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1. Introduction 

1.1 Intensive Care Unit 

Hospitals play a critical role in managing and improving health status and well-being of individuals 

worldwide [1]. For the first time, in 1952, the term intensive-care unit (ICU) was used in Copenhagen 

during the polio epidemic, aiming at reducing the mortality rate of polio patients using respiratory 

device [1-3]. Over the recent years, ICUs which provide care for critical patients, began to be 

considered the core component of the hospital with specialist staff and complex equipment  [1,4,5]. 

Since severity of patients and their long disease history make difficult diagnosis, prognosis and risk 

management, ICUs receive more attention than other hospital wards. Patients staying in ICUs, indeed, 

are mainly older and highly heterogeneous, and came from different medical and surgical wards. This 

in turn, involves the use of medical devices, specialized professionals, as well as of invasive 

diagnostic and therapeutic procedures [6,7].  

 

1.1.1 Description of Intensive Care Unit patient  

Although patient healthcare has improved, it still represents a pressing public health challenge which 

fall within the reduction of clinical risk in ICU, in particular, and in hospital in general [2,8,9].  

Commonly, patients are admitted in ICU when are at higher risk of severe complications or in critical 

ill conditions. By contrast, when these patients have no choice to return to a better quality of life, in 

general they should not be admitted to the ICU [7]. Moreover, this patients’ group is characterized 

by large clinical heterogeneity, especially referred to prolonged hospital and ICU stays and to the 

need for invasive procedures and treatments [8]. Indeed, they are often immune-compromised, and 

more likely to be intubated and catheterized than those staying in other hospital wards [10,11]. These 

factors, in turn, are associated with lower survival and adverse outcomes, including healthcare-

associated infection (HAIs), sepsis and mortality [8,12,13]. Patients admitted to ICUs have a worse 

clinical prognosis and prolonged hospital stays [14], suggesting the need of novel approaches to 

monitor their disease severity and to early predict health deterioration [15-19]. 
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1.1.2 Infection, Prevention and Control practices  

Infection prevention and control (IPC) is a crucial strategy of all health systems useful both for 

patients using care and for those providing care [20]. This strategy aims at preventing the spread of 

HAIs and to ensure healthcare quality among patients and healthcare workers. Specifically, HAIs 

prevention is crucial to guarantee patients care quality, to contain the spread of antimicrobial 

resistance (AMR) and to avoid adverse outcomes [21]. IPC programs are also crucial in achieving of 

the Sustainable Development Goals (SDGs), especially those related to universal health coverage and 

the reduction of neonatal and maternal mortality, as well as to universal access to water, sanitation, 

and hygiene (WASH). For these reasons, most recent World Health Organization (WHO) guidelines, 

identified eight core components of effective IPC programs at national and facility levels, to support 

the prevention of HAI and to counteract AMR. Moreover, these evidence-based guidelines take into 

account the balance between benefits and costs, the resource availability, and the patient preferences 

[20,22]. Establishing IPC programs is a core component to achieve safe high-quality healthcare 

practices. Moreover, a good built environment-constituted by appropriate infrastructures, materials, 

equipment, bed occupancy and human resources- is crucial at facility level to support the 

implementation of IPC guidelines.  

Among the most common practices, the WHO considered hand hygiene as a simply reliable essential 

action to tackle infectious diseases in all healthcare facilities. For these reasons, the WHO launched 

a Global Patient Safety Challenge with the slogan of “Clean care is safer care” in 2005, whose world 

day is celebrated every year on May 5 [23]. In 2010, WHO developed an efficient tool, Hand Hygiene 

Self-Assessment Framework (HHSAF) to evaluate the application of hand hygiene practices in health 

care facilities [24]. To date, proper hand hygiene is of crucial importance for the major public health 

challenges, such as reducing the spread of Severe Acute Respiratory Syndrome Coronavirus 2 

(SARS-CoV-2), preventing HAIs, and combating AMR.  
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1.1.3 Surveillance  

Surveillance is defined as “the ongoing, systematic collection, analysis, and interpretation of health 

data”, which is crucial to plan and evaluate public health practices. Of note, the WHO considered 

surveillance as one of the core components for effective IPC programs against HAIs [20]. In 1965, the 

Director of the WHO established the epidemiological surveillance unit in WHO's Division of 

Communicable Diseases. In 1968, the 21st World Health Assembly affirmed the three main 

characteristics of surveillance: a) the systematic collection of data, b) the evaluation of these data, 

and c) the prompt dissemination of results to take actions. Surveillance also involves the continuous 

gathering of health data needed to monitor the population's health status, aiming at timely identifying 

patients needed. In general, surveillance model includes four major pillars: i) data collection; ii) data 

analysis and interpretation; iii) dissemination of results; iv) targeted interventions [25].  

Surveillance is intended as “providing information to respond to public health threats and 

opportunities, or to organize future actions”, having a key role in identifying efforts and priorities and 

providing a practical benchmark to analyze trends over the years [26]. The large amount of 

surveillance data needs to be shared and analyzed in order to monitor trends in risk factors and to 

protect population from risk exposures and adverse health events. For instance, working on 

epidemiological data of patients staying in ICU implies explaining how data is obtained and how 

should be interpreted. Moreover, surveillance of particular health-related condition should be 

repeated periodically to ensure that it is meeting its proposed objectives and to identify those elements 

and limitations that should be ameliorate [27,28].  

Although surveillance can have many purposes, it usually begins by identifying stakeholders 

who benefit from, use, and contribute to surveillance, and by collecting documents, forms, and 

reports that aim at providing public health recommendations [29]. 

Passive collection of data generated from automated patient records remain the most common less 

demanding surveillance, but also more suitable to low sensitivity and to misclassification and 

underreporting biases. By contrast, active surveillance typically had higher specificity and sensitivity 
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than passive one, even if it requires a greater engagement for healthcare professionals. Regarding to 

the timing of data collection, surveillance may be also classified as retrospective - when based on 

previously recorded routine data after patient discharge - and prospective - considered the gold 

standard for the collection of reliable and timely information.  

Moreover, the point prevalence surveys (PPSs) provide an overall framework with point estimates of 

the prevalence of HAIs. Although prevalence studies have some intrinsic limitations, they require 

much less resources than prospective studies to estimate the burden of HAIs and the efficacy of IPC 

programs at national and international level  [28,30].  

In 2016, the European Centre for Disease Prevention and Control (ECDC) coordinated the second 

European PPS of HAIs and antimicrobial use in acute care hospitals, representing the major survey 

of its kind performed in Europe. Its estimates indicated that - on a given day - approximately 6% of 

all patients who stayed in European acute care hospitals were infected with at least one HAI [31,32]. 

 

1.1.4 Scoring systems 

Prognostic scoring systems (PSS) are routinely used in clinical practice to measure health status or 

illness severity of patients admitted in ICU. Moreover, these PPS are widely used to assess disease 

severity organ dysfunction at ICU admission, and to predict adverse outcomes. These scores represent 

a practical strategy in healthcare settings for early prediction of adverse outcomes, typically mortality, 

and for characterization of disease severity and organ dysfunction [33]. Indeed, patients staying in 

hospital or ICU show signs of clinical deterioration within 24 hours prior to an adverse clinical 

outcome, requiring timely interventions [34]. In fact, PSS are used by hospital care staff to identify 

early signs of health worsening and to trigger healthcare worker attention or medical emergency team 

[35,36].  

In general, PSS are classified into generic – if used in critically ill patients admitted to ICUs- and 

specific, if used for assessing an organ disfunction or disease. Among generic scores, the Acute 

Physiology and Chronic Health Evaluation (APACHE), the Simplified Acute Physiology Score 
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(SAPS), and the Mortality Probability Model (MPM)  can assess disease severity and predict the risk 

for future adverse outcomes in ICU settings [33].  In 1985 and 1991, APACHE II and APACHE III 

scores were established for the management of critical patients in ICU presenting different disease 

types. These two scores, respectively, included twelve and seventeen physiological, also differing in 

the total score obtained and in the way in which how chronic health status is assessed. Furthermore, 

the APACHE III is more difficult and requires a longer time [37]. 

In 1984, the SAPS -which consider thirteen physiological variables and age- was developed and 

validated in France to predict risk of death in ICU patients [38].  In 1993, Le Gall and colleagues used 

a logistic regression model to develop the SAPS II. In lined, this validated score is computed 

including the following seventeen components: age, heart rate, systolic blood pressure, body 

temperature, Glasgow Coma Score, continuous positive airway pressure, PaO2, FiO2, urinary output, 

serum urea nitrogen level, sodium, potassium, bicarbonate, bilirubin, white blood Cell, chronic 

diseases, type of admission. Each component was assessed within 24 h from ICU admission and the 

worst value was recorded. The total SAPS II was finally computed as the sum of weighted values for 

each component [39]. To date, SAPS II still constitute the most widely used tool for the prediction of 

adverse outcomes in ICU  [37,40-43].  

Although it is not used in all countries, the SAPS III was developed using more complex statistical 

techniques and including twenty variables divided into three sub-groups, to predict mortality from 

clinal parameters recorded within one hour from admission [44-46].  

Unlike those mentioned above, MPM is based on less variables collected within the first hour of ICU 

admission, making its usefulness also when laboratory resources are constrained. Moreover, MPM 

computation does not produce an intermediate physiology score, but instead a probability of mortality 

[47]. Finally, Glasgow Coma Scale (GCS) is reliable tool to describe the level of consciousness 

following a severe brain injury. It is based on three parameters like eye opening, verbal response 

and motor response with total value ranging from1 to 15 [48]. 
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Of note, PSS are also useful for standardizing public health practices and comparing different ICUs 

in terms quality of patient care. To do this, data prospectively collected from a large number of ICUs 

patients were to be considered. Since, PSS vary in their efficacy and prediction validity, it is crucial 

to choose a PSS that accurately predicts the outcomes of interest [37]. 

 

1.2 Risk factors in Intensive Care Unit 

Patients in ICUs are more likely to had prolonged hospital stays, sepsis and mortality than those  

staying in other hospital wards, suggesting  the  need to develop targeted strategies of prevention and 

control [14]. For these reasons, uncovering the main risk factors of adverse events in ICUs still 

represents a pressing issue in public health [49,50]. Beyond these, several patients’ characteristics- i.e., 

use of invasive devices and procedures, severity status, type of infection, antibiotic therapy, and 

pathogen virulence characteristics – are considered the most common factors associated with worse 

clinical prognosis [49-54] [14,55-57]. Moreover, healthcare indicators at hospital and ICU level (i.e., 

type and size of ICU and hospital, types of protocol, the presence of healthcare workers) might affect 

the quality of healthcare system and, in turn, the incidence of adverse outcomes [49-54].  

 

1.2.1 Patients and Hospital Characteristics  

Intrinsic patient characteristics constitute some of the leading causes of HAIs on all hospital wards, 

and especially in ICUs. Patients admitted in ICUs have the major risk factors for adverse outcomes. 

In line, the frequency of HAIs is higher among patients in ICUs because they have more severe 

clinical conditions, they are often immunocompromised, and they are more likely to be intubated and 

catheterized than patients in other hospital wards [10,11]. Moreover, exposure to invasive devices 

and procedures, general health status and comorbidities, infections with MDR bacteria still pose a 

challenge for patients’ safety [14,58-62].  

Beyond characteristics of patients, several indicators at hospital and ICU level might be associated 

with higher incidence of HAIs and adverse outcomes [49-54]. For instance, the size and type of hospital 



 17 

and ICU, the type of care protocol adopted, the number of healthcare professionals, and the number 

of ICU and hospital beds are crucial in guaranteeing good practices in all healthcare settings [63-67] 

[49-52,58,63-65,67-72]. Indeed, structural, process, and outcome indicators contribute to measure quality 

and performance of healthcare systems [63-67]. Among these, regional administrations of hospital and 

ICUs play a crucial role. 

For instance, in Italy the comparison between and within regions might represent a useful approach 

to identify what hospital and ICU indicators are associated with a higher prevalence of HAIs [73-77].  

It’s worth mentioning that in Italy - a country with decentralized healthcare system - regions of 

Northern and Southern depict a worrying gap in terms of availability of healthcare assistances [78,79]. 

For this reason, it is crucial identifying those patient, hospital and ICU characteristics that are mostly 

associated with the incidence of adverse outcomes in ICUs. Yet, since these factors might act together 

determining groups of patients, hospitals and wards with specific characteristics, innovative 

approaches are becoming crucial for designing targeted prevention strategies and for improving 

decision-making processes [80,81]. However, the evidence on this field is still lacking and guidelines 

for improving structural and infrastructural characteristics that might affect the risk of HAIs are 

currently vague [40]. 

 

1.2.2 Invasive devices, Antibiotic use, and Multi Drug Resistance  

The baseline conditions of critically ill patients pose, per se, leading cause of prolonged length of 

hospital and ICU stay (LOS), increased medical costs, and death. Although IPC measures have 

decreased incidence of HAIs, the use of invasive devices still pose represents a risk factor for patients 

staying in ICU. Indeed, the exposure to invasive devices- endotracheal tubes (ETT), urinary catheters 

(UC), and central venous catheters (CVC)- is associated with increased HAIs rates in ICU [82,83]. 

With this in mind, several care bundles, grouping a list of best practices when using an invasive 

device, have been proposed to counteract HAIs spread and to improve patient outcomes. In addition, 
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the duration of exposure to invasive devices represents a risk factor for HAIs, suggesting limiting the 

number of device-days as a successful strategy for infection control [84-87]. 

Although antibiotics still represent the most common strategy to prevent and treat infectious disease 

in humans, their misuse and overuse has made them ineffective, as well as  drivers in the spread of 

drug-resistant pathogens [88]. In fact, pathogenic bacteria not being adequately treated by existing 

antibiotics poses a considerable challenge to the effectiveness and efficiency of healthcare systems 

[89-95] and a limit for the Agenda 2030 [96]. The AMR has an alarming impact in various setting, also 

suggesting the worrying impact of HAIs due to antimicrobial resistant bacteria in terms of cases, 

attributable deaths and disability-adjusted life-years (DALY) [97-99]. The lack of awareness on the 

AMR itself and on the prudent use of antimicrobials remain the leading causes for overuse and misuse 

of antimicrobials and inappropriate IPC practices [100-103]. Although no standardized definitions have 

been made by medical community, multidrug resistance (MDR) occurs when a bacterial infection is 

resistant to more than one appropriate antimicrobial treatment [89,90,104-108]. Currently, MDR is 

considered as bacterial non-susceptibility to at least one agent in three antimicrobial classes [89,90]. 

