducing risk factors.

KEYWORDS

explainable artificial intelligence, air pollution, lung cancer, respiratory disease, socio-

economic indices, public health, remote sensing 2010 MSC: 00-01, 99-00

1 Introduction

This study aims to investigate the relationship between air pollution and respiratory

system cancer mortality in Italian provinces. Air pollution is a pressing issue of the modern

world, impacting human health and the environment in numerous ways (1). One of

its significant consequences is its link to respiratory system cancer, a malignancy that

claims millions of lives globally each year (2). Air pollution, which mainly consists of fine

particulate matter and toxic gases, can enter the lung tissue and trigger a series of chronic

inflammatory and oxidative damage to the cells, leading to malignant transformation.

Respiratory system cancer is a type of cancer that affects the lungs, bronchi and trachea.

Themost common types of respiratory system cancer are lung cancer and bronchial cancer.

(3). While smoking is a primary risk factor, there are other important contributing factors,

such as secondhand smoke, occupational exposure, and air pollution. This sets the stage

for the focus of the study (3). It is estimated that 14% of lung cancer deaths are attributable
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to environmental air pollution (4). Symptoms of respiratory system

cancer can include persistent cough, chest pain, shortness of breath,

hoarseness, fatigue, and weight loss.

A number of works have dealt with long and short-term effect

of air pollution and cancer (5, 6), highlighting a multitude of

contributing factors such as the type of pollutant, exposure time

and frequency, and individual susceptibility (7): an increase of

10 µg/m3 in PM10 concentration raises the average likelihood of

developing lung cancer by 20%, whereas a 5 µg/m3 rise in PM2.5

elevates the risk by 30% (8). Recognizing and addressing the link

between air pollution and respiratory system cancer is critical for

protecting public health on a global scale. It informs evidence-based

policies, encourages international collaboration, and empowers

individuals and communities to take actions that can mitigate the

impact of air pollution on respiratory health.

The goal of this work was to implement a Machine Learning

(ML) algorithm predicting the standard mortality ratio (SMR)

for lung, bronchi and trachea cancer of the Italian provinces by

using air pollution data downloaded from Copernicus Atmosphere

Monitoring Service (CAMS) and socio-economic data downloaded

from ISTAT. ML is the discipline dealing with the replication

of the learning mechanisms of the human brain through

statistical algorithms (9). Random forest is a machine learning

algorithm used for both classification and regression tasks. It

is an ensemble learning method that creates several decision

trees and combines their predictions to make a final decision

or prediction. Recent advancements in ML techniques resulted

in the introduction of eXplainable Artificial Intelligence (XAI)

which allows for the identification of the crucial attributes

for each instance (10–12). Explainable AI provides clarity and

understanding into the decision-making processes of AI models. It

helps improve transparency, trust, accountability, and compliance

with regulations. XAI methods has been applied to ML algorithms

to provide a clear picture of the relevant features affecting the

performance of the models, their relations with the outcomes,

with each other’s and both their local and global effects. The main

intent of our study was to present a framework to determine which

pollution indices, based on remote sensing data, aremost associated

to the mortality from cancer of the respiratory system. We studied

the mortality in the Italian provinces given its heterogeneity in

terms of ecological and environmental features. In order to do this,

we evaluated to what extentmortality from cancer of the respiratory

system can be predicted based on environmental pollution and

socio-economic indices.

2 Materials

The study was conducted using mortality data from ISTAT,

that is the Italian Institute of Statistics, responsible for collecting,

analyzing, and disseminating official statistics on the country’s

population, economy, and society.1 ISTAT’s main functions include

conducting population censuses, compiling and publishing official

statistics on topics such as, employment, and economic indicators,

and providing support and expertise to other public institutions

and organizations in the field of statistics. In particular, the

1 Available online at: https://www.istat.it/it/archivio/222527.

respiratory system cancer mortality at the provinces level in 2019

has been considered.

In this work, we mainly exploited pollutants’ concentration

from the Copernicus Air Monitoring Service (CAMS). An outline

of the data preparation workflow is presented in Figure 1. In

order to get an analysis-ready data table we firstly collected

daily air quality maps from the Copernicus Data Store for the

year 2019.2

2.1 Input data preparation

The pollution data of year 2019 has been downloaded

from Copernicus Atmosphere Monitoring Service (CAMS). It

is a European Union program that provides comprehensive

information on air quality and the Earth’s atmosphere.

It aims to improve air quality forecasts and support decision-

making related to air quality management and environmental

policy-making in Europe and around the world. CAMS uses a

wide range of independent monitoring and modeling systems

to collect and analyze data on atmospheric composition, air

quality, and weather patterns. CAMS provides annual air quality

reanalyzes for Europe based on both unvalidated and validated

observations.3 Since the downloaded data covered a larger

area than that of interest, only pollution data of the Italian

peninsula were extracted using the Python library GeoPandas.4

Then, for each selected pollutant, both annual average and

standard deviation were computed. The polluting substances

considered were: carbon monoxide (CO), nitrogen monoxide

(NO), nitrogen dioxide (NO2), ozone (O3), particulate matter

10 (pm10), particulate matter 2.5 (pm2.5) and sulfur dioxide

(SO2). Pollutant values are the result of an ensemble median

of 11 state-of-the-art numerical air quality models developed in

Europe: CHIMERE from INERIS (France) (13), EMEP from MET

Norway (Norway) (14), EURAD-IM from Jülich IEK (Germany)

(15), LOTOS-EUROS from KNMI and TNO (Netherlands)

(16), MATCH from SMHI (Sweden) (17), MOCAGE from

METEO-FRANCE (France) (18), SILAM from FMI (Finland)

(19), DEHM from AARHUS UNIVERSITY (Denmark) (20),

GEM-AQ from IEP-NRI (Poland) (21), MONARCH from BSC

(Spain) (22) and MINNI from ENEA (Italy) (23). The yearly

ensemble reanalyzes are available with a time resolution of

1 h from step 1st January to the 31st of December, while the

horizontal resolution of ensemble reanalyzes is on a 0.1◦×

0.1◦ regular latitude-longitude grid. The analysis was conducted

using 2019 data since pollution data available on the CAMS

platform starts from April 2018. Additionally, years following

2019 were not considered due to the COVID epidemic that

2 Available online at: https://atmosphere.copernicus.eu/.

3 Available online at: https://ads.atmosphere.copernicus.eu/#!/

search?text=andtype$=$datasetandkeywords$=$((%20%22Product

%20type:%20Reanalysis%22%20)%20AND%20(%20%22Variable%20domain:

%20Atmosphere%20(composition)%22%20)%20AND%20(%20%22Spatial

%20coverage:%20Europe%22%20)%20AND%20(%20%22Temporal

%20coverage:%20Past%~22%20)).

4 Available online at: https://geopandas.org/en/stable/.
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FIGURE 1

Data preparation workflow.

TABLE 1 Mean and standard deviation values of air pollution data by

province and pollutant.

Pollutants Northern
Italy

Center Italy Southern
Italy

Pm2.5
( µg

m3

)

15.55± 5.42 10.94± 1.11 11.37± 2.15

pm10
( µg

m3

)

19.09± 6.03 15.56± 1.37 16.33± 2.29

CO
( µg

m3

)

194.04± 45.17 156.58± 9.24 150.85± 20.63

NO
( µg

m3

)

1.23± 1.21 0.34± 0.16 0.33± 0.3

NO2

( µg

m3

)

13.15± 6.49 7.32± 2.55 6.17± 3.5

SO2
( µg

m3

)

1.56± 0.66 1.01± 0.27 1.33± 0.51

O3
( µg

m3

)

58.88± 7.79 67.82± 5.88 69.63± 7.29

began in the early months of 2020, a disease that increased

deaths from respiratory illnesses. The average values and standard

deviations of pollutants for the provinces of Northern, Central,

and Southern Italy are reported in Table 1. Subsequently, in

order to get a structured data table to be added to socio-

demographic descriptors, a spatial average of these intermediary

maps have been computed within the boundaries of each Italian

province. Other pollution-related and socio-economic variables

were considered to enrich the data set, in particular: cultivated

areas, urban areas, benzene, temperature, N fertilizer, P4010

fertilizer, microelement fertilizer, organic fertilizer, bed number,

which represents the number of hospital beds available, lifetime,

income, life quality, instruction, vehicles total, urban traffic,

photovoltaic panel, green urban, electric consumption, noise and

wastes (24).

The complete list of the selected descriptors is reported in

Table 2.

2.2 Output data preparation: the indirect
standardization

Indirect standardization is a statistical method used to compare

the rates of events or conditions in two or more populations

while controlling for differences in population characteristics

such as age, sex or socioeconomic status. This method calculates

expected rates for each population by applying the distribution

of a particular population characteristic (for example age) to a

reference population with known rates (25). The observed rates

of a particular outcome in each population are then compared to

the expected rates, which have been adjusted for any differences in

population characteristics. In this work we computed the standard

mortality ratio (SMR), the ratio between the deaths observed in

a territory and those expected in the same. The expected deaths

were calculated by applying the corresponding specific mortality

ratios of the population assumed as standard (the national one

in this case) to the average annual population by age classes of

each territorial unit. The average standardizedmortality ratio (SMR

for cancer of the respiratory system) distribution within Italian

provinces is shown in Figure 2A.Moreover, the province of Sondrio

was removed from our analysis since it appears to be an outlier in

the SMR distribution, as shown in the Figure 2B.

3 Methods

Themain goal of this work is to find through an XAI algorithm,

which air pollutants and/or socio-economic index contribute most

to mortality from lung, trachea and bronchial cancer in Italian

provinces. A cross-validation framework has been implemented to

train a Random Forest regressor (RF) (26) of the standardmortality

ratio for respiratory cancer in Italian provinces; then, by using

SHapley Additive exPlanations (27), amethod based on cooperative

game theory and used, we performed an explain ability analysis
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TABLE 2 Overview of the variables selected for this study.

Data Type Source Value Coding

Pollutant Time series
( µg

m3

)

CAMS Mean
( µg

m3

)

, Standard

deviation
( µg

m3

)

mean pm2.5, std pm2.5, mean pm10, std pm10, mean CO,

std CO, mean NO, std NO, mean NO2 , std NO2 , mean O3 ,

std O3 , mean SO2 , std SO2

Anthropogenic ISTAT Mean N fertilizer, P410 fertilizer, Microelement fertilizer, Organic

fertilizer, bed number, life time, income, life quality,

instruction, Vehicles total, urban traffic, Electric

Consumption, noise, wastes

Environment ISTAT Mean cultivated areas, urban areas, benzene, temperature,

photovoltaic panel, green urban

FIGURE 2

(A) Standardized mortality ratio distribution in 2019 within Italian provinces. (B) Boxplot of standardized mortality ratio for cancer of the respiratory

system of the Italian provinces in 2019.

to increase transparency and interpretability of machine learning

model. The Figure 3 shows a schematic overview of the methods

adopted in the present work.

