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A B S T R A C T

Antimicrobial resistance refers to the ability of pathogens to develop resistance to drugs designed to eliminate
them, making the infections they cause more difficult to treat and increasing the likelihood of disease
diffusion and mortality. As such, antimicrobial resistance is considered as one of the most significant and
universal challenges to both health and society, as well as the environment. In our research, we employ the
explainable artificial intelligence paradigm to identify the factors that most affect the onset of antimicrobial
resistance in diversified territorial contexts, which can vary widely from each other in terms of climatic,
economic and social conditions. Specifically, we employ a large set of indicators identified through the One
Health framework to predict, at the country level, mortality resulting from antimicrobial resistance related
to Acinetobacter baumannii, Escherichia coli, Klebsiella pneumoniae, Pseudomonas aeruginosa, and Streptococcus
pneumoniae. The analysis reveals the outstanding importance of indicators related to water accessibility and
quality in determining mortality due to antimicrobial resistance to the considered pathogens across countries,
providing perspective as a potential tool for decision support and monitoring.
1. Introduction

Antimicrobial resistance (AMR) refers to the ability of bacteria,
viruses, fungi and parasites to develop a resistance to drugs designed
to eliminate them, making the infections they cause more challenging
to treat and increasing the likelihood of disease spread and mor-
tality (D’Costa et al., 2011; Allen et al., 2010; Davies and Davies,
2010).

The development of AMR is a complex phenomenon stemming
from the interplay of genetic factors and selective pressures in mi-
crobial populations, triggered by the abuse and misuse of antibiotics
in healthcare (Ventola, 2015; Fleming-Dutra et al., 2016; Ayukekbong
et al., 2017; Michael et al., 2014) (especially for self-medication prac-
tices (Rather et al., 2017)), veterinary medicine (Wellington et al.,
2013; Van Boeckel et al., 2015), breeding (Tang et al., 2017) and
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agriculture (Cheng et al., 2019). This practice leads to the emergence
of stronger strains, facilitating the uncontrolled spread of antibiotic-
resistant bacteria across different pathways. Furthermore, the insuffi-
cient surveillance and regulation of antimicrobial use in agriculture
and breeding, where crops and animals are often exposed to drugs for
growth promotion and disease prevention, directly impacts food safety
and security, generating disastrous consequences on socio-economic
scenarios and even efficacy of medical treatments of infectious dis-
eases (Cassini et al., 2015; Murray et al., 2022; Dadgostar, 2019).
As a result, surgeries and chemotherapy become riskier, determining
higher mortality rates, prolonged illnesses and increased healthcare
costs (Holmes et al., 2016; Partridge et al., 2018; Aminov, 2011;
Andersson and Hughes, 2011; Ferri et al., 2017). Moreover, the release
of antimicrobial substances into the environment, primarily through
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agricultural runoff (Chee-Sanford et al., 2009; Woolhouse et al., 2015;
Pruden et al., 2012, 2006; Pei et al., 2006), improper disposal of
harmaceuticals and inadequately treated wastewater (Flandroy et al.,

2018; Pallares-Vega et al., 2019; Ju et al., 2019; Szczepanowski et al.,
2009; Nadimpalli et al., 2018), significantly contributes to the emer-
gence and spread of antibiotic-resistant bacteria in environmental set-
tings (Kraemer et al., 2019; Cavicchioli et al., 2019; Tacconelli and
ezzani, 2019; Rohr et al., 2019; Wagg et al., 2021). Contamina-
ion of water, soil and wildlife contributes to the intensification of
he evolutionary pressure on bacteria in these ecosystems, creating

a reservoir of resistance genes that changes microbial communities,
altering the balance between species. This disruption can generate a
elf-perpetuating mechanism that produces cascading effects, in which

the consumption of crops irrigated with contaminated water and the
exposure of livestock to polluted water and soil can favor the develop-
ment of resistance in animal populations, increasing the risk of zoonotic
ransmission (Cheng et al., 2019; Tang et al., 2017; Van Boeckel et al.,

2015).
AMR’s universality and its consequences on the health, environmen-

al, political, social and economic spheres have recently led outstanding
upranational agencies to recognize this phenomenon as a global threat.
n May 2015, the World Health Assembly endorsed a Global Action Plan
o tackle AMR. Furthermore, in September 2016, the United Nations
eneral Assembly prioritized it on the agenda of national policymakers,

nternational organizations and financial institutions in developed and
eveloping countries. The complex and multifaceted nature of the AMR
hallenge highlighted the need to adopt a holistic, interdisciplinary
pproach to address it. The answer to this need is the One Health
erspective, which acknowledges the interconnectedness of human
ealth, animal health and the environment (Wellington et al., 2013).

This framework, consolidated in recent years following the outbreak of
the COVID-19 pandemic, promotes an integrated vision in which the
scientific, medical and political fields work in synergy to understand
and address the main threats to global health.

In this research work, we aim to determine the factors that mostly
ffect the AMR mortality rates in very diverse territorial contexts,
hich differ from each other in various characteristics such as climatic,
conomic and social conditions. Starting from a large set of indicators

of interest identified through the One Health framework, we develop
n Artificial Intelligence (AI) model to predict in 203 world countries

AMR mortality rates related to the following pathogens: Acinetobac-
ter baumannii (AB), Escherichia coli (EC), Klebsiella pneumoniae (KP),
Pseudomonas aeruginosa (PA) and Streptococcus pneumoniae (SP). In the
year 2019 only, these pathogens were each responsible for more than
250.000 deaths associated with AMR (Murray et al., 2022).

Acinetobacter baumannii is a gram-negative bacterium that behaves
as an opportunistic pathogen in humans, affecting people with compro-

ised immune systems. It is almost exclusively isolated from hospital
environments (Antunes et al., 2014), where it causes nosocomial in-
fections characterized by a wide range of symptoms, with occasional
indings in environmental soil and water samples (Yeom et al., 2013).

Escherichia coli is a gram-negative and facultative anaerobic bac-
erium. The relation between humans and Escherichia coli, normally
iving in lower intestine of warm-blooded mammals and mostly propa-

gating through fecal-oral transmission, is usually a mutualistic one, in
hich both species benefit from each other (Tenaillon et al., 2010).

