Analyzing Risk Factors for Healthcare-Associated Infections
Using Multiple Methodological Approaches

Jiyoun Song

Submitted in partial fulfillment of the
requirements for the degree of
Doctor of Philosophy
under the Executive Committee
of the Graduate School of Arts and Sciences

COLUMBIA UNIVERSITY
2020

© 2020
Jiyoun Song
All Rights Reserved

Abstract
Analyzing Risk Factors for Healthcare-Associated Infections
Using Multiple Methodological Approaches
Jiyoun Song

Healthcare-associated infections (HAIs) are among the most common and significant
patient safety issues posing great threats to public health. One in every 25 inpatients in the
United States experiences a HAI. Because they have continuously been a major reason for
increased morbidity and mortality in healthcare facilities, increased attention to understanding
the spread of HAIs is an urgently needed. Therefore, the purpose of this dissertation, was to
examine the risk factors for two of the most common HAIs (surgical site infection [SSI] and
Clostridioides difficile infection [CDI]), using multiple methodological approaches.
Chapter 1 provides an overview of HAIs, the risk factors identified from the previous
literature, and the necessity of different methodological approaches to identify the risk of HAIs.
Chapter 2 is an integrative review synthesizing the findings from seven published studies
examining the association between the development of pocket hematoma and the risk of wound
infection in individuals with cardiovascular implantable electronic devices. Chapter 3 is a
summary of a retrospective cohort study using machine learning techniques—logistic regression,
decision tree, and support vector machine approaches—to build predictive models of SSI among
individuals with permanent pacemakers, followed by a comparison of the predictive abilities of
the three algorithms. Chapter 4 describes a retrospective matched case-control study to examine
(1) temporal changes in the incidence of community or hospital-acquired CDI, (2) the risk
factors for hospital-acquired CDI including individual-host factors and pharmacological-related

factors, and (3) temporal changes in the risk factors for hospital-acquired CDI. Lastly, Chapter 5
summarizes and synthesizes the findings of the studies included in this dissertation, the strengths
and limitations of the studies, implications for public health and clinical practice, advanced
studies on methodology, and future research. In conclusion, this dissertation adds comprehensive
knowledge regarding the associations between risk factors and HAIs by identifying reliable risk
factors measured in various ways and applying various methodological approaches.
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Chapter 1 : Introduction
In this introductory chapter, the background and significance are overviewed. It begins by
describing two of the most common healthcare-associated infections (surgical site infection and
Clostridioides difficile infection), and risk factors identified from published literature are
summarized as patient host factors, and environmental factors based on the epidemiology triad. It
then described the necessity of different methodological approaches to identify risks of HAIs. In
addition, a theoretical framework is specified that underpins the entire dissertation and the aims
of each study.
The first manuscript (Chapter 2) was published in the Heart & Lung: The Journal of
Cardiopulmonary and Acute Care. The second manuscript (Chapter 3) is planned for submission
to the Journal of the American Medical Informatics Association. The third manuscript (Chapter
4) is currently under review at Infection Control & Hospital Epidemiology.
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Background and Significance
Healthcare-associated infections (HAIs) are nosocomial infections that were not present
at the time of admission, but were acquired in the healthcare setting while the patient was
receiving treatment for another condition (Horan, Andrus, & Dudeck, 2008; Mayhall, 2004).
These infections include central line-associated bloodstream infections, catheter-associated
urinary tract infections, surgical site infections, hospital-acquired pneumonia, ventilatorassociated pneumonia, and hospital-acquired Clostridioides difficile (C. difficile) infections.
According to the Centers for Disease Control and Prevention (CDC), one in every 25
hospitalized patients suffers from HAIs in the United States, which means that nearly 650,000
patients are exposed to an HAI annually (Magill et al., 2014). HAIs occur in various healthcare
setting, including dialysis facilities, long-term care facilities, acute care centers, ambulatory
surgical hospitals, and outpatient care facilities (Collins, 2008; Revelas, 2012; Unahalekhaka,
2011). In short, all hospitalized patients are vulnerable for acquiring HAIs. Although HAIs are
monitored closely by agencies such as the CDC as well as infection prevention and control
departments within individual facilities in efforts to prevent their occurrence and improve patient
safety, they still pose great threats to public health.
According to the epidemiologic triad—a model to explain the causality of disease—the
cause of HAIs is can be attributed to a combination of host factors, agent factors, and
environmental factors (Figure 1.1) (Last, Harris, Thuriaux, & Spasoff, 2001). Host factors for
HAIs refer to intrinsic characteristics of patients that put them at greater risk of developing an
infection (e.g., extremes of age, chronic, serious illnesses and comorbidities, or impaired immune
systems) (Avci, Ozgenc, Coskuner, & Olut, 2012). Agent factors for HAIs refer to characteristics
of pathogens (e.g., infectivity, the ability of a microbe to cause infection or to result in more
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severe disease after the infection because of increased virulence, or resistance to antibiotics)
(Gulis & Fujino, 2015). Environmental factors for HAIs include exposure to the hospital
environment, contaminated invasive medical devices or procedures (e.g., indwelling catheters or
surgery), or inadequate infection prevention policies such as hygiene, inadequate or lack of
adequately trained nursing staff to meet the care needs of patients, or administration of certain
pharmaceutical agents (B. Cohen, Liu, Cohen, & Larson, 2018; Jarvis, 2004; Larson, Quiros, &
Lin, 2007).

Figure 0.1. The epidemiologic triad
As HAIs have continued to be an important cause of increased morbidity and mortality in
healthcare facilities, increased attention to understand the spread of HAIs becomes an urgent
2