3.1 Random forest regressor of standard
mortality ratio

Random Forest (RF) operates as an ensemble learning classifier

rooted in the concept of classification trees. RF essentially creates

a collection of classification trees, wherein each tree is trained on

a bootstrapped sample from the available data. To prevent biased

estimations, one-third of the available examples are excluded and

utilized for the out-of-bag error estimation.

In the process of tree growth, the ideal split at each node relies

on a random selection of M/3 descriptors where M represents the

total available descriptors. It has been shown that the classification

error is influenced by two primary factors: the interdependence

among trees in the forest and the individual predictive power of

each tree. Managing these factors involves adjusting the number of

trees in the forest and the quantity of features sampled per split. The

accuracy of RF models substantially depends on two parameters,

the number of sampled features f and the number of the forest

trees T.

In this study, RF was implemented using the random Forest

routine from the scikit-learn package (v 1.2.1) (28) with its

default configuration.

3.2 Hierarchical spatial clustering and
model performance assessment

In order to avoid information leakage between spatially

dependent observations, we preliminary found a partition of

clusters of adjacent provinces to keep apart during the training and

validation steps.

The spatial clusters of provinces adopted in the cross-

validation scheme were found through a combined use of a

hierarchical clustering algorithm applied to the matrix of the

euclidean distances between provinces, and the semivariogram

plot of the SMRs. A semivariogram plot is a tool used in

geostatistics to assess the spatial dependence of a variable. It

is usually plotted on a graph where the x-axis corresponds to

the distance between a pair of selected locations (also known

as spatial lag), while the y-axis corresponds to the average
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squared difference of the variable values computed for those

pairs of location within a given distance interval. In this work,

we estimated the spatial range of the semivariogram, i.e., the

distance after which the observations are supposed to be no

longer correlated, using a discretionary approach by a visual

identification of the plateau (i.e., when no further increase in

variance is observed).

Establishing the range of the empirical semivariogram

of the SMRs allowed us to delineate ten clusters after

thresholding the dendrogram obtained by the hierarchical

clustering of the geographical distances of the Italian provinces

(Figure 4).

We utilized a leave-one-cluster-out cross-validation approach

to mitigate spatial data bias when assessing the regression

performance of an ensemble Random Forest regressor. This

validation scheme was implemented to prevent overestimation

of performance. In fact, spatial autocorrelation in two adjacent

provinces, one selected in the training set and the other in

validation, may lead to overoptimistic results.

Finally, we evaluated the performance of our machine

learning model, by computing the coefficient of determination

r2 (Equation 1) and the mean absolute error MAE (Equation 2),

whose definition is provided in the following:

Coefficient of determination:

r2 = 1−

∑

n
i=1(yi − ŷi)

2

∑

n
i=1(yi − ȳ)2

(1)

Mean absolute error:

MAE =
1

n

n
∑

i−1

∣

∣(yi − ŷi)
∣

∣ (2)

where ŷi are the predicted values, ȳ is their average, while yi are the

observed values of the SMR in the validation set.

3.3 Features explain ability

Epidemiological studies are crucial in understanding and

controlling the spread of diseases, but often require large sets

of data that are difficult for humans to analyze efficiently.

Artificial intelligence (AI) has emerged as a useful tool in

epidemiological studies, with promising applications in predicting

disease outbreaks, identifying risk factors, and developing targeted

interventions. However, as AI becomes more prevalent in the field,

there is a growing concern about its lack of transparency and

explain ability, which can limit its utility and undermine the trust in

its results. Explainable artificial intelligence (XAI) can address these

concerns by providing interpretable models, transparent decision-

making processes, and clear explanations of the AI’s predictions

and recommendations. In this work, we used SHapley Additive

exPlanations (SHAP) method, a XAI algorithm borrowed from

game theory (29, 30). The SHapley Additive exPlanations (SHAP)

method is a model-agnostic approach to interpret the output of

any machine learning model. It provides a unified framework for

interpreting the predictions of any model by assigning a feature

importance value to each input feature (Equation 3).

SHAP method values how a feature affects the performance of

the model on the validation set by including and removing it from

the model:

8j(x) =
∑

F⊆S−{j}

|F|! (|S| − |F| − 1)!

|S|!

[

fx(F ∪ j)− fx(F)
]

(3)

where x is an instance, the sum is over all the subsets S of features

which include the feature j, |F|!(|S|−|F|−1)!
|S|! is a weight parameter

that multiplies all of the permutations of S! by the potential

permutations of the remaining class that doesn’t belong to S, while

fx(F∪ j) and fx(F) denote respectively the regression score obtained

by including and non-including feature j.

4 Results

The goal of this work was to evaluate, through explainable

machine learningmodels, whether and to what extent air pollutants

and socio-economic descriptors are associated with mortality due

to respiratory cancer.

Following the procedures described in the methods section,

we delineated 10 clusters when using the spatial range value

from the semivariogram plot to split the dendrogram of the

geographical distances between the Italian provinces. Then, a leave-

one cluster-out validation scheme was adopted in order to get a

robust assessment of the model performance. We quantitatively

assessed the model performance in terms of the average metrics

obtained on the validation set; our model achieved an r2 value of

0.28 and a mean absolute error (M AE) value of 0.10. Moreover,

the importance of all available variables included in the analysis

was computed by exploiting the permutation feature importance

algorithm and plotted in Figure 5A. Finally, a scatter plot displaying

the mutual agreement between the actual and predicted Standard

Mortality Ratios is shown in Figure 5B. The provinces characterized

by the highest SMR in the 2019 are located in the right-most

part of the scatterplot; these are the provinces of Napoli, Caserta,

Viterbo, Roma, Piacenza, Imperia, Ravenna, Cagliari, Alessandria

and Ferrara.

Figure 6 shows the most important features for regression

according to the SHAP algorithm. This summary plot offers an

overview of the varying degrees of influence of every feature

on the model’s predictions, thereby enabling a better grasp of

the comprehensive significance and effect of distinct features in

the analysis.

According to the SHAP summary plot, the top 5 most

important variables include three related to pollution (std NO,

mean O3, mean NO2), one associated with climate (temperature),

and another tied to social factors (income).

5 Discussion

The performances obtained in terms of r2 and MAE are

respectively 0.28 and 0.10. This result shows that environmental

pollution is associated to the considered type of cancer. From the

analysis conducted, it emerges that there is an association between

certain pollutants and the incidence of respiratory system cancer.
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FIGURE 3

Methodological overview: climate, annual average and standard deviation pollution concentrations and socio-economic variables are used to model

the standard mortality ratios (SMRs) in the Italian provinces due to cancer of the respiratory system. Then, the SHAP algorithm is used to compute the

contribution of each input variable to the predicted SMRs.

FIGURE 4

The hierarchical clustering algorithm used in combination with the semivariogram plot of the SMR rates delineated 10 spatially-contiguous

community that alleviated the spatial data leakage that might occur in epidemiological studies.

This information should be included alongside other risk factors in

studies investigating risk factors for individual subjects, including

personalized ones (31, 32).

The spatial auto-correlation analysis, performed by using the

variogram of the standard mortality ratio, shown ten clusters of

provinces. The cross validation performed by using these clusters,

obtained an r2 lower than one with a random cross-validation,

by showing a spatial bias that overestimated the random forest

regressor performance.

XAI estimated which are the most important global and local

features in predicting SMR. In particular, for the present case,

the main role played by the standard deviation of NO and mean

O3 were revealed. This result is consistent with the literature, as

it is known that a greater exposure to NO2 is correlated with

a greater risk of developing lung cancer (33). According to our

study, a low average O3 concentration is linked to a greater SMR

for tumors of the respiratory system. Such a spurious association

have been observed before in previous works, including Dutton

et al. (34) and Travaglio et al. (35), and we believe that a plausible

interpretation is that increased ozone exposure is acting a as proxy

of residing in rural areas (36, 37). Moreover, it is also known that

the concentration of O3 is anti-correlated to the concentration
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FIGURE 5

(A) Random forest features importance. (B) Scatter plot of predicted Standard Mortality Ratio (y pred) vs. true Standard Mortality Ratio (y true). The

blue line represents the best fit for the plotted points, whereas the green one represents where the points would fall if all predicted values perfectly

matched the observed ones.

FIGURE 6

SHAP summary plot illustrating the SHAP values for each feature. Each point on the plot represents a Shapley value of a provinces, with the y-axis

indicating the corresponding feature and the x-axis representing the Shapley value itself. The color gradient reflects the feature value, ranging from

low to high. The features are ordered based on their mean importance, with more important features positioned toward the top.

of NO2 (36–42). This spatial pattern between rural areas and

O3 concentration is rather general, as O3 in troposphere is a

secondary pollutant that is produced after NO2 reacting with

UV light (40, 43). We also believe that the observed negative

correlation between NO2 and O3 can be largely attributable to this

causal link.
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Concerning the socio-demographic descriptors, income and

lifetime were the most important. Higher income appears to be

positively associated with SMR, implying greater cancer exposure

among wealthier individuals. Such association is in stark contrast

with the part of the current literature supporting the evidence of

how social inequalities may increase exposure to poor air quality

and vulnerability to respiratory diseases (34, 44, 45). Richardson

et al. (44) claimed evidence of income-related inequalities in

exposure to pollutants. Studies conducted to individual-level

demographic data that accounts social exclusion and ethnicity

(34, 45), evidenced that individual belonging to ethnic minorities

are disproportionately exposed to poor air quality. However, this

pattern has not been observed in Italy. Germani et al. (46), provided

an empirical analysis conducted on the Italian provinces (NUTS3)

claiming that air pollution increases with the average income per

administrative unit. Since our study relies on provinces, coarse

air quality products and no individual-level data is included to

account for social and gender, we believe that the average income

per province may act as a proxy for both human activities and may

not point to social exclusion due to the coarse resolution of the

proposed study.

Lifetime duration shows a consistent trend with expected

associations: shorter lifespans correspond to higher mortality rates

from respiratory diseases. We might speculate that respiratory

diseases significantly impact life expectancy in Italy, particularly

in certain provinces, potentially influencing the overall health of

the population.

The presented study has limitations that we aim to overcome

in future research. In particular, the database considered here

examined the remote sensing observations of 2019 of exposure to

air pollutants. An extension of the time range of our study would

guarantee greater robustness to the analyses. Moreover, another

limitation of this study is the failure to account for the population

density differences within the provinces, as it varies between small

urban centers and large cities, implying uniform exposure to air

pollutants for the entire population of a province.

6 Conclusion

The presented analysis reveals a correlation between specific

pollutants and socio-economic indices and the occurrence of

respiratory system cancer. These finding could still offer valuable

insights for further epidemiological studies as our results may

suggest which variables to gather to perform analyses on individual

level dataset that could lead to stronger andmore conclusive results.