Every year, about 700.000 deaths due to infections caused by MDR bacteria occurs worldwide. It has 

been estimated that this situation could exponentially increase in 2050, because of resistance 

pathways evolution and novel antibiotic discovery [89,96,105,106]. 

Due to the inefficacy of available treatments, resistant infections, especially those acquired in hospital 

or in ICU, are associated to a wide range of adverse outcomes and death [89]. Several definitions are 

used to identify patterns of MDR both in Gram-positive and Gram-negative bacteria, making different 

data and study protocols difficult to be compared [90]. An alternative method is characterized by the 

resistance to one key antimicrobial agent. This often reflect the bacteria cross- or co- resistance to 

multiple classes or subclasses of antimicrobials, thus considering bacteria as MDR [90].  
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1.3 Adverse outcomes in Intensive Care Unit 

Patients’ cares undergo the high prevalence of preventable medical errors (MEs) and adverse events 

(AEs). This in turns depend on the non - complete adherence to best practices and clinical guidelines, 

which can lead to a higher patient morbidity, mortality, resource utilization and prolonged hospital 

and  ICU stay [109]. Generally, an AE is considered a preventable injury caused by medical staff 

management in the acute care settings, resulting in prolonged hospitalization and disability at 

discharge. The AE is considered “preventable” when determined by a MEs, and “negligent” when 

the standard of care is not met by healthcare providers or it’s below the standard required [16,109]. 

Notably, patients who require transfer from medical ward to the ICU are more prone to experience 

an AE than those in other hospital wards, resulting in addition life-sustaining interventions [109-112]. 

Yet, the amount of MEs and related AEs among patients in ICU remains unclear[109]. 

 

1.3.1 Healthcare Associated Infections 

There has been a large consensus that in the modern medicine, clinical practice and healthcare settings 

could assume a twofold aspect. More than 2,000 years ago, Hippocrates stated “I will use treatments 

for the benefit of the ill in accordance with my ability and my judgment, but from what is to their 

harm and injustice I will keep them”. Accordingly, Semmelweis, discussing about puerperal fever, 

recognized that coming into hospitals can be threatening. This idea is described as unintentional 

physical injury resulting from medical assistance, requiring additional treatment or hospitalization, 

or resulting in mortality [113]. Semmelweis is considered as the first one recognized that healthcare 

providers had a critical role in disease transmission. In 1847, Semmelweis found a higher rate of 

maternal mortality among patients treated by obstetricians and medical interns than those treated by 

midwives, thus identifying the way of transmission, and spread of puerperal sepsis. He also noted 

that a pathologist died of sepsis after getting hurt with a scalpel while doing an autopsy of a patient 

with puerperal sepsis. Since scalpel and uncleaned hands began to be considered a way to transmit 

organisms, Semmelweis introduced chlorinated lime hand washing for the healthcare staff [114]. 
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Semmelweis’ hypothesis of disease transmission from healthcare providers to patients, was 

considered valid after Koch’s postulates in 1890. For these reasons, Semmelweis is considered the 

first describing a HAI and suggesting hand hygiene as a preventive strategy in healthcare settings 

[115]. HAIs are considered as those infections acquired by patients while receiving health care in 

hospital or in various healthcare settings (i.e. home care, long-term care and ambulatory care 

facilities, senior nursing home) [116,117]. 

This term- which recently replaced the terms “nosocomial” or “hospital” infection- also referred to 

those infections acquired in the hospital, but appearing after discharge, as well as occupational 

infections among healthcare staff. Specifically, HAI appear two days or more after hospital 

admission, or until 30 days after receiving care. Moreover, several studies suggest HAIs among the 

most common adverse events of patients staying in hospital, also including adverse drug events, and 

post-operative complications [116,118-120]. In fact, HAIs are a pressing safety concern for public 

health, due to their significant impact on patients’ mortality, length of hospital stay, and healthcare 

costs [116,121]. According to the ECDC, nearly 8% of patients admitted in ICU for more than two 

days presented with at least one HAI on a given day [10,11]. 

Among the HAIs, central line-associated bloodstream infections (CLABSIs), catheter-associated 

urinary tract infections (CAUTIs), and intubator-associated pneumonia (IAP) are the most frequent. 

[116]. In 1992, the European Prevalence of Infection in Intensive Care (EPIC I) study was conducted 

in western European ICUs [122]. On the study day, 45% of patients had suspected or proven infection 

and 62% were receiving prophylactic antibiotics, therapeutic antibiotics, or both types of antibiotics. 

In 2007, a study of similar design but extending inclusion to ICUs worldwide (Extended Prevalence 

of Infection in Intensive Care [EPIC II]) was conducted [123]. On the study day, 51% of the patients 

had suspected or proven infection and 71% were receiving prophylactic antibiotics, therapeutic 

antibiotics, or both types of antibiotics.  

The current EPIC III study (Extended Study on Prevalence of Infection in Intensive Care III) was 

conducted in 2017 using a similar design to the earlier studies, but also included questions related to 
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the availability of specific resources for the diagnosis and treatment of infection. It was hypothesized 

that the prevalence of infection and the associated outcomes would vary among geographic regions 

[124].  

 

1.3.2 Sepsis  

Although novel protocols, antibiotics and innovations have been made, sepsis still remains a critical 

threat for patient health worldwide [125]. According to the WHO estimates, each year sepsis caused 

about 11 million of deaths and disabilities. In line, the ECDC estimates that each year in the USA at 

least 1.7 million of individuals are affected by sepsis. Sepsis is the result of systemic inflammatory 

response syndrome (SIRS) following an infection, which in turn causes tissues injury and organs 

dysfunction [125-127]. SIRS is described by fever (>38°C) or hypothermia (<36°C); increased heart 

rate (>90 beats/minute), tachypnea (>20 breaths/minute), or hyperventilation (PaCO2 < 32 mmHg); 

and altered white blood cell count (WBC) (>12,000 cells/mm3 or <4,000 cells/mm3) or presence of 

>10% immature neutrophils [125]. 

In more severe cases sepsis could evolve into septic shock characterized by at least one major organ 

dysfunction, arterial hypotension or hypoperfusion, and adverse outcomes [125,126,128]. Generally, 

the evolution of SIRS to sepsis and/or septic shock occur rapidly, suggesting the need of novel tools 

to early diagnose sepsis at the onset [125]. Several biomarkers of inflammation, such as C-reactive 

protein (CRP), erythrocyte sedimentation rate (ESR), and white blood cells (WBC) count, are used 

in diagnosis and monitoring sepsis. Among these, procalcitonin (PCT)- a prohormone of calcitonin- 

represent the biomarker widely used worldwide [125,129]. Indeed, during the SIRS process, the PCT 

is secreted in proportionally response to bacterial endotoxins. In fact, a higher PCT production 

indicates severe sepsis. Moreover, PCT level starts to rise within 2-4 hours of inflammation process 

and peaks at 8-24 hours, allowing a better diagnosis, prognosis, and monitoring of patients with sepsis 

progression than other conventional biomarkers [125,130].  
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Given the nonspecific nature of early symptoms and clinical signs, sepsis early diagnosis to closely 

monitor all patients in the ICU, and to identify those infections developing sepsis or septic shock 

might result difficult [126]. Commonly, care for septic shock includes early antibiotics treatment, 

antifungal administration, regulation of blood volume, and guaranteeing sufficient tissue perfusion 

[126]. Early detection of sepsis and early administration of antibiotic treatment have been known to 

be the strongest modulators of outcomes in patients with sepsis [126,131]. Although measuring PCT 

routinely is useful in ICU setting- both in predicting adverse outcome and in the identification of 

patients at higher risk of septic shock- early sepsis detection remain still challenging in clinical 

settings [132]. 

 

1.3.3 Mortality 

Critical ill patients are admitted to ICU when in critical health status, such as severe infectious 

diseases, multiple trauma, and organs failure [133-135]. For these reasons, these type of patients 

generally have an higher risk of adverse outcomes, especially in terms of mortality [14]. 

Indeed, mortality in ICUs is two time higher among infected patients than those not infected [123,136]. 

This in turn depends on several patients’ factor such as the use of invasive procedures, their severity, 

type of infection, therapy, and microorganisms’ characteristics, including clonal spread [14,55-57]. 

Several lines of evidence suggested that outcomes of patients staying in ICU is the cumulative results 

of different risk factors related both to patients’ clinical conditions and personal characteristics, and 

to the exposure to invasive devices and procedures [137-139]. 

With this in mind, the complexity of HAI burden suggested the need of novel approaches aimed at 

early identifying patients at higher risk of death [140]. Indeed, the prediction of patients at higher risk 

of mortality in ICU play a key role in improving patients’ survival and in implementing their 

management [141]. Although several conventional statistical approaches are widely used in clinical 

practice, modern Machine Learning (ML) models showed more accurate results in the early 
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identification of patients who are more likely to die during their stay in ICU, considering different 

risk factors [141-145].  

Globally, the prevalence of mortality in ICU ranges from 9% to 61%, with the highest percentage in 

in the low-income countries [146]. 

 

1.4 Health Informatics 

To date, health informatics (HI) represents the systematic application of informatics and technology-

based innovations to public health issues [147,148]. Recent advance in HI has become so crucial in 

modern medicine and biomedical research, that most of public health policies and practices depend 

on information and learning technologies. For these reasons, HI should constitute a key strategy for 

the implementation of national health information and surveillance, providing a benefit both for 

healthcare providers and patients.  

Indeed, this developing technology helps healthcare providers as follows: i) to early identify high-

risk conditions and to avoid misdiagnoses; ii) to improve ward workflow efficiency by providing 

smart decision support; iii) to maintain a high-quality data collection, clinical documentation and 

storage [148,149].  

 

1.4.1 Precision Public Health  

Precision public health (PPH) is an emerging a multidisciplinary area of interest relying on big data 

and data science. The term “precision” focused on the implementation of population-level effort, 

policy, and targeted interventions. Specifically, PPH is defined as “about using the best available 

data to target more effectively and efficiently interventions” 

Thanks to the great availability of data sources, PPH is considered a global strategy to ameliorate 

public health policies. In the last decades, health- and non-health-related data produced by EHRs (i.e., 

patients characteristics, biomarkers, exposure to invasive devices) increased exponentially, giving 

rise to the term “big data” [150-153]. 
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Big data is complex and heterogeneous, allowing integrating multiple social and environmental risk 

factors, as well as to predict the progression from health to disease status. Moreover, these data 

provide the potential for more “precision” in clinical practice and public health, aiming at finding 

preventable risk factors and at allowing more precision diagnoses and prognoses. In fact, it has been 

estimated that each patients’ hospitalization produce more than 150.000 data [154]. 

In this scenario, the use of information technology (IT) and data science have a crucial role in 

enhancing public health surveillance, which is defined as the systematic collection, management, and 

interpretation of data to encourage novel actions [150]. Specifically, surveillance systems use data 

collected from surveys, registries, real-time monitoring systems, and studies having the potential of 

improving early disease detection [155]. 

Another scientific field of application of big data in PPH is the potential for using novel predictive 

models. Indeed, novel data science approaches are useful to integrate different data sources  

and to improve prediction of clinical outcomes, diagnosis, and treatment. To achieve the main PPH 

objectives, data analysis modernization in healthcare settings and public health is needed. In this 

scenario, bringing together existing data using digitalized approaches could be a strategy to help the 

application of novel data science approaches in public health. To do this, identifying patients’ 

similarity constitutes a key strategy to address precision medicine challenge, also allowing patients 

stratification into clinically relevant subgroups [150,156].  

 

1.4.2 Predictive models 

In the last decades, more efforts have been made in the field of precision medicine, whose primary 

aim is to predict health deterioration and to monitor patient disease severity  [15-19]. A large amount 

of patient characteristics is needed to define their similarity or diversity with other patients [156,157]. 

Indeed, availability of health-related data is crucial for a more precise identification of groups of 

patients requiring more attention, as well as preventive strategies and selective treatments. 
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In general, clinical, and molecular characteristics, imaging data, laboratory results and clinical 

outcomes represent the most useful data domains to develop targeted predictive models. Although 

molecular data is the most represented category in the process of patients’ care, treatment and 

decision-making, several studies suggest the application of an integrated use of clinical and molecular 

data [158,159]. In this scenario, employing heterogenous types of data also requires grouping patients 

according to their personal and clinical similarity, suggesting the need of ad hoc techniques. Indeed, 

several clustering approaches (i.e., Two-Step, Hierarchical and k- means) are used for managing high 

dimensional types of data, aiming to group patients according to their disease status, prognosis, or 

response to treatment. Moreover, also methods of dimensionality reduction (i.e., Principal 

Component Analysis (PCA), Factor Analysis, or matrix factorization), are frequently used when 

aiming to select representative characteristics of specific patients’ group.  

Moreover, several supervised and unsupervised algorithms are commonly used when the goal is 

assessing a measure of patient’s similarity in terms of clinical, diagnostic, treatment profiles and /or 

expression patterns, to make prediction of a predetermined outcome. 

Finally, software tools (i.e., Integrated Clustering of Multi-dimensional biomedical data (ICM)) 

represent useful approach providing a set of methodologies of data combination, clustering, and 

visualization, with a specific graphical user interface [156,160].  

 

1.4.3 Targeted selective treatments  

One of the main concerns of PPH is to improve selective treatments targeted to specific patient 

diseases, both considering their similarity and improving clinical outcomes [156]. This in turn, allows 

clinicians to use the same targeted treatments for those patients having similar prognosis [156,157]. 

Although PPH approach promises highly personalized and highly effective treatment, it still poses 

considerable challenges.  

Indeed, PPH aims to treat patients with the right drug at the right dose at the right time, also taking 

into accounts genetic variability of each patient [161]. However, when patients are in critical ill 
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condition, it is no practical collecting genotyping data. In the last century, medical communities began 

to adopt a novel approach for patients’ treatment based on their clinical characteristics. Although this 

change could led to fight diseases, the cost of drug discovery and development dramatically increased, 

so becoming a burden for public health [162].  

To date, recent strides in ML led to the development of specific treatments aimed to specific groups 

of patients with certain needs. Commonly, AI approaches mainly focused on eight key components: 

drug development, prediction of resistance, identification of appropriate doses, drugs combination, 

improvement of delivery systems, designing of administration routes, evaluation pharmacokinetic 

profile, and prediction of adverse outcome [163].  