However, Escherichia coli can acquire genetic elements that induce
irulent factors, causing diseases out of the lower intestines such as

gastroenteritis, urinary tract infections, neonatal meningitis and hem-
orrhagic colitis. The spread of antibiotic-resistant Escherichia coli strains
s a cross-cutting issue affecting living species, food and the environ-
ent (Pormohammad et al., 2019; Petty et al., 2014).

Klebsiella pneumoniae is a gram-negative and facultative anaerobic
acterium normally found in the bacterial flora of mouth, skin and
ntestines (Ryan and Ray, 2004), but becomes heavily pathogenic if it
omes into contact with lungs or blood. The range of clinical diseases
 p

2 
caused by Klebsiella pneumoniae includes pneumonia, thrombophlebitis,
rinary tract infections, cholecystitis, diarrhea, upper respiratory tract

infection, wound infection, osteomyelitis, meningitis and sepsis.
Pseudomonas aeruginosa is a common gram-negative bacterium, aer-

obic or facultative anaerobic, that can cause disease in plants and
animals, including humans (Diggle and Whiteley, 2019). It often in-
ects tissues that are damaged or with reduced immunity and induces

generalized inflammation and sepsis. Since it thrives on moist sur-
aces, Pseudomonas aeruginosa can be found also on medical equipment,
ausing cross-infections in hospitals and clinics.

Streptococcus pneumoniae is a gram-positive and alpha-hemolytic
acterium that spreads by direct person-to-person contact via respi-
atory droplets. Streptococcus pneumoniae typically colonizes the up-
er respiratory tract with no symptom; it may become pathogenic in

individuals with a weaker immune system.
Figure S1, included in the Supplementary Materials, shows the

verage percentages of resistant strains related to these five pathogens,
alculated considering different classes of antibiotics. These averages

were obtained based on the results shown by Murray and his re-
search team in their well-known article (Murray et al., 2022). The
trends in Figure S1 show that the highest resistance diffusion is mostly
found in sub-Saharan Africa and South Asia (Murray et al., 2022).

his could be surprising, considering that higher antibiotic use in
high-resource countries would lead to a greater burden of bacterial
AMR in those regions. However, the significant AMR burden in sub-
Saharan Africa and South Asia is greatly influenced not only by the
prevalence of resistant bacteria but also by the higher rates of se-
vere infections like lower respiratory infections, bloodstream infections
and intra-abdominal infections, which are more common in these re-
gions (Diseases and Collaborators, 2020; Morgan et al., 2011). Other
impactful factors to the higher AMR resistances in Low and Middle In-
come Countries (LMIC) include a limited number of laboratory facilities
for microbiological testing, the antibiotic misuse due to weak regu-
ations, the limited availability of advanced antibiotics and the poor
anitation and hygiene conditions. On the other hand, the growing pres-

ence of antibiotic-resistant strains in some more developed areas, like
Europe and the Americas, creates general concern among the scientific
community (Bonnin et al., 2013; Principe et al., 2014; Budia-Silva et al.,
2024; Del Prete et al., 2019; European Centre for Disease Prevention
and Control, 2023; Gómez-Zorrilla and Suarez, 2023; Elfadadny et al.,
2024).

The upper panel of Fig. 1 shows the mean mortality rates for the
considered pathogens in the four classes of countries defined by the so-
called Atlas method, employed by the World Bank since 1993 (World
Bank, 2011). The member countries of each class are displayed in
the lower panel of Fig. 1 and listed in descending order of income
in the Supplementary Table S1. Besides observing that mortality rates
are higher for lower-income countries, it is evident that the highest
worldwide mean values are associated to Klebsiella pneumoniae and
Escherichia coli in particular. The geographical distributions of AMR
mortality rates related to the pathogens considered in this study are
displayed in Fig. 2.

Besides predicting mortality rates from AMR for different pathogens
and countries using Machine Learning models trained on territorial
indicators identified within the One Health framework, we determine
the most influential ones by means of eXplainable Artificial Intelligence
(XAI) (Lundberg and Lee, 2017; Lundberg et al., 2020).

This approach has been successful in investigating the determi-
nants of mortality and incidence of several diseases, such as Covid-
19 (Cazzolla Gatti et al., 2020), cancer (Cazzolla Gatti et al., 2023;
Lacalamita et al., 2023) and dementia (Bellantuono et al., 2022). We
decided to employ this algorithm in this work since it has the potential
to play a critical role also in tackling AMR.

XAI provides transparency and interpretability in the decision-
aking process by revealing how Machine Learning models make their
redictions. This valuable information, which is returned for each
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Fig. 1. AMR mortality rates related to the considered pathogens in the world country
income groups. The upper panel reports the mean mortality rates (per 100,000
inhabitants) with their standard deviations, in the four classes of countries defined
by the World Bank Atlas method (World Bank, 2011), labeled in descending order of
income. The lower panel shows the countries belonging to each income class, with the
same legend as in the upper panel.

country and pathogen combination, can help increase awareness in
decision-making for healthcare professionals, policymakers and citi-
zens.

The article is structured in the following manner: the Materials and
Methods section provides a detailed account of data collection and pre-
processing, as well as Machine Learning and XAI methods employed
in our research; the Results section presents the main findings of our
work; in the Discussion section, we analyze our outcomes in relation to
previous literature, while highlighting the role of each important vari-
able in determining AMR mortality rates related to the aforementioned
pathogens, in different countries.

2. Materials and methods

In this work, we aim to investigate the association between AMR
mortality due to resistant infections of several pathogens and a set of
multifaceted indicators concerning environmental pollution, social and
economic conditions, clinical and lifestyle factors.

In particular, we conduct a nowcasting analysis referred to the year
2019, focusing on 203 countries, each of which is defined by very
heterogeneous characteristics. The target of our models is to predict
AMR mortality rate, defined as the age-standardized number of deaths
per 100,000 inhabitants, to ensure a fair comparison across countries.
The Machine Learning pipeline employed in this study is shown in Fig. 3.

After a data collection and a pre-processing phase, we implement
a Machine Learning framework based on the Boruta wrapper method
to perform feature selection and on three different learning methods,
embedded in a cross-validation procedure. Finally, we assess the impact
3 
of each feature on the models’ predictions through XAI, by means of the
SHapley Additive exPlanation (SHAP) values algorithm. The described
pipeline is employed to predict AMR mortality rates related to resistant
infections caused by Acinetobacter baumannii, Escherichia coli, Klebsiella
pneumoniae, Pseudomonas aeruginosa and Streptococcus pneumoniae.