Moreover, this study opens up future prospects for similar research

on other types of cancer related to environmental pollution, as well

as other types of diseases such as neurodegenerative ones.
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Chapter 3

Machine learning models for

higher and lower mortality

This chapter compares thirteen classification models to identify provinces with higher or

lower mortality from respiratory system cancer. The study explores how features contribute

to the prediction of the best model with shapley values.
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Abstract: Respiratory malignancies, encompassing cancers affecting the lungs, the trachea, and the
bronchi, pose a significant and dynamic public health challenge. Given that air pollution stands
as a significant contributor to the onset of these ailments, discerning the most detrimental agents
becomes imperative for crafting policies aimed at mitigating exposure. This study advocates for the
utilization of explainable artificial intelligence (XAI) methodologies, leveraging remote sensing data,
to ascertain the primary influencers on the prediction of standard mortality rates (SMRs) attributable
to respiratory cancer across Italian provinces, utilizing both environmental and socioeconomic data.
By scrutinizing thirteen distinct machine learning algorithms, we endeavor to pinpoint the most
accurate model for categorizing Italian provinces as either above or below the national average SMR
value for respiratory cancer. Furthermore, employing XAI techniques, we delineate the salient factors
crucial in predicting the two classes of SMR. Through our machine learning scrutiny, we illuminate
the environmental and socioeconomic factors pertinent to mortality in this disease category, thereby
offering a roadmap for prioritizing interventions aimed at mitigating risk factors.

Keywords: explainable artificial intelligence; machine learning; remote sensing; air pollution;
exposome; respiratory disease; socioeconomic indices; public health

1. Introduction

Success in mapping the human genome has stimulated the complementary concept of
the exposome, i.e., the measure of the complete environmental exposure of an individual
or a population to their surrounding environment and the study of how those exposures
relate to health [1]. Research on the exposome in the context of noncommunicable diseases
(NCDs), or diseases that cannot be transferred from one person to the other, is relatively
novel and advancing impressively [2]. Although NCDs are associated with a genetic
predisposition (the genome), exposure to health-affecting environmental parameters has a
strong impact on their risk. With the use of Earth observation data, recent research studies
in this field are exploring possible associations of NCDs with environmental parameters to
identify relevant factors and prioritize intervention strategies to mitigate their effects, in line
with one of the targets of the 2030 United Nations Agenda for Sustainable Development [3],
i.e., reducing premature mortality from NCDs.
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Among NCDs, respiratory tract cancers, which include tracheal, bronchus, and lung
cancer, are the leading causes of cancer death [4], registering the highest age-standardized
mortality rate among all cancers [5]. Studies focusing on respiratory diseases and/or cancer
using Earth observation data include factors such as air pollution, atmospheric factors, and
land surface data in their analysis. They recognize air pollution parameters as important
factors, such as NO2 and O3, and identify prominent associations with parameters such as
PM 2.5 exposure, asbestos exposure, UV irradiation, and light pollution [6–12].

In our analysis, we use air quality estimates by the CAMS reanalysis dataset of atmo-
spheric composition [13] and spatial census data at provincial resolution (environmental
and socioeconomic variables) to predict standard cancer mortality rates (SMRs) attributable
to respiratory tract cancers as provided by the Italian National Institute of Statistics (ISTAT).
More specifically, using data from 2019, we estimate the national average SMR and define a
binary variable with a value of 1 for provinces with an SMR higher than the average and 0
otherwise. We then use Earth observation and census data to predict this binary variable,
comparing the performance of thirteen different models. Finally, we apply an explainable
artificial intelligence strategy, thus providing model-agnostic insights into how the best
model calculates predictions with the aim of facilitating the determination of feature im-
portance and offering a roadmap for prioritizing interventions [14,15]. Our approach is
therefore aimed at contributing to a comprehensive understanding of the relationships
between the environment and human health for the specific disease under consideration.

This paper is structured as follows. In Section 2, we describe the input data and the
adopted methodologies. More specifically, in Section 2.1, we define our input factors; in
Section 2.2, we define our output binary variable; in Section 2.4, we reduce the features of
the dataset through a multicollinearity analysis; in Section 2.5, we introduce the 13 machine
algorithms and the evaluation metrics used; in Section 2.6, we describe the explainable
artificial intelligence approach adopted. In Section 3, we present the results of our analysis
that we discuss in Section 4. Finally, in Section 6, we draw our conclusions.

2. Materials and Methods
2.1. Pollutants Data and Socioeconomic Indices

The Copernicus Atmosphere Monitoring Service (https://ads.atmosphere.copernicus.
eu/#!/search?text=&type=dataset&keywords=((%20%22Product%20type:%20Reanalysis%
22%20)%20AND%20(%20%22Variable%20domain:%20Atmosphere%20(composition)%22%
20)%20AND%20(%20%22Spatial%20coverage:%20Europe%22%20)%20AND%20(%20%22
Temporal%20coverage:%20Past%22%20) (accessed on 10 April 2024) (CAMS) platformman-
aged by the European Union’s Copernicus Program provides information on air pollution
and air composition globally. It utilizes data from various sources such as satellites, aircraft,
ground stations, and numerical models to monitor and analyze real-time air quality and
provide forecasts. The pollutants data provided by the CAMS platform are the result of an
ensemble median over 9 numerical air quality models [13,16]: CHIMERE (CH) from INERIS
(France) [17], EMEP (EM) from MET Norway (Norway) [18], EURAD-IM (EU) from Jülich
IEK (Germany) [19], LOTOS-EUROS (LO) from KNMI and TNO (the Netherlands) [20],
MATCH (MA) from SMHI (Sweden) [21], MOCAGE (MO) fromMeteo-France (France) [22],
SILAM (S) from FMI (Finland) [23], DEHM (DE) from Aarhus University (Denmark) [24],
and GEM-AQ (GE) from IEP-NRI (Poland) [25]. For the purposes of the present study,
which aims at investigating the association between pollution and mortality for cancer
with the respiratory system, only the concentrations of CO, NO, NO2, O3, PM 10, PM 2.5,
and SO2 were considered. Since the data downloaded from the CAMS platform covered
an area larger than that of our interest, the Python library for analyzing geolocalized data
https://geopandas.org/en/stable/ (accessed on 10 April 2024) Geopandas (version 0.14.1)
was used to extract the pollution data of the Italian peninsula. From the daily coverage over
all of 2019, we retrieved the mean values for the concentrations of the selected pollutants.

In order to maximize data consistency, other pollution-related and socioeconomic
variables were considered: cultivated areas, urban areas, benzene, temperature, N fertilizer,
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P4010 fertilizer, microelement fertilizer, organic fertilizer, the number of hospital beds avail-
able (bed number), lifetime, income, life quality, instruction, vehicles per km2 of land area
(vehicles total), vehicles per km2 of urbanized surface (urban traffic), photovoltaic panel,
percentage of urban greenery density on the surface (green urban), electric consumption,
exceeding the limits detected following noise checks (noise), and municipal waste collection
in tons (wastes) [26].

2.2. Standardized Mortality Ratio

The Italian National Institute of Statistics (ISTAT) is the main official statistical institute
in Italy, responsible for collecting, analyzing, and disseminating statistical information
about the country.

The standardized mortality ratio (SMR) is a measure of the mortality rate of a specific
population comparedwith a standard or reference population (e.g., the national population).
It is calculated by dividing the number of observed deaths in the study population by the
number of expected deaths based on the mortality rates of the standard population. In
our study, the values of the SMR of the Italian provinces were calculated starting from the
number of observed deaths for respiratory system cancer in 2019 by age class provided
by ISTAT. The mean value of the SMR was used to divide the Italian provinces into two
classes: all the provinces with an SMR lower than the mean value were assigned to class 0,
while all the others were assigned to class 1. An outline of the data preparation workflow
is presented in Figure 1. A graphical representation of Italian provinces with a higher or
lower SMR than the mean value for cancer to the respiratory system is shown in Figure 2.

Figure 1. Dataset construction workflow.

2.3. Analysis Flowchart

The diagram presented in Figure 3 serves as a visual representation encapsulating
the comprehensive analytical journey delineated within this paper. At the heart of this
endeavor lies the curation of a dataset, meticulously constructed to encompass a rich
tapestry of data streams. The foundational pillars of this dataset were erected through a
data acquisition process, commencing with the extraction of air pollution metrics from
diverse provinces across the Italian peninsula. These statistics were sourced from the
Copernicus Atmosphere Monitoring Service (CAMS) platform, renowned for its robust
and comprehensive environmental monitoring capabilities. In tandem with air quality
metrics, a plethora of socioeconomic indicators were judiciously incorporated into the
dataset. These encompassed a spectrum of socioeconomic variables, ranging from income
distribution patterns to urbanization indices, providing a holistic perspective on the societal
fabric under scrutiny. Furthermore, the dataset was augmented with mortality data at-
tributable to respiratory system cancers, gleaned from the extensive repository maintained
by the Italian National Institute of Statistics (ISTAT). The analysis commenced with the
exploration of multicollinearity dynamics inherent within the dataset. Leveraging the
Variation Inflation Factor (VIF) as a diagnostic tool, we dissected intervariable relationships
to discern and mitigate the pernicious effects of collinearity. Through a systematic iterative
process, variables exhibiting VIF indices surpassing the critical threshold of 10 were pruned
from the dataset, thereby ensuring the integrity and robustness of subsequent analyses.
Subsequently, the refined dataset served as fertile ground for the cultivation of predictive
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models leveraging state-of-the-art machine learning techniques. Employing the Python
(3.10.12 version) library https://pycaret.org (accessed on 10 April 2024) PyCaret (version
3.3.0) as a conduit, a diverse ensemble of 13 distinct machine learning models was metic-
ulously trained and fine-tuned and tasked with the classification of provinces exhibiting
mortality rates from respiratory system cancers either surpassing or falling below the na-
tional average. The efficacy of these predictive models was rigorously scrutinized through
a comprehensive validation process, employing a 10-fold cross-validation methodology
by evaluating the performance obtained from the validation folds. Once the model with
the largest ROC AUC was identified, the most important features for the model to classify
provinces with higher or lower mortality due to respiratory system cancer were calculated
using the explainable artificial intelligence algorithm SHAP.

Figure 2. Colormap of the Italian provinces with higher or lower SMR than the mean value for cancer
to the respiratory system.

Figure 3. Dataset analysis workflow.

2.4. Feature Correlation Analysis

The Variation Inflation Factor (VIF) is a measure used in regression analysis to assess
multicollinearity among independent variables. The VIF provides an indication of the
strength of correlation among independent variables, detecting the effect of inflation on the
variance in estimated coefficients in the regression model.