Patients in critical conditions are those who could benefit more from more specific therapies tailored 

to their clinical requirement. Indeed, they are generally more likely to be exposed to invasive devices 

and to report underlying disease.  For these reasons, data from patients’ electronic medical systems 

allow to identify critically ill patients and to promote treatments personalization. Indeed, the 

application of PPH approaches in the development of the best treatment plans should consider 

heterogeneity of patient’ characteristics, risk factors, and responses to treatments [161]. 

Specifically, these applications have a crucial role both in the identification of more effective 

treatments for infectious diseases, as well as in predicting drug resistance [163].  

 

1.5 Novel tools in healthcare 

In the last decades, the collection of large amounts of patient clinical characteristics have increased 

worldwide [164-166]. Commonly, electronic health records (EHRs) represent a data source which 

provide the potential for reliable novel tools which could guide understanding patients risk factors, 

as well as improving their management [140,164,165,167-169].  

With this in mind, identifying patients at higher risk of critical health-conditions still represent a major 

challenge for public health, with so many healthcare epidemiologists which continue to interpret large 

amount of complex data [167,170].  Although conventional statistical models are the gold standard 
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when predicting adverse outcomes, novel automated approaches are considered a strategy to optimize 

accuracy across a wide range of medical applications [171]. Indeed, novel statistical and mathematical 

methods are crucial to real-time identify patients or subgroups of patients at higher risk during their 

stay in healthcare settings. With this in mind, the use of digital technologies, particularly in the context 

of machine learning, artificial intelligence and deep learning, holds great promise for medical research 

[172]. 

 

1.5.1 Artificial intelligence  

Artificial intelligence (AI) is referred to an emerging field of data analysis, involving the use of 

algorithms performed by computer code. These algorithms are capable to conduct rapid analyses for 

transforming large amount of clinical data into decisions, evidence, and outputs. During the Council 

on Artificial Intelligence of the Organization for Economic Co-operation and Development (OECD) 

AI was defined as a machine-based system enable to response to human-defined goals through early 

predictions and results [172].  

Accordingly, the application of novel AI methods could be a strategy to achieve the health-related 

and wellbeing objectives under the SDG 3, as well as the universal health coverage [172,173]. In 1976, 

was developed the first medical system, commonly known as MYCIN, able to propose the best 

antibiotic therapy for several bacterial infections. However, this system had no large application both 

for its limited involvement into clinical work and for large number of rules needed for its application 

[174].  

Thus, Al is considered a tool supporting the analyses of electronic medical records (EMR) data, which 

is commonly unstructured and heterogeneous. Since data collected from numerous sources have 

increased, data still constitute one of the major limitations when introducing AI in healthcare settings 

[175]. In high-income countries, AI methods are improving the delivery of healthcare services in terms 

of diagnosis, prevention, and treatments. Indeed, according to Schwabe and Wahl, the application of 
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AI for health is identified in four domains, as follows: prediction-based diagnosis, morbidity or 

mortality risk assessment, disease outbreaks and surveillance, and health policy and planning [173].  

Firstly, healthcare providers routinely use AI to integrate patient characteristics and to early identify 

those at higher risk of adverse outcomes. Moreover, AI allows healthcare providers for a prompt risk 

assessment, as well as to make faster and more accurate diagnoses and to avoid clinical biases. This 

in turn, suggested that the application of novel AI technologies is useful to predict health outcomes 

before they occur, also developing preventive strategies targeted to each patient requirements 

[168,175,176].  

A second application of AI for biomedical research is based on the use of EMR data for risk 

assessment and for optimization of clinical care. In fact, these heterogeneous data can be helpful to 

develop clinical best practices and to design novel guidelines. Moreover, in the last two decades, the 

role of AI evolving to facilitate drug discovery and development. In fact, testing of medicines might 

be based on virtual models of the human body by 2040, allowing prescription drugs tailored to 

individual patient characteristics [177].  

Third, AI might contribute to health systems management and planning. In fact, AI can be used to 

assist personnel in improving medical resources, supporting decision-making, and scheduling 

patients’ appointment. Finally, several implications about the use of AI for public health surveillance 

and health-promotion must be considered. In this scenario, AI could be used to early identify patients 

at higher risk, and to identify the underlying causes of adverse health outcomes [172,175].  

 

1.5.2 Machine learning algorithms  

In the last decades, medicine highlighted the need of alternative computational techniques to analyze 

large amounts of clinical data, and to address clinical decision making [142,178-180]. This novel 

research area was encouraged by novel devices to collect large volumes of data, by the increase in 

data storage and processing systems, and by a global system of computer networks to transfer data. 

[181]. ML, a subset of AI, was referred to those techniques and algorithms which was developed to 
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automatically learn from data and to interpret unknown situations [174,182]. Moreover, the ML 

approach represent the switch of paradigm from programming computers to perform a task without 

having an explicit objective. In line, this approach suggested the notion that humans learn how to 

solve a complex task from experience, while machines learn from structured and unstructured data 

using statistics and computer science [144,145,181]. In general, ML has a large field of applications 

such as predicting treatment targets, diagnosing bacteria causing infectious diseases, classifying 

antimicrobial resistance, and predicting  outcomes [142].  

Typically, ML models were classified into “supervised or predictive learning” and “unsupervised or 

descriptive learning”, according to how the model learns from data [143,181].  

In particular, supervised ML methods used labeled training set of data to choose the best model able 

to make outcomes prediction [144]. In this case, the algorithm infers a function from the data that can 

be used for predicting outputs from different inputs. Indeed, supervised ML methods aim to identify 

patterns in data and make predictions without having explicit preprogrammed rules, by separating the 

classes. Notably, decision tree (DT), random forest (RF), k-nearest neighbour classifier (kNN), Naïve 

Bayes classifier (NB), artificial neural networks (ANN), support vector machine (SVM), and adaptive 

boosting (adaBoost) are among the most common supervised ML methods. 

By contrast, unsupervised methods aim to explore a hidden structure from an unlabeled training set 

of data, without a predefined outcome of interest. In both these cases, training dataset is necessary for 

the algorithm, in order to conduct multiple tests aiming at identifying the model with the highest 

accuracy. Notably, k-means and Apriori algorithms, t-distributed stochastic neighbour embedding (t-

SNE), Uniform Manifold Approximation and Projection (UMAP) represent the most common 

unsupervised ML methods [172,174]. In this scenario, clinical data is becoming a major concern in 

precision medicine and public health, suggesting the need of developing innovative medical decision-

making approaches. These data arise from heterogeneous sources of patient conditions and 

parameters collected before, during and after hospitalization. For instance, ICUs constitute the 

healthcare setting where the cares of critically patients have a higher data dependence than other 
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wards. Indeed, applying ML model on the data collect in ICUs, could be useful to identify alarming 

vital signs and to predict patient outcomes  [143,171,183]. Interestingly, several line of evidence 

suggested that ML algorithms could enrich conventional statistical approaches, especially in terms of 

prediction of ICU prognosis, clinical deterioration and risk assessment [184]. 

 

1.5.3 Deep learning  

Deep Learning, a subdomain of ML methods, has been successful to intelligently learn complex 

patterns and to make prediction from data [185]. Particularly, deep learning, also recognized as “neural 

network”, shows better performance in several applications than conventional ML approaches [186]. 

Indeed, a deep learning algorithm is able to automatically find unexpected relationships between 

inputs and outputs in order to identify a hierarchy of more complex feature. However, the output of 

the model could vary depending on the data characteristics [187]. 

Commonly, deep learning is classified into supervised, unsupervised, or semi-supervised [172,186]. 

Although deep learning methodologies could be applied for different medical purposes, choosing that 

more suitable is still challenging, especially in healthcare applications  [182].  

For instance, deep learning promises a greater accuracy in the diagnosis based on oncology-oriented 

and radiology images analysis [186,188]. Moreover, deep learning is also applied for speech 

recognition, language translation, and natural language processing (NLP) [182].  

For instance, Multi- layer Perceptron (MLP) and the Convolutional Neural Network (CNN) are 

among the most widely used deep learning algorithms. The MLP, also known as the feed-forward 

artificial neural network, is constituted by a network with one or more input layers and one output 

layer linked by connection nodes. Specifically, the MLP uses the “Backpropagation” technique to 

adjust the weight values of the model. By contrast, the CNN method is constituted by convolution 

layers, pooling layers and fully connected layers, improving the conventional approach [186]. In 

addition, also the self-organizing map (SOM), the autoencoder (AE), the Restricted Boltzmann 
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machines (RBM), the deep belief network (DBN), the backpropagation neural network (BPNN) and 

the generative adversarial network (GAN) are commonly used for various applications [186].  

One of the most common conventional approaches to determining a patient's disease, is logistic 

regression model that weights each patient characteristic, making a weighted sum an accurate 

predictor of disease. 

Since patient disease conditions involve different patient characteristics, deep learning could be the 

more appropriate method thank to its possibility of considering more characteristics in input [182]. 

Indeed, deep learning tools also allow the risk stratification for a broad range of patient populations 

[172,189].  
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2. Objectives 

2.1 Rationale and specific objectives  

In line with the current state of the art, improving the management of patients admitted to ICU remains 

a priority in Public Health. In particular, early identifying patients whose clinical conditions and 

personal characteristics could led to a higher risk of adverse outcomes in ICU, represent a challenge 

for clinicians and healthcare professionals worldwide [26,190-194].  

To do this, several early warning scores have been proposed as useful predictors of health conditions 

or illness severity of ICU patients [37,40-42]. Although these conventional statistical approaches are 

widely used in clinical practice, recent advanced in health informatics proposed more accurate models 

to identify patients or subgroups of patients who more likely to die or to be affected by HAI during 

their stay in ICU, also taking into account different sets of risk factors [140-145,168,169]. Indeed, the 

convenience of large amount of healthcare data have made possible the application of ML methods 

for predicting specific adverse outcomes, for patient risk stratification and for improving quality of 

care [195].   

For these reasons, firstly was evaluated the performance of the early warning score ability to predict 

the risk of adverse outcome in patients admitted to ICU using traditional statistical approach. Next, a 

ML algorithm was developed and tested, considering early warning score in combination with 

additional characteristics at ICU admission, aiming to further improve the predictive performance.   

Moreover, specific objectives of the present pHd thesis are: 

• To evaluate gender-differences in risk factors and in the probability of death among patients 

admitted to ICUs; 

• To perform a conventional statistical method to assess the ability of SAPS II in predicting the 

risk of HAIs in patients admitted in ICUs. Next, the results obtained were compared applying 

a SVM algorithm, to evaluate its performance in distinguishing between non-infected patients 

and those who were diagnosed with at least one HAI during their ICU stay; 



 33 

• To perform a cluster analysis to distinguish patients according to their characteristics at ICU 

admission, and to identify clusters of patients at higher risk for CAUTIs, pneumonia and 

associated sepsis. Accordingly, variability across clusters in terms of duration of urinary 

catheterization, incidence of CAUTIs and associated sepsis was explored. In addition, the risk 

of sepsis and death associated with pneumonia caused by Acinetobacter baumannii, Klebsiella 

pneumoniae and Pseudomonas aeruginosa was evaluated; 

• To evaluate the ability of the SAPS II to predict the risk of death after seven days from their 

admission to ICU, using a conventional statistical method. Next, these results were compared 

with those obtained from an SVM algorithm, which combines the SAPS II with additional 

patients’ characteristics, to further improve the predicting performance; 

• To perform a cluster analysis to classify Italian ICUs according to their qualitative and 

quantitative characteristics [196-198]. Thus, the variability across clusters in terms of incidence 

density of HAIs was explored. Moreover, the main hospital and ICU indicators associated 

with HAI incidence were evaluated at national level and compared between Italian regions.  
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3. Methods 

3.1 Study design and setting  

The ongoing “Italian Nosocomial Infections Surveillance in Intensive Care Units” SPIN-UTI project 

was established in 2006 by the Italian Study Group of Hospital Hygiene (GISIO) of the Italian Society 

of Hygiene, Preventive Medicine and Public Health (SItI). The project is being launched and 

conducted according to the protocol of the Hospitals in Europe Link for Infection Control through 

Surveillance (HELICS) Network, and updated in accordance to the ECDC Healthcare-Associated 

Infections in Intensive Care Units (HAIICU) protocol [199,200]. The study was approved by the ethics 

committee of the involved institution (Ethics Committee ‘Catania 1’, Catania, Italy; Protocol nos. 

111/2018/PO and 295/2019/EMPO), whose protocol and full details have been described elsewhere 

[26,43,190-194,201]. 

In general, each edition of the SPIN-UTI project consists of a six-month prospectively surveillance 

over a two-year period (i.e., from 1st October of a given year to 31st March of the following year). 

During the seven biennial editions (i.e., from 2006-2007 to 2018-2019), the SPIN-UTI project has 

surveyed 22,000 patients admitted to 108 Italian ICUs, collecting data on more than 4,000 infections 

and 5,000 microorganisms [26,190-194].  

 

3.2 Participants 

In brief, hospitals participation is voluntary, and data is handled confidentially. In particular, the 

Italian ICUs participating to the project must fit the definition established by the European Society of 

Intensive Care Medicine [4], while neonatal and pediatric ICUs are excluded [26,190-194,201-203]. 

Moreover, all patients staying more than two days in ICU are included in the SPIN-UTI surveillance 

(i.e., according to the following formula “Date of discharge from the ICU” – “Date of admission to 

the ICU + 1” > 2). By contrast, patients who stay in ICU less than three days are excluded a priori, 

because one of the primary outcomes of the project is to evaluate the incidence of HAIs, which 

develop after 48 hours of ICU stay.  
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3.3 Data collection 

The SPIN- UTI project adopts a web-based data collection procedure using an online platform. In 

general, by using different electronic data forms, data regarding characteristics of hospitals and ICUs, 

patients, infections, and associated micro-organisms are collected. Indeed, patients with complete 

assessment on characteristics at admission (e.g., age, sex, SAPS II, origin of the patient, admission 

type), dates of insertion and removal of invasive devices (e.g., intubation), infection status (i.e., 

infection date, infection site and associated-microorganisms) and microorganisms (i.e., antimicrobial 

resistance data) were collected. The electronic questionnaires also aimed to collect information 

regarding structural and functional characteristics of hospital and ICU participants. In particular, 

ICUs and hospitals were included if reported complete assessment on the following information: 

hospital and ICU sizes (i.e., total number of beds in the hospital or in the ICU); hospital type (primary; 

secondary; tertiary); ICU type; percentage of ICU patients who were intubated in the last year (i.e., 

percentage of intubated patients over the past year in the ICU); total days in hospital and in ICU in 

the last year; area of ICU origin (Northern, Central, or Southern Italy); total hospital and ICU costs; 

incidence density of HAIs [199]. Since 2008, also surveillance of ICU-acquired sepsis has been 

included in the SPIN-UTI protocol [190,191,199].  