need. Therefore, by evaluating the risk factors for infection (i.e., host factors, agent factors, and
environmental factors), HAIs can be better predicted and managed by healthcare providers.
In this chapter, the author describes two of the most common and costly HAIs (surgical
site infection and C. difficile infection) (Anderson et al., 2014; Magill et al., 2014), and the
necessity for different methodological approaches to investigate them. Then the aims of this
dissertation are discussed, and methods described. Firstly, Chapter 2 summarized an integrative
review to investigate the relationship between pocket hematoma, which is a host factor that may
increase the risk of surgical site infection among individuals who have cardiovascular
implantable electronic devices (permanent pacemaker/implantable cardioverter
defibrillators/cardiac resynchronization therapy). Secondly, the author analyzed the risk factors
at the host and environmental levels for surgical site infection among individuals who have
cardiovascular implantable electronic devices (especially, permanent pacemaker) to build and
compare predictive models using machine-learning methods (see Chapter 3). Thirdly, as
described in Chapter 4, the author examined temporal changes in risk factors at the host and
environmental levels for hospital-acquired C. difficile infection using the time–trend analysis.
Healthcare-associated infections
1. Surgical site infections
Surgical site infection (SSI) is any infection related to operative procedures, which occurs
at or near the site of a surgical incision within 30 days after the surgical procedure or within 90
days after implantation of prosthetic material (e.g., stent, artificial limb, cardiovascular
implantable electronic devices) (CDC, 2017). SSIs are classified into three types: (1) superficial
incisional SSI, defined as an infection that occurs on the skin where an incision was made and
has at least one of the following symptoms: purulent drainage, tenderness, swelling, redness, or
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pain; (2) deep incisional SSI, defined as an infection that affects a muscle or the tissues around
muscle and has at least one of the following symptoms: purulent drainage, fever (>38°C),
tenderness, or pain; (3) space or organ SSI, defined as an infection that affects internal organs
and includes discharge from a drain inserted through the skin to the organ or body space (CDC,
2017). Some common organisms causing SSI include Staphylococcus aureus, coagulasenegative staphylococci, Enterococcus spp., and Escherichia coli (Owens & Stoessel, 2008). Such
bacteria can infect the surgical wound in various ways (e.g., contaminated surgical instrument or
caregiver, microorganisms from the air, or those already in a patient’s body which spread
endogenously).
Surgical site infections are one of the most common types of HAI, occurring in
approximately 2% to 5% of hospitalized patients who have undergone a surgical procedure; thus,
annually 157,000 to 300,000 SSIs occur in the United States (Anderson et al., 2014; Magill et al.,
2014). The number of SSIs is expected to rise as numbers of surgical procedures increase.
Furthermore, SSI results in several other adverse effects: (1) an increased length of hospital stay
by 9.7 days on average, compared with the patient without SSI (Kristen A. Ban et al., 2017); (2)
a higher readmission rate, ranging from 1.45% to 6.34%, meaning 90,000 readmissions annually
(Shah et al., 2017); and (3) an increased risk of mortality, up to 11-fold after surgery (Weigelt et
al., 2010); the mortality rate among patients following an SSI is about 3% (Awad, 2012). As a
result, SSIs add an economic burden of up to $10 billion each year in healthcare costs and
expenditures (Zimlichman et al., 2013), contributing to increased costs of hospitalization of more
than $200,000 for every admission and an additional $700 million annually (Anderson et al.,
2014).
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Risk factors for SSIs can be categorized in the epidemiological triad model as 1) agent
factors such as infectivity, virulence or dose of microorganisms, 2) patient host factors such as
age, co-morbidities, obesity, and severity of illness, as well as lifestyle behaviors such as
smoking or alcohol abuse, and 3) environmental factors including invasive procedures and other
medications and therapies in the healthcare setting as well as institutional level characteristics
such as staffing (Cimiotti, Aiken, Sloane, & Wu, 2012; Bevin Cohen, Cohen, Løyland, &
Larson, 2017; Mueck & Kao, 2017).
2. Clostridioides difficile infections
Clostridioides difficile infection (CDI) is diagnosed by the presence of symptoms
(usually diarrhea more than 3 times within 24 hours) and either a positive stool test for C.
difficile toxins, or colonoscopic or histopathologic finding for the diagnosis of
pseudomembranous colitis (S. H. Cohen et al., 2010). Pathogenically, CDI is the result of a
toxin-producing bacterium which secretes exogenous toxins such as toxin A and B. These toxins
produce several pro-inflammatory proteins (e.g., tumor necrosis factor, interleukins) and increase
vascular permeability, causing various symptoms from mild diarrhea, fever, anorexia, and
abdominal pain to life-threatening colon/bowel inflammation with sepsis, colonic perforation or
death (Kuehne et al., 2010).
In recent years, CDIs have increased in prevalence and severity, accounting for about 12
percent of all HAIs; approximately 500,000 individuals contract CDI in the United States
annually (CDC, 2016; Lübbert, John, & von Müller, 2014). Among patients who have CDI, 20
percent suffer reoccurrence (Aslam, Hamill, & Musher, 2005). In addition, CDI increases the
risk of adverse outcomes such as prolonged length of stay, increasing by an average of seven
days compared with patients without the infection (van Kleef et al., 2014). The mortality rate
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within a month of diagnosis has been reported to be 9.3%, and in intensive care units as high as
33% (Lessa et al., 2015; Zahar et al., 2012). The costs of treating the infection has been
estimated to be well above 4.8 billion dollars in the United States including both direct (e.g.,
hospitalization, medical treatment for procedure or medication, and healthcare professionals) and
indirect costs (e.g., productivity losses) (Desai et al., 2016).
The risk of CDI is associated with broad-spectrum antibiotic therapy; an estimated 15–
25% of hospital-onset diarrhea is caused by CDI related to previous antibiotic use (Bartlett &
Gerding, 2008). Receiving long term antibiotic therapy and/or taking multiple antibiotics
increase the risk of CDI. In addition to antibiotic exposure, other medications also significantly
increase the risk for CDI. Patients who have received chemotherapy or steroids, proton pump
inhibitors or antacids are also at higher risk (Eze, Balsells, Kyaw, & Nair, 2017). Other host
factors that increase the risk include age, weakened immune system, comorbidities (e.g.,
diabetes, inflammatory bowel disease, cancer, renal disease, history of transplant), recent
hospitalizations, and history of previous CDI (Eze et al., 2017). In addition, environmental
factors are associated with the risk of CDI. Because the infection can easily be spread to other
patients in the hospital, patients hospitalized for extended periods of time are at high risk of CDI
(Freedberg, Salmasian, Cohen, Abrams, & Larson, 2016).
Different methodological approaches to identifying risks of HAIs
Given the cost required for treatment of HAIs along with the increased morbidity and
mortality, it is important to identify the most effective and efficient methodological approaches
to identify the risks of developing HAIs so that prevention and control strategies can be
preemptively initiated. In addition, because patients’ medical conditions are often dynamic and
changing every day, methodological approaches that can be used in real time are important. Use
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of new technologies like large data-sets and data analytics can be used to support health-care
research including research on HAIs. Indeed, the ability to identify risk factors and patterns or
trends is improved with large datasets (Boyd & Crawford, 2012). Further, given that HAIs are
relatively rare events, large amounts of data are necessary to provide a sufficient sample size to
make accurate predictions. Therefore, the author describes the different methodologic
approaches to use an existing large dataset to gain useful information regarding the risk of
infection.
1. Prediction using a machine-learning method
Machine learning refers to the use of statistics and artificial intelligence to mine
information from sets of data (Meyers et al., 2018). Machine learning is used to recognize and
analyze unidentified patterns within data or algorithms (Waljee & Higgins, 2010). Hence,
machine learning using healthcare data can enable researchers to: (1) manage a large data set, (2)
conduct a complicated analysis, (3) utilize the data for generating new knowledge, and (4)
identify a hidden pathway (i.e., either direct or indirect) between predictors and outcomes.
Machine learning is broadly categorized into supervised and unsupervised learning
(Deo, 2015). Unsupervised learning occurs when an algorithm is used to builds a mathematical
model from a set of data that has only inputs and no desired output (e.g., grouping and clustering
data). Supervised learning, on the other hand, occurs when an algorithm builds a mathematical
model that has both defined inputs and desired outputs for a given set of data (e.g., classification
and regression). Under supervised learning, classification is used to categorize a dependent
variable, based on one or more independent variables (Jordan & Mitchell, 2015). The training
process for machine occurs when data and algorithms are provided, and a predictive model is an
output associated with this process. When a machine-learning model is provided with more data,
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the rules become more complex and predictions become more accurate. These rules created by
machine learning are beyond the capacity of human comprehension because of the enormous
data sets (Chowriappa, Dua, & Todorov, 2014). The detailed steps of several machine-learning
method were described in Chapter 3.
Machine learning in healthcare-related research helps identify how to use data more
effectively for patient care. To identify risk factors and diagnose diseases, predictive analytics
using machine learning are at the forefront of healthcare-related research. Specifically,
researchers have used machine-learning methods such as the decision-tree models or support
vector machine (also discussed in Chapter 3) to predict HAIs. Goodman et al. (2016) presented
a decision tree to predict bloodstream infection caused by organisms that produce extendedspectrum β-lactamase. In one study comparing two methods for prediction of bloodstream
infection among febrile hospitalized patients, Peters, Twisk, van Agtmael, and Groeneveld
(2006) reported that the decision-tree model predicted bloodstream infection more accurately
than the multiple logistic regression. In another study, Gbegnon, Monestina, and Cromwell
(2014) used a support vector machine model to effectively predict patients at risk for SSI before
they left the operating room through a real-time Web interface and patient information from the
electronic health records. Yao, Dwyer, Summers, and Mollura (2011) identified pulmonary
infections by applying the support vector machine method to computed tomographic imaging,
using texture analysis, and were able to successfully distinguish different type of lung disease
(e.g., an acute infection, areas of chronic fibrosis, and differentiate lesions with consolidative and
ground-glass appearances).Thus, machine learning has been used to provide data that could
result in more effective care by taking into account an individual’s personal health information.
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2. Time–trend analysis
Time–trend analysis is a method of predicting future changes based on current and past
trends and using mathematical and statistical methods (von Ende, 2001). Predictions are based
on trends and repeated events that establish a predictable pattern (Deogun & Jiang, 2005; Gersch,
Kitagawa, & Statistics, 1983; Moerchen, Fradkin, Dejori, & Wachmann, 2008). Also, time –trend
analysis in healthcare-related research used temporal trends to identify the relationships between
various predictors and the prevalence or incidence of a disease or event over a certain period
(Birnbaum, Ely, Dawson, Lemke, & Rosenberg, 1997; Morgenstern, 1995). Using time –trend
analyses, variations in the incidence of disease and the relationship between risk factors and
disease can also be investigated (Birnbaum et al., 1997). Because the epidemiology of HAIs has
changed over time, time–trend analysis can be used to identify trends and extend short -term
observational studies to long-term longitudinal studies (Al-Tawfiq & Tambyah, 2014; Magill et
al., 2018; Pearson, 2009).
Several examples of time–trend analysis for assessment and prediction of disease
prevalence or risk factors are summarized below. Johnston et al. (1996) used time-trend analysis
to investigate the relationship between seasonal viral infections that led to severe attacks of
asthma and to hospital admissions. By detecting the seasonal patterns of respiratory infections,
they concluded that there was a strong relationship between seasonal patterns and hospital
admissions for asthma. Thiele et al. (2018) applied time –trend analysis to examine the
relationship between temporal changes in the incidence of stroke and the prevalence of
cardiovascular disease risk factors over 10 years in Germany. Because the presence of the risk
factors was stable over time, they concluded that the prevalence of stroke increased because of
aging and longer survival time of stroke patients. Pesola and Sasieni (2019) conducted time –
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trend analysis to understand trends in cervical cancer incidence between 1971 and 2013 in
England, revealing the impact of cervical screening on the decline of incidence of cervical
cancer. Y. Li et al. (2017) examined the relationship between risk factors (i.e., dietary and
lifestyle factors) and type 2 diabetes in Chinese patients over a 20 year time period from 1991 to
2011, identifying risk factors for type 2 diabetes among Chinese and providing guidance for the
prevention by focusing on attributable lifestyle factors. Lee et al. (2012) evaluated the
relationships between various practices (i.e., hand hygiene or antimicrobial use) and the
incidence of HAIs using time series analysis and reported an optimal model of prevention
practices by comparing the correlation between risk factors and incidence of HAIs using
univariate and multivariate regression techniques.
Theoretical Framework
The input-process-output (IPO) model was used as the conceptual framework to guide
this dissertation. The IPO model stems from systems theory, which was first proposed by
Ludwig von Bertalanffy in 1976. In this theory, the system is regarded as dynamic and mutually
active between the internal and external environment (von Bertalanffy & Sutherland, 1974).
According to Katz and Kahn (1978) who developed and adapted the system theory: (1) “input”
is defined as ingredients or information from the external environment to be fed into the system,
(2) “process” is defined as the enabler or controller within the system (i.e., resources, skills,
knowledge, instructions, or procedures), which is required to transform the input to outcome, and
(3) “output” is defined as the result produced by the system.
Health-and-illness is a dynamic state which interacts with the environment (Bircher &
Kuruvilla, 2014). Therefore, the structured approach of the IPO model offers an efficient way to
characterize the factors influencing dynamic environments, to assess the critical aspects of a
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process, and to evaluate performance or outcomes in a dynamic system (Davis, 1989;
MacFarlane, 1981; No, An, & Park, 2015). The IPO model also helps to identify the inputs
required to achieve specific outputs (MacCuspie et al., 2014).
As shown in Figure 1.2, the IPO model was well suited for using data (inputs) and
several methodologies such as machine learning (processes) for predicting and modeling risks
for HAIs (the “output” of interest) (Subiyakto & Ahlan, 2014). The input component in the
dissertation was raw data, which included possible individual and environmental risk factors for
HAIs (e.g., age, sex, comorbidities, antibiotics use, length of stay, unit, staffing, or time-trend
influence). The process component in the dissertation indicated different analytic methods to
investigate and model the association between risk factors and HAIs. These methods included (1)
a comprehensive literature search to identify known risk factors of HAIs described in Chapter 2,
(2) application of machine learning techniques to predict of HAIs, Chapter 3, and (3) a time –
trend analysis to examine the temporal change of HAIs over time, Chapter 4. Lastly, the output
component of this dissertation was the identification and confirmation of risk factors of HAIs for
a comprehensive understanding and improving prediction ability of HAIs.
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Figure 0.2. Theoretical framework: input-process-output model. Adapted from von Bertalanffy
and Sutherland (1974).
Specific aims
The overall purpose of this dissertation was to examine risk factors for HAIs and predict
HAIs using multiple methodological approaches.
Aim 1 (Chapter 2): To synthesize findings from published literature examining the association
between the development of a pocket hematoma and the risk of wound infection among
individuals who have cardiovascular implantable electronic devices (permanent
pacemaker/implantable cardioverter defibrillators/cardiac resynchronization therapy).
Aim 2 (Chapter 3): To build and compare predictive models for SSI among individuals who
have cardiovascular implantable electronic devices. Three machine-learning methods—logistic
regression, decision tree, and support vector machine—were compared.
Aim 3 (Chapter 4): To examine temporal changes in incidence and risk factors for hospitalacquired C. difficile infection over an 11-year time frame.
This dissertation and each chapter was guided by the IPO theoretical framework and
reflected the components of the model (i.e., input, process, and output). Aim 1 was an integrated
12