2.1. Data collection

In this study, we considered 357 intensive indicators referred to 203
nations. The feature dataset included different types of environmental
pollution, socio-economic factors and clinical comorbidities for the year
2019. Our study was limited to one year since the dependent variable of
our model was only available for that year. The independent variables
were chosen based on the literature studies consulted and listed in the
bibliography, concerning possible links between these variables and
antibiotic resistance.

2.1.1. Independent variables
The complete list of nations considered in this study is shown in the

Supplementary Materials, see Table S1. The features used as indepen-
dent variables, listed in Supplementary Table S2, can be grouped into
five categories:

• Water related variables, downloaded from AQUASTAT (FAO,
2023a), from Food and Agriculture Organization of the United
Nations (FAO, 2023b) and from Our World in Data (OWID) (Our
World in Data, 2023) data warehouses. These variables were
related to the role played by the water pollution in the antimi-
crobial resistance issue (Kraemer et al., 2019; Flandroy et al.,
2018; Pallares-Vega et al., 2019; Ju et al., 2019; Szczepanowski
et al., 2009; Nadimpalli et al., 2018; Manaia et al., 2018) and
includes the availability of clean water, the access of population
to freshwater sources or facilities, the amount of renewable water
and the water stress characterizing a given nation.

• Sanitation and Hygiene related variables, collected from
OWID, World Health Organization(WHO) (World Health Orga-
nization, 2023) and Hydrosheds (Hydrosheds, 2023) databases.
This category includes features describing the access of people
to sanitation, to medical care and to hand-washing facilities;
there are also variables related to faecal pollution, wastewaters
management and quality of sewage treatment plants (Cani, 2018;
Hu et al., 2013; Karkman et al., 2019; Hocquet et al., 2016;
Folkesson et al., 2012; Reinthaler et al., 2003; Kümmerer, 2009).

• Food variables, downloaded from OWID and FAO databases.
This data comprises meat, aquaculture, milk and eggs production
and consumption. There are also features related to the total
number of livestock and aquaculture sites (Ventola, 2015; Cheng
et al., 2019; Tang et al., 2017; Kraemer et al., 2019; Chee-Sanford
et al., 2009; Woolhouse et al., 2015; Watts et al., 2017; Zhu et al.,
2013).

• Social, economic and life-style factors, collected from OWID.
This group of features are related to urbanization, governments
health-care expenditure and life-style related factors (Nadimpalli
et al., 2018; Pruden et al., 2012; Hocquet et al., 2016; Berendonk
et al., 2015; Bielen et al., 2017; Larsson, 2014; Larsson et al.,
2007).

• Soil pollution variables, downloaded from AQUASTAT and
OWID data warehouses. These variables regards fertilizers, pes-
ticides, antibiotics use in livestock, worldwide human antibiotics
consumption and pollution data linked to mismanaged plastic
waste (Larsson et al., 2007; Ramakrishnan et al., 2019; Berendonk
et al., 2015).



A. Monaco et al.

Fig. 2. World maps of mean AMR mortality rates related to infections caused by the selected pathogens. Color bars are reported for numerical reference.

Fig. 3. Flowchart of the complete analysis. After a preliminary data collection and a pre-processing phase, we predict the AMR mortality rates through Linear Regression, Random
Forest and XGBoost. Hence, we select the best performing algorithm and we apply a local feature importance procedure, based on a XAI approach, to measure the role of each
variable in the model. The pipeline is implemented to predict AMR mortality due to resistant infections related to Acinetobacter baumannii, Escherichia coli, Klebsiella pneumoniae,
Pseudomonas aeruginosa and Streptococcus pneumoniae.
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• Air pollution variables, collected from Google Earth Engine
(Google Earth Engine, 2023) database, and acquired by Coper-
nicus Sentinel-5 Precursor mission and by Copernicus Atmosphere
Monitoring Service, that provides the composition of the Earth’s
atmosphere at global and regional scales. These features include
information about the concentrations of several atmospheric pol-
lutants such as carbon dioxide, methane, ozone, particulate mat-
ter, and so on (Kraemer et al., 2019; Li et al., 2018b; Zhou et al.,
2023).

2.1.2. Dependent variables
Data related to AMR mortality rates has been collected from the

The Institute for Health Metrics and Evaluation website (Institute for
Health Metrics and Evaluation, 2024), section Antimicrobial resistance.
This data was originally reported in the work of Murray et al. (2022).
We decided to investigate five pathogens: in particular, those with the
highest associated mortality rate (Tacconelli et al., 2018; Rice, 2008).
The five pathogens with the respective antibiotics categories to which
hey are resistant are listed below:

• Acinetobacter baumannii (AB) with aminoglycosides,
anti-pseudomonal penicillin inhibitors, beta-lactam inhibitors,
carbapenems, third-generation cephalosporins, fourth-generation
cephalosporins and fluoroquinolones.

• Escherichia coli (EC) with aminoglycosides, aminopenicillin,
beta-lactam inhibitors, carbapenems and
trimethoprim-sulfamethoxazole.

• Klebsiella pneumoniae (KP) with aminoglycosides, beta-lactam
inhibitors, fluoroquinolones and trimethoprim-sulfamethoxazole.

• Pseudomonas aeruginosa (PA) with aminoglycosides,
anti-pseudomonal penicillin inhibitors, carbapenems,
third-generation cephalosporins, fourth-generation cephalosporins
and fluoroquinolones.

• Streptococcus pneumoniae (SP) with beta-lactam inhibitors,
carbapenems, third-generation cephalosporins, fluoroquinolones,
macrolide and trimethoprim-sulfamethoxazole.

The data we investigated represent the age-standardized estimated
eaths associated to AMR per 100,000 inhabitants of a given nation,
or each considered pathogen-drug combination. For each pathogen,
e calculated the average value between different aforementioned

ombinations, obtaining five dependent variables to predict with our
odels.

2.2. Pre-processing

The feature dataset contained missing values. In particular, among
he 203 nations, there were a few for which it was not possible to obtain

updated data for the year 2019. We employed a two-steps strategy in
rder to tackle this issue.