 

3.4 Data processing and cleaning  

The workflow of the data processing was carried out as follows: data acquisition, storage, security, 

anonymization, warehousing and cleaning. Although data of the different SPIN-UTI editions have 

initially stored in different formats (i.e., SPSS spreadsheets, CSV, etc.), data acquisition involved the 

use of a uniform protocol. Indeed, a preliminary work was to clean, make uniform and merge the data 

of the different SPIN- UTI editions. Next, data on the patients' ICU stay, on the use of invasive 

devices, on the infections and on the microorganisms, which were initially stored in different subsets, 

were aggregated in an overall dataset.  
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Specifically, the overall dataset was designed according to the ‘not only Structured Query Language’ 

(NoSQL) approach, which is useful when working with a wide variety of data models, including key 

value, document, columnar and graph formats. Furthermore, a NoSQL database takes the advantages 

of horizontal scaling and cloud computing environment. In particular, Python data analysis libraries, 

such as Pandas and Py-Mongo, were used in this study to perform data processing and analysis. 

Specifically, Py-Mongo contains tools for working with MongoDB software, which represents a 

NoSQL well- organized platform used to perform conventional statistical analyses. Finally, the online 

Plotly library was used for graphical data representation with a Sankey diagram [140,204].  

 

3.5 Definitions of exposure variables and outcomes 

SAPS II at ICU admission was used as one of the main predictors. Specifically, the SAPS II was 

computed by imputing the worst value of each component assessed within 24 h from ICU admission 

[39]. The components included: age; heart rate; systolic blood pressure; temperature; Glasgow Coma 

Scale, mechanical ventilation, or continuous positive airway pressure (CPAP), PaO2, FiO2, urine 

output, blood urea nitrogen (BUN), sodium, potassium, bicarbonate, bilirubin, white blood cell; 

chronic diseases, type of admission. The total SAPS II was finally computed as the sum of weighted 

values for each component [39]. 

Patients were considered as admitted with trauma if reporting blunt or penetrating traumatic injury, 

with or without surgical intervention. Moreover, data on patients who underwent non-surgical 

treatment for signs and symptoms related to the acute coronary syndrome were considered. Instead, 

impaired immunity was defined as an impairment due to treatment, diseases or <500 PMN/mm3. 

Finally, any antibiotic therapy administered in the 48 hours preceding ICU admission and/or during 

the first two days of ICU admission were collected.  

According to the ECDC HAI-ICU protocol, the occurrence of HAI was assessed using a set of clinical 

and laboratory criteria [200]. In line with the protocol, an infection is considered as HAI acquired in 

the ICU - if it occurs in the ICU after more than 48 hours. In practice, if considering the day of ICU 
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admission as the first day, all infections with onset from day three onwards in the ICU should be 

considered HAIs. Specifically, a HAI was "device-associated" when a device was used in a patient 

within the 48-hour period before onset of infection. The term "device-associated" is only used for 

pneumonia, bloodstream infections, and urinary tract infections, when intubation, central vascular 

catheter, indwelling urinary catheter were used. Specifically, clinical diaries- reporting signs and 

symptoms, microbiological and laboratory parameters - are used by ICU participants for the 

validation of the cases of infection.  

Thus, pneumonia is defined as intubator-associated pneumonia (IAP) if an invasive respiratory device 

was used -even intermittently- in the 48 hours preceding the onset of infection [205]. 

However, an HAI was considered catheter-associated urinary tract infections (CAUTI) when an 

indwelling urinary catheter was in place within seven days of a positive laboratory result for 

uropathogens (bacteria or fungi), or when signs and symptoms of urinary tract infections were 

manifest [200].  

Among the outcomes considered, sepsis is intended as severity of HAIs, and defined according to the 

definition of sepsis of the American College of Chest Physicians/Society of Critical Care Medicine 

Consensus Conference. Mortality within seven days from ICU admission was evaluated considering 

patients who stayed in ICU for at least seven days and those who died within two to seven days after 

ICU admission. Accordingly, patients who stayed in ICU for less than two days, those who were 

discharged prior to 7 days, and those who died with the first two days were excluded [203]. 

 

3.6 Statistical analysis  

All the statistical analyses were performed using the SPSS software (version 26.0, SPSS, Chicago, 

IL, USA), and p-values < 0.05 were considered statistically significant. Firstly, to check the skewed 

distribution of continuous variables, the Kolmogorov- Smirnov test was applied. Thus, descriptive 

statistics were used to characterize the hospitals and patients’ participants by reporting mean or 

median (interquartile range, IQR) for continuous variables, and frequency (percentage values) for 
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those categorical. Similarly, comparisons between variables were analyzed using the Mann Whitney 

U-test or the Kruskal-Wallis t test for continuous variables with skewed distribution, and the two- 

tailed Chi-squared test for categorical variables.  

Moreover, linear regression models were performed, and results were reported as β and standard error 

(SE). Receiver operating characteristic (ROC) curve was used to evaluate the performance of a binary 

classifier as its discrimination threshold is varied. Indeed, ROC curve is a useful graphical tool to 

evaluate the ability of the logistic regression models to accurately discriminate patients according to 

their outcomes. To do this, the best cut-off value which maximized the Youden Index was calculated. 

Predictive performance was reported in terms of sensitivity, specificity and Area Under the Curve 

(AUC) with their 95% Confidence Interval (95% CI).  

 

3.7 Cluster analysis  

Clustering method constitutes an exploratory tool to reveal natural clusters within a dataset that would 

otherwise not be apparent. In general, this approach was conducted to group similar observations into 

a dataset, such that observations in the same cluster were similar to each other. For these reasons, the 

Two-Step Cluster analysis was applied to partition the original dataset into different clusters with 

high within-cluster similarity and between-cluster variability. This approach involves the 

construction of a Cluster Features (CF) Tree by positioning the first case at the root of the tree and 

adding each successive case to an existing node or forming a new node, in accordance with their 

similarity. Next, an agglomerative clustering algorithm is employed to categorize CF tree’ nodes of 

clustered variables and to produce a range of clustering options. This algorithm is able to handle 

categorical and continuous variables, and to automatically determine the exact number of clusters by 

comparing the values of a model-choice criterion across different clustering solutions [206]. 

Indeed, the optimal number of clusters was determined automatically according to Schwarz’s 

Bayesian Information Criterion (SBIC) or the Akaike Information Criterion (AIC), which allow 

model selection based on the likelihood function. In particular, the Two-Step Cluster analysis 
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employs the log-likelihood data vectors’ distance measure to manage categorical and continuous 

variables, assuming that variables in the cluster model are independent. Variables included in the 

clustering algorithm were ranked according to their predictive importance values, whose values 

ranged from 0.1 (i.e., low predictive ability) to 1 (i.e., high predictive ability). Moreover, the cluster 

solution obtained was tested by excluding variables with predictive importance <0.2 [206]. 

 

3.8 Visual Analysis  

Visual Analysis represent a useful approach of data aggregation, which is applied to observe 

progressive sequences of events that pass through different states and bring to distinct outcomes. This 

approach is inspired to the Outflow Graph model and to the visual encoding of Outflow Visualization 

and adapted using the Sankey diagrams. In general, the use of Outflow-like approach is suggested by 

the nature of the phenomena under investigation. In this case, a patient is considered in an initial 

“state” that during the hospitalization evolves into other “states” because new events are occurred.  

Here, Sankey diagrams were used to immediately visualize the flow of patients during their ICU stay, 

without temporal information, also maintaining the total anonymity of the information. Sankey 

diagrams consist of nodes, whose height represents patients staying in a particular “state,” instead, 

the height of each edge represents the number of patients evolving into other “states”. One of the 

strengths of this method is the independence of the diagram dimension from the number of dataset 

records [207].  

 

3.9 Learning Model generation  

3.9.1 Machine Learning algorithm 

The supervised SVM algorithm, which can be used for binary classification and regression problems, 

was applied. However, our dataset was not linearly separable, not allowing to satisfy all the 

constraints of SVM [208]. In the case of two or three exposure variables, the functions used to classify 

features are lines or planes, respectively. In the case of more than three exposure variables, as in the 
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model used in this study, the function used to classify features is referred to as a “hyperplane”. 

Accordingly, the rationale behind the SVM model is to find an optimal hyperplane that clearly 

classifies the different classes. The separating hyperplane found by the SVM algorithm provides the 

largest margin between the two classes. The comparison with other classifiers (i.e., DT, K-NN, NB) 

revealed the SVM model as that reporting the best predictive performances. However, the dataset was 

not linearly separable even in a feature space and did not allow all the constraints of SVM to be 

satisfied. For this reason, a non-linear Kernel function was applied. Gaussian RBF, also called as 

Radial Basis Function Kernel, is a popular kernel function used in SVM models to map data which 

are not originally linearly separable into a higher dimensional feature space, where they are made 

linearly separable. Moreover, linear kernels are less time consuming than non-linear kernel, but have 

lower accuracy. To assess the predictive ability of the SVM model, accuracy (i.e., proportion of total 

records that are correctly predicted), and AUC which represents a measurement of accuracy, with 

values ranging from 0.5 for no prediction to 1.0 for perfect prediction) [40,41,209,210] were calculated. 

In addition, two evaluation metrics for classification problems were calculated, namely precision and 

recall.  

Specifically, precision or Positive Predictive Value (PPV) is the proportion of true positive divided 

by the total number of true positives and false positives. In particular, precision estimates the correct 

predictions when the classifier predicts a positive condition. 

Recall, often referred to as ‘Sensitivity’ is the proportion of true positive divided by the total number 

true positives and false negatives. Specifically, recall estimates the correct predictions of positive 

condition when the condition is positive. A perfect classifier should have precision and recall equal 

to 1. The analyses were performed using Python and Support Vector Classification (SVC) from 

Sklearn 0.22.1 [211]. Notably, the SVM model was trained on the training set composed by synthetic 

records, and then tested on the test set made of “real” records. All the analyses were performed using 

Python and the SciPy stack. 
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3.9.2 Support Vector Machine algorithm 

Slack variables with penalty were also introduced to satisfy all the constraints in the minimization 

problem of SVM [208]. Indeed, by choosing very large slack variable values, a degenerate solution 

leading to the model overfitting could be found. Moreover, to penalize the assignment of too large 

slack variables, the following penalty was introduced in the classification objective: 

(1) 𝐶 ∑ 𝜀𝑖
𝑁
𝑖=1  

where: 

• 𝛆𝒊 indicated “slack variables”, one for each datapoint i, to allow certain constraints to be 

violated;   

• 𝑪 indicated a tuning parameter that controlled the trade-off between the penalty of slack 

variables ε𝑖 and the optimization of the margin.  

Specifically, high values of 𝐶 penalize slack variables leading to a hard margin, whereas low values 

of 𝐶 lead to a soft margin, which is a bigger corridor which allows certain training points inside at the 

expense of misclassifying some of them. In particular, 𝐶 parameter sets the confidence interval range 

of the learning model.  

The RBF function expression on two sample, 𝑥 𝑎𝑛𝑑 𝑥′, was defined as: 

(2) 𝐾(𝑥, 𝑥′) = 𝑒𝑥𝑝 (−γ||𝑥 − 𝑥′||
2

) 

where:  

• ||𝑥 − 𝑥′||
2
 was the squared Euclidean distance between the two feature vectors; 

• γ was a free parameter.  

Specifically, the RBF function can be applied to a dataset through the choice of two parameters (i.e., 

C and 𝛾), and the classifier performance of SVM depends on the choice of these two parameters. A 

Grid Search method was used to find the optimal parameters of the RBF for SVM. This method 

considered m values in 𝐶 and n values in 𝛾, according to the M×N combination of 𝐶 and  𝛾 [212], by 

training different SVM using a K-fold cross validation. 
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3.9.3 Datasets of “Real” and Synthetic Records  

The dataset of “real” records consisted of those patients having complete data and meeting the 

inclusion criteria. This dataset was used both for conventional statistical analyses and as test set for 

the SVM algorithm. Since a lot of records of the SPIN-UTI dataset had missing information, a dataset 

made of recovered and synthetic data was created to be used as training set, and to tune the learning 

algorithms. The presence of missing data is one of the most common problems encountered by when 

analyzing real-world data. As many statistical models and machine learning algorithms rely on 

complete datasets, it is key to handle the missing data appropriately. Moreover, ML algorithms 

requires large and balanced datasets to be trained. To replace the missing values, several imputation 

methods, such as the replacement of missing values with 0, mean, median or mode values and 

regression imputation, are used. 

To do this, recovered data were imputed from incomplete records of the original dataset by replacing 

the missing values, using the K-NN imputation method described by Malarvizhi and Thanamani [213]. 

This method is useful for dealing with all kind of missing values, also allowing to recover part of the 

missing values for both quantitative and qualitative data [213].   

Specifically, the K-NN algorithm considering the Euclidean distance in the feature space- for non-

binary variables- and the Jaccard distance- for dichotomic variables- were applied. In particular, the 

Jaccard distance is defined as the complementary of size of the intersection divided by the size of the 

union of the sample sets. The K-NN method, is based on the assumption that a point value can be 

approximated by the values of the points that are closest to it, based on the other variables [214]. 

𝐽(𝐴, 𝐵)  =   |𝐴 ∩ 𝐵| ⁄ |𝐴 ∪ 𝐵|  

0 ≤ 𝐽(𝐴, 𝐵) ≤ 1 

𝑑𝑗(𝐴, 𝐵) = 1 − 𝐽(𝐴, 𝐵) 

Figure 1 shows the algorithm of data imputation used to replace the missing value. At the end of the 

procedure, the algorithm provides the reconstructed data for the binary outcome (i.e., coded as 0 and 

1). In addition, the process can be repeated on the entire dataset with the reconstructed data.  
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Moreover, synthetic data were generated to balance the two classes of patients according to their 

outcome, using the Synthetic Minority Over-sampling Technique (SMOTE). In order to balance 

dataset, several techniques are commonly used by replicating data or by generating synthetic data. In 

particular, the under-sampling technique consists of random elimination from the majority class to 

match the numbers with the minority class [215]. Although this technique allows to reduce rows’ 

number in the dataset, its application is not recommended when the minority class is too small, 

providing a model with less data for training and more likely to generate errors.  