In this study, the VIF was calculated to identify and address the issue of multicollinear-
ity within our dataset. An iterative approach was adopted, where the VIF was computed
repeatedly, eliminating the variable with the highest VIF at each iteration, provided its
value exceeded the threshold of 10. This process effectively reduced multicollinearity in
the model, thereby improving the stability of coefficient estimates.
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The surviving features are mean NO, cultivated areas, benzene, P4O10 fertilizer,
microelement fertilizer, organic fertilizer, income, instruction, vehicles total, urban traffic,
green urban, and noise.

2.5. Comparison of Classification Models

Thirteen different classification models, Gradient Boosting Classifier (gbc) [27], Light
Gradient Boosting Machine (lgb) [28], Random Forest Classifier (rf) [29], Extra Trees Classi-
fier (et) [30], K Neighbors Classifier (knn) [31], Extreme Gradient Boosting (xgb) [32], Linear
Discriminant Analysis (lda) [33], Ada Boost Classifier (ada) [34], Decision Tree Classifier
(dt) [35], Naive Bayes (nb) [36], Quadratic Discriminant Analysis (qda) [37], Logistic Regres-
sion (lr) [38], and Dummy Classifier (dum) [39], a classification model that does not learn
anything from the training data but is particularly useful for assessing the performance
of more complex models and understanding the difficulty of the classification task, were
trained on the whole dataset in a 10-stratified cross-validation.

The performance of our machine learning models was evaluated on each validation
set through the following metrics:

• Accuracy:

ACC =
TP+ TN

TP+ FP+ TN + FN
(1)

• AUC ROC: The area under the Receiver Operating Characteristic (ROC) curve;
• Recall:

REC =
TP

TP+ FN
(2)

• Precision:

PREC =
TP

TP+ FP
(3)

• F1-score:

F1 = 2 · PREC · REC
PREC + REC

(4)

• Kappa:

k =
2 · (TP · TN − FN · FP)

(TP+ FP) · (TP+ FN) · (FN + TN)
(5)

2.6. Explainable Algorithm

We adopted the SHAP algorithm [40,41] to explain the decisions of the Gradient
Booster Classifier models on each test sample. It provides insight into the contribution of
each feature to the model’s prediction for a specific instance. SHAP values are based on
game theory concepts and specifically on Shapley values, which originated in cooperative
game theory. One of the key advantages of SHAP is its model-agnostic nature. It can be
applied to any machine learning model, whether it is a black-box or white-box model,
making it versatile and widely applicable. The measurement of how a feature affects the
performance of the classification model on the validation set is computed by including and
removing it from the model:

Φj(x) = ∑
F⊆S−{j}

|F|!(|S| − |F| − 1)!
|S|! [ fx(F ∪ j)− fx(F)] (6)

where Φj(x) represents the SHAP value of feature j for the prediction of the model f
given the input x, S is the set of all features, F ⊆ S− {j} represents all possible subsets
of features excluding feature j, and |F|!(|S|−|F|−1)!

|S|! is a weight parameter that multiplies all
of the permutations of S! by the potential permutations of the remaining class that does
not belong to S, while fx(F ∪ j) and fx(F) denote, respectively, the model’s prediction
when feature j is added to the subset F and when it is absent. We also averaged the ten
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realizations of SHAP values in order to obtain a single representative SHAP vector. The
whole analysis workflow is shown in Figure 3.

3. Results

The aim of this study was to assess, using explainable machine learning models, the
extent to which air pollutants and socioeconomic descriptors are associated with higher or
lower mortality from respiratory system cancer.

3.1. Performance of Classification Models

Table 1 shows the average performance of the 13machine learning classifiers calculated
as the mean performance obtained during the 10-fold cross-validation. The classifiers are
sorted in descending order according to the accuracy values.

Table 1. Performance of different classification models.

Model Accuracy AUC Recall Prec. F1 Kappa

et 0.78 ± 0.19 0.75 ± 0.17 0.73 ± 0.26 0.82 ± 0.18 0.75 ± 0.23 0.57 ± 0.37

lgb 0.74 ± 0.10 0.86 ± 0.13 0.71 ± 0.16 0.80 ± 0.18 0.73 ± 0.10 0.47 ± 0.21

rf 0.72 ± 0.21 0.80 ± 0.16 0.70 ± 0.25 0.78 ± 0.23 0.70 ± 0.22 0.44 ± 0.42

xgb 0.70 ± 0.16 0.78 ± 0.18 0.68 ± 0.24 0.75 ± 0.18 0.67 ± 0.19 0.39 ± 0.32

gbc 0.68 ± 0.18 0.77 ± 0.19 0.68 ± 0.18 0.72 ± 0.21 0.68 ± 0.16 0.36 ± 0.36

ada 0.67 ± 0.28 0.72 ± 0.17 0.68 ± 0.21 0.67 ± 0.17 0.67 ± 0.17 0.34 ± 0.36

qda 0.65 ± 0.12 0.77 ± 0.14 0.50 ± 0.17 0.73 ± 0.23 0.58 ± 0.16 0.30 ± 0.26

lr 0.64 ± 0.13 0.68 ± 0.17 0.56 ± 0.22 0.71 ± 0.20 0.59 ± 0.17 0.28 ± 0.26

knn 0.64 ± 0.16 0.69 ± 0.15 0.58 ± 0.14 0.69 ± 0.21 0.62 ± 0.15 0.27 ± 0.32

lda 0.62 ± 0.13 0.66 ± 0.21 0.50 ± 0.18 0.70 ± 0.22 0.55 ± 0.16 0.23 ± 0.26

dt 0.61 ± 0.21 0.61 ± 0.21 0.61 ± 0.21 0.64 ± 0.22 0.61 ± 0.19 0.21 ± 0.42

nb 0.55 ± 0.08 0.47 ± 0.17 0.17 ± 0.13 0.60 ± 0.44 0.25 ± 0.18 0.09 ± 0.14

dummy 0.50 ± 0.04 0.50 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00

The Extra Trees classifier emerged as the best in predicting an SMR higher or lower
than the mean value of mortality from respiratory system cancer, with a mean accuracy of
0.74 ± 0.13. The mean ROC AUC of the best model is shown in Figure 4. Each fold of the
cross-validation process yielded a distinct AUC value, allowing us to compute the mean
AUC across all folds and assess the model’s overall performance.

3.2. Interpreting Model Predictions: Insights from SHAP Analysis

In this section, we present a summary plot of the SHAP values obtained from a binary
classification model, shedding light on the influential features driving the model’s predic-
tions. Within the 10-fold cross-validation, SHAP values of the features of the provinces
present in the validation fold were calculated after training the classification model with
the nine folds of training data. This procedure was repeated for each of the validation folds.
The summary plot provides a comprehensive overview of the impact of each feature on
model predictions, revealing both the direction and magnitude of their influence. Figure 5
illustrates the summary plot generated from the SHAP values computed for the binary
classification model. Each point in the summary plot represents a feature, with its position
on the y-axis indicating the feature’s importance in terms of absolute SHAP value. The
color of each point represents the feature’s value, with red indicating high values and blue
indicating low values. Additionally, the horizontal bars represent the impact of each feature
on model predictions, with longer bars signifying a stronger influence.
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Figure 4. Average ROC curve with standard deviation of the Extra Trees classifier over
10 validation sets.

Figure 5. Shap summary plot. It reports the SHAP values, represented along the x-axis, of the dataset
features, reported on the y-axis. Each point on the graph represents a province.

4. Discussion

Our findings show that most of the input variables included in this study are weakly
correlated to the target variable, the standard mortality ratio, while our Extra Trees model
accurately predicts provinces withan SMR higher than the mean value. Therefore, it is
likely that a nonlinear relationship between air quality and SMR exists, thus suggesting the
beneficial role of including machine learning tools in this analysis. This is also consistent
when comparing the classification performance of the tree-based algorithms with other
shallow classification algorithms, including the LDA (and others). In ecological studies,
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linear models should be preferred since they are easy to interpret; however, Extra Trees
combined with the SHAP is a robust choice that does not require any prior assumptions,
while providing local feature importance values that are completely intelligible.

We also used the distribution of the SHAP values as a tool to estimate the global
feature importance of the variables included in our analysis. Accordingly, this analysis
confirms that average exposure to NOX is the most important feature in predicting the SMR
of respiratory system cancer that is higher than the mean value. This result is in agreement
with previous analyses confirming the positive association between respiratory diseases
and exposure to NO when conducting studies on populations [42,43].

According to this study, the second most important feature was the average benzene
concentration per province. Chronic exposure to benzene has been linked to leukemia [44,45];
however, there is limited evidence of a link with respiratory cancer in the scientific litera-
ture [45–47]. Nevertheless, benzene pollution is typically generated because of biomass
combustion due to wildfires [48] and vehicle exhaust [49]. Hence, we believe this variable
is a proxy for population exposure to poor air quality due to smoke from combustion from
human and natural activities.

Minor effects can also be imputed to microelement fertilizer consumption and exten-
sion of the cultivated areas. As can be seen in Figure 5, the distribution of the related SHAP
values suggests that these two variables act as a proxy for living in a rural environment.

Another important feature was the mean income per province. Although it is known
that socioeconomic inequalities have a role in respiratory cancer outcomes [50], this effect
cannot be assessed through a population study. Besides, it is likely that the average income
per province is acting as a proxy for residing in high-populated areas, where most of the air
pollution is emitted [42], while not accounting for social disparities.

5. Limitations

Key limitations in the proposed workflow stem from the dataset’s limited size and the
utilization of standard mortality ratios aggregated at provincial levels to explore associa-
tions between respiratory cancer mortality and air pollution. In fact, the dataset’s limited
size hampers the ability to discern reliable nonlinear relationships due to the significant
influence of outliers and noise. Consequently, we employed a k-fold cross-validation
framework and then computed confidence intervals for both predictions and local feature
importance. On the other hand, the reliance on aggregated mortality ratios for individual
provinces exposes the study to the ecological fallacy, as well as to potential omitted vari-
able bias [51,52], meaning that conclusions drawn at the group level may not accurately
represent individual-level associations or causality. Finally, it should be stressed that most
of the important variables according to the SHAP algorithm may act as a proxy for the high
density of urban activities. If a causality exists, this might be related to the role of NOx
in contributing to the development of asthma and respiratory infections, causing a range
of harmful effects on lungs [53–55]. On the other hand, NO is also related to proximity to
residential areas and human activities, so the measured positive association could be partly
attributable to other air pollutants, including particulate matter [42]. This work presents
a first attempt to extensively evaluate the statistical association between air quality and
respiratory cancer mortality over the Italian provinces while accounting for effects from
confounding socioeconomic variables. Our conclusions are in agreement with previous
cohort studies and meta-analyses [42,56]. The database considered here examined a single
year of observations; thus, extending the temporal range of our study could grant increased
robustness to the analyses and design a regression approach to model the SMR due to
respiratory cancer.