literature search to explore the relationship between pocket hematoma (input) and wound
infection (outcome) in patients who were recipients of cardiovascular implantable electronic
devices (permanent pacemaker/implantable cardioverter defibrillators/cardiac resynchronization
therapy). Aim 2 applied predictive modeling techniques using a large data set (input) derived
from a federally funded grant (Nursing Intensity of Patient Care Needs and Rates of HealthcareAssociated Infections (NIC-HAI), Agency for Healthcare Research and Quality, R01
HS024915). In Aim 2, several machine-learning techniques (process) were used to predict SSI in
patients who received cardiovascular implantable electronic devices and compared the predictive
ability of the methods (output). Aim 3 examined the relationship between risk factors including
antibiotic consumption (input) and the incidence of C. difficile (output) through time–trend
analysis using the same dataset as in Aim 2 (input). In addition, Aim 3 described the incidence of
C. difficile (output) through time trend analyses (process).
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Chapter 2 : The Relationship Between Pocket Hematoma and Risk of Wound Infection
Among Patients with a Cardiovascular Implantable Electronic Device: Integrative Review
Abstract
Background
Pocket hematoma is a common adverse event following the insertion of cardiovascular
implantable electronic devices (CIEDs), but the risk of wound infections associated with a
pocket hematoma is unclear.
Objective
This integrative review aims to examine the relationship between pocket hematoma and
risk of wound infection in a CIED population.
Methods
A comprehensive literature search for articles assessing the relationship between pocket
hematoma and infection in four electronic databases was conducted in October 2018.
Results
After screening and full text review, 7 studies met inclusion criteria (combined sample =
8,177 patients). Most studies (6/7) reported a significant relationship between pocket hematoma
and all types of infection (OR = 6.9 – 24.98; p < 0.05). The proportion of wound infection
among all types of infections was 61.5 – 100%.
Conclusions
Pocket hematoma is a significant risk factor for all types of infection, with the most
frequent type of infection being wound infection.
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Introduction
The prevalence of cardiovascular diseases including coronary artery disease, arrhythmias
and structural heart abnormalities (e.g., valvular stenosis/regurgitation, cardiomyopathy) has
increased since the mid-1900s (Institute of Medicine Committee on Preventing the Global
Epidemic of Cardiovascular Disease: Meeting the Challenges in Developing, 2010). In fact,
cardiac disease is a major cause of mortality, globally accounting for more than 17.3 million
deaths per year (Emelia J. Benjamin et al., 2017). As a result, use of cardiovascular implantable
electronic devices (CIEDs) has become increasingly prevalent over the past few years and a
standard of care in the management of cardiovascular disease (Al-Khatib et al., 2018). CIEDs
include permanent pacemakers (PPM), implantable cardioverter defibrillators (ICD), and cardiac
resynchronization therapy (CRT) devices for systolic dysfunction with conduction delays. With
the growth in the number of patients with CIEDs, deaths from ischemic, myocardial, and heart
abnormalities have decreased (Maisel, 2005; Pavia & Wilkoff, 2001). However, adverse effects
(e.g., infections or hematoma) still remain as threats to individuals with CIEDs.
Infections associated with CIEDs are uncommon complications, but they can lead to
catastrophic results. The numbers of infections associated with CIEDs have also increased with
the increasing demand for the device (Baddour Larry et al., 2010; Greenspon et al., 2011; Voigt,
Shalaby, & Saba, 2010). Therefore, the negative clinical outcomes observed from infections
associated with CIEDs, such as increased mortality, prolonged length of hospital stay, or reoperation caused by implanted cardiac device-related infection are also of concern. A recent
United States national study reported a mortality rate of 4.5% due to infections associated with
CIEDs (Sridhar et al., 2017). Moreover, when infections occurred, 88% of patients required
complete removal of the device and 57.7% of patients underwent re-implantation.(Boyle et al.,
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2017) A wound or surgical site infection is a major infection after surgery which occurs in
approximately 3% of post-operative patients (K. A. Ban et al., 2017). And a pocket infection is
one specific type of wound infection of the tissues located directly beneath the skin where CIEDs
are inserted.
A pocket hematoma is an accumulation of blood in or near the surgical incision which
occurs because of a defect in hemostasis such as injury to blood vessels and/or as a consequence
of receiving blood thinners (i.e., antiplatelet and anticoagulant therapy) (Gale, 2011). Among
patients who are taking blood thinners, hematoma formation occurs in 2–20% (Kutinsky,
Jarandilla, Jewett, & Haines, 2010; Sridhar et al., 2016). In patients who receive CIEDs, blood
thinners are commonly used pre/post operatively to prevent the formation of blood clots as well
as prevent post-operative device adhesion. Thus, these patients face greater risk of having a
pocket hematoma (Marquie et al., 2006; Michaud et al., 2000; Tischenko et al., 2009).
The relationship between hematomas and wound infection has been well studied
following cardiac surgeries or procedures involving other medical devices such as central venous
catheters (Lepelletier et al., 2013; O'Grady et al., 2011; Olsen et al., 2002). However, this
association is less clear among patients who receive CIEDs (PPMs, ICDs or CRTs). In a
previous meta-analysis which examined the risk factors for infections associated with CIEDs,
authors reported that pocket hematoma is a risk factor for infections in general, but did not
provide information specific to the risk of local wound infections (Polyzos, Konstantelias, &
Falagas, 2015). Therefore, the aim of this integrative review was to examine the relationship
between pocket hematoma and risk of wound infection among patients with CIEDs (PPMs,
ICDs, or CRTs).
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Methods
The guidelines of Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) were used for this integrative review (Moher, Liberati, Tetzlaff, & Altman, 2010).
Data sources and search strategy
To identify the relationship between the pocket hematomas and wound infections in
patients with CIEDs, a comprehensive literature search was conducted in October 2018 to
include articles published using four electronic databases: PubMed, Cochrane Library, Embase,
and Cumulative Index of Nursing and Allied Health Literature (CINAHL). The publication date
was not restricted to allow a comprehensive literature search. Medical Subject Headings (MeSH)
of the National Library of Medicine and free-texts words were used in developing search terms
and strategies.
Search terms included the following keywords: (Cardiac implantable electronic devices
OR CIEDs OR "Pacemaker, Artificial"[Mesh] OR pacemaker* OR "Defibrillators,
Implantable"[Mesh] OR "implantable defibrillator*" OR "implantable cardioverter-defibrillator"
OR ICD OR "Cardiac Resynchronization Therapy"[Mesh] OR "cardiac resynchronization
therapy" OR CRT) AND ("Hematoma"[Mesh] OR hematoma* OR haematoma*) AND ("Wound
Infection"[Mesh] OR "Surgical Wound Infection"[Mesh] OR "wound infection" OR "surgical
wound infection" OR "pocket infection" OR "pocket erosion"). A manual search of reference
lists in published studies was also conducted to screen additional articles for eligibility.
Inclusion criteria
To be included in this study, articles had to: (1) examine the association between a pocket
hematoma and wound infection; (2) include adult patients (age ≥ 19 years) who received CIEDs;
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(3) be published in a peer-reviewed journal by October 2018; (4) be written in English; and (5)
be either prospective or retrospective observational studies.
Study selection process and data extraction
Initial literature searches were archived in a citation manager, Endnote X8
(https://endnote.com), and duplicate articles were removed. Titles and abstracts of all remaining
studies were screened by two authors (JS and AT) independently for eligibility based on the
inclusion criteria. Finally, full-text reviews of articles that met inclusion criteria were conducted
and final exclusions were made. A manual search of reference lists and research reports was also
conducted. For all included studies, the authors extracted the following data: study design, year
of study, population, the sample size and patient characteristics, type of hematoma and its
incidence, type of infections and its incidence, major findings and statistical findings.
Quality assessment
Two authors assessed the quality of included studies using the Newcastle-Ottawa Scale
which is designed to assess the quality of descriptive cohort or case-control studies (Wells et al.,
2000) (Appendix B). This tool examines three study domains: selection assessment,
comparability, and the ascertainment of either the exposure or outcome of interest. Studies can
receive a maximum score of nine: four points for the selection assessment domain; two points for
the comparability domain; and three points for the outcome domain. The total scores from the
Newcastle-Ottawa Scale were then converted to the Agency for Healthcare Research and Quality
(AHRQ) standards of Good, Fair, or Poor using the following thresholds: a Good quality study
received 3 or 4 points from the selection domain AND 1 or 2 points from the comparability
domain AND 2 or 3 points from the outcome domain; a Fair quality study received ≥ five total
points (i.e., 2 points in the selection domain AND 1 or 2 points in the comparability domain
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AND 2 or 3 points in the outcome domain); a Poor quality study received < five points (i.e., 0 or
1 points in the selection domain OR 0 points in the comparability domain OR 0 or 1 points in the
outcome domain) (West et al., 2002). Any discrepancies in scores were resolved by consensus
between the two reviewers.
Results
Search findings
A total of 143 articles were identified through the initial literature search, including
Pubmed (n = 89), Embase (n = 19), Cochrane (n = 7) and CINAHL (n = 28). An additional eight
studies were identified through manual searching of reference lists and research reports. After the
removal of 43 duplicate articles, the remaining articles (n = 108) were screened, and 81 were
excluded after title and abstract review. Twenty articles were excluded in full text screening as
they did not meet the inclusion criteria: three were case reports; three were randomized control
trials; nine were articles in which both wound infection and pocket hematoma were considered as
outcomes; two articles which reported mortality as an outcome and three articles which reported
device or lead removal as an outcome. Therefore, a total of seven studies were included (See
Figure 2.1).