Contrary to under-sampling approaches, SMOTE is a common oversampling method useful to 

resample the minority class data following those in the majority class by duplicating records. While 

the classic over- sampling technique duplicates minority data from the minority data population, 

SMOTE looks at the feature space for the minority class data points and considers its k-nearest 

neighbors to create new synthetic points and to increase the cardinality of the class itself [216]. 

In simple terms, SMOTE starts by selecting random data from the minority class population, then 

identifies the K-NN, and finally creates synthetic data from the random data and the randomly 

selected K-NN (Figure 2) [216]. Finally, to check the goodness of the training set, the distribution of 

outcomes and exposure variables were compared with those obtained from the test set.  
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3.10 Tables and figures 

 

Figure 1. Description of code used for data imputation 
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Figure 2. Flowchart of the data imputation techniques 
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4. Results 

4.1 Analysis by gender of risk factors and outcomes of patients admitted to 

Intensive Care Unit 

4.1.1 Study population 

On a total of 20,060 SPIN-UTI patients, a sub-sample of 12,534 SPIN-UTI patients (median age 70 

years, 60.6% males) who stayed in ICU for more than 48 hours were included. In this sub-sample, 

median SAPS II at admission was 40 (IQR 26.0), length of ICU stay was 7 days (IQR 11), and length 

of hospital stay was 17 days (IQR 21). In general, 4.3% of patients were traumatized and 5.7% were 

immunocompromised. Moreover, 70.5% of patients were from other wards or other hospitals and 

57% had a medical type of ICU admission. With respect to medical cares, 16.6% and 34.0% of 

patients underwent non-surgical treatment for acute coronary disease or surgical intervention, 

respectively. With respect to the use of antibiotic treatments, 63.9%, 83.4% and 56.8% were on 

Antibiotic therapy in 48 hours before or during ICU stay, respectively. In particular, 73.9% of patients 

required a urinary catheter, 56.2% intubation and 48.4% central venous catheter. Finally, the 

percentage of patients with at least one HAI was 16.0%, with 21.2% and 25.7% of patients died at 

ICU or hospital discharge, respectively.  

 

4.1.2 Characteristics of patients 

Overall, male (n=7698) and female patients (n=4836) were compared for their characteristics at ICU 

admission. Specifically, female patients were older, more likely to come from other wards or 

healthcare facilities and to undergo a surgical intervention than those males (p-values<0.05). By 

contrast, female patients comprised less patients with trauma, who were less likely to be intubated 

and to undergo non-surgical treatment for acute coronary disease (p-values<0.05). 

Interestingly, female patients reported a higher proportion of deaths (22.8%) at ICU discharge than 

those males (20.1%; p<0.001). No differences were evident for SAPS II, type of ICU admission, 
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impaired immunity, antibiotic therapy in 48 hours before or after ICU admission, presence of urinary 

catheter at ICU admission, presence of central venous catheter at ICU admission, status at hospital 

discharge, antibiotic therapy during ICU stay or at ICU admission, and length of hospital and ICU 

stay.  

 

4.1.3 Survival analysis 

After adjusting for covariates, female patients reported 13% higher odd of dying (OR=1.13; 

95%CI=1.00-1.28; p=0.046) than males. Accordingly, females also reported lower survival in ICU 

than males (median= 32.0 days vs. median= 34.0 days; p<0.001). However, after applying a cox 

regression model no difference was evident in survival between male and female patients. 
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4.2. Application of Support Vector Machine to predict Healthcare-Associated 

Infections 

4.2.1 Study population 

On a total of 20,060 SPIN-UTI patients, a sub-sample of 7827 patients (median age 69 years, 60.6% 

males) enrolled from 2006 to 2019 was included. The remaining 12,233 patients (61%) were excluded 

because of missing data. In this sub-sample, 73.9% of patients came from other wards or other 

hospitals and 52.4% had a surgical purpose for ICU admission. In general, median SAPS II at 

admission was 40 (IQR 28) and length of ICU stay was 5 days (IQR 10). With respect to medical 

cares, 10.2% and 40.9% of patients underwent non-surgical treatment for acute coronary disease or 

surgical procedure, respectively. Moreover, 3.4% of patients were traumatized, 8.6% reported 

impaired immunity, and 59% were on antibiotic therapy. In particular, 77.5% of patients required a 

urinary catheter, 59.8% intubation and 41% central venous catheter. Finally, the percentage of 

patients with ICU- acquired sepsis was 6.1%, and mortality in ICU was 23.2%. 

 

4.2.2 Characteristics of patients 

Table 1 reports the comparison between infected (n=1225, 15.7%) and non-infected patients 

(n=6602, 84.3%) for their characteristics at ICU admission. Infected patients were more likely to 

come from the community and to report a medical type of ICU admission than those non-infected. 

Infected patients included more patients with trauma and who were more likely 

immunocompromised. For this reason, SAPS II was higher among infected patients than those non-

infected. With respect to the presence of invasive devices at ICU admission, infected patients were 

more likely to be intubated and less likely to be catheterized compared to non-infected patients. As 

expected, infected patients reported a higher length of ICU stay (20 vs 4 days; p<0.001) than those 

non-infected. Accordingly, also mortality was higher in infected patients (35.1%) than in those non-

infected (21.0%; p<0.001). No differences were evident for sex, age, non- surgical treatment for acute 
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coronary disease, antibiotic therapy in 48 h before ICU admission, and presence of central venous 

catheter at ICU admission. 

 

4.2.3 ROC curve analysis using conventional statistical approach  

The performance of SAPS II at ICU admission in predicting HAIs was evaluated using a conventional 

statistical approach. Figure 1 reported the ROC curve with an AUC of 0.612 [95% confidence 

interval (CI) 0.60 0.63; p<0.001]. Although these results were significant, the accuracy of SAPS II 

for the prediction of HAIs risk was 56%.  

 

4.2.4 ROC curve analysis using the Support Vector Machine model  

Next, additional exposure variables were used to develop a ML algorithm for the prediction of HAIs 

acquired in ICUs. Specifically, the ML algorithm combined SAPS II with all variables collected at 

ICU admission but not included in the SAPS II computation.  

Since the dataset was strongly imbalanced especially in terms of infected and not-infected classes, 

SMOTE algorithm was applied on the complete records to avoid a low performance in recall score. 

This algorithm provided new synthetic records for the infected class, also discarding the duplicated 

data generated by the algorithm. Thus, the test set included only included 39% of patients (n=7827), 

with complete assessment of variables considered in this study (Figure 2), while the training set 

included recovered (n=7758), and synthetic records (n=2544).  

Specifically, the test set was composed of real data for patients with complete assessment of the 

following variables at ICU admission: sex (dichotomous); patient origin (categorical: other 

ward/healthcare facility, community); non-surgical treatment for acute coronary disease 

(dichotomous); surgical intervention (dichotomous); SAPS II at admission (continuous); presence of 

invasive devices at ICU admission (three dichotomous variables for urinary catheter, intubation and 

central venous catheter, respectively); trauma (dichotomous); impaired immunity (dichotomous); and 

antibiotic therapy in 48 h preceding ICU admission (dichotomous).  
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To evaluate potential discrepancies between the training and the test set, the distribution of each 

variable was compared between them. The distribution of infected and non-infected patients between 

the training and test sets is summarized in Table 2. As reported in Figure 3, SAPS II and age followed 

the same distribution in the training and test sets. Likewise, Figures 4 and 5 show that the 

distributions of categorical variables were similar between the training and test sets.  

To improve the accuracy for the prediction of HAI risk, SAPS II along with other characteristics at 

ICU admission (i.e., sex, patient origin, non- surgical treatment for acute coronary disease, surgical 

intervention, presence of intubation, presence of urinary catheter, presence of central vascular 

catheter, trauma, impaired immunity, antibiotic therapy in 48 h preceding ICU admission) was used 

in the SVM algorithm. Figure 6 reported the ROC curve for the SVM prediction model of the test 

set, whose accuracy was of 88%. Particularly, precision and recall values were 0.95 and 0.91 for non-

infected patients and 0.60 and 0.73 for those who were diagnosed with at least one HAI during their 

ICU stay, respectively. Predictive ability was assessed using the ROC curve, which had an AUC of 

0.90 (95% CI 0.88-0.91; p<0.001). Next, this predictivity was compared with that obtained using the 

same SVM model without accounting for SAPS II in the test set. Figure 7 reported the ROC curve 

for the SVM prediction model of the test set, having an accuracy of 78%. In line, precision and recall 

values were 0.87 and 0.87 for non-infected patients and 0.31 and 0.32 for those infected, respectively. 

Moreover, the AUC value provided by the ROC curve was 0.66 (95% CI 0.65- 0.68; p<0.001), 

indicating lower predictive ability.  
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4.2.5 Table and figures 

Table 1. Characteristics of patients according to their infectious status 

 

 

*Results are reported as median (interquartile range) for continuous variables, or percentage for 

categorical variables. Statistical analyses were performed using the Mann-Whitney or the Chi-squared 

test. 

 

 

 

 

Characteristics 
Patients 

(n=7827) 

Infected 

patients 

(n=1225) 

Non- infected 

patients 

(n=6602) 

p-value 

Age, years 69.0 (21.0) 69.0 (21.0) 69.0 (21.0) 0.064 

Sex (% men) 60.6% 62.8% 60.1% 0.084 

Patient’s origin     

Other ward/healthcare facility 73.9% 67.7% 75.1% 
<0.001 

Community 26.1% 32.3% 24.9% 

SAPS II score at admission 40.0 (28.0) 47.0 (27.0) 38.0 (27.0) <0.001 

Type of ICU admission     

Medical 47.6% 53.6% 46.5% 
<0.001 

Surgical 52.4% 46.4% 53.5% 

Trauma 3.4% 5.0% 3.2% 0.001 

Impaired immunity 8.6% 10.4% 8.2% 0.015 

Non-surgical treatment for 

acute coronary disease 
10.2% 8.9% 10.4% 0.109 

Surgical intervention 40.9% 36.7% 41.7% <0.001 

Antibiotic therapy in 48 

hours before ICU admission 
59% 59.8% 58.9% 0.579 

Presence of urinary catheter 

at ICU admission 
77.5% 74.4% 78.0% 0.006 

Presence of intubation at 

ICU admission 
59.8% 63.8% 59.1% 0.002 

Presence of central venous 

catheter at ICU admission 
41% 39.7% 41.3% 0.295 

ICU-acquired sepsis (%yes) 6.1% 37.6% - - 

Outcome (%death) 23.2% 35.1% 21.0% <0.001 

Length of ICU stay, days 5.0 (10.0) 20.0 (20.0) 4.0 (6.0) <0.001 
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Table 2. Composition of training and test datasets 
 

Outcome Training Set Test set 

Class 0 (Non-infected) 6702 recovered 6602 

Class 1 (Infected) 3600 (of which 1056 recovered and 2544 synthetic) 1225 

Total 10302 7827 
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Figure 1. ROC curve of the SAPS II for predicting HAIs. The figure shows the ability of SAPS II to 

identify patients who developed at least one HAI during their stay in an intensive care unit. The blue 

curve represents the ability of SAPS II to distinguish between patients who developed at least one 

HAI and those who did not [AUC= 0.612, 95% confidence interval 0.60-0.63; p<0.001]. The black 

dotted line is the reference for no predictive ability (AUC= 0.500) 
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Figure 2. Matrix of missing values 
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Figure 3. Comparison of Age (A) and SAPS II score (B) distributions between training and test 

datasets 
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Figure 4. Comparison of dichotomous variables between training and test sets 
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Figure 5. Comparison of categorical variables between training and test datasets 
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Figure 6. ROC curve of the SVM algorithm predicting HAISs. The model is based on the SVM 

algorithm, which combines the SAPS II with additional features at intensive care unit admission. The 

blue curve represents the ability of the SVM algorithm to distinguish between patients who developed 

at least one HAI and those who did not [ AUC= 0.90, 95% confidence interval 0.88 and 0.91; 

p<0.001]. The black dotted line is the reference for no predictive ability (AUC =0.500) 
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Figure 7. ROC curve of a SVM algorithm predicting HAIs by excluding the SAPS II. The model is 

based on the SVM algorithm which combines patients’ characteristics collected at intensive care unit 

admission. The blue curve represents the ability of the SVM algorithm to distinguish between patients 

who developed at least one HAI and those who did not [AUC= 0.66, 95% confidence interval 0.65 

and 0.68; p<0.001]. The black dotted line is the reference for no predictive ability (AUC= 0.500) 

 

These tables and figures were adapted from Barchitta et al., Journal of Hospital Infection 2021 
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4.3 Application of cluster analysis to identify patients at risk of catheter-associated 

urinary tract infections 

 

4.3.1 Study population 

On a total of 13,512 patients, 9656 SPIN-UTI participants admitted - from 2008 to 2017 - to 76 ICUs 

of 55 hospitals were included. The remaining 3856 participants (28.5%) were excluded because of 

missing data for at least one variable imputed in the cluster analysis. In this subsample, 264 patients 

acquired at least one CAUTI, resulting in a cumulative incidence of 2.7 CAUTIs per 100 patients and 

an incidence density of 2.7 CAUTIs per 1000 patient-days. Moreover, female sex (p=0.033), higher 

SAPS II score (p<0.001), medical type of ICU admission (p<0.001) and being a traumatized patient 

(p=0.011) were those characteristics at ICU admission positively associated with CAUTI acquisition.  

 

4.3.2 Characteristics of clusters  

Performing a Two-step cluster analysis three different clusters of patients were distinguished 

according to their characteristics at ICU admission. The Two-step clustering method was performed 

to identify different clusters of patients based on age, sex, SAPS II score at admission, patient origin, 

type of admission, trauma, and administration of antibiotics in 48 h before or after ICU admission.  

Notably, administration of antibiotics in 48 h before or after ICU admission, type of ICU admission, 

and patient origin were the top three variables with higher predictive importance, followed by SAPS 

II at admission, trauma, age, and sex.  