In the first step, we decided to fill gaps using data related to years
before 2019, but as close as possible to it, assuming that the data
istributions of previous years were fairly constant in a small temporal
eighborhood of 2019. For clarity, let us suppose that feature 𝑓 had a

missing value for country 𝐶 for 2019: this vacancy was filled using the
value given by feature 𝑓 for country 𝐶 for 2018; if also this value was
missing, the 2017 value was used. This procedure of handling missing
values never exceeded fillings over a maximum of three years prior to
2019.

After this step, there were still missing values affecting the dataset.
n the second step, we grouped countries according to the Atlas crite-
ion, developed by the World Bank (World Bank, 2011). This criterion
artitions nations according to their Gross National Income (GNI) per

capita and per year, expressed in U.S. dollars. Using this criterion, the
considered 203 nations were divided into four classes: High income (1),
pper-middle income (2), Lower-middle income (3) and Low income r

5 
(4) nations.
The remaining missing values in the dataset, representing cases in

which a given feature was unavailable for a specific country, were filled
ith the average value of the same feature computed within the income

group to which that country belonged. For clarity, let us consider a
generic feature 𝑓 whose values were missing for countries 𝑋, 𝑌 , 𝐾,
𝑍, belonging to the income groups 1, 2, 3, and 4, respectively. We
omputed the averages 𝑓𝑗 of feature 𝑓 , with 𝑗 = 1,… , 4, within each

class of nations. Then, we imputed the missing values of feature 𝑓 for
countries 𝑋, 𝑌 , 𝐾, and 𝑍 with 𝑓1, 𝑓2, 𝑓3, and 𝑓4, respectively.

2.3. Feature selection procedure

For all the selected pathogens, we implemented a feature selec-
tion technique using the so-called Boruta (Kursa and Rudnicki, 2010)
wrapper method. Boruta is a robust Random Forest -based approach that

inimizes noise and correlated features by randomizing the training
et. For each feature, this algorithm generates a synthetic counter-
art, called the shadow version, created by randomly shuffling the
alues of the original feature. In this way, Boruta internally handles
wo datasets: the original one and its synthetic counterpart, in which
he corresponding shadow version replaces the feature of interest. A
andom Forest algorithm is then trained on both datasets to compare

he importance of original and synthetic features; this workflow is
epeated for each feature, performing numerous independent shuffles.
ltimately, the Boruta method selects only those features for which the
erformance metrics returned by the Random Forest algorithm trained
n the original dataset are significantly higher than those obtained on
he corresponding synthetic versions.

In this study, the entire feature selection procedure was nested into
 repeated 5-fold cross-validation framework with 20 repetitions, as

detailed in the Learning procedure section. We implemented the Boruta
algorithm setting 100 as the number of random shuffling iterations and
𝑝-value < 0.05 as the significance threshold to reject the null hypothesis
that the performance achieved by training on the original dataset is
significantly higher than the ones obtained by replacing the feature
of interest with its randomly-shuffled counterparts. The Random Forest
lgorithm used to perform this comparison within the Boruta pipeline
onsisted of 𝐷 = 500 trees of maximum depth 𝑀 = 8, trained on
=

√

𝑆 randomly chosen features at each split, with 𝑆 the total
umber of input features. The functioning of a Random Forest algorithm

and the meaning of its internal parameters are explained in the next
section.

2.4. Learning procedure

We designed a learning framework to forecast the AMR mortality
ate values for all the considered pathogens and 203 nations. The
ipeline adopted in this study, schematized in Fig. 3, is based on a

repeated cross validation framework. Cross-validation is a statistical
method used to evaluate the predictive performance and robustness of
a Machine Learning model. In a k-fold cross-validation, the dataset is
randomly split into 𝑘 disjoint and equally-sized folds, 𝑘 − 1 of which
are used for training, while the Machine Learning model is tested on the
remaining one; the process is repeated 𝑘 times, ensuring that each fold
serves as a validation set exactly once. Hence, the overall performance
of the model is evaluated as the average of the metrics obtained for each
of the 𝑘 folds. Due to the randomized nature of the splitting of the initial
ataset into the 𝑘 folds, this cross-validation procedure is typically

repeated over many iterations, to have more reliable estimates of the
erformance returned by the considered Machine Learning algorithm.

In the present research work, we implemented a 5-fold cross-
validation scheme with 20 repetitions. It is worth highlighting that the

oruta feature selection pipeline, described in the previous section, was
mplemented within each of the 5 × 20 = 100 nested iterations of this

epeated cross-validation procedure. Specifically, the Boruta algorithm
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was independently run on each training set, consisting of 4 out of the
folds determined within a given repetition of the cross-validation

cheme, to extract the most important features. Then, a restricted
ersion of the training dataset, including only the features selected by
he Boruta algorithm within this specific iteration, was used as input to
rain Machine Learning regressors, whose performance was evaluated
n the remaining fold. In this study, we predicted the AMR mortality

rate using Linear Regression Random Forest and XGBoost algorithms.
Random Forest (Breiman, 2001) is an algorithm that consists of

n ensemble of binary classification trees (CART ). This supervised
Machine Learning technique is highly popular due to its effectiveness in
andling multi-modal datasets and its straightforward tuning process,

which involves adjusting only two parameters: the number of randomly
chosen features at each split (F ) and the total number of trees in the
ensemble (D). Furthermore, Random Forest exhibits strong resilience to
the problem of overfitting, thanks to its training methodology, which
incorporates a bootstrapping approach and a feature randomization
strategy during the forest construction process. Another significant
advantage of Random Forest is its ability to assess the importance of
each variable included in the training phase through an internal feature
importance evaluation.

Extreme Gradient Boosting (XGBoost) (Chen and Guestrin, 2016) is
n extensively optimized iteration of the gradient boosting algorithm,
haracterized by the additional advantage of parallelization, which
ignificantly accelerates the training process. Unlike the traditional
ethod of training a single optimal model on the entire dataset, XG-
oost adopts a unique approach: it trains multiple models in parallel,
ach using different subsets of the training data, and then selects the
est-performing model through a voting mechanism.

The parameters of the Machine Learning algorithms involved in this
work were adjusted on the basis of a fine-tuning procedure. In our

ork, the best performances were achieved by setting:

1. a Random Forest configuration with 𝐷 = 500 trees, 𝐹 =
√

𝑆 and
𝑀 = 8, where S is the number of input features and M is the
maximum depth of each tree;

2. an XGBoost configuration with 𝐷 = 500 trees, 𝜂 = 0.01 and
𝑃 = 0.3, where 𝜂 is the learning rate and P is the subsample
ratio of the training instances.