19

Figure 2.1. Flow diagram of the integrative review according to PRISMA guidelines
Study characteristics
Among the seven remaining studies, two were case-control studies (Raad et al., 2012;
Sohail et al., 2011), one was a retrospective cohort study (Sadeghi, Alizadehdiz, Fazelifar,
Emkanjoo, & Haghjoo, 2018), and four were prospective cohort studies (Arana-Rueda et al.,
2017; Essebag et al., 2016; Romeyer-Bouchard et al., 2010; Wiegand et al., 2004). Studies were
published between 2004 and 2018 and had a combined sample size of 8,177 patients living with
20

any type of CIED. Studies were conducted in Canada/Brazil (Essebag et al., 2016). France
(Romeyer-Bouchard et al., 2010), Germany (Wiegand et al., 2004), Iran (Sadeghi et al., 2018),
Spain (Arana-Rueda et al., 2017), and US (Raad et al., 2012; Sohail et al., 2011). One study was
conducted in multiple sites (Essebag et al., 2016), with the other six in single centers (AranaRueda et al., 2017; Raad et al., 2012; Romeyer-Bouchard et al., 2010; Sadeghi et al., 2018;
Sohail et al., 2011; Wiegand et al., 2004). Sample sizes ranged from 72 to 3,205 patients: one
study included < 100 patients (Raad et al., 2012), two studies had 100 to 500 patients (RomeyerBouchard et al., 2010; Sohail et al., 2011), two studies had 500 to 1,000 patients (Arana-Rueda et
al., 2017; Essebag et al., 2016), and two studies included > 3,000 patients (Sadeghi et al., 2018;
Wiegand et al., 2004). The duration of follow-up in the five cohort studies ranged from 3 months
to 7 years. Table 2.1 summarizes the study characteristics.

21

Table 2.1. Literature summary
Authors
(year)

Study Design

Arana- Prospective
Rueda et cohort study
al. (2017)

Essebag
et al.
(2016)

Prospective
cohort study

Country
(Setting)
Spain
(Singlecenter)

Multi-center
: Canada
(17 centers),
Brazil
(1 center)

Population
570 patients who
underwent ICD
implantation between
2008 and 2015
- Mean age: 59 years
- Male: 80%

A one-year follow-up
study for 659 patients
who completed
BRUISE CONTROL1.
- Mean age: 71 years
- Male: 72.7%

Type of
Hematoma/
incidence
Pocket
hematoma

Type of Infection
Local wound infection
Systemic infection

26/570 (4.56%)

Incidence of infections and
wound infection
All types of infections:
4.56% (26/570)
Wound infections: 3.51%
(20/570)

Major findings
The risk of all types of
infections arising from ICD in
pocket hematoma group:
HR = 7.0 (95% CI, 2.7-17.9);
p-value < .0001.

76.9% infections were
wound infection among all
types of infections.
Clinical
significant
pocket
hematoma
(CSH)

Device-related infection
 Pocket wound infection
 Endocarditis
 Blood stream infection

All types of infections: 2.4%
(16/659)
No data specific to wound
infection

The risk of all types of
infections arising from CIEDs
in clinical significant pocket
hematoma group:
HR = 7.7 (95% CI, 2.9-20.5);
p-value < .0001

66/659 (10.02%)
Raad et Case–control
al. (2016) study

USA
(Singlecenter)

72 patients with
Hematoma
implantation of PPMs
or ICDs between 1999 5/72 (6.94%)
and 2010
- Mean age: 70 years
- Male: 72%

Cardiac device infection
N/A
 Pocket wound infection
 Lead-related endocarditis
 Any unexplained
bloodstream infection
 Sepsis

The odds of all types of
infections arising from PPMs
and ICDs in hematoma group:
OR = 15.14 (95% CI: 1.57146.44); p-value < .012

Cases: 18 patients with
infection
Controls: 54 subjects
of non-infected

1

BRUISE CONTROL (Bridge or Continue Coumadin for Device Surgery Randomized Controlled Trial) was the study to demonstrate the safety and reduction of incidence of
clinical significant pocket hematoma by continued warfarin during CIED surgery between 2009 and 2013 in multi-centers.
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Romeyer- Prospective
Bouchard cohort study
et al.
(2010)

Sadeghi
et al.
(2018)

France
(Singlecenter)

Retrospective Iran
cohort study
(Singlecenter)

Sohail et Case–control
al. (2011) study

USA
(Singlecenter)

303 patients underwent Pocket
CRTs between 2001
hematoma
and 2007.
- Mean age: 70 years
29/303 (9.57%)
- Male: 81.5%