6. Conclusions

This paper explores the intricate relationship between air pollution and respiratory
cancer, with a focus on cancers of the lung, trachea, and bronchi. Recognizing the urgent
public health challenge posed by respiratory cancers, we address the need to identify the
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most harmful pollutants to inform targeted policy interventions. Our study introduces a
novel approach using explainable artificial intelligence based on remote sensing data and
socioeconomic data to predict Italian provinces with respiratory system cancer mortality
rates higher or lower than the average, which offers several implications for formulating
regulations and allocating resources. The results of the research can provide an empirical
basis for adopting or strengthening regulations regarding air quality. Identifying provinces
with higher mortality rates for respiratory system cancers can highlight areas with higher
levels of air pollution and provide an incentive for implementing policies aimed at reducing
atmospheric pollution. The ability to predict provinces with respiratory system cancer
mortality rates higher or lower than the average can guide more efficient allocation of
resources. Areas identified with higher risk may require additional investments in pre-
vention programs, early diagnosis, and treatment of respiratory system cancer, as well as
interventions to improve air quality. The adoption of stricter regulations on air pollution
and the targeted allocation of healthcare resources can improve the respiratory health of a
population and reduce the incidence and mortality of respiratory system cancers.
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This chapter investigates the relationship between air pollution, socio-economic factors,

and mortality from endocrine, nutritional, and metabolic diseases in Italian provinces using

machine learning (ML) and explainable artificial intelligence (XAI).
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Abstract: This study investigates the predictive performance of three regression models—Gradient 1

Boosting (GB), Random Forest (RF), and XGBoost—in forecasting mortality due to endocrine, nutri- 2

tional, and metabolic diseases across Italian provinces. Utilizing a dataset encompassing air pollution 3

metrics and socio-economic indices, the models were trained and tested to evaluate their accuracy 4

and robustness. Performance was assessed using metrics such as coefficient of determination (r2), 5

mean absolute error (MAE) and root mean squared error (RMSE), revealing that GB outperformed 6

both RF and XGB, offering superior predictive accuracy and model stability (r2= 0.54, MAE = 0.17 7

and RMSE = 0.05). To further interpret the results, SHAP (SHapley Additive exPlanations) analysis 8

was applied to the best-performing model to identify the most influential features driving mortality 9

predictions. The analysis highlighted the critical roles of specific pollutants, including benzene and 10

socio-economic factors such as life quality and instruction, in influencing mortality rates. These 11

findings underscore the interplay between environmental and socio-economic determinants in health 12

outcomes and provide actionable insights for policymakers aiming to reduce health disparities and 13

mitigate risk factors. By combining advanced machine learning techniques with explainability tools, 14

this research demonstrates the potential for data-driven approaches to inform public health strategies 15

and promote targeted interventions in the context of complex environmental and social determinants 16

of health. 17

Keywords: remote sensing; machine learning; nutritional disease; endocrine disease; metabolic 18

disease; exposome; explainable artificial intelligence; air pollution; public health; socioeconomic 19

indices; 20

1. Introduction 21

Non-communicable diseases, particularly endocrine, nutritional, and metabolic dis- 22

orders, represent a growing public health concern worldwide. These conditions, which 23

include diabetes, thyroid disorders, and malnutrition-related complications, are influenced 24

by complex interactions between genetic, environmental, and socio-economic factors [1]. In 25

Italy, substantial regional disparities in mortality rates from such diseases suggest a signifi- 26

cant role for external determinants, including air pollution and socio-economic conditions 27

[2]. The incidence of these disorders varies across age groups, with type 1 diabetes often 28

emerging in childhood or adolescence, posing lifelong management challenges [3], while 29

type 2 diabetes and thyroid dysfunctions predominantly affect middle-aged and elderly 30

populations due to aging, lifestyle factors and dietary habits [4]. Malnutrition-related 31

complications, though less frequent in high-income countries, disproportionately impact 32

vulnerable groups such as infants, the elderly, and socio-economically disadvantaged 33

populations [5]. These conditions carry severe health consequences, including chronic 34
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complications like cardiovascular disease, kidney failure, cognitive impairments, and 35

heightened susceptibility to infections, which significantly reduce quality of life and life 36

expectancy [6]. Socio-economic and social costs are equally profound, covering direct 37

expenses for medical care, diagnostics, and treatment, as well as indirect costs arising from 38

productivity losses, absenteeism, early retirement, and financial strain on families and care- 39

givers [7]. In Italy, diabetes management alone consumes a substantial portion of healthcare 40

resources, highlighting the immense pressure these diseases place on public health systems 41

[8]. Socio-economically disadvantaged areas bear a disproportionate burden, exacerbating 42

health inequalities and underscoring the need for comprehensive public health strategies 43

that integrate preventive measures, early detection programs, and equitable access to care 44

and support systems [9]. 45

Air pollution has been widely recognized as a major contributor to various health 46

conditions, including endocrine and metabolic disorders. Studies have linked exposure 47

to pollutants such as particulate matter (PM10, PM2.5), nitrogen oxides (NO and NO2), 48

and ozone (O3) to systemic inflammation, hormonal disruptions, and metabolic imbalances 49

[10–12]. Concurrently, socio-economic variables, such as income, education levels, health- 50

care access, and urbanization, are known to modulate health outcomes, acting as either 51

risk amplifiers or protective buffers [13]. However, the interplay between these factors 52

remains underexplored, particularly in the context of mortality associated with endocrine, 53

nutritional and metabolic diseases. 54

The advent of machine learning (ML) offers powerful tools to analyze large, complex 55

datasets and uncover hidden patterns that traditional statistical methods may overlook. 56

ML models can integrate diverse data sources, ranging from environmental pollution 57

metrics to socio-economic indicators, to predict health outcomes with high accuracy [14]. 58

Moreover, explainable artificial intelligence (XAI) frameworks, such as Shapley Additive 59

Explanations (SHAP), enable the interpretation of model predictions, shedding light on 60

the relative importance and interplay of contributing factors [15]. This combination of 61

predictive capability and interpretability makes ML a valuable approach for addressing 62

public health challenges [16–18]. 63

This study applies ML techniques to assess the likelihood of mortality from endocrine, 64

nutritional, and metabolic diseases across Italian provinces. By integrating air pollution 65

data sourced from the Copernicus Atmosphere Monitoring Service (CAMS) platform with 66

socio-economic and mortality statistics obtained from ISTAT (Italian National Institute of 67

Statistics), we aim to identify key predictors and quantify their contributions to health 68

outcomes. 69

This paper has the following structure: Section 2 provides the description of the 70

data used and the adopted methodologies. In particular, Section 2.1 defines the dataset 71

composition and its preparation to ML analysis ; Section 2.2 presents the reduction of 72

the features of the dataset through the Variation Inflation Factor; Section 2.3 describes 73

the leave-one-group-out cross validation; Section 2.4 introduces the 3 machine algorithms 74

and the evaluation metrics used; Section 2.5, presents the explainable artificial intelligence 75

approach adopted. Section 3 shows the results of our analysis that are discussed in Section 76

4. Finally, Section 5 contains our conclusions. 77

2. Materials and Methods 78

2.1. Data preparation description 79

The data used refer to those of the previously conducted study [16], on air quality 80

and atmospheric composition acquired by Copernicus Atmosphere Monitoring Service 81

(CAMS). In particular, the pollutant data provided by CAMS are derived from the median 82

ensemble of nine numerical air quality models [19–26]. In this study, which examines the 83

relationship between air pollution and mortality for endocrine nutritional and metabolic 84

disease, specific pollutant concentrations such as CO, NO, NO2, O3, PM10, PM2.5, and 85

SO2 were analyzed, using the Python library Geopandas. To enhance data consistency, 86
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additional variables related to pollution and socio-economic factors were included. Figure 87

1 presents an outline of the data preparation workflow. 88

Figure 1. Dataset preparation workflow.

In this study, we calculated the standardized mortality ratio (SMR), which represents 89

the ratio of observed deaths in a given area to the number of deaths expected in the 90

same area. Expected deaths were determined by applying the age-specific mortality rates 91

from a reference population (in this case, the national population) to the average annual 92

population, stratified by age groups, within each territorial unit. Figure 2 illustrates the 93

distribution of the average SMR for endocrine, nutritional and metabolic diseases across 94

Italian provinces in 2019. 95

Figure 2. Standardized mortality ratio distribution in 2019 for endocrine, nutritional and metabolic
diseases within Italian provinces.
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Figure 3 provides a visual overview of the analytical process carried out in this study. 96

The first step of this work has been to create a well-structured dataset of the Italian provinces 97

with multiple types of data: the air pollution data were collected from the CAMS platform, 98

while the socio-economic indices such as life quality distribution and density of urban 99

green areas, and the mortality data related to endocrine, nutritional and metabolic diseases 100

have been obtained from the database of the Italian National Institute of Statistics (ISTAT). 101

During the preliminary phase of the analysis, the multicollinearity of the dataset variables 102

was assessed by calculating Variation Inflation Factor (VIF). All variables with a VIF greater 103

than 10 were iteratively removed from the dataset. 104

To prevent information leakage between spatially related observations, we first identi- 105

fied groups of neighboring provinces (clusters) that were kept separate during the training 106

and validation phases. These spatial clusters were determined using a combination of 107

methods. A hierarchical clustering algorithm was applied to the matrix of Euclidean dis- 108

tances between provinces, and the semivariogram plot of the SMRs was used to identify 109

the point at which to stop hierarchical clustering. The spatial range of the semivariogram, 110

which indicates the distance beyond which observations are assumed to be uncorrelated, 111

was visually estimated. This was done by identifying the point where the plot levels off 112

(the plateau), indicating that the variance no longer increases significantly with distance. 113

We applied a leave-one-cluster-out cross-validation method to reduce spatial bias 114

while evaluating the regression performance of three ensemble models: Gradient Boosting 115

[27], Random Forest [28], and XGBoost [29]. To compare the performance of these machine 116

learning models, we calculated metrics such as the coefficient of determination (r2), the 117

mean absolute error (MAE) and the root mean squared error (RMSE). In addition, we iden- 118

tified the most influential features for the model using the SHAP algorithm, an approach 119

from explainable artificial intelligence. 120

Figure 3. The hierchical clustering algorithm used in combination with the semivariogram plot of the
SMR rates delineated three spatially-contiguous community that alleviated the spatial data leakage
that might occurr in epidemiological studies.