Table 1 reported the characteristics of patients with relative within-cluster homogeneity and between-

cluster variability. Patients in Cluster 1 (n=2143) were mostly with a medical type of ICU admission 

and came from the community. Cluster 1 was also characterized by an intermediate percentage of 

patients who received antibiotics in 48 h before or after ICU admission, lower median age, higher 

proportion of trauma patients and higher SAPS II score. Cluster 2 (n=5854) comprised patients who 

were more likely to come from other wards/hospitals, and to report administration of antibiotics 48 h 
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before or after ICU admission. Cluster 2 included older patients with an intermediate SAPS II score, 

and approximately 50% reported a surgical type of ICU admission. Although patients in Cluster 3 

(n=1659) reported a lower percentage of patients with administration of antibiotics 48 h before or 

after ICU admission, and lower SAPS II score, they were similar to those in Cluster 2 in terms of 

patient origin, type of admission and age.  

 

4.3.3. Duration of urinary catheterization  

In general, the duration of urinary catheterization was 85,8 days, which in turns corresponded to a 

urinary catheter utilization rate of 84.6 urinary-catheter-days per 100 patient-days. Although length 

of ICU stay was similar across clusters, Figure 1 visually revealed differences in terms of urinary 

catherization and its duration. Indeed, patients in Clusters 1 or 2 were less likely to be catheterized 

(82.9% and 84.1%, respectively) than those in Cluster 3 (85.6%; p<0.001).  

Nevertheless, patients in Clusters 1 or 2 had a longer duration of urinary catheterization (median 7 

days, IQR 12 days for Cluster 1; median 7 days, IQR 11 days for Cluster 2) compared with patients 

in Cluster 3 (median 6 days, IQR 8 days; p<0.001).  

 

4.3.4 Incidence of catheter-associated urinary tract infections and sepsis  

In general, patients with urinary catheterization showed a higher incidence of UTIs than patients who 

were without urinary catheterization (3.0 per 100 patients vs 1.2 per 100 patients; p=0.004). The rate 

of CAUTIs was 3.2 per 1000 catheter-days, with an incidence of 0.4 per 100 patients in those 

catheterized for <5 days, 0.8 per 100 patients in those catheterized for >=5 days and <=10 days, and 

7.2 per 100 patients in those catheterized for >10 days (p<0.001). Interestingly, patients belonging to 

Cluster 1 had a higher incidence of CAUTIs (3.5 per 100 patients) than those in Clusters 2 or 3 (2.5 

per 100 patients in both clusters; p=0.033).  
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Finally, 37.0% of patients with CAUTIs developed sepsis, but no difference was evident in the 

incidence of sepsis across three clusters (p=0.238). However, the percentage of sepsis among patients 

with CAUTIs increased with increasing duration of catheterization (p=0.010).  
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4.3.5 Tables and Figures  

Table 1. Characteristics of clusters of patients at ICU admission  

 

 

*Results are reported as median (interquartile range) for continuous variables, or percentage for 

categorical variables. Statistical analyses were performed using the Kruskal-Wallis or the Chi-squared 

test. 

 

 

 

 

 

 

 

 

 

Characteristics 
Cluster 1 

(n=2143) 

Cluster 2 

(n=5854) 

Cluster 3 

(n=1659) 
p-value 

Age, years 69.0 (24.0) 70.0 (20.0) 70.0 (20.0) 0.028 

Sex (% men) 62.8% 61.0% 60.5% 0.263 

Patient’s origin     

Other ward/healthcare facility 41.5% 87.3% 86.8% 
<0.001 

Community 58.5% 12.7% 13.2% 

SAPS II score at admission 40.0 (27.0) 38.0 (26.0) 37.0 (23.0) <0.001 

Type of ICU admission     

Medical 63.2% 47.8% 52.8% 
<0.001 

Surgical 36.8% 52.2% 47.2% 

Trauma 5.7% 4.4% 4.4% 0.043 

Impaired immunity 5.8% 7.4% 3.6% <0.001 

Antibiotics within 48 hours 

of admission 
67.9% 87.0% 32.9% <0.001 

Length of ICU stay, days 5.0 (10.0) 5.0 (9.0) 4.0 (8.0) 0.134 

Presence of urinary 

catheter during ICU stay 
82.9% 84.1% 85.6% <0.001 

Duration of urinary 

catheterization, days 
7.0 (12.0) 7.0 (11.0) 6.0 (8.0) <0.001 
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Figure 1. Sankey diagram describes the flow of patients from their admission to ICU, their urinary 

catheter utilization and incidence of catheter urinary tract infections and sepsis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

These tables and figures were adapted from Barchitta et al., Journal of Hospital Infection 2021 
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4.4 Application of cluster analysis to identify patients at risk of pneumonia  

 

4.4.1 Study population  

Overall, 9656 SPIN-UTI patients staying in ICU for more than 2 days- enrolled in 92 ICUs of 62 

hospitals- were included. Specifically, these patients had no missing values in information related to 

their characteristics at ICU admission (e.g., age, sex, SAPS II at admission, origin, admission type), 

dates of intubation, and their outcomes (e.g., pneumonia, sepsis, death). 

 

4.4.2 Characteristics of clusters 

Using a Two-step cluster analysis, three different clusters of patients were distinguished according to 

their characteristics at ICU admission. Specifically, the following variables were standardized and 

imputed in the cluster analysis: age, SAPS II score at admission, patient origin and administration of 

antibiotics within 48 hours of admission. Of note, age, SAPS II score at admission, patient origin and 

administration of antibiotics within 48 hours of admission were the variables with higher predictive 

importance. Table 1 reported the characteristics of patients with relative within-cluster homogeneity 

and between-cluster variability. In general, from cluster 1 to cluster 3, SAPS II and percentage of 

patients admitted for unscheduled surgery decreased (p-trends <0.001), while percentage of patient 

who came from long-term care facility increased (p-trend <0.001). Accordingly, patients in Cluster 1 

(n=2143) were younger and exhibited higher SAPS II score than those in cluster 2 or 3. In addition, 

they were more likely to be traumatized, to come from the community, and to report a medical type 

of admission in ICU. By contrast, patients in cluster 2 (n=5854) were older and exhibited an 

intermediate SAPS II score. In particular, cluster 2 comprised a high percentage of patients who came 

from other ward or other hospital, and approximately half of them reported a medical type of 

admission in ICU. Compared to clusters 1 and 3, patients in cluster 2 were more likely to report 

impaired immunity and administration of antibiotics within 48 hours of admission. Finally, patients 
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in cluster 3 (n=1659) had an age similar to those belonged to cluster 2, even they reported lower 

SAPS II. Similar to cluster 2, cluster 3 comprised a high percentage of patients who came from other 

ward/hospital, with approximately half of them having a medical admission. However, patients in 

cluster 3 showed lower percentages of patients with impaired immunity and administration of 

antibiotics within 48 hours of admission than those in Clusters 1 and 2.  

 

4.4.3 Outflow of patients from Intensive Care Unit admission to diagnosis of pneumonia  

Figure 1 reported a Sankey diagram illustrating the course of patients from their admission to ICU, 

suggesting how belonging to a cluster and duration of intubation could contribute to the diagnosis of 

pneumonia. Patients belonging to cluster 1 and 2 had higher length of intubation in days (median= 3, 

IQR= 9 and median= 3, IQR= 8, respectively) and in days/100 days of ICU stay (median= 66.7, IQR= 

102.7 and median=70.0, IQR=75.0, respectively) than those in cluster 3 (median= 2 days, IQR= 7 

days, p- trend<0.001 and median= 60.1 days/100 days of ICU stay, IQR= 100.0 days/100 days of 

ICU stay, p-trend=0.001, respectively). In line, Figure 1 showed that a higher percentage of patients 

in cluster 1 or cluster 2 were intubated for more than 66 days/100 days of ICU stay, compared to 

cluster 3 (p-trend<0.001). Moreover, patients intubated for more than 66 days/100 days of ICU stay 

also reported a higher incidence of pneumonia (11.4%) than those who were intubated for 34-66 or 

0-33 days /100 days of ICU stay (5.6% and 2.9%, respectively; p-trend<0.001).  

 

4.4.4 Association of pneumonia with the risk of sepsis and death  

Thus, Figure 2 reported a Sankey diagram illustrating how patients with Acinetobacter baumannii or 

Klebsiella pneumoniae-associated pneumonia were more likely to exhibit sepsis than those infected 

by Pseudomonas aeruginosa. Moreover, patients with Acinetobacter baumannii or Klebsiella 

pneumoniae-associated pneumonia (38.9% and 38.8%, respectively) reported a higher incidence of 

sepsis than those infected by Pseudomonas aeruginosa (29.1%; p=0.025). In turn, sepsis was 
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associated with higher mortality (45.6%) than infection (32.2%; p<0.001). Accordingly, mortality 

was higher in patients with Acinetobacter baumannii and Klebsiella pneumoniae-associated 

pneumonia (20.6% and 29.1%, respectively) than in those with Pseudomonas aeruginosa-associated 

pneumonia (13.4%; p<0.001).  
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4.4.5 Table and Figures 

Table 1. Characteristics of clusters of patients at ICU admission  

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Comparison of population characteristics by clusters 

Results are reported as median (interquartile range) for continuous variables, or percentage for bivariate or categorical 

variables. Statistical analyses were performed using the Kruskal-Wallis or the Chi-squared test. 

Characteristics 
Cluster 1  

(n=2143) 

Cluster 2  

(n=5854) 

Cluster 3  

(n=1659) 
p-value 

Age, years 69.0 (24.0) 70.0 (20.0) 70.0 (20.0) 0.028 

Sex (% men) 62.8% 61.0% 60.5% 0.263 

Origin      

Other ward of this/other 

hospital  

39.6% 82.0% 82.2% <0.001 

Other ICU 1.1% 3.7% 2.7% 

Community (home) 58.5% 12.7% 13.2% 

Long-term care facility 0.7% 1.5% 1.9% 

SAPS II score at admission 40.0 (27.0) 38.0 (26.0) 37.0 (23.0) <0.001 

Type of ICU admission     

Medical 63.2% 47.8% 52.8% <0.001 

Scheduled surgery 18.8% 35.6% 36.6% 

Unscheduled surgery 18.0% 16.7% 10.6% 

Trauma 5.7% 4.4% 4.4% 0.043 

Impaired immunity 5.8% 7.4% 3.6% <0.001 

Administration of antibiotics 

within 48 hours of admission 

67.9% 87.0% 32.9% <0.001 

Length of stay in ICU, days 5.0 (10.0) 5.0 (9.0) 4.0 (8.0) 0.134 
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Figure 1. Sankey diagram describes the flow of patients from their admission to ICU, suggesting 

how their belonging to a cluster duration of intubation could contribute to the diagnosis of pneumonia 
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Figure 2. Sankey diagram describes the flow of patients with Acinetobacter baumannii-, Klebsiella 

pneumoniae- and Pseudomonas aeruginosa- associated pneumonia and their associated outcomes 

 

 

 

 

 

 

 

 

 

These tables and figures were adapted from Favara et al., IEEE World Congress on Services, 2019 
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4.5 Analysis of risk factors and outcomes in patients with sepsis  

4.5.1 Study population 

On a total of 20,060, a sub-sample of 16,278 SPIN-UTI patients who stayed in ICU for more than 48 

hours, enrolled from 2008 to 2019, were included. In this sample, 2393 (14.7%) reported at least one 

HAI of which 954 (5.9% of the total) developed at least one episode of sepsis. The analysis of trends 

in the different SPIN-UTI editions showed a significant decreasing trend in the proportion of sepsis 

across all UTIs participants (from 51.4% in 2008 to 35.5% in 2018; p<0.001). However, there was 

no significant trend considering the incidence rate of sepsis for 1000 patient-days.  

 

4.5.2 Characteristics of patients  

Patients who developed sepsis were younger, more likely to be traumatized and immunodeficient and 

to report a higher SAPS II than those who did not (p<0.001). In addition, they are more likely to come 

from other wards or healthcare facilities and to be exposed to invasive devices, and to receive 

antibiotics at ICU admission (p<0.001). By contrast, patients who developed sepsis are less likely to 

undergo non-surgical treatment for acute coronary disease. Although no difference was evident for 

the type of ICU admission, patients who developed sepsis were more likely to undergo a surgical 

intervention (38.8% vs 32.7%). Interestingly, patients with sepsis showed higher length of ICU stay 

and proportion of deaths than those without sepsis (p<0.001). 

 

4.5.3 ROC curve analysis using conventional statistical approach 

Next, the performance of those variables tested as significant in predicting sepsis was evaluated using 

a logistic regression model. In particular, the model included the following predictors: age, SAPS II, 

trauma, immunodeficiency, non-surgical treatment, surgical intervention, antibiotic treatment, and 

presence of invasive devices at the time of hospitalization. The ROC curve with an AUC of 0.64 
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[95% CI= 0.611 – 0.659; p<0.001], good sensitivity values (81.6%) and discrete specificity values 

(38.1%). 
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4.6. Application of Support Vector Machine to predict seven-day mortality 

 

4.6.1. Study population  

Overall, 3782 SPIN-UTI patients without missing data (60.2% males), surveyed from 2006 to 2019, 

were included. In this sample, the median age was 70.0 years (IQR = 20) and median SAPS II at 

admission was 49 (IQR = 27). Specifically, 70.9% of them originated from other wards or other 

hospitals and 56.9%, had a medical type of ICU admission. Moreover, 4.7% and 11.4% of patients 

were with trauma and/or immunocompromised, respectively. Patients who underwent antibiotic 

treatment, surgical procedure, or non-surgical treatment for acute coronary disease were 62.6%, 

34.8%, and 9.0%, respectively. With regards to invasive devices, the presence of urinary catheter, 

intubation and central venous catheter was reported in 77.0%, 62.4%, and 40.5% patients, 

respectively. 

 In Table 1 characteristics of patients who died (n = 875; 23.1%) within seven days from ICU 

admission with those who were alive (n = 2907; 76.9%) were compared. Specifically, patients who 

died were older, more likely male, and with a higher SAPS II than those who were alive. Moreover, 

they were also more likely to come from other ward or other healthcare facility and to report a medical 

type of ICU admission than those who did not die. The first group also consisted more of patients 

who reported impaired immunity and less traumatic events. Instead, no differences were evident for 

surgical intervention, non-surgical treatment for acute coronary disease, antibiotic therapy on 

admission and presence of invasive devices at ICU admission. 