3205 consecutive
patients who
underwent
implantation of CIEDs
between 2011 and
2015
- Mean age: 62.5 years
– Male: 62.3%

Significant post- Device infection
operative
 Wound infection (Suture
hematoma
line infection / Pocket
wound infection)
62/3205 (1.93%)  Endocarditis

204 patients with ICDs
between 1991 and
2008
- Mean age: 65.5 years
- Male: 81%

Post-operative
pocket
hematoma

Cases: 68 patients with
infection
Control: 136 patients
without infection
Wiegand Prospective
et al.
cohort study
(2004)

Germany
(Singlecenter)

Device-related infection
 Pocket infection
 Endocarditis
 Septicemia

12/204 (5.88%)

Device infection
 Wound infection (Pocket
wound infection / Pocket
wound infection with
bacteremia / Pocket
erosion)
 Bacteremia without signs
of pocket infection
 Endocarditis

3164 patients
Pocket
Pocket wound infections or
underwent PPM or
hematoma
skin erosions
ICD implantation
between 1990 and
155/3164 (4.9%)
2002
- Mean age: 71.5 years
- Male: 57.6%
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All types of infections: 4.3%
(13/303)
Wound infections: 2.64%
(8/303)

The risk of all types of
infections arising from CRTs
in pocket hematoma:
HR = 4.50 (95% CI, 1.3814.60); p-value < .01

61.54% were wound
infections among all types of
infections.
All type of infections: 2.7%
(85/3205)
Wound infections: 2.56%
(82/3205)

The risk of all type of
infection arising from CIEDs
in post-operative hematoma
group:
HR = 6.9 (95% CI, 1.5894.47% were wound
30.2);
infections among all types of p-value < .01
infections.
N/A

The odds of all types of
infections arising from ICDs
in postoperative pocket
hematoma:
OR = 24.98 (95% CI, 3.95infinity); p-value < .001

All types of infections:
9/3164 (0.25%)
Wound infections: 9/3164
(0.25%)

The risk of wound infection
from PPMs or ICDs in pocket
hematoma group:
HR = 2 (95% CI, 0.31-19.28);
p-value = .36.

100% were wound infections
among all types of infections.

Patient characteristics
The mean age of patients was 66.3 years, 57.6 to 81.5% of whom were male. Three
studies reported a patient history of cardiomyopathy (Arana-Rueda et al., 2017; Essebag et al.,
2016; Romeyer-Bouchard et al., 2010). Arana-Rueda et al. (2017) reported that 43% of patients
(249/570) had ischemic cardiomyopathy, which was the most common cardiac condition in the
study. In the study conducted by Essebag et al. (2016), 40% of patients (265/659) had ischemic
cardiomyopathy and 23.2% of patients (153/659) had non-ischemic cardiomyopathy. RomeyerBouchard et al. (2010) stated that one-third of patients (101/303) had ischemic cardiomyopathy
and two-thirds (202/303) had dilated cardiomyopathy. Five studies reported the patients’ left
ventricular ejection fraction (LVEF) (Arana-Rueda et al., 2017; Romeyer-Bouchard et al., 2010;
Sadeghi et al., 2018; Sohail et al., 2011; Wiegand et al., 2004). Two studies reported the mean
LVEF ranged from 30 to 32% (Sadeghi et al., 2018; Sohail et al., 2011). In Romeyer-Bouchard
et al. (2010)’ prospective cohort study, all participants had chronic left ventricular systolic
dysfunction, with LVEF < 35%. Arana-Rueda et al. (2017) reported that 58.8% of patients
presented with an LVEF < 30%. In addition, Wiegand et al. (2004) reported that 34.9% of
patients had reduced left ventricle function with LVEF < 60%.
Characteristics of cardiac devices
Four of seven studies included patients with either PPMs or ICDs (Essebag et al., 2016;
Raad et al., 2012; Sadeghi et al., 2018; Wiegand et al., 2004): one study included 75% (54/72) of
patients with PPMs and 25% (18/72) of patients with ICDs (Raad et al., 2012); one included 26%
(843/3205) of patients with PPMs and 74% (2362/3205) of patients with ICDs (Sadeghi et al.,
2018); one included 88% (2792/3164) of patients with PPMs and 12% (372/3164) with ICDs
(Wiegand et al., 2004); and one study also focused patients with both PPMs and ICDs, but did
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not report the proportion of patients by type of device (Essebag et al., 2016). Two of seven
studies examined patients with ICDs only (Arana-Rueda et al., 2017; Sohail et al., 2011), and
one focused on patients who underwent CRTs only (Romeyer-Bouchard et al., 2010).
Pocket hematoma
The incidence of pocket hematoma ranged from 1.93% to 10.02%. However, the
definition of pocket hematoma varied. Two studies reported the presence of pocket hematoma if
a patient had clinical manifestations of blood in the pocket such as swelling, pain, or functional
impairment of blood in the pocket (Arana-Rueda et al., 2017; Sohail et al., 2011). Three studies
defined pocket hematoma as a palpable swelling or mass in the device pocket exceeding the size
of the generator, which was then confirmed by sonogram (Raad et al., 2012; Romeyer-Bouchard
et al., 2010; Wiegand et al., 2004). Two studies defined a clinically significant hematoma as one
which required further surgical intervention, prolongation of hospitalization for at least 24 hours,
and/or interruption of anticoagulants (Essebag et al., 2016; Sadeghi et al., 2018).
Type of infections examined
Wound infections or local pocket infections were grouped with all types of infection
assessed in the studies, but the terms used to describe a wound infections varied, including
pocket wound infection with/without bacteremia (Essebag et al., 2016; Raad et al., 2012;
Romeyer-Bouchard et al., 2010; Sadeghi et al., 2018; Sohail et al., 2011; Wiegand et al., 2004),
local wound infection (Arana-Rueda et al., 2017), suture line infection (Sadeghi et al., 2018),
pocket erosion (Sohail et al., 2011), or skin erosion (Wiegand et al., 2004). Three studies
reported overall device-related infections including endocarditis, bloodstream infection, and
sepsis, in addition to the pocket wound infection (Essebag et al., 2016; Raad et al., 2012;
Romeyer-Bouchard et al., 2010). Sadeghi et al. (2018) reported only wound infections (i.e.,
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suture line infection, pocket infection) or endocarditis. Sohail et al. (2011) included pocket
wound infections, bacteremia without signs of pocket infection, endocarditis, pocket infection
with bacteremia, and pocket/lead erosion. Arana-Rueda et al. (2017) examined local pocket
infection or systemic infection. Lastly, only one study examined wound infection as the sole
outcome (Wiegand et al., 2004).
All types of infections arising from CIEDs
Infection rates in the five cohort studies ranged from 0.25% to 4.56% (Arana-Rueda et
al., 2017; Essebag et al., 2016; Romeyer-Bouchard et al., 2010; Sadeghi et al., 2018; Wiegand et
al., 2004). The incidence of all types of infection (i.e., both local wound infection and systemic
infection) in Arana-Rueda et al. (2017)’ study was 4.56% (26 of 570 patients). Essebag et al.
(2016) reported that the overall one-year rate of device-related infections, which included pocket
wound infection, endocarditis and blood stream infections, was 2.4% (16 of 659 patients).
Romeyer-Bouchard et al. (2010) reported that the incidence of device-related infections, which
included pocket wound infection, endocarditis, and septicemia was 4.3% (13 of 303 patients;
eight of pocket infection, four of endocarditis and one of septicemia). Sadeghi et al. (2018)
reported a rate of overall infection, which included suture line infection, pocket wound infection
and endocarditis, of 2.7% (85 of 3205 patients; 8 of suture line infection, 74 of pocket infection
and 3 of endocarditis). Also, Wiegand et al. (2004) reported that the incidence of wound
infection, which included pocket wound infection or skin erosion within 3 months after
implantation, was 0.25% (nine of 3164 patients).
Wound infections among patients with CIEDs
Four cohort studies reported the specific rates of wound infections which ranged from
0.25% to 3.5%, and the proportion of all reported infections which were specifically associated
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with the wound ranged from 61.5% to 100%. In the Arana-Rueda et al. (2017) study, the
incidence of wound infections was 3.51% (20 of 570 patients) which represented 76.9% (20/26)
of all reported infections. Romeyer-Bouchard et al. (2010) reported an incidence of wound
infections of 2.64% (8 of 303 patients. It indicated that 61.54% of patients having an infection
(8/13) had a wound infection. In the Sadeghi et al. (2018) study, the incidence of wound
infections was 2.56% (82 of 3205 patients), or 94.47% of all types of infections (82/85) reported.
Wiegand et al. (2004) reported a wound infection rate of 0.25% (nine of 3164 patients). Essebag
et al. (2016) did not provide data specific to wound infections.
The association between pocket hematomas and infections
The range of hazard ratios reported in the five cohort studies was 2 to 7.7 (Arana-Rueda
et al., 2017; Essebag et al., 2016; Romeyer-Bouchard et al., 2010; Wiegand et al., 2004). AranaRueda and colleagues reported that 23% of patients (6/26) with a pocket hematoma had a local
wound infection or systematic infection, while 3.7% of patients (20/544) without a pocket
hematoma had infections (HR 7.0; 95% CI 2.7 – 17.9; p-value < 0.0001). Essebag and colleagues
reported that some type of infections occurred in 11% of patients (7/66) who had a previous
clinically significant hematoma, as compared to 1.5% of patients (9/593) who had no history of a
clinically significant hematoma (HR 7.7; 95% CI 2.9-20.5; p-value < 0.0001). RomeyerBouchard and colleagues reported that 13.8% of patients (4/29) with pocket hematoma had any
type of infection, as compared with 3.3% of patients (9/274) without a pocket hematoma who
developed an infection (HR 4.5; 95% CI 1.38 – 14.60; p-value < 0.01). Sadeghi and colleagues
reported that 14.5% of patients (9/62) with postoperative hematoma had some type of infection,
whereas 2.42% of patients (76/3143) without postoperative hematoma developed an infection
(HR 6.9; 95% CI 1.58 – 30.2; p-value < 0.01). In addition, Wiegand and colleagues reported that
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0.64% of patients (1/155) with a pocket hematoma had wound infection, while 0.27% of patients
(8/3009) without a pocket hematoma had wound infection (HR 2; 95% CI 0.31 – 19.28; p-value
= 0.36).
The odds ratios for the risk of infection with or without a pocket hematoma in the two
case-control studies were high (Raad et al., 2012; Sohail et al., 2011). In the Raad et al. (2012)
study, 22.2% of patients (4/18) with any infection had a pocket hematoma, as compared to
1.85% of patients (1/54) without infection (OR 15.14; 95% CI 1.57-146.44; p-value < 0.012).
Sohail et al. (2011) reported that none of the patients in the control group without infection
(0/136) had a pocket hematoma, whereas 17% (12/68) in the case group of patients with
infections had a hematoma (OR 24.78; 95% CI, 3.95–infinity; P < 0.001).
Quality ratings
The Newcastle-Ottawa quality scores ranged from 6 to 9 out of a maximum possible
score of 9. Six studies received a Good quality per AHRQ standard; one study received a Poor
quality score because it lacked information about the follow-up rate and duration (Table 2.2).
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Table 2.2. Quality assessment based on the Newcastle-Ottawa Scale
Cohort studies
Selection