2.2. Multicollonearity analysis 121

The Variation Inflation Factor (VIF) is a tool used in regression analysis to check for 122

multicollinearity among independent variables. It measures how strongly the independent 123

variables are correlated and indicates how much the variance of the regression coefficients 124

is inflated due to this correlation. 125

In this study, we computed VIF to identify and address multicollinearity in the dataset. 126

We applied an iterative method, where the VIF was recalculated multiple times, removing 127
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the variable with the highest VIF in each step if its value exceeded 10. This approach helped 128

to minimize multicollinearity and improved the reliability of the coefficient estimates. 129

The variables removed after this analysis are: mean pm2.5, income, bed number, mean 130

CO and mean NO. 131

2.3. Leave-one-group-out cross-validation 132

To prevent information leakage between observations with spatial dependencies, 133

we divided the provinces into clusters of neighboring regions. These clusters were kept 134

separate during the training and validation phases. The spatial clusters used in the cross- 135

validation process were identified by applying the hierarchical clustering algorithm to the 136

matrix of Euclidean distances between provinces, and the semivariogram plot of the SMRs. 137

A semivariogram is a geostatistical tool for evaluating spatial dependence in a variable. 138

It is represented on a graph where the abscissa shows the distance (spatial lag) between 139

pairs of locations, and the ordinate displays the average squared difference in the vari- 140

able’s values for those pairs within a specified distance range. In this study, we visually 141

estimated the spatial range of the semivariogram defined as the distance beyond which 142

observations are no longer correlated by identifying the plateau, where variance stops 143

increasing significantly. 144

Using the spatial range from the semivariogram of the SMRs, we defined three clusters 145

by applying a threshold to the dendrogram created from the hierarchical clustering of 146

geographic distances between Italian provinces. 147

2.4. Machine learning models 148

The goal of our analysis was to compare the performance of three different machine 149

learning models, Gradient Boosting (GB), Random Forest (RF) and XGBoost (XGB), to 150

predict mortality for endocrine, nutritional and metabolic diseases through geolocalized 151

data. 152

Gradient Boosting is an ensamble machine learning model that combines the strengths 153

of multiple weak learners, typically decision trees, to create a strong learner. The algorithm 154

works iteratively, where each subsequent model is trained to minimize the residual errors 155

(i.e., the differences between predicted and actual values) of the preceding model using 156

a gradient descent approach. By sequentially adding models, Gradient Boosting reduces 157

bias and variance, improving overall performance. Hyperparameters such as the learning 158

rate, maximum tree depth, and number of estimators play a critical role in controlling the 159

model’s complexity and preventing overfitting. In this work we set the learning rate to 160

0.1, the maximum tree depth to 3 and the number of estimators to 100, a typical parameter 161

setting. 162

Random Forest regressor is an ensemble learning algorithm known for its robustness 163

and ability to handle high-dimensional data. It operates by constructing a multitude of 164

decision trees during training and combines their outputs to produce a final prediction 165

through averaging. The algorithm introduces randomness by using bootstrapped samples 166

of the data to train each tree and by selecting a random subset of features at each split. This 167

approach reduces overfitting and improves generalization compared to individual decision 168

trees. We chose 100 trees to build the forest, a common setting. 169

XGBoost (Extreme Gradient Boosting) is a high-performance implementation of the 170

gradient boosting algorithm, designed to optimize both computational efficiency and 171

predictive accuracy. XGBoost builds an ensemble of decision trees sequentially, where 172

each tree aims to reduce the residual errors of its predecessors using a gradient descent 173

method. Its enhancements include tree pruning, regularization terms in the loss function, 174

and support for parallel and distributed computation, making it faster and more robust 175

than traditional gradient boosting techniques. 176

We evaluated the perfomances of the three machine models by computing the coeffi- 177

cient of determination r2, the mean absolute error MAE and the root mean squared error 178

RMSE: 179
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• Coefficient of determination: 180

r2 = 1− ∑n
i=1(yi − ŷi)2

∑n
i=1(yi − ȳ)2

(1)

• Mean absolute error: 181

MAE =
1
n

n

∑
i=1

|(yi − ŷi)| (2)

• Root mean squared error: 182

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)2 (3)

where ŷi are the predicted values, ȳ is their average, while yi are the observed values 183

of the SMR in the validation set. 184

2.5. Explanation of the features 185

To interpret the results of our machine learning models and identify the most influ- 186

ential predictors, we utilized SHAP (SHapley Additive exPlanations), a state-of-the-art 187

algorithm for explainable artificial intelligence (XAI). SHAP provides a unified framework 188

for quantifying the contribution of each feature to the model’s predictions, offering both 189

global and local interpretability. 190

The SHAP method is based on cooperative game theory, where each feature is treated 191

as a “player” in a predictive game, and its contribution to the final prediction is assessed in 192

terms of Shapley values. These values are calculated by considering the marginal contribu- 193

tion of a feature across all possible subsets of features, ensuring fairness and consistency. 194

Unlike traditional feature importance methods, SHAP assigns feature contributions in a 195

manner that accounts for interactions and dependencies among predictors: 196

Φj(x) = ∑
F⊆S−{j}

|F|!(|S| − |F| − 1)!
|S|! [ fx(F ∪ j)− fx(F)] (4)

where x is an instance, the sum is over all the subsets S of features which include the 197

feature j, |F|!(|S|−|F|−1)!
|S|! is a weight parameter that multiplies all of the permutations of S! by 198

the potential permutations of the remaining class that doesn’t belong to S, while fx(F ∪ j) 199

and fx(F) denote respectively the regression score obtained by including and removing 200

feature j. 201

In this study, we used SHAP to generate explanations for the predictions of our 202

ensemble models. Specifically, SHAP summary plots were employed to visualize the 203

overall importance of each feature across the dataset. This analysis provided valuable 204

insights into how different variables, such as pollution levels, socio-economic indicators, 205

and mortality data, influenced the model’s predictions. 206

3. Results 207

The goal of this work was to evaluate, using explainable machine learning models, 208

whether and to what extent air pollutants and socio-economic descriptors are associated 209

with mortality due to endocrine, nutritional and metabolic diseases. 210

3.1. Regression performance 211

In order to validate the regression performance, by using the spatial range estimated 212

from the semivariogram plot, we divided the dendrogram of geographic distances between 213

Italian provinces into three distinct clusters. To ensure a reliable evaluation of model 214

performance, we implemented a leave-one cluster-out validation approach on each of the 215

three different models. The performance of the models were evaluated quantitatively by 216
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calculating the average metrics obtained from the validation set. The results of the model 217

metrics are shown in Table 1. 218

Table 1. Performance of different regression models.

Model r2 MAE RMSE

Gradient Boosting 0.54 0.17 0.05

Random Forest 0.46 0.19 0.05

XGBoost 0.04 0.26 0.10

The Gradient Boosting regressor emerged as the best in predicting SMR for endocrine, 219

nutritional and metabolic diseases with a r2 of 0.54. The scatter plot of the predicted SMR 220

vs the real ones is shown in figure 4. 221

Figure 4. Scatter plot of predicted Standard Mortality Ratio (y pred) vs true Standard Mortality Ratio
(y true). The blue line represents the best fit for the plotted points.

3.2. Interpretation of models through SHAP values 222

Figure 5 shows the feature importance obtained with SHAP from the best regression 223

model GB. The analysis identified life quality and lifetime as the most influential features. 224

Features such as instruction, benzene and temperature also contributed to the predictions, 225

although with lower SHAP values. The plot showed both the magnitude and direction 226

of the impact for each feature, with higher SHAP values indicating stronger influence on 227

the predicted mortality rates. The x-axis represents the SHAP values, showing the range 228

and direction of the impact a feature has on the model’s predictions. Positive SHAP values 229

indicate an increase in the prediction of a higher value of outcome, while negative values 230

increase in the prediction of an lower value of outcome. Points are color-coded to reflect 231

the feature’s value for the observation. Red is used for high feature values and blue for low 232

values, helping to show how feature value correlates with its impact. 233

4. Discussion 234

This study analyzed the association between air pollution and mortality from en- 235

docrine, nutritional, and metabolic diseases, including geolocalized data on CO, NO, NO2, 236

O3, PM10, PM2.5, and SO2, and considering demographic and socio-economic variations 237

such as age and gender. The standardized mortality ratio (SMR) was calculated as the 238

ratio between observed deaths in a provincial area and expected ones. Our findings show 239

that most of the input variables included in this study are weakly correlated with the 240

target variable, the standard mortality ratio, while our gradient boosting model accurately 241

predicts provinces with an SMR higher than the mean value. The performances obtained in 242

terms of r² and MAE are 0.54 and 0.17. This result shows that environmental pollution is 243

associated with endocrine, nutritional, and metabolic diseases. These findings should be 244
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Figure 5. SHAP summary plot showing the Shapley values for each feature. Each point represents
the Shapley value for a specific province, with the y-axis displaying the associated feature and the
x-axis showing the Shapley value. The color gradient indicates the feature’s value, ranging from low
to high. Features are ranked by their average importance, with the most significant ones appearing at
the top.

included, along with other risk factors, in studies investigating risk factors for individuals, 245

even in personalized contexts. Explainable AI (XAI) estimated the most important global 246

and local variables in predicting the SMR. The SHAP algorithm was used to identify the 247

most influential variables in the model, highlighting the link between environmental, socio- 248

economic factors, and population health. Quality of life emerges as the most important 249

factor: in areas where it is higher, lower mortality rates are observed [30,31]. This result 250

emphasizes how a healthy lifestyle, access to services, and a favorable environment can 251

positively impact health. At the same time, life expectancy is closely linked to mortality 252

rates: in areas where people live shorter lives, the impact of endocrine diseases seems to be 253

particularly relevant. High values of the variable photovoltaic panel significantly influence 254

the GB regressor’s predictions of elevated mortality rates for endocrine, nutritional, and 255

metabolic diseases. However, this pattern can be attributed to the geographic distribution 256

of photovoltaic panels in Italy. Provinces with a density of solar panels per square kilometer 257

exceeding the national average are predominantly located in southern Italy, the same region 258

with a higher SMR for these diseases. Although no scientific studies have examined a direct 259

correlation between the percentage of students who did not complete primary education 260

(variable instruction) and deaths from endocrine, nutritional, and metabolic diseases, it 261

is well established that lower education levels are associated with less healthy behaviors 262

and reduced access to health information factors that can negatively impact overall health 263

[32,33]. Education plays a crucial role in the prevention and management of chronic dis- 264

eases, including endocrine, nutritional, and metabolic disorders. Therefore, while there 265

is no direct evidence of a specific correlation, it is plausible that a higher dropout rate 266

may indirectly contribute to an increase in mortality from these conditions. Among the 267

pollutants analyzed, benzene stands out for its correlation with higher mortality rates. This 268

is concerning, considering that benzene is often produced by activities such as vehicular 269

traffic and combustion [34]. A higher average annual temperature is associated with a 270

greater probability of mortality from endocrine, nutritional and metabolic diseases accord- 271

ing to the model used, in line with the results present in the literature [35]. Air quality 272
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and the average concentration of NO2 are also strongly linked to mortality, confirming the 273

role of air pollution in the development of chronic diseases [36–38]. As for socio-economic 274

and agricultural factors, such as the use of fertilizers, especially those with microelements, 275

they suggest a relationship with rural environments and chemical exposures linked to 276

agriculture. Research has revealed that individuals working in the fertilizer industry tend 277

to have elevated levels of Cd and Pb in their biological samples, compared to healthy 278

individuals who are either unexposed or exposed across all age groups. This outcome is 279

likely linked to the buildup of toxic metals stemming from fertilizer contamination [39]. 280