 

4.6.2 ROC curve analysis using conventional statistical approach 

The dataset of “real” records consisted of a total of 3782 patients with a complete assessment of the 

following information: sex, patient’s origin, type of ICU admission, non-surgical treatment for acute 

coronary disease, surgical intervention, SAPS II, presence of invasive devices at ICU admission, 

trauma, impaired immunity, antibiotic therapy in 48 h before or after ICU admission and onset of 
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HAI. The matrix of missing values and the selection of “real” records are showed in Figures 1 and 

2. Performing a logistic regression model on the dataset of “real” records, SAPS II was considered as 

the independent variable and 7-day mortality as the dependent. For this reason, a logistic regression 

model was applied to evaluate the association of SAPS II (continuous) with death. Next, a logistic 

regression model was applied, also including sex (dichotomous), patient’s origin (categorical: Other 

ward/healthcare facility, community), type of ICU admission (categorical: Medical, surgical), non-

surgical treatment for acute coronary disease (dichotomous), surgical intervention (dichotomous), 

presence of invasive devices at ICU admission (three dichotomous variables for urinary catheter, 

intubation and central venous catheter, respectively), trauma (dichotomous), impaired immunity 

(dichotomous), antibiotic therapy in 48 h before or after ICU admission (dichotomous).  

Accordingly, Figure 3A highlighted the accuracy of SAPS II for predicting the risk of 7-day mortality 

for all patients staying in ICU. SAPS II was able to distinguish patients who died from those who did 

not, with AUC value of 0.678 (95% CI = 0.657–0.700; p < 0.001) and accuracy of 69.3% (95% CI = 

67.8–70.8%). ROC curve parameters are reported in Table 2. Specifically, the best cut-off value of 

SAPS II was of 54.5, resulting in sensitivity value of 61.9% (95% CI = 60.4–63.4%) and specificity 

of 67.1% (95% CI = 65.6–68.7%).  

Figure 3B reported the ROC curve obtained from a logistic regression model, combining SAPS II 

with additional patients’ characteristics at ICU admission. Notably, both AUC and accuracy of this 

model remained adequate (AUC = 0.637; 95% CI = 0.616–0.659; Accuracy = 65.2%; 95% CI = 63.7–

66.7%). In line, the values of sensitivity and specificity for death were 49.0% (95% CI = 47.5–50.5%), 

and 70.0% (95% CI = 68.5–71.5%), respectively.  

 

4.6.3. ROC curve analysis using the Support Vector Machine model 

Applying two cycles of 1-NN imputation separately to the two classes of data (i.e., alive or died 

patients), we recovered 3258 records, approximately the 73% of the incomplete ones. After applying 

the SMOTE to 3782 “real” records, we obtained 1131 synthetic records for the class of died patients. 
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Given that, the dataset of synthetic records, which was used as the training set, included a total of 

4389 records. To confirm the goodness of the training set, the distributions of primary outcome and 

exposure variables with those obtained from the test set were compared (Table 3 and Figures 4–6). 

Thus, a ML algorithm was developed to improve the prediction of 7-day mortality in ICU. In 

particular, SVM predictive model combining SAPS II with the following variables collected at ICU 

admission: sex, patient’s origin, type of ICU admission, non-surgical treatment for acute coronary 

disease, surgical intervention, presence of intubation, presence of urinary catheter, presence of central 

vascular catheter; trauma, impaired immunity, and antibiotic therapy in 48 h before or after ICU 

admission. Interestingly, the ROC curve of SVM algorithm (Figure 7) reached an AUC of 0.896 

(95% CI = 0.881–0.910; p < 0.001) and an accuracy of 83.5% (95% CI = 82.4–84.7%). In line, 

sensitivity was of 81.0% (95% CI = 79.9–82.1%) and specificity of 84.0% (95% CI = 82.9–85.1%).  

 

4.6.4. Support Vector Machine maintained its predictive ability among patients who did not 

develop Healthcare Associated Infection 

Since patients who developed HAIs during their ICU stay are generally at higher risk of death, it was 

tested the predictive performance of the SVM model among patients who did not acquire HAIs within 

7 days from ICU admission. To do that, 520 patients with at least one HAIs were excluded from the 

test set. Notably, the SVM model did not depend on the onset of HAI, indeed both AUC (0.903; 95% 

Confidence Interval = 0.881–0.912; p <0.001) and accuracy (83.8%; 95% CI = 82.6–85.0%) remained 

stable (Figure 8). Accordingly, sensitivity (82.0%; 95% CI = 80.8–83.2%) and specificity (84.0%; 

95% CI = 82.8–85.2%) were similar to those obtained in the overall analysis. 

 

4.6.5. ROC curve analysis using the Support Vector Machine model by removing SAPS II  

Since SAPS II was the best predictor in the model, the predictive performance of the classifier was 

evaluated, after removing SAPS II. For this reason, the Shapley plot reported in Figure 9 shows the 

contribution of each predictor to the SVM model. Notably, the SVM model without SAPS II showed 
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an AUC of 0.653 (95% CI = 0.632–0.675; p < 0.001), with an accuracy of 68.4% (95% CI = 66.9–

69.8%) on the test set (Figure 10). Accordingly, sensitivity and specificity decreased to 32.0% (95% 

CI = 30.5–33.5%) and 74.0% (95% CI = 72.5–75.5%), respectively.  
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4.6.6 Tables and figures  

Table 1. Characteristics of patients according to their outcome status 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

*Results are reported as median (interquartile range) for continuous variables, or percentage (%) for 

categorical variables. Statistical analyses were performed using the Mann-Whitney or the Chi-

squared test. 

Characteristics 
Patients 

(n=3,782) 

Died patients 

(n=875) 

Alive patients 

(n=2,907) 
p-value 

Age, years 
70.0 

(20.0) 
74.0 (17.0) 69.0 (21.0) <0.001 

Sex (% men) 60.2% 55.0% 61.7% <0.001 

Patient’s origin     

Other ward/healthcare facility 70.9% 70.1% 71.1% 
<0.001 

Community 29.1% 29.9% 28.9% 

SAPS II at admission 
49.0 

(27.0) 
59.0 (27.0) 46.0 (25.0) <0.001 

Type of ICU admission     

Medical 56.9% 59.3% 56.1% 
<0.001 

Surgical 43.1% 40.7% 43.9% 

Trauma 4.7% 2.4% 5.4% <0.001 

Impaired immunity 11.4% 15.0% 10.3% <0.001 

Non-surgical treatment for 

acute coronary disease 
9.0% 10.2% 8.7% 0.174 

Surgical intervention 34.8% 32.5% 35.5% 0.306 

Antibiotic therapy in 48 

hours before or after ICU 

admission 

62.6% 62.2% 62.8% 0.744 

Presence of urinary catheter 

at ICU admission 
77.0% 75.9% 77.4% 0.351 

Presence of intubation at 

ICU admission 
62.4% 61.7% 62.6% 0.646 

Presence of central venous 

catheter at ICU admission 
40.5% 38.5% 41.0% 0.182 
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Table 2. Coordinates of the ROC curve of logistic regression model with SAPS II alone 

SAPS II values Sensitivity 1-Specificity SAPS II values Sensitivity 1-Specificity SAPS II values Sensitivity 1-Specificity 

1 0.997 0.998 34 0.899 0.751 67 0.333 0.148 

2 0.995 0.998 35 0.895 0.729 68 0.318 0.135 

3 0.995 0.997 36 0.879 0.708 69 0.303 0.125 

4 0.994 0.997 37 0.869 0.688 70 0.293 0.115 

5 0.994 0.996 38 0.857 0.672 71 0.272 0.108 

6 0.993 0.994 39 0.848 0.649 72 0.258 0.099 

7 0.993 0.992 40 0.839 0.628 73 0.247 0.092 

8 0.992 0.990 41 0.827 0.604 74 0.224 0.085 

9 0.992 0.987 42 0.814 0.582 75 0.211 0.079 

10 0.992 0.986 43 0.806 0.561 76 0.197 0.073 

11 0.990 0.984 44 0.779 0.539 77 0.178 0.065 

12 0.990 0.982 45 0.765 0.521 78 0.161 0.057 

13 0.987 0.980 46 0.750 0.501 79 0.152 0.052 

14 0.985 0.973 47 0.731 0.479 80 0.144 0.048 

15 0.983 0.971 48 0.718 0.461 81 0.131 0.042 

16 0.981 0.967 49 0.704 0.440 82 0.121 0.035 

17 0.976 0.961 50 0.693 0.422 83 0.104 0.030 

18 0.975 0.958 51 0.678 0.404 84 0.095 0.025 
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19 0.971 0.952 52 0.667 0.387 85 0.087 0.024 

20 0.969 0.946 53 0.649 0.369 86 0.072 0.021 

21 0.967 0.941 54 0.634 0.347 87 0.064 0.017 

22 0.965 0.933 55 0.619 0.329 88 0.055 0.015 

23 0.962 0.924 56 0.583 0.306 89 0.050 0.014 

24 0.958 0.915 57 0.563 0.289 90 0.048 0.011 

25 0.955 0.899 58 0.541 0.272 91 0.039 0.010 

26 0.953 0.890 59 0.512 0.258 92 0.035 0.009 

27 0.950 0.875 60 0.486 0.245 93 0.031 0.008 

28 0.947 0.859 61 0.471 0.231 94 0.025 0.007 

29 0.937 0.845 62 0.446 0.212 95 0.025 0.006 

30 0.934 0.829 63 0.413 0.200 96 0.023 0.004 

31 0.927 0.810 64 0.394 0.187 97 0.018 0.003 

32 0.919 0.791 65 0.377 0.172 98 0.016 0.003 

33 0.909 0.772 66 0.353 0.159 99 0.011 0.002 
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Table 3. Composition of training and test sets 

 
Outcome Training Set Test set 

Class 0  

(Alive patients) 
2,596 with imputation of missing data 2,907 real records 

Class 1  

(Dead patients) 

1193 total  

(662 with imputation of missing data and 1,131 after class balancing) 
875 real records 

Total 4,589 synthetic records 3,782 real records 
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Figure 1. Matrix of missing values 
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Figure 2. Selection of records with complete data satisfying inclusion criteria 

 

 

 

 

 

 

 

20,060 patients surveyed by 
the SPIN-UTI project

12,237 records with missing 
data

7,823 with complete data

3,782 included in the 
dataset of real records

4,041 patients who did not
satisfy inclusion criteria
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Figure 3. ROC curves of logistic regression models to predict 7-day mortality. (A) This curve 

shows the predictive performance of a logistic regression model using SAPS II alone. (B) This 

curve shows the predictive performance of a logistic regression model including additional 

characteristics 
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Figure 4. Comparison of Age (A) and SAPS II score (B) distributions between Training and 

Test sets 
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Figure 5. Comparison of dichotomous variables between Training and Test sets 
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Figure 6. Comparison of categorical variables between training and test datasets 
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Figure 7. ROC curve of the SVM algorithm to predict 7-day mortality. This curve shows the 

predictive performance of the SVM algorithm including SAPS II, sex, patient’s origin, type of 

ICU admission, non-surgical treatment for acute coronary disease, surgical intervention, presence 

of invasive devices at ICU admission, trauma, impaired immunity, antibiotic therapy in 48 h before 

or after ICU admission. The parameters applied to the SVM algorithm were C = 2 and γ = 0.3 
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Figure 8. ROC curve of the SVM algorithm to predict 7-day mortality, by excluding infected 

patients. This curve shows the predictive performance of the SVM algorithm including SAPS II, 

sex, patient’s origin, type of ICU admission, non-surgical treatment for acute coronary disease, 

surgical intervention, presence of invasive devices at ICU admission, trauma, impaired immunity, 

antibiotic therapy in 48 h before or after ICU admission. The parameters applied to the SVM 

algorithm were C = 2 and γ = 0.4 
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Figure 9. Shapley plot showing the contribution of each predictor to the SVM model output 
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Figure 10. ROC curve of SVM algorithm predicting 7-day mortality, by excluding SAPS II score. 

This curve shows the predictive performance of the SVM algorithm including sex, patient’s origin, 

type of ICU admission, non-surgical treatment for acute coronary disease, surgical intervention, 

presence of invasive devices at ICU admission, trauma, impaired immunity, antibiotic therapy in 

48 h before or after ICU admission. The parameters applied to the SVM algorithm were C = 2 and 

γ = 0.1.  

 

 

 

These tables and figures were adapted from Barchitta et al., Journal of Clincal Medicine 2021 

 



 91 

4.7. Application of Cluster analysis to compare incidence of Healthcare-

Associated Infections among Intensive Care Units  

 

4.7.1 Characteristics of Intensive Care Units 

On a total of 226 ICUs participating to the SPIN-UTI, 139 ICUs without missing information on 

hospital type, area of origin and total days in ICU were included. Among them, 43 ICUs joined to 

only one edition of the SPIN-UTI, while the remaining took part in more than one edition. With 

respect to characteristics at hospital level, approximately 45% of ICUs belonged to first-level 

hospitals and 95% to hospitals with 0-999 beds. Interestingly, 61% of them were from regions of 

Southern Italy. With respect to characteristics at ICU level, 79.1% ICUs were of mixed type with 

a median size of 8.0 beds.  

 

4.7.2 Characteristics of clusters at hospital level  

Performing a Two-Steps cluster analysis six different clusters of ICUs were distinguished 

according to their hospital type, area of origin and total annual days in ICU [140,206]. The remaining 

variables were not included in the algorithm because they did not provide additional information 

for improving the cluster solution. 

Specifically, Cluster 1 comprised (n= 38) ICUs belonging to first-level hospitals from Southern 

Italy with 0-999 beds. ICUs in cluster 2 (n=22) were of first-level hospitals from Northern Italy 

with 0-999 beds. Cluster 3 (n=8) comprised ICUs of first- and second-level hospitals from Center 

Italy, while cluster 4 (n=29) included those of second-level hospitals from Southern Italy with 0-

999 beds. Finally, ICUs in cluster 5 (n=20) were of second-level hospitals from Northern Italy 

with 0-999 beds or more (70% and 30%, respectively), while those in cluster 6 (n=22) were of 

third-level hospitals from Southern or Northern Italy.  
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In line, cluster 5 was characterized by the highest number of total annual days in hospital 

(median=232,298) while clusters 1 and 3 had the lowest (median= 66,457 and 69,900, 

respectively). Cluster 5 was also characterized by the highest total hospital costs (median= 

245,411,000 €).  