Comparability

Outcomes
Assessment of
outcomes

Length of
follow-up

Adequacy of
follow-up

Total

AHRQ
rating2

**

*

*

*

8 out of 9

Good

*

**

*

*

*

9 out of 9

Good

*

*

**

*

*

-

7 out of 9

Good

*

*

*

**

*

*

*

9 out of 9

Good

*

*

*

**

*

-

-

6 out of 9

Poor

Total

AHRQ
rating

8 out of 9

Good

Study

Representativeness of
exposed cohort

Selection of
non-exposed
cohort

Ascertainment of
exposure

Outcome not
present at the
start of the study

Arana-Rueda et al.
(2017)

-

*

*

*

Essebag et al.
(2016)

*

*

*

RomeyerBouchard et al.
(2010)

-

*

Sadeghi et al.
(2018)

*

Wiegand et al.
(2004)

-

Case-control studies
Selection

Raad et al.
(2016)

Comparability

Case deﬁnition
adequate

Representative
ness of the
cases

Selection of
controls

Deﬁnition of
controls

*

*

-

*

**

2

Outcomes
Ascertainment of
exposure

Same method of
ascertainment for cases
and controls

Non-response
rate

*

*

*

AHRQ thresholds: Good quality study should receive greater than or equal to seven points (i.e., 3 or 4 points from the selection domain AND 1 or 2 points from the
comparability domain AND 2 or 3 points from the outcome domain); Fair quality study should receive greater than or equal to five points (i.e., 2 points in the selection domain
AND 1 or 2 points in the comparability domain AND 2 or 3 points in the outcome domain); Poor quality study receive less than five points (i.e., 0 or 1 point in the selection
domain OR 0 points in the comparability domain OR 0 or 1 points in the outcome domain).
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Sohail et al.
(2011)

*

*

-

*

**
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*

*

-

7 out of 9

Good

Discussion
This integrative review is the most recent attempt to assess the relationship between a
pocket hematoma and the development of wound infections in patients living with CIEDs. The
findings from this review are consistent with findings from the previous systematic review and
meta-analysis (Polyzos et al., 2015). Additionally, we are updating and adding new information
to the literature since four of seven included studies in this review have been published since the
first review in 2014. The published literature confirms that pocket hematoma is a major risk
factor not only for a variety of infections after CIED implantation, but specifically for wound
infections.
Since patients routinely receive antiplatelet and anticoagulant therapy at the time of CIED
implantation, they are at increased risk of hematoma (Douketis et al., 2012; Kutinsky et al.,
2010). Current guidelines recommend the interruption of oral anticoagulant therapy and
conversion to bridging therapy using intravenous unfractionated heparin or subcutaneous lowmolecular-weight heparin concurrent with implantation (Douketis et al., 2012). However, the
benefits of interrupting the anticoagulants and using bridge therapy remain controversial
(Robinson et al., 2009; Spyropoulos, Frost, Hurley, & Roberts, 2004; Tischenko et al., 2009).
Because the development of a pocket hematoma increases the risk of infections after
implantation, the establishment of strategies to prevent hematoma would be one potential
strategy to prevent infection after CIED infections.
The authors recognize several limitations of this review. First, only peer-reviewed
articles written in English were included. Also, because of the nature of observational studies,
other confounders can affect the incidence of infection in CIEDs. Thus, although relationships

31

between a pocket hematoma and infections were identified, a causal relationship cannot be
inferred.
There were also several limitations in the published data itself. First, the definition of
pocket hematoma varied across studies. Some based the definition of pocket hematoma on the
clinical symptoms, such as swelling or pain, and others based the definition on the extent of
injury (i.e., whether the surgical intervention was needed or not). Secondly, infections were also
defined differently. Finally, while six studies reported statistically significant relationships
between a pocket hematoma and all types of infections, one study did not report statistically
significant differences. This was likely an effect of low statistical power and type 2 error (only
9/3164 developed infections, only one who also had a pocket hematoma) (Wiegand et al., 2004).
Conclusions
This review confirmed that pocket hematoma is a significant risk factor for all types of
infections arising from in PPMs, ICDs or CRTs, and particularly for wound infections. Thus,
prevention of pocket hematomas should be considered as an important infection prevention
strategy. Future studies assessing the relationship between pocket hematomas and wound
infection are recommended as follows. First, studies should be stratified by type of infection.
Second, multi-center studies are needed to enhance generalizability and increase sample size.
And finally, because the outcome interest (infections associated with pocket hematomas) is rare,
a case-control study design is the most desirable (J. W. Song & Chung, 2010).