Performance measurements were based on the coefficient of determina-
tion (𝑅2) between predicted and actual values of AMR mortality rates:

𝑅2 = 1 −
∑𝑛

𝑖=1(𝐴𝑖 − 𝐹𝑖)2
∑𝑛

𝑖=1(𝐴𝑖 − 𝐴̄)2
, (1)

with 𝐴𝑖 and 𝐹𝑖 representing, respectively, the 𝑖th actual and predicted
value, and 𝐴̄ indicating the mean actual value computed over all
the 𝑛 instances. Additionally, we assessed the root mean square error
(RMSE), defined as:

𝑅𝑀 𝑆 𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1

(

𝐴𝑖 − 𝐹𝑖
)2, (2)

and the mean absolute error (MAE), defined as

𝑀 𝐴𝐸 = 1
𝑛

𝑁
∑

𝑖=1

|

|

𝐴𝑖 − 𝐹𝑖
|

|

. (3)

All the analyses were performed with python, version 3.9.13.

2.5. Feature importance procedure: Shapley values

The SHapley Additive exPlanation (SHAP) technique is a mathemat-
cal method used to clarify the predictions made by a Machine Learning
odel (Jiménez-Luna et al., 2020; Miller, 2019; Bellantuono et al.,

2023; Bussmann et al., 2020). Based on concepts from cooperative
game theory, this XAI approach examines the contribution of individual
variables to the predictions of the model. In essence, SHAP serves
as a model-agnostic interpreter of a Machine Learning model, that is
6 
considered as a black box with hidden internal mechanisms (Lundberg
and Lee, 2017; Lundberg et al., 2020). Specifically, SHAP takes as input
the features, target variables and predictions of the original model and
tries to mimic its learning process while prioritizing interpretability:
it quantifies the impact of each feature on the prediction of a specific
observation by employing the concept of Shapley values (SHAP).

Considering the complete feature set 𝑆 and every possible feature
subset 𝐹 ⊆ 𝑆, the SHAP value of a single feature is defined as
the variation between the model’s outputs with and without it. In
particular, the SHAP value of the 𝑗th feature referred to the prediction
f the observation 𝑥 is evaluated by incorporating the 𝑗th feature into

all possible subsets,

𝑆 𝐻 𝐴𝑃𝑗 (𝑥) =
∑

𝐹 ⊆𝑆−{𝑗}
|𝐹 |!(|𝑆| − |𝐹 | − 1)!

|𝑆|!
[𝑓𝑥(𝐹 ∪ {𝑗}) − 𝑓𝑥(𝐹 )], (4)

where |𝐹 |! and (|𝑆| − |𝐹 | − 1)! denote, respectively, the number of
ermutations of features that precede and follow the 𝑗th one; |𝑆|! is the
umber of permutations of all features; 𝑓𝑥(𝐹 ∪ {𝑗}) and 𝑓𝑥(𝐹 ) indicate
he prediction 𝑓 for the sample 𝑥 returned by the Machine Learning
odel trained on feature subsets that include or not the 𝑗th feature,

espectively.
In this research work, we applied the SHAP algorithm for local

xplanations to evaluate the impact of each feature on the predictions
returned by both Random Forest and XGBoost models. Specifically,
SHAP values were independently computed within each of the 100
validation sets identified in the nested iterations of the 5-fold cross
validation with 20 repetitions: in each case, the XAI algorithm was
coupled to the Machine Learning regressor, whose predictions served
as input to quantify the impact of features on them. This XAI analysis
was implemented with the Python package shap.

2.6. Summary of the features selected by the Boruta algorithm and visual-
ization of their SHAP values

As explained in the previous sections, the Machine Learning pro-
edure implemented in this study is based on a nested 5-fold cross
alidation, repeated 20 times: for each iteration, the Boruta algorithm
perates on a specific training set and extracts the most important fea-
ures, which are then used to train the regression model and predict the
MR mortality rate. Therefore, the features selected by Boruta within
ach of the 100 iterations are not necessarily always the same but may

differ from one iteration to the other. On the other hand, to evaluate
he impact of the different environmental, social, and health factors
n mortality from antimicrobial resistance, it is worth identifying the
eatures most frequently chosen by the Boruta algorithm in the totality

of the iterations considered. To address this, we built a competition table,
where each row represents a feature, and each column corresponds to
one of the repeated cross-validation iterations. The competition table
was compiled during the repeated cross-validation Machine Learning
procedure: for each training cycle, the Boruta algorithm was applied
to the current training set to identify the relevant features. Hence, the
corresponding cells in the competition table were marked to keep track of
the features selected in that particular iteration. This approach made it
possible to count and identify a posteriori the features selected by Boruta
in each iteration of the nested 5-fold cross-validation repeated 20 times.
We identified for each case the features Boruta selected in at least 90%
of the total iterations. This procedure was repeated for all the pathogens
examined in this study, and the inherent lists of selected features were
compared. Moreover, the features exceeding 90% of occurrences in a
competition table were used as input to construct the SHAP summary
plots displayed in the Results section.
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3. Results

As described in the Materials and Methods section, firstly, we applied
 pre-processing procedure in which we filled the missing entries in
ur dataset with the mean values of the corresponding features, com-
uted within the income group to which the nation with missing data
elonged. Then, we implemented a 5-fold cross-validation repeated 20
imes using a nested feature selection strategy based on the Boruta
lgorithm. For each of the considered pathogens, a different number of
eatures exceeded the 90% occurrence threshold in the competition table

reporting the Boruta selections on all the iterations of the repeated cross
alidation: 41 features for Acinetobacter Baumanni, 48 for Escherichia
oli, 54 for Klebsiella pneumoniae, 19 for Pseudomonas aeruginosa, and 20
or Streptococcus pneumoniae. The complete lists of selected features per
athogen are displayed in the Supplementary Material, Tables S3–S7.
he features common to the lists referred to the different pathogens
re: Improved sanitation, Desalinated water, Safe water, Eggs cons./capita,
asic water, CO2/capita, U. limited sanitation and Basic sanitation. As we
hall discuss in the following, these features are among the ones that
ost influence the predictive power of the considered Machine Learning

lgorithms.
Moreover, within each iteration of the cross-validation framework,

e trained different learning models to predict the AMR mortality
rates related to resistant infections due to the five selected pathogens.
As specified before, we employed a Linear Regression, which served
as a benchmark for the study, and two ensemble Machine Learning
algorithms: Random Forest and XGBoost.