 

4.7.3 Characteristics of clusters at Intensive Care Unit level 

Although most of the ICUs were of mixed type, ICUs in cluster 6 represent a significant proportion 

of specialized ICUs type (36.4% of surgical, medical or coronary ICUs). Although no difference 

across clusters was evident for the total ICU costs, the median number of beds ranged from 6 in 

clusters 1 and 3 to 10.5 in cluster 6. In line, ICUs in cluster 6 reported the highest total number of 

annual days in ICU (median=3,644).  

 

4.7.4 Incidence of Healthcare Associated Infections across clusters 

Finally, the incidence density of HAIs was compared across ICUs. Specifically, the incidence 

density of HAIs assumed a median value of 15.9 per 1,000 patient-days. However, the incidence 

of HAIs was higher in cluster 1 (median=24.2 HAIs per 1,000 patient-days), followed by cluster 

6 (median= 23.5) and cluster 4 (median= 20.5), with lowest values in cluster 3 (median=10.4), 

cluster 2 (median= 10.5), and cluster 5 (median=12.1) (p=0.003). 
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4.8. Analysis of hospital and Intensive Care Unit characteristics associated with 

the incidence of Healthcare Associated Infections 

 

4.8.1 Characteristics of Intensive Care Units 

On a total of 226 ICUs participating to the SPIN-UTI, 62 ICUs joined to only one edition of the 

project, while the remaining ICUs joined more than one edition. Overall, 70.8% of ICUs were of 

mixed type with a median size of 8.0 beds (IQR=5.0). Moreover, 90.7% ICUs belonged to 

hospitals with 0-999 beds and 45.6% to 1st level hospitals. Median incidence density of HAIs was 

16.5 per 1000 patient-days (IQR= 21.5).  

 

4.8.2 Comparison of Intensive Care Units’ characteristics between Italian regions  

Overall, ICUs characteristics were compared between Northern (n = 78; 34.5%), Center (n = 14; 

6.2 %) and Southern Italy (n = 134; 59.3%). Particularly, ICUs of Center Italy were more likely to 

belong to 2nd level hospitals than those of Northern and Southern Italy (p = 0.049). Specifically, 

these ICUs also reported lower total days in hospital (p <0.001) and were more likely to be mixed 

ICUs (p = 0.007) than those in Northern and Southern Italy.  

 

4.8.3 Association between Intensive Care Units characteristics and Healthcare Associated 

Infections  

Although no associations between hospital and ICU characteristics and incidence density of HAIs 

were evident, incidence density of HAIs varied across Italian regions, so that ICUs of Southern 

Italy reported the highest value (p <0.001). For these reasons, the association of hospital and ICU 

characteristics with HAI incidence density was also evaluated across Italian regions.  

Specifically, the association of ICUs’ characteristics with incidence density of HAIs was examined 

by linear regression models and the results were reported as β and its standard error (SE). 
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A positive association between total days in ICU and incidence density of HAIs in Northern 

regions was found (p = 0.002). By contrast, ICUs of Center Italy reported a positive association 

with ICU size (p = 0.020), total days in hospital (p = 0.037) and total days in ICU (p = 0.006). 

Finally, in regions from Southern Italy, a positive association between hospital size and incidence 

density of HAIs was found (p = 0.033).  
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5. Discussion 

Identifying patients at higher risk of HAIs represents a major challenge for public health, 

suggesting the need for novel tools that can guide patient management in ICUs [126,171,183]. 

Assessing gender-differences in risk factors and outcomes among patients admitted to Italian 

ICUs, is one of the most critical Public Health issues. In line, gender differences pose per se a 

higher risk for death among patients admitted to ICUs, also considering other risk factors. Here, 

gender-differences in patients’ characteristics at ICU admission resulted into a higher risk of death 

and lower survival among females, underlining that is still important to guarantee gender equality 

in ICUs and other hospital wards. Beyond gender, other factors have been associated with the risk 

of HAIs and related outcomes [10]. With this in mind, several EWSs have been developed to 

evaluate disease severity and to predict the risk of adverse outcomes during ICU stay [15-18]. 

Among these, SAPS II represents one of the most widely used in the ICU setting and, therefore, 

is the most represented in the SPIN-UTI dataset. Interestingly, patients who developed at least one 

HAI had a higher SAPS II on ICU admission than patients who remained uninfected [37,41,43]. 

However, ROC curve analysis discouraged a predictive application of SAPS II because both the 

AUC and accuracy were very low, despite being significant. Moreover, also the prolonged use of 

invasive devices, impaired immunity, surgical intervention, and comorbidity have been reported 

to be the main risk factors for HAIs in ICUs [10,217]. Indeed, it was hypothesized that combining 

SAPS II with other patient characteristics could improve the predictive performance of the model. 

In this scenario, ML approaches represent a possible strategy for healthcare facilities, making it 

possible to build specific prediction models targeted at the demographics and clinical 

characteristics of patients [168,169]. Accordingly, ML systems have been developed in many fields 

of medicine, including infectious disease control and clinical decision support [218].  
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In this thesis, a ML model that combined SAPS II with additional patient characteristics routinely 

collected at ICU admission was developed and tested, showing a higher performance (AUC= 

0.90). Accuracy on the test set was 88%, with precision and recall values of 95% and 91% for non-

infected patients, and 60% and 73% for those who developed at least one HAI, respectively. 

Although SAPS II was the predictor that had the greatest weight in the model as demonstrated by 

the sensitivity analysis, the inclusion of additional characteristics improved the prediction of 

patients who developed HAIs in ICUs significantly. 

 Notably, the ML algorithm showed a better predictive performance than conventional statistical 

approaches, suggesting the SVM as a tool to identify and predict patients at higher risk of HAIs at 

ICU admission. Therefore, this novel approach could provide clinicians with sufficient time to 

potentially prevent HAIs and mitigate their severity by targeting specific IPC interventions at high-

risk groups.  

Moreover, understanding modifiable and non-modifiable risk factors is crucial for controlling 

incidence of CAUTI and preventing adverse outcomes [219]. Thus, cluster analysis was applied to 

identify patients at higher risk of CAUTIs, according to their characteristics at ICU admission. 

Specifically, being women, having higher SAPS II, medical type of ICU admission, and being 

trauma patients were positively associated with CAUTIs. Moreover, patients with urinary 

catheterization exhibited higher incidence of UTIs, while the incidence of CAUTI increased with 

increasing duration of catheterization.  

Specifically, three clusters of patients based on their characteristics at ICU admission were 

identified. While cluster 1 consisted more of patients with a medical type of ICU admission who 

came from the community, the other two clusters were mostly characterized by patients who came 

from other wards or hospitals and with various types of ICU admission. However, the proportion 

of patients who received antibiotics 48 hours before or after ICU admission was higher in cluster 

3. Interestingly, differences in terms of urinary catherization and its duration across clusters were 
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noted, certainly the main risk factors for CAUTI [220-223]. Across different clusters, patients in 

cluster 1 showed higher incidence of CAUTIs than those in other clusters. If untreated, 

uropathogens can also cross the tubular epithelial cell barrier and cause sepsis [224], associated 

with increase mortality rate [225]. In line, 37.0% of patients with CAUTI was aggravated by sepsis. 

Moreover, this percentage increased with increasing duration of catheterization.  

Next, an integrated approach of cluster, visual and conventional statistical Analyses was applied 

to identify determinants of pneumonia, sepsis, and death in ICU patients. Cluster analysis 

demonstrated that data could be reasonably represented by three clusters of patients based on their 

characteristics at ICU admission. Particularly, Sankey diagrams showed flows of patients from 

their admission to ICU and how each cluster and duration of intubation contribute to the diagnosis 

of pneumonia. Moreover, these graphs represent the contributions of Acinetobacter baumannii, 

Klebsiella pneumoniae and Pseudomonas aeruginosa-associated pneumonia to the risk of sepsis 

and death. Next, it has been estimated incidence of sepsis, risk factors and the associated mortality 

impact. In particular, the ability of patient characteristics in predicting the risk of sepsis has been 

tested and displayed. Specifically, sepsis was found as one of the main causes of death and 

increased length of stay in UTI.  

Next, the accuracy of SAPS II alone to identify patients who died within seven days from their 

admission in ICUs was evaluated. Although AUC obtained was statistically significant, the low 

accuracy of nearly 69% discouraged the routinely application of SAPS II to achieve this purpose. 

Hence, was hypothesized that combining SAPS II with other variables collected at ICU admission 

could improve the prediction of 7-day mortality. To do that, the SVM algorithm, which combined 

SAPS II with the following patients’ characteristics at ICU admission, was applied. This model 

exhibited an AUC of 0.90 with an accuracy of 83.5% on the test set. Interestingly, its predictive 

performance was higher than SAPS II alone and even than a logistic regression model including 

additional patients’ characteristics collected at ICU admission. Interestingly, the performance for 
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predicting 7-day mortality was also similar in only patients who did not acquired HAIs during 

their hospitalization [48,168,169,226,227].  

Moreover, hospital and ICUs characteristics had also an impact on patient outcomes. Thus, a 

clustering approach was applied to categorize ICUs according to their characteristics. In particular, 

structural indicators could be crucial to effective infection control in hospitals and ICUs.  With 

this in mind, the incidence of HAIs was compared between different clusters [228,229]. According 

to their area of origin, hospital type, and total days in ICUs, six clusters of Italian ICUs were 

identified. Notably, three clusters were completely or mostly characterized by ICUs from Southern 

Italy, with an incidence density of HAIs higher than in the other ones. This in turn, reflects the 

possible trend from Northern to Southern Italy, previously reported by several studies [78,79]. 

Accordingly, ICUs from Center and Northern Italy were included in the remaining clusters, which 

exhibited a lower incidence of HAIs.  

It is worth mentioning that the relatively similar incidences of HAIs between clusters of ICUs from 

Southern Italy pointed out further considerations. In fact, the incidence density was around 20-24 

HAIs per 1,000 patient-days regardless of whether ICUs were in first-, second-, or third-level 

hospitals. By contrast, the comparison between those clusters characterized by ICUs of first-level 

hospital with similar sizes showed an excess of 14 HAIs per 1,000 patient-days in ICUs from 

Southern Italy. This, in turns, suggested the crucial role of additional components to structural 

indicators to effective infection control in hospitals and ICUs. These components were not only 

structural characteristics of the ICUs, but they also regarded the organization of infection control, 

the use of guidelines, education, and training, and the development of multimodal strategies [51].  

Specifically, incidence density of HAIs ranged from 12.4 per 1000 patient-days in Northern 

regions to 21.4 HAIs per 1000 patient-days in Southern regions [78,79]. Next, was further 

investigated what hospital and ICU indicators might affect the incidence of HAIs. In general, the 

number of hospital beds seemed to be associated with HAIs in Southern regions, while the number 
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of ICU beds showed a similar association in Center regions. Moreover, the total number of patient-

days in hospital and in ICU were positively associated with the incidence density of HAIs. Given 

that it is not possible to understand whether increased incidence of HAIs was a cause or a 

consequence of higher bed occupancy and longer length of stay in hospital and ICU, these results 

suggest that should be necessary to evaluate additional factors that represent manageable ways to 

reduce HAI incidence [51].  
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6. Conclusion and future perspectives 

The application of ML algorithms for predictive purposes may help to solve many public health 

issues, including those related to critically ill patients. In addition, these algorithms could 

overcome limitations of existing conventional tools, such as early warning scores [15-19,142-

145,226,230]. One of the main strengths of this thesis includes some methodological aspects, such 

as the fact that the model was developed and tested on large datasets obtained through patient-

based prospective surveillance across Italy.  

The present thesis, indeed, could be useful to allow an Italian benchmark for planning preventive 

strategies in the future, and to compare and validate these findings with those obtained in other 

European countries. Moreover, the use of ML algorithms suggested a better predictive 

performance than conventional statistical approach. However, some aspects and limitations are to 

be considered. The first one is that ML algorithms should not be seen as substitutes for existing 

EWSs but could support clinicians in the decision- making process, such as the identification of 

those patients who need more attention because of their considerable risk of adverse outcomes. 

Indeed, by removing the SAPS II, the model significantly reduced its predictive performance. 

Moreover, this novel approach must not be seen as a fixed model, and it could be integrated and/or 

modified according to specific needs.  

The second limitation is that ML algorithms require a lot of data and complete records. Although 

data used can be easily collectible at ICU admission, approximately 60% of SPIN-UTI patients 

had both structural missing and missing at random data. Although this did not completely exclude 

potential bias related to the high proportion of missing data, incomplete records were used to 

generate recovered data.  

The third limitation is that ML is frequently referred as a ‘black box’ for clinicians, who expect to 

become familiar with it and to be able to pinpoint why a decision is suggested. For this reason, 
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data scientists are trying to develop more interpretable algorithms in medical fields, to allow a 

better understanding and communication of specific Public Health issues [164,231].  

Overall, the ML algorithms provide clinicians the benefit of making prevention and diagnosis as 

early as possible, in a context of precision medicine applicable to all settings. In particular, 

applying SVM algorithms could support medical professionals in parameter optimization, 

clustering and classification problems [164,196,218,232-236].  

Indeed, in a broader context of personalized prevention and medicine against infections, 

combining patient’s characteristics and drug history data could guide future preventive 

interventions tailored to specific subgroups of patients at the highest risk [237]. However, more 

efforts are needed to overcome limitations of current research and to bring benefits in clinical 

practice, especially for the management of communicable diseases [238].  

With respect to the indicators that might affect the incidence of HAIs, regional distribution of ICUs 

included should be taken into accounts.  

Although differences between hospitals and ICUs across Italian regions might at least partially 

explain the different rates of HAIs between Northern, Central, and Southern Italy, the majority of 

ICUs included in this study were from Southern regions. Moreover, potential historical biases due 

to the fact that some ICUs participated in only one edition of the SPIN-UTI project are to be 

considered.  

In conclusion, this thesis suggests again how HAIs remained an important threat for Public Health 

in Italy, also suggesting the need to further investigate the relationship of patients, hospitals, and 

ICU characteristics with incidence of HAIs. Although our approach seems to be promising, further 

studies should be encouraged to confirm our findings and to understand better the advantages of 

applying ML models.  Moreover, further research involving interdisciplinary professionals– such 

as Epidemiologists, Data Scientists, Statisticians and Public Health professionals - should be 

recommended to highlight relationships not-known a priori.  
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