32

Chapter 3 : Predictive Models for Surgical Site Infection (SSI) in Patients with a
Permanent Pacemaker (PPM) Using Machine learning Methods
Abstract
Objectives
To develop and compare the performance of the three machine-learning models–logistic
regression, decision tree (DT), and supportive vector machine (SVM)– for predicting surgical
site infection (SSI) in patients with permanent pacemakers (PPMs).
Materials and Methods
A retrospective cohort study was conducted in patients with PPM discharged from a large
academic health center in New York City. Risk factors identified through a chi-square or t-test
were used to build predictive models. Five-fold cross-validation was applied to build optimal
model, then accuracy, sensitivity, specificity, positive predictive value, negative predictive value,
and the area under curve (AUC) were used to evaluate the model performance.
Results
A total 205/9,274 (2.16%) patients with PPMs were diagnosed with a hospital-acquired
SSI. Overall, the logistic regression algorithm had the highest prediction ability with the largest
AUC at 72.9%. But the SVM model showed the highest sensitivity at 43.8% and PPV at 32.5%.
All three models showed excellent specificity and accuracy (over 98% and 96%, respectively).
Discussion
This study attempted to find appropriate methods for real-time applications of machine
learning in low-prevalence diseases through the stratified random splitting by the number of
cases of SSI, cross-validations, and parameter adjustments. Further strategies are warranted to
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improve predictive ability when the data has a large difference in proportion between the cases
and non-cases.
Conclusion
Each algorithm had its strengths and weaknesses in terms of accurate prediction, and
interpretable clinical decision support. However, logistic regression was more accurate for
predicting low-prevalence diseases such as SSIs.
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Introduction
In the United States approximately 14.4 million patients have cardiac arrhythmias, which
are responsible for about 40,700 deaths annually (E. J. Benjamin et al., 2019). Permanent
pacemakers (PPMs) are increasingly common in the patient population as the indications for
device placement expand (Epstein et al., 2013; Hunt et al., 2009). Each year, about one million
patients globally receive cardiovascular implantable electronic devices including PPMs
(Thompson, Neelankavil, & Mahajan, 2013) which, like any foreign body, can increase the risk
of infection. The frequency of cardiovascular implantable electronic device-related infections has
increased dramatically due to the increasing number of cardiovascular devices being implanted
in the last five decades (Greenspon et al., 2011). Infections in patients with PPMs are responsible
for prolonged lengths of hospital stay and increased rate of readmissions, re-operation, and/or
mortality (Deharo et al., 2012; Ihlemann et al., 2016; Tarakji et al., 2010).
Surgical site infections (SSIs) are one of the most common hospital-acquired infections,
occurring in approximately 2% to 5% of patients who undergo surgery, resulting in 157,000 to
300,000 cases in the United States annually (Anderson et al., 2014; Magill et al., 2014). They are
associated with increased pain and discomfort for patients, longer lengths of stay and risk for
hospital readmissions, increased mortality, and the potential of a negative psychological impact
on the subjects (Weigelt et al., 2010). In addition, the cost of treatment for these infections is
approximately $10 billion per year (Zimlichman et al., 2013).
Because of their high cost and associated adverse outcomes, extensive efforts to reduce
the incidence of SSIs and other types of infections are in place (Hranjec, Swenson, & Sawyer,
2010). One important reduction strategy is to identify patients at high risk so that appropriate
prevention and control measures can be implemented early. Machine learning methods are used
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in healthcare to efficiently manage datasets that would otherwise be too large to handle with a
traditional analytic method (Murdoch & Detsky, 2013; Obenshain, 2004; Raghupathi &
Raghupathi, 2014).
Thus, the aim of this study was to develop and compare the ability of the three machinelearning predictive models–logistic regression, decision tree, and support vector machine–to
identify risk factors for SSIs in patients with PPMs. The epidemiological triad was used to exam
risk factors related to the individual-level host, and environmental including factors associated
with medical procedure, exposure to the hospital-environment, healthcare provider-related
factors (i.e., nurse staffing).
Method
Sampling and setting
The sample for this study included patients with a PPM hospitalized between 01/01/2007
and 12/31/2016 in one of three hospitals in metropolitan New York City: a 196-bed community
hospital, a 738-bed adult tertiary/quaternary care hospital and an 862-bed adult and pediatric
tertiary/quaternary care hospital in which more than 100,000 patients are admitted annually. The
presence of a PPM procedure was identified using International Classification of Diseases, Ninth
Revision, Clinical Modification (ICD-9-CM), Principal Procedure Code (Table 3.1) (Centers for
Disease Control and Prevention, 2013).
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Table 3.1. The used ICD- 9-CM, Principal Procedure Code to identify PPM patients.
37.70 Initial insertion of lead [electrode], not otherwise specified
37.71 Initial insertion of transvenous lead [electrode] into ventricle
37.72 Initial insertion of transvenous leads [electrodes] into atrium and ventricle
37.73 Initial insertion of transvenous lead [electrode] into atrium
37.74 Insertion or replacement of epicardial lead [electrode] into epicardium
37.75 Revision of lead [electrode]
37.76 Replacement of transvenous atrial and/or ventricular lead(s) [electrode]
37.78 Insertion of temporary transvenous pacemaker system
37.79 Revision or relocation of cardiac device pocket
37.80 Insertion of permanent pacemaker, initial or replacement, type of device not specified
37.81 Initial insertion of single-chamber device, not specified as rate responsive
37.82 Initial insertion of single-chamber device, rate responsive
37.83 Initial insertion of dual-chamber device
Replacement of any type pacemaker device with single-chamber device, not specified
as rate responsive
Replacement of any type of pacemaker device with single-chamber device, rate
37.86
responsive
37.85

37.87 Replacement of any type pacemaker device with dual-chamber device
37.90 Insertion of left atrial appendage device

Description of dataset
The dataset was derived from a federally funded grant (Nursing Intensity of Patient Care
Needs and Rates of Healthcare-Associated Infections [NIC-HAI], Agency for Healthcare
Research and Quality, R01 HS024915) and extracted from various electronic databases (e.g.,
admission-discharge-transfer system, electronic health record, a clinical data warehouse, and
departmental records). By linking to unique individual identification numbers, the dataset
consisted of 1,213,949 admissions from 731,499 individuals with over 300 variables including
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patient information and conditions. This study was approved by the Columbia University Irving
Medical Center Institutional Review Board.
Potential risk factors for SSIs
The variables included in the data analyses and modeling were selected based on the
published literature regarding known or predicted risk factors associated with SSIs (AlfonsoSanchez, Martinez, Martín-Moreno, González, & Botía, 2017; Clarke & Donaldson, 2008; Klug
et al., 2007; Polyzos et al., 2015; J. Song, Tark, & Larson, 2020). Table 3.2 summarizes the
definitions and data sources for each variable. Based on the epidemiological triad model,
individual-level host factors included: (1) demographic factors including age and gender; (2)
comorbidities – diabetes mellitus, obesity, hypertension, cancer, renal failure, chronic pulmonary
disease, solid organ transplant, and postoperative hematoma. Environmental factors refer to: (1)
invasive procedure-related factors such as central venous catheter; (2) socioeconomic status as
reflected by type of health insurance (i.e., Medicare, Medicaid, or commercial insurance); (3)
admission-source (i.e., admitted from healthcare facility or non-healthcare facility/home); (4)
hospital-related factors such as prior hospitalization within six months, length of stay (calculated
from admission date to the onset SSI for patients with SSI, or from admission date to discharge
date for the patients without SSI), and intensive care unit (ICU) stay; (5) nurse staffing.
Nurse staffing was measured for 2 weeks prior to the onset of SSI for patients with SSI,
or for 2 weeks after the procedure for patients without SSI. During that time frame, we used
overall median nursing hours per patient day for each unit as the standard nurse staffing (J.
Shang, Needleman, Liu, Larson, & Stone, 2019). Then, if the staffing hours were below 80% of
the median during the time frame examined, it was regarded as understaffing. In this study, the
total hours/patient day for registered nurses (RN), and total hours for nursing support staff (i.e.,
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licensed practical nurse [LPN] and nursing assistant [NA]) were examined to determine whether
the patient experienced understaffing (yes/no) and, if so, for how many days within the 2 weeks
times frames.
Initial statistical analysis
Descriptive statistics included means with standard deviations (SD) or medians with
interquartile ranges (IQR) for continuous variables and frequencies with proportions for
categorical variables. All statistical analyses were performed using R Statistical Software
(Foundation for Statistical Computing, Vienna, Austria). The relationship between potential
predictor variables (Table 3.2) and SSI was initially tested using chi-square or student t-test.
Then, the variables with p-values < 0.10 were included to build the predictive models. The
workflow of machine learning algorithms in this study are shown in Figure 3.1.
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Table 3.2. Definitions and data sources for predictors for surgical site infections (SSIs) in patients who underwent implantation of
PPMs
Components
(epidemiological
triad)
Host factors

Categorized risk factor
Individuallevel factors

Demographic

Comorbidities

Possible predictors
Age

Age on admission

Gender

Gender

Diabetes mellitus

History of diabetes
mellitus
History of obesity

Obesity
Hypertension

History of
hypertension
History of cancer

Cancer
Renal failure
Chronic pulmonary
disease
Solid organ
transplant
postoperative
hematoma
Environmental
factors

Procedurerelated
factors
Socioeconomic
status

Definition

History of renal
failure
History of chronic
pulmonary disease
History of solid
organ transplant
History of
postoperative
hematoma
Placement of central
venous line

Invasive
procedure

Central venous
catheterization

Socioeconomic
factors

Health insurance
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Type of health
insurance
(Commercial,
Medicaid, Medicare,
Other)

Source of data
Electronic health
record (EHR)
EHR
EHR

Variable type
Continuous
Categorical
(female/male)
Categorical
(yes/no)

ICD-9-CM: 278.00–
278.03
ICD-9-CM: 401.x–
405.x
EHR
EHR
ICD-9-CM: 416.8,
416.9, 490.x–505.x,
506.4, 508.1,
508.8
EHR
ICD-9-CM: 998.12
ICD-9-CM: 38.97

Categorical
(yes/no)

EHR

Categorical
(proportion of
patients having
each type of
insurance)

Exposure to
hospitalenvironment
factors

Prior to
Admission-source
hospitalization

Prior Stay in
healthcare facility

EHR

Categorical
(yes/no)

Prior
hospitalization

Prior hospitalization
within 6 Months

EHR

Categorical
(yes/no)

Related to
Length of stay
hospitalization

Length of
hospitalization until:
1) onset SSI for
patients with SSI; 2)
discharge for the
patients without SSI
ICU stay