The performances of each learning model for the five considered
athogens are summarized in Table 1. The box-plots of the evaluated
egression performance metrics are reported in the Supplementary

Figures S2–S4. According to a Kruskal–Wallis test, the two ensem-
ble methods provided statistically comparable performance metrics
and both of them outperformed the linear model for each analyzed
pathogen. The best results, as measured by the coefficient of determina-
tion 𝑅2, were obtained for two particular bacteria: Escherichia coli and
Klebsiella pneumoniae. For simplicity, we performed the SHAP analysis
only in combination with Random Forest by calculating the SHAP values
associated to AMR mortality rates. Fig. 4 shows the distribution of
HAP values referred to Escherichia coli and Klebsiella pneumoniae for
ach considered country and for the 20 most important features in

terms of mean absolute SHAP value. Analogously, Fig. 5 displays the
SHAP values referred to Streptococcus pneumoniae, evaluated for nations
belonging to the first-income class. The SHAP summary plot were
onstructed using as input the SHAP values of the features exceeding

the 90% occurrence threshold of Boruta selections in the competition
table, computed from all the 100 repeated cross validation iterations
f the learning procedure. These plots reveal that the features related
o water quality and sanitation services are always among the most

impactful factors in the prediction of AMR mortality rates.
SHAP summary plots related to other pathogens and to different

classes of nations are shown in the Supplementary Figures S5–S9.
upplementary Figures S10–S11 show also the correlation matrices
Pearson and Spearman correlations) between the distributions of SHAP
alues across countries, for the five selected pathogens. SHAP values
eferred to Escherichia coli, Klebsiella pneumoniae and Streptococcus pneu-
oniae exhibit significant (𝑝-value < 0.01) positive mutual correlations.

n contrast, SHAP values related to Pseudomonas aeruginosa are weakly
orrelated with the ones of all the other pathogens. Finally, SHAP
alues referred to Acinetobacter baumannii are significantly correlated
nly to Pseudomonas aeruginosa’s ones.

4. Discussion

As shown in Table 1, Random Forest and XGBoost outperformed
the Linear Regression model in predicting AMR mortality related to the
five pathogens analyzed. Specifically, the two Machine Learning models
 t

7 
Table 1
Summary table of the performance metrics in the prediction of AMR mortality rates
related to resistant infections due to the all the selected pathogens. We evaluated the
performances of three learning models, i.e. Linear Regression (LinR), Random Forest (RF)
and XGBoost (XGB), using the root mean square error (RMSE), the mean absolute error
MAE) and the coefficient of determination (𝑅2) between actual and predicted values.

All metrics were obtained using a 5-fold Cross Validation repeated 20 times. According
to a Kruskal–Wallis test, the performances of the ensemble methods were statistically
omparable and significantly better than the Linear Regression’s ones.
Acinetobacter baumannii - AB

MODEL RMSE MAE 𝑅2 p-value

LinR 0.281 ± 0.064 0.172 ± 0.013 −0.559 ± 0.866 > 0.01
RF 0.133 ± 0.001 0.094 ± 0.001 0.641 ± 0.010 < 0.01
XGB 0.133 ± 0.002 0.095 ± 0.002 0.643 ± 0.014 < 0.01

Escherichia coli - EC

MODEL RMSE MAE 𝑅2 p-value

LinR 0.261 ± 0.073 0.151 ± 0.011 0.001 ± 0.687 > 0.01
RF 0.134 ± 0.002 0.104 ± 0.002 0.742 ± 0.008 < 0.01
XGB 0.133 ± 0.002 0.105 ± 0.002 0.734 ± 0.009 < 0.01

Klebsiella pneumoniae - KP

MODEL RMSE MAE 𝑅2 p-value

LinR 0.214 ± 0.087 0.122 ± 0.014 0.337 ± 0.761 > 0.01
RF 0.105 ± 0.002 0.078 ± 0.001 0.835 ± 0.005 < 0.01
XGB 0.105 ± 0.002 0.080 ± 0.002 0.833 ± 0.006 < 0.01

Pseudomonas aeruginosa - PA

MODEL RMSE MAE 𝑅2 p-value

LinR 0.137 ± 0.005 0.103 ± 0.003 0.412 ± 0.043 > 0.01
RF 0.121 ± 0.002 0.090 ± 0.002 0.539 ± 0.015 < 0.01
XGB 0.125 ± 0.003 0.093 ± 0.002 0.509 ± 0.020 < 0.01

Streptococcus pneumoniae - SP

MODEL RMSE MAE 𝑅2 p-value

LinR 0.082 ± 0.005 0.052 ± 0.002 0.541 ± 0.053 > 0.01
RF 0.070 ± 0.001 0.041 ± 0.010 0.669 ± 0.012 < 0.01
XGB 0.069 ± 0.001 0.042 ± 0.010 0.677 ± 0.014 < 0.01

provided mean absolute errors that are less than or equal to 10% and
tatistically significant 𝑅2 measured at the 1% level in all considered
ases. These results highlight that Random Forest and XGBoost were
ble to capture the non-linear relationships present in the input data,
hich were instead neglected by Linear Regression.

The choice of using two ensemble models is motivated by the fact
that they are easy to tune. Moreover, it is worthwhile noticing that
wo different ensemble approaches, namely boosting and bagging, have

returned statistically comparable performances.
As far as we know, this is the first research work that employs Ma-

chine Learning techniques and XAI methods to predict and explain mor-
tality associated with antibiotic-resistant infections on a global scale.
The scientific literature includes several studies concerning the use of
AI methods in the context of antibiotic resistance. These approaches
are increasingly employed for synthesizing new antibiotics (Popa et al.,
2022; Cherkasov et al., 2008; Melo et al., 2021) or identifying novel
resistant bacterial strains through genomic analyses (Ali et al., 2023;
Noman et al., 2023; Anahtar et al., 2021). Furthermore, some studies
specifically addressed the use of AI in investigating the link between
environmental conditions and antibiotic resistance (Sakagianni et al.,
2023; Baker et al., 2023; Li et al., 2018a; Wang et al., 2024; Jiang et al.,
2024), focusing on more localized geographical targets than the one
examined in our research work. Although considering more restricted
territorial areas, these studies highlighted aspects that we have also
analyzed in the present work, such as the hazards related to intensive
farming and improper disposal of wastewater.