The study in question has limitations that may influence the interpretation of the results 281

and their applicability in a broader context. Below are the main critical aspects explained. 282

The analysis is based on data collected at the provincial level, treating each province as 283

a homogeneous entity. However, within provinces, there are significant differences in 284

population density, such as those between densely populated urban areas and sparsely 285

inhabited rural areas. In this work it is assumed that the entire population of a province 286

is exposed to the same levels of air pollutants. While the study is observational in nature 287

and identifies associations between air pollutants and endocrine/metabolic diseases, but 288

however it cannot establish a direct causal relationship. This means that the results could 289

be influenced by confounding factors not considered, necessitating further analysis to 290

confirm the actual causes. Finally, feature such as benzene, identified as a pollutant with a 291

significant impact on mortality, are not delve into the specific sources (e.g., vehicle traffic or 292

industrial activities) nor does it consider other exposures that could interact with benzene, 293

making it difficult to assign precise responsibility to this pollutant. 294

5. Conclusions 295

This study demonstrates the potential of machine learning (ML) models to identify the 296

likelihood of mortality from endocrine, nutritional, and metabolic diseases by analyzing 297

environmental pollution and socio-economic data at the provincial level in Italy. By inte- 298

grating diverse data streams, including air quality metrics, socio-demographic variables, 299

and health records, we provided a comprehensive framework for investigating complex 300

relationships between environmental exposures and public health outcomes. 301

Our findings reveal that key predictors of mortality are not limited to air pollutant 302

concentrations but also encompass socio-economic factors such as life quality. The use of 303

interpretable ML techniques, such as Shapley Additive Explanations (SHAP), allowed us 304

to uncover the relative importance of each feature and provided valuable insights into the 305

underlying mechanisms linking environmental and social factors to health risks. 306

The performance of the models, while promising, highlights the need for further 307

refinement. Future work should focus on incorporating additional datasets, such as lon- 308

gitudinal data, to improve the robustness and generalizability of the models. Moreover, 309

enhancing spatial resolution and integrating behavioral and genetic data could provide a 310

more granular understanding of individual and community-level risks. 311

This work underscores the importance of leveraging data-driven approaches to ad- 312

dress pressing public health challenges. Policymakers and stakeholders can use these 313

findings to design targeted interventions aimed at reducing health disparities and miti- 314

gating the effects of environmental pollution on vulnerable populations. By advancing 315

our understanding of the interplay between environment, socio-economic conditions, and 316

health, this research lays the groundwork for more informed and equitable public health 317

strategies. 318

Author Contributions: Conceptualization, D.R., S.T.; methodology, D.R., P.N., D.D., and S.T.; software, 319

D.R. and D.D.; validation, D.R., P.N., D.D., P.D., R.B. and S.T.; investigation, D.R., P.N.; data curation, 320

D.R.; writing—original draft preparation, D.R., M.M., P.N. and S.T.; writing—review and editing, 321

D.R., M.M., P.N., P.D., D.D., N.A., A.M., R.B. and S.T.; visualization, D.R., D.D. and S.T.; supervision, 322

S.T. All authors have read and agreed to the published version of the manuscript. 323

Chapter 4 55



Version February 6, 2025 submitted to Journal Not Specified 10 of 11

Funding: This paper has been supported by the METROFOOD-IT project, a project with fund- 324

ing received from the European Union—NextGenerationEU, PNRR—Mission 4 “Education and 325

Research” Component 2: from research to business, Investment 3.1: Fund for the realization of 326

an integrated system of research and innovation infrastructures - IR0000033 (D.M. Prot. n.120 del 327

21/06/2022), next_AIM (Artificial Intelligence in Medicine: next steps) research project (INFN-CSN5), 328

https://www.pi.infn.it/aim (accessed on 30 October 2023); The National Recovery and Resilience 329

Plan (NRRP), Mission 4 Component 2 Investment 1.4—Call for tender No. 3138 of 16 December 2021 330

of Italian Ministry of University and Research funded by the European Union—NextGenerationEU. 331

Award Number: Project code: CN00000013, Concession Decree No. 1031 of 17 February 2022 adopted 332

by the Italian Ministry of University and Research, CUP H93C22000450007, Project title: “National 333

Centre for HPC, Big Data and Quantum Computing." 334

Institutional Review Board Statement: Not applicable 335

Data Availability Statement: The data that support the findings of this study are either publicly 336

available on databases cited in the bibliography, or available from the corresponding author on 337

request. 338

Acknowledgments: Authors would like to thank the resources made available by ReCaS, a project 339

funded by the MIUR (Italian Ministry for Education, University and Research) in the “PON Ricerca e 340

Competitività 2007–2013-Azione I-Interventi di rafforzamento strutturale” PONa3_00052, Avviso 341

254/Ric, University of Bari. 342

Conflicts of Interest: The authors declare no conflict of interest. 343

References 344

1. Organization, W.H. Noncommunicable Diseases Progress Monitor 2018. World Health Organization 2018. 345

2. of Statistics (ISTAT), I.N.I. Italian National Health Statistics Report 2021. ISTAT 2021. Available at: https://www.istat.it/en/health. 346

3. Michels, A.W.; Redondo, M.J.; Atkinson, M.A. The pathogenesis, natural history, and treatment of type 1 diabetes: time 347

(thankfully) does not stand still. The lancet Diabetes & endocrinology 2022, 10, 90–92. 348

4. Kim, S.H.; Lee, S.Y.; Kim, C.W.; Suh, Y.J.; Hong, S.; Ahn, S.H.; Seo, D.H.; Nam, M.S.; Chon, S.; Woo, J.T.; et al. Impact of 349

socioeconomic status on health behaviors, metabolic control, and chronic complications in type 2 diabetes mellitus. Diabetes & 350

metabolism journal 2018, 42, 380. 351

5. Myers, S.S.; Smith, M.R.; Guth, S.; Golden, C.D.; Vaitla, B.; Mueller, N.D.; Dangour, A.D.; Huybers, P. Climate change and global 352

food systems: potential impacts on food security and undernutrition. Annual review of public health 2017, 38, 259–277. 353

6. Yen, F.S.; Wei, J.C.C.; Chiu, L.T.; Hsu, C.C.; Hwu, C.M. Diabetes, hypertension, and cardiovascular disease development. Journal 354

of Translational Medicine 2022, 20, 1–12. 355

7. Bommer, C.; Heesemann, E.; Sagalova, V.; Manne-Goehler, J.; Atun, R.; Bärnighausen, T.; Vollmer, S. The global economic burden 356

of diabetes in adults aged 20–79 years: a cost-of-illness study. The lancet Diabetes & endocrinology 2017, 5, 423–430. 357

8. Pagano, E.; De Rosa, M.; Rossi, E.; Cinconze, E.; Marchesini, G.; Miccoli, R.; Vaccaro, O.; Bonora, E.; Bruno, G. The relative 358

burden of diabetes complications on healthcare costs: the population-based CINECA-SID ARNO Diabetes Observatory. Nutrition, 359

Metabolism and Cardiovascular Diseases 2016, 26, 944–950. 360

9. Di Cesare, M.; Khang, Y.H.; Asaria, P.; Blakely, T.; Cowan, M.J.; Farzadfar, F.; Guerrero, R.; Ikeda, N.; Kyobutungi, C.; Msyamboza, 361

K.P.; et al. Inequalities in non-communicable diseases and effective responses. The Lancet 2013, 381, 585–597. 362

10. Pope, C.A.; Dockery, D.W. Health effects of fine particulate air pollution: lines that connect. Journal of the Air & Waste Management 363

Association 2006, 56, 709–742. 364

11. Thurston, G.D.; et al. A joint ERS/ATS policy statement: what constitutes an adverse health effect of air pollution? An analytical 365

framework. European Respiratory Journal 2017, 49. 366

12. Monaco, A.; Lacalamita, A.; Amoroso, N.; D’Orta, A.; Del Buono, A.; di Tuoro, F.; Tangaro, S.; Galeandro, A.I.; Bellotti, R. Random 367

forests highlight the combined effect of environmental heavy metals exposure and genetic damages for cardiovascular diseases. 368

Applied Sciences 2021, 11, 8405. 369

13. Braveman, P.A.; Egerter, S.; Williams, D.R. The social determinants of health: coming of age. Annual Review of Public Health 2011, 370

32, 381–398. 371

14. Rajkomar, A.; Dean, J.; Kohane, I. Machine learning in medicine. New England Journal of Medicine 2019, 380, 1347–1358. 372

15. Lundberg, S.M.; Lee, S.I. A Unified Approach to Interpreting Model Predictions. In Proceedings of the Advances in Neural 373

Information Processing Systems. NeurIPS, 2017, Vol. 30. 374

16. Romano, D.; Novielli, P.; Diacono, D.; Cilli, R.; Pantaleo, E.; Amoroso, N.; Bellantuono, L.; Monaco, A.; Bellotti, R.; Tangaro, S. 375

Insights from Explainable Artificial Intelligence of Pollution and Socioeconomic Influences for Respiratory Cancer Mortality in 376

Italy. Journal of Personalized Medicine 2024, 14, 430. 377

Chapter 4 56



Version February 6, 2025 submitted to Journal Not Specified 11 of 11

17. Novielli, P.; Romano, D.; Magarelli, M.; Diacono, D.; Monaco, A.; Amoroso, N.; Vacca, M.; De Angelis, M.; Bellotti, R.; Tangaro, S. 378

Personalized identification of autism-related bacteria in the gut microbiome using explainable artificial intelligence. Iscience 2024, 379

27. 380

18. Romano, D.; Novielli, P.; Cilli, R.; Amoroso, N.; Monaco, A.; Bellotti, R.; Tangaro, S. Air pollution and mortality for cancer of the 381

respiratory system in Italy: an explainable artificial intelligence approach. Frontiers in Public Health 2024, 12, 1344865. 382

19. Thunis, P.; Degraeuwe, B.; Pisoni, E.; Meleux, F.; Clappier, A. Analyzing the efficiency of short-term air quality plans in European 383

cities, using the CHIMERE air quality model. Air Quality, Atmosphere & Health 2017, 10, 235–248. 384

20. Hass, H.; Ebel, A.; Feldmann, H.; Jakobs, H.; Memmesheimer, M. Evaluation studies with a regional chemical transport model 385

(EURAD) using air quality data from the EMEP monitoring network. Atmospheric Environment. Part A. General Topics 1993, 386

27, 867–887. 387

21. Duarte, E.D.S.F.; Franke, P.; Lange, A.C.; Friese, E.; da Silva Lopes, F.J.; da Silva, J.J.; dos Reis, J.S.; Landulfo, E.; e Silva, C.M.S.; 388