The results of the XAI analysis, summarized in Figs. 4–5, reveal the
utstanding importance of features related to accessibility and quality

of water. This outcome confirms the deep connection of the actions
o contrast AMR with Sustainable Development Goals (SDGs) (United
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Fig. 4. SHAP values distribution of the most influential features in the Random Forest prediction of AMR mortality rates related to Escherichia coli (left) and Klebsiella pneumoniae
(right). Each point of a given row corresponds to a different country.
Fig. 5. SHAP values distribution of the most influential features in the Random Forest
prediction of AMR mortality rate related to Streptococcus pneumoniae. Each point in a
given row corresponds to a different country belonging to the first class of income,
identified through the World Bank Atlas method (World Bank, 2011).

Nations, 2015), especially because improving clean water and sanita-
tion is the subject of Goal 6. Moreover, the features identified as most
impactful by XAI are related to health (Goal 3), conservation of life
below water (Goal 14), hunger elimination and food sustainability (Goal
2).
8 
The SHAP summary plots in Fig. 4 reveal a pronounced similarity
between the rankings of the factors with the highest impact on the
predictions for the AMR mortality rates related to Escherichia coli and
Klebsiella pneumoniae. Many of these features belong to the categories
of water and sanitation (see Materials and Methods section for more de-
tails), indicating the fundamental role of water availability and hygiene
in the emergence represented by AMR. This result is consistent with
established knowledge since aquatic environments serve as storage for
genes that are resistant to antimicrobial agents and allow the transfer of
these genes across different bacterial species, disrupting the microbial
communities in these ecosystems. Moreover, Fig. 4 shows that higher
values of factors indicating favorable conditions are typically associated
with lower AMR mortality rates. Actually, immediate access to good
quality water is essential to minimize deaths from infections caused by
antibiotic-resistant bacteria in a given country’s population.

This phenomenon is particularly evident when considering, as an
example, the features Basic water, Improved water and Safe water. In
these cases, the blue points in Fig. 4 correspond to positive SHAP values
and represent countries in the 4th group (low-income countries), where
these features generally assume lower values. This implies an increase
in mortality due to resistant infections, as consistently illustrated by
the XAI outcomes. On the other hand, high values of these features
(corresponding to the red points in the SHAP summary plot) influence
the model’s predictions by contributing to a decrease in the predicted
AMR (negative SHAP values); these points represent countries in the
1st group (high-income countries), where these features generally have
higher values. This reasoning is reversed for other features, such as
Unimproved water, Open defecation or Urban (U.) limited sanitation, where
positive and negative SHAP values are consistently associated with
countries in the 4th and 1st groups, respectively. The XAI approach
allows us to interpret the predictive power of the algorithm and can be
applied to all other features to quantify their impact on the outcomes
of Machine Learning models, as discussed below.

Our algorithm has indeed identified also other features that are
related to clean water: they play a pivotal role in predicting mortality
rates from antibiotic-resistant strains of Escherichia coli and Klebsiella
pneumoniae. For instance, higher values of Desalinated water are asso-
ciated with reduced mortality rates, while higher values of Dependency
ratio are linked to increased mortality rates. These trends are reason-
able, considering the relationship of the aforementioned features to
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clean water. Desalinated water represents the total amount of desali-
nated water produced by a given country in a year, which its population
can use as clean fresh water. Dependency ratio indicates the share of the
total renewable water resources originating outside the country: this
factor is related to the possible lack of good quality water, a well-known
factor impacting the development of antibiotic resistance (Liguori et al.,
2022).

As the SHAP analysis highlights, another influent feature is the
Rainfed/Irrigated yields, which represents the ratio between the yields
obtained by means of rainfed farming and those obtained from irrigated
arming. This ratio is higher in low-income countries where irrigation
ystems are less present or even absent: rainfed agriculture accounts
or more than 95% of the cultivated area in Sub-Saharan Africa, 90%
n Latin America, 75% in the Middle East and North Africa, 65% in East
sia and 60% in South Asia (International Water Management Institute,

2010). From SHAP values distributions reported in Fig. 4, it can be
oticed that lower AMR mortality rates are associated with lower
alues of this ratio. This result highlights the burden of environmental
ollution on AMR mortality. In fact, airborne transport of resistant
acteria and antimicrobial residues by dust particles may contribute to
heir dispersion over long distances (Li et al., 2018b; Christner et al.,

2008; McEachran et al., 2015; Zhou et al., 2023). In addition, rain
ould carry the pollutants to the ground, where conducive conditions
ould lead to the proliferation and transmission of ARGs (antimicrobial
esistant genes) among bacteria.

Furthermore, some of the most relevant factors to predict AMR
mortality rates returned by the SHAP algorithm are related to sanitation
and hygiene. Specifically, these indicators are: the general, rural (R.)
and urban (U.) Limited sanitation, Basic sanitation and Improved sani-
tation, Dghe % CHE (share of general health expenditure in Current
Health Expenditure), Dghe % GDP (share of general health expendi-
ture in Gross Domestic Product) and Open defecation, representing the
percentage of a country’s population that practice it. SHAP values
consistently suggest that higher levels of sanitation utilities (Basic and
Improved sanitation) and more government funds dedicated to health
services are associated with lower AMR mortality rates related to
Escherichia coli and Klebsiella pneumoniae. On the other hand, higher
values of other indicators, such as Limited sanitation and Open defecation,
lead to higher AMR mortality rates. In particular, Open defecation
s closely related to AMR (Hu et al., 2013; Karkman et al., 2019)
nd especially to infections caused by Escherichia coli and Klebsiella

pneumoniae, since these bacteria typically colonizes the human guts.
Actually, AMR mortality rates are generally higher in countries where
the population can more easily contract difficult-to-treat infections
transmitted by bacteria contained in feces.