Elbern, H.; et al. Evaluation of atmospheric aerosols in the metropolitan area of São Paulo simulated by the regional EURAD-IM 389

model on high-resolution. Atmospheric Pollution Research 2021, 12, 451–469. 390

22. Hinestroza-Ramirez, J.E.; Lopez-Restrepo, S.; Yarce Botero, A.; Segers, A.; Rendon-Perez, A.M.; Isaza-Cadavid, S.; Heemink, A.; 391

Quintero, O.L. Improving Air Pollution Modelling in Complex Terrain with a Coupled WRF–LOTOS–EUROS Approach: A Case 392

Study in Aburrá Valley, Colombia. Atmosphere 2023, 14, 738. 393

23. Persson, C.; Langner, J.; Robertson, L. Air pollution assessment studies for Sweden based on the MATCHmodel and air pollution 394

measurements. Air pollution modeling and its application XI 1996, pp. 127–134. 395

24. Joly, M.; Josse, B.; Plu, M.; Arteta, J.; Guth, J.; Meleux, F. High-Resolution Air Quality Forecasts with MOCAGE Chemistry 396

Transport Model. In Proceedings of the Air Pollution Modeling and its Application XXIV. Springer, 2016, pp. 563–565. 397

25. Van Loon, M.; Vautard, R.; Schaap, M.; Bergström, R.; Bessagnet, B.; Brandt, J.; Builtjes, P.; Christensen, J.; Cuvelier, C.; Graff, 398

A.; et al. Evaluation of long-term ozone simulations from seven regional air quality models and their ensemble. Atmospheric 399

Environment 2007, 41, 2083–2097. 400

26. Neary, L.; Kaminski, J.W.; Lupu, A.; McConnell, J.C. Developments and results from a global multiscale air quality model 401

(GEM-AQ). In Air Pollution Modeling and Its Application XVII; Springer, 2007; pp. 403–410. 402

27. Mayr, A.; Binder, H.; Gefeller, O.; Schmid, M. The evolution of boosting algorithms. Methods of information in medicine 2014, 403

53, 419–427. 404

28. Parmar, A.; Katariya, R.; Patel, V. A review on random forest: An ensemble classifier. In Proceedings of the International 405

conference on intelligent data communication technologies and internet of things (ICICI) 2018. Springer, 2019, pp. 758–763. 406

29. Azmi, S.S.; Baliga, S. An overview of boosting decision tree algorithms utilizing AdaBoost and XGBoost boosting strategies. Int. 407

Res. J. Eng. Technol 2020, 7. 408

30. Webb, S.M.; Crespo, I.; Santos, A.; Resmini, E.; Aulinas, A.; Valassi, E. Management of endocrine disease: quality of life tools for 409

the management of pituitary disease. European Journal of Endocrinology 2017, 177, R13–R26. 410

31. Sonino, N.; Fava, G.A.; Fallo, F.; Boscaro, M. Psychological distress and quality of life in endocrine disease. Psychotherapy and 411

Psychosomatics 1990, 54, 140–144. 412

32. Klinker, C.D.; Aaby, A.; Ringgaard, L.W.; Hjort, A.V.; Hawkins, M.; Maindal, H.T. Health literacy is associated with health 413

behaviors in students from vocational education and training schools: a Danish population-based survey. International journal of 414

environmental research and public health 2020, 17, 671. 415

33. Zajacova, A.; Lawrence, E.M. The relationship between education and health: reducing disparities through a contextual approach. 416

Annual review of public health 2018, 39, 273–289. 417

34. Cui, Y.; Mo, Z.; Ji, P.; Zhong, J.; Li, Z.; Li, D.; Qin, L.; Liao, Q.; He, Z.; Guo, W.; et al. Benzene exposure leads to lipodystrophy and 418

alters endocrine activity in vivo and in Vitro. Frontiers in Endocrinology 2022, 13, 937281. 419

35. Li, Y.; Cheng, Y.; Cui, G.; Peng, C.; Xu, Y.; Wang, Y.; Liu, Y.; Liu, J.; Li, C.; Wu, Z.; et al. Association between high temperature and 420

mortality in metropolitan areas of four cities in various climatic zones in China: a time-series study. Environmental Health 2014, 421

13, 65. 422

36. Saleem, A.; Awan, T.; Akhtar, M.F. A comprehensive review on endocrine toxicity of gaseous components and particulate matter 423

in smog. Frontiers in Endocrinology 2024, 15, 1294205. 424

37. Darbre, P.D. Overview of air pollution and endocrine disorders. International journal of general medicine 2018, pp. 191–207. 425

38. Gea, M.; Fea, E.; Racca, L.; Gilli, G.; Gardois, P.; Schilirò, T. Atmospheric endocrine disruptors: A systematic review on oestrogenic 426

and androgenic activity of particulate matter. Chemosphere 2024, 349, 140887. 427

39. Ning, J.; Akhter, T.; Sarfraz, M.; Afridi, H.I.; Albasher, G.; Unar, A. The importance of monitoring endocrine-disrupting chemicals 428

and essential elements in biological samples of fertilizer industry workers. Environmental Research 2023, 231, 116173. 429

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual 430

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 431

people or property resulting from any ideas, methods, instructions or products referred to in the content. 432

Chapter 4 57



Chapter 5

Conclusions

The final chapter synthesizes the findings, discussing AI’s transformative role in environ-

mental research. It highlights the contributions of explainable ML in enhancing trans-

parency and ethical decision-making and suggests future directions to broaden AI applica-

tions in environmental science.

58
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This thesis has demonstrated the power of machine learning (ML) and explainable artificial

intelligence (XAI) in advancing environmental epidemiology. By systematically analyzing

the relationship between environmental factors and non-communicable diseases (NCDs),

it provides valuable insights into the role of air pollution, socio-economic conditions, and

urbanization in shaping public health outcomes. The findings from the three key studies

presented in this work offer actionable insights for policymakers and public health officials,

highlighting the urgent need for targeted interventions to mitigate environmental health

risks.

The first study, focusing on respiratory system cancers, identified nitrogen monoxide (NO),

income levels, and ozone (O3) concentrations as the most significant predictors of mor-

tality. These findings suggest that reducing NO emissions, particularly in urban areas

with high traffic density, should be a priority for public health interventions. Addition-

ally, policies aimed at improving air quality, such as stricter emissions standards and the

promotion of green urban spaces, could help mitigate the impact of ozone on respiratory

health. The study also highlighted the role of socio-economic factors, indicating that in-

come disparities may exacerbate exposure to harmful pollutants, particularly in wealthier

provinces where industrial activities are more concentrated. This underscores the need for

equitable environmental policies that address both pollution control and socio-economic

inequalities.

The second study, which compared thirteen classification models to predict respiratory

cancer mortality rates above or below the national average, reinforced the importance of

NOx, benzene, and income levels as key risk factors. The Extra Trees classifier emerged as

the most accurate model, providing a robust framework for identifying high-risk provinces.

These results can guide resource allocation, enabling policymakers to prioritize regions

with higher mortality rates for targeted interventions, such as enhanced healthcare access,

pollution monitoring, and public awareness campaigns. The study also demonstrated the

value of XAI in interpreting complex ML models, offering transparency and trustworthiness

in AI-driven epidemiological research.
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The third study, which examined endocrine, nutritional, and metabolic diseases, revealed

that life quality, lifetime, and benzene exposure were the most influential predictors of mor-

tality. These findings emphasize the interplay between environmental and socio-economic

determinants of health. For instance, improving life quality through better access to

healthcare, education, and social services could significantly reduce mortality rates. In

addition, reducing benzene exposure, particularly in industrial and urban areas, should

be a key focus of environmental regulations. The study also highlighted the potential of

Gradient Boosting as a powerful tool for predicting health outcomes, further validating

the use of ML in public health research.

While the studies presented in this thesis provide valuable insights, they are not without

limitations. One major limitation is the reliance on provincial-level data, which may

mask significant variations in pollution exposure and socio-economic conditions within

provinces. For example, urban areas within a province may experience higher pollution

levels compared to rural areas, but this granularity is lost in the analysis. Additionally, the

studies are based on cross-sectional data from a single year (2019), which limits the ability

to assess long-term trends or causal relationships. Future research should incorporate

longitudinal data to better understand the temporal dynamics of environmental exposures

and health outcomes.

Another limitation is the potential for confounding factors that were not accounted for

in the models. For instance, individual-level data on lifestyle factors, genetic predisposi-

tions, and access to healthcare could provide a more comprehensive understanding of the

determinants of NCDs. Furthermore, while SHAP values offer interpretability, they do

not establish causality, and the models may still be influenced by unobserved variables.

These limitations highlight the need for caution when translating the findings into policy

recommendations.

The findings of this thesis open several avenues for future research. First, expanding the

geographic scope of the analysis to include other regions or countries could provide a

broader understanding of how environmental and socio-economic factors influence health
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outcomes across different contexts. Comparative studies could reveal regional variations

in risk factors and inform tailored interventions.

Second, incorporating longitudinal data would allow for the examination of long-term

trends and the assessment of the effectiveness of public health interventions over time. For

example, tracking changes in air quality and mortality rates following the implementation

of pollution control measures could provide valuable insights into the impact of policy

changes.

Third, integrating additional data sources, such as genetic information, behavioral data,

and more granular environmental monitoring data, could enhance the predictive power

of ML models. For instance, combining satellite-based pollution data with ground-level

sensor data could improve the accuracy of exposure assessments. Similarly, incorporating

data on individual health behaviors, such as smoking or diet, could provide a more holistic

understanding of the determinants of NCDs.

Fourth, future research could explore the use of more advanced ML techniques, such as deep

learning, to capture complex, non-linear relationships between environmental exposures

and health outcomes. While these models may offer higher predictive accuracy, their

”black-box” nature poses challenges for interpretability. Therefore, the development of

new XAI techniques that can provide insights into the decision-making processes of deep

learning models will be crucial for their adoption in public health research.

Finally, the ethical and regulatory implications of AI in public health warrant further inves-

tigation. As AI-driven tools become more integrated into policy-making, it will be essential

to ensure that these technologies are deployed responsibly and equitably. This includes

addressing potential biases in the data, ensuring transparency in model predictions, and

engaging stakeholders in the development and implementation of AI-based interventions.

In conclusion, this thesis contributes to the growing field of AI-driven epidemiology by

providing a transparent and interpretable framework to assess environmental health risks.

The findings have significant implications for public health policies, emphasizing the ur-

gent need for targeted interventions to mitigate the impact of environmental stressors
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on population health. By bridging machine learning, explainability, and epidemiology,

this work lays the foundation for future advancements in AI-assisted health risk assess-

ment and environmental policy development. The integration of these methodologies into

public health practice has the potential to transform our understanding of the complex

interactions between environmental exposures and human health, ultimately leading to

healthier and more sustainable communities.
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