Although the SHAP model returns Eggs consumption/capita as an
impactful feature related to infection-related deaths due to antibiotic-
resistant bacteria (Adesiyun et al., 2006), its nontrivial trend is remark-
ably different from expectations. Scientific literature (Adesiyun et al.,
2006) suggests a possible link between eggs consumption and AMR. Ac-
tually, eggs are one of the products of breeding, which is highly affected
y the abuse of antimicrobials. However, the SHAP values distribution
ndicates that higher egg consumption values correspond to lower AMR
ortality rates related to Escherichia coli and Klebsiella pneumoniae. This

esult may be explained by observing that egg consumption per capita
can be seen as a proxy for prosperity. Indeed, this indicator is higher in

ealthier countries, where hygiene and sanitation conditions are much
more favorable than in low-income countries, and hence the mortality
rate due to hard-to-treat infections is lower.

Another noteworthy feature that XAI approach highlights is the
role of CO2. Results reported in Fig. 4 suggest that higher values
of CO2/capita correspond to lower AMR mortality rates. As in the
case of Egg consumption/capita, this association may be interpreted by
observing that higher values of CO2/capita are primarily recorded in
high-income countries, where AMR mortality rates are generally lower.
9 
However, further insights emerge from Fig. 5, showing the XAI
outcomes for predictions of mortality from resistant Streptococcus pneu-
moniae infections in the case of high-income countries, corresponding
to the best performance in terms of RMSE and MAE (see Table 1). This
SHAP plot suggests that higher values of CO2/capita increase the AMR
mortality rate related to Streptococcus pneumoniae. This remarkable re-
sult may be explained by considering that the presence of CO2 promotes
the conjugative transmission of multi-drug resistance genes (Liao et al.,
2019) and that CO2 in particular stimulates the growth of Streptococcus
neumoniae (Kempner and Schlayer, 1942). These two effects seem to

combine, leading to a direct link between air pollution and antibiotic
resistance.

Moreover, regarding Fig. 5, two further important features have
emerged: Undernourishment and Irrigation drained. The Undernourish-
ment indicator measures the proportion of the population whose reg-
ular food consumption is adequate to provide the necessary dietary
energy required for a healthy and active life. SHAP values distribution
indicates that higher values of this feature are associated with lower

MR mortality rates. This result seems to be logical, since malnutri-
ion can lead to weaker immune defenses, making individuals more
usceptible to infections (Bourke et al., 2016). Irrigation drained is an

indicator that quantifies the percentage of land areas equipped with
surface irrigation, where drainage is used to prevent water-logging. Ac-
cording to the AQUASTAT glossary (refer to the Materials and Methods
section for more information), surface irrigation systems rely on gravity
moving water across the land to moisten the soil. As previously noted,
urface water can be significantly contaminated by human activities,
roviding an ideal environment for the spread and transmission of
RGs among bacteria. These considerations could explain the trend
eported in Fig. 5, showing a positive association between the increase

of the Irrigation drained indicator and the higher mortality rates caused
by antibiotic-resistant Streptococcus pneumoniae infections.

Several studies have found a strong correlation between the preva-
ence of AMR and the consumption of meat (Cheng et al., 2019; Tang

et al., 2017). This association is due to the excessive administration
f drugs to animals in breeding (Van Boeckel et al., 2015) and the

widespread consumption of meat by humans (Ventola, 2015; Fleming-
utra et al., 2016; Ayukekbong et al., 2017; Michael et al., 2014).
lthough our study has examined several features related to the con-

sumption of farmed foods and antibiotics (see Materials and Methods),
they are not among the most important variables returned by the
XAI analysis (see Figs. 4, 5), or they are counterintuitively linked to
AMR mortality, as already observed in the case of egg consumption
(see also Supplementary Figures S5–S9). This result can be explained
by considering the nature of our study design. Firstly, the variable
we have chosen as a target, namely the mortality rates due to infec-
tions caused by antibiotic-resistant bacteria, strongly depends on the
general conditions of territorial development and is more severe in
low-income countries. Secondly, our research aimed to predict AMR
mortality rates based on territorial indicators in 203 countries world-
wide, characterized by differing economic, social and health conditions.
For this reasons, the SHAP values distribution reveals as the main
predictors positively correlated with AMR mortality all the risk factors
of contracting an infection. These risk factors are namely the variables
related to water contamination and poor hygienic conditions. On the
other hand, variables such as the consumption of meat, eggs and
medicines, which can be interpreted as proxies for economic well-
being, are positively correlated with the presence of water purification
systems and health facilities. These assets can contribute to hinder-
ing the spread of antibiotic-resistant infections and enhancing their
treatment, respectively. A study focused on more homogeneous socio-
economic contexts, in which the variability of hygienic-sanitary factors
would be considerably limited, could be the ideal framework to study in
a more targeted way the influence of meat and antibiotic consumption
on the spread and severity of antibiotic-resistant infections. This type of
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investigation would complement the wet lab analyses conducted on in-
vitro bacterial colonies originating from different environments, which
provide a biological framework to investigate the relationship between
antibiotic intake and the development of resistance strains.

Finally, the matrices displayed in Figure S10 and S11 show a
trong correlation between the mean absolute SHAP values of four
athogens: Escherichia coli, Klebsiella pneumoniae, Pseudomonas aerugi-
osa and Streptococcus pneumoniae. The result is also confirmed by the
catter plots in Figure S12, in which the nations belonging to the four
ifferent groups are shown with different colors. Our finding could
ndicate a commonality of causes and characteristics underlying AMR
ssociated with the four pathogens and could provide useful guidance

for the implementation of uniform health prevention strategies.
In conclusion, our work develops a decision support tool that pro-

ides a global snapshot of the problem of AMR as it becomes more
idespread. It is worth highlighting that the present study could be
eneralized to other pathogens and extended by considering further
nvironmental and social factors. However, this research work also
resents some critical points. In fact, the considered geographical scale
s very large, since a national territorial unit is employed. This may
ead our model to miss specific territorial differences, especially in the
ase of the largest nations. To develop a tool capable of analyzing the

problem at a finer scale, it is necessary to consider more homogeneous
datasets at spatial and social levels and enhance the data collection
rocedures through ad-hoc campaigns. To this end, two possible per-

spectives consist of extending this model to a sub-national scale, adding
further indicators that better characterize local conditions, and intensi-
fying the data collection stage, as data gathered at different times would
allow for the implementation of monitoring procedures. Furthermore,
to prevent misinterpretation and erroneous policy recommendations,
we remark that the relevance of socio-environmental factors in the
prediction of AMR, highlighted by XAI, should always be validated by
domain experts.
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