EHR

Continuous

EHR

1) experienced
understaffing within
2 weeks (yes/no);
2) among the
patients experienced
understaffing, total
days of experienced
understaffing
1) experienced
understaffing within
2 weeks (yes/no);
2) among the
patients experienced
understaffing, total
days of experienced
understaffing

Nurse staffing data

Categorical
(yes/no)
1) Categorical
(yes/no);
2) Continuous
(average days of
experiencing
understaffing)

ICU stay
Healthcare
providerrelated
factors

Nursing
staffing

Total hours with
patient care
responsibility/patie
nt day for
Registered nurses
(RN)
Total hours with
patient care
responsibility/patie
nt day for nursing
supporting staff
(LPN and NA)
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Nurse staffing data

1) Categorical
(yes/no);
2) Continuous
(average days of
experiencing
understaffing)

Figure 3.1. Workflow of machine learning algorithms. Adapted from “Machine learning
applications for the prediction of surgical site infection in neurological operations,” by Thara et
al. (2019)., Neurosurgical Focus FOC 47.2: E7
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Dataset preparation
The full dataset was randomly divided into two groups—80% for training and 20% for
testing. To minimize bias and variance in the model-building process and to avoid overfitting, a
5-fold-cross-validation was performed. That is, the total training dataset was resampled into five
folds of equal size. It was then repeatedly tested by rotating five times, with four training-folds
and one validation-fold. The average of the model against each of the folds was obtained.
Following this, the model was evaluated against the testing dataset (See ‘Model evaluation’
section below).
Applying machine-learning
A. Method 1: logistic regression
Logistic regression is widely used as a decision-support tool by predicting the probability
of an occurrence of an event. In this study, the binary logistic regression for classification was
used to predict the odds of being a presence of SSIs or not. The model can be written as Eq. 1:
𝑙𝑜𝑔𝑖𝑐(𝑃(𝑌 = 1)) = log

( )
( )

= 𝛽 + 𝑥 ∗ 𝛽 + ⋯+ 𝑥 ∗ 𝛽



(1)

Where Y is a binary response variable with values of 1 or 0 representing the presence and
absence of SSIs respectively. The exponentialized betas are the point estimate of the odds of
being a presence of SSIs, which is the probability of the presence of SSIs divided by the
probability of the absence of SSI. A two-tailed p < 0.05 indicates statistical significance, and the
odds ratio (OR) was used to estimate the direction and effect size in the logistic regression
analysis.
B. Method 2: decision tree
A decision tree is one of the most well-known decision-making techniques. It breaks
down a dataset into smaller subsets by a different rule. The purpose of decision trees is to
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classify the diverse characteristics of the existing data into groups that have similar
characteristics. The appropriate split rule for classification should be selected to build optimal
decision trees, and to classify the data into sub-nodes with similar characteristics (Breiman,
Friedman, Stone, & Olshen, 1984; Kotsiantis, Zaharakis, & Pintelas, 2007). This process was
repeated until all characteristics are homogenous within the node. The structure of a decision tree
is shown in Figure 3.2.

Figure 3.2. Structure of decision tree: The node is split by a different rule for classification, and
each leaf node represents an outcome. The leaf node that includes a population with the same
characteristic is considered a completely homogenous leaf node, while the most heterogenous
leaf node has two or more different characteristics in the same proportion (Adapted from “How
is Splitting Decided for Decision Trees?” by Hoare, J., 2018 (https://www.displayr.com/how-issplitting-decided-for-decision-trees/). In the public domain.)
As a classification and regression trees (CART) algorithm was used in this study, the
Gini index was used in the same node to measure the distribution or homogeneity (Capecchi &
Iannario, 2016). Equation 2 shown below represents how the Gini index was calculated.
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𝐺𝑖𝑛𝑖 (𝐸) = 1 − ∑

𝑝 ,



(2)

where 𝑝 is the proportion of observations with target variable value t. The Gini index becomes
its maximum when all classes are evenly distributed (i.e., totally heterogenous), while it is zero
when the characteristics in the node are the same (i.e., totally homogenous). The smallest Gini
index becomes a first splitting rule for classification.
This process was continued to create the next branch of a decision tree until a node had
5% of the total training set. To avoid overfitting, pruning that is, the removal of nodes that do not
provide additional information, was done through five-fold-cross-validation (Y.-Y. Song & Lu,
2015). The decision tree was pruned back to the point at which the cross-validated error was at a
minimum.
C. Method 3: support vector machine
A support vector machine is another machine learning method for classification. It
recognizes a pattern and finds the optimal hyperplane, or decision boundaries, to classify the data
into two categories and minimize misclassification or error (Burges, 1998). Each datum in the
dataset is considered as a point in n-dimensional shape, and the support vector machine classifies
the data into two different categories (i.e., outcome) by plot or graph (the hyperplane) at an n-1dimensional space. Simply, the number of dimensional spaces is created by the number of
characteristics (e.g., the number of potential risk factors), then, the support vector machine starts
to find the hyperplane to classify each data point into one of either side of the hyperplane (Noble,
2006). If it is not possible to find the best hyperplane, it continuously maps the data into higher
dimensions to find the optimal hyperplane. This technique is called kernel function (Patle &
Chouhan, 2013). Figure 3.3 visualizes these concepts. Because support vector machine is a
black-box model, the actual structure of the model cannot be described.
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For this study, all categorical data were converted into numeric attributes with a
normalized scale because of the nature of a support vector machine. In the training phase, the
values were arranged to adjust the error and a training model was created. Cost (C) controls the
number of misclassified examples in the training set to balance between allowing slack variables
and obtaining a large margin, and gamma (γ) value controls the number of support vector by
defining the radius of the samples selected by the model (Ben-Hur & Weston, 2010). To prevent
overfitting, two parameters, C (cost) and γ (gamma), were adjusted several times to identify the
best model through the five-fold-cross-validation.

Figure 3.3. The concept of support vector machines which classify the data into two different
categories by plot or graph, called a hyperplane. The data points, called support vectors,
contribute the most in identifying hyperplane. Reprinted from Computer aided diagnostic support
system for skin cancer: a review of techniques and algorithms, Masood and Al-Jumaily (2013),
May 1 2019, retrieved form http://dx.doi.org/10.1155/2013/323268, Copyright 2013 by Ammara
Masood and Adel Ali Al-Jumaily.
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Model evaluation
To compare each model’s performance, a test dataset was used to calculate the following
estimations: accuracy, sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), and the area under curve (AUC) (Table 3.3). These parameters were
calculated by true positive (TP), true negative (TN), false positive (FP), and false negative (FN)
in a confusion matrix. In this study, TP is the number of patients with SSIs in the training set,
who are also correctly classified in the test set; TN is the number of patients without SSIs in the
training set, who are correctly classified in the test set; FP refers to the number of patients
without SSI in the training set who are incorrectly classified as having SSI in the test set; FN is
the number of patients with SSI who are incorrectly classified as having SSI in the test set.
Specifically, accuracy is the parameter used to evaluate the overall performance of a model and
is obtained by Equation 3 below.


𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

3

Table 3.3. A 2x2 contingency table to evaluate model performance, summarizing the frequency
of data cross-classified according to different variables
Actual State (in training set)

Predicted
State
(in testing
set)

Classified as
“positive”
Classified as
“negative”

Class is “positive”

Class is “negative”

True positive (TP)

False positive (FP)

False negative (FN)

True negative (TN)

Sensitivity
Specificity
=TP/(TP+FN)
=TN/(TN+FP)
* PPV: positive predictive value; NPV: negative predictive value
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PPV
=TP/(TP+FP)
NPV
=TN/(TN+FN)

Results
Cohort demographics
A total of 9,274 patients had a PPM implanted during the study period, 205/9,274
(2.16%) of whom were diagnosed with a hospital-acquired SSI. Table 3.4 summarizes the
patient characteristics. The median age for patients with an SSI was eight years younger than for
patients without SSIs (68 years and 76 years, respectively, p < 0.05). Males were significantly
more likely than females to develop an SSI (63.9% and 56.8%, respectively, p < 0.05). Over half
of the patients had a history of hypertension (65.8%), more than a quarter had renal failure or
chronic pulmonary disease in all PPM patients, and renal failure was almost twice as frequent in
the patients with SSIs (46.3% and 27.3% respectively, p < 0.0001). In addition, while 3.7% of
the patients overall developed a postoperative hematoma, the occurrence was three times more
common in patients with SSIs (p < 0.0001). While 30% of the PPM patients received central
venous catheterization, this was also more common for patients with SSIs (71.7% and 37.6%,
respectively, p < 0.0001). About three-quarters of the patients had Medicare insurance. The
average length of hospitalization was longer for the patients with SSIs than for those without
SSIs (13.9 days and 10.7 days, respectively, p = 0.02). In addition, 47% of the patients had an
ICU stay prior to the procedure but this was more common for the patients who had SSIs
(60.98% and 47.02%, respectively, p < 0.0001). Over 45% of all patients were hospitalized
during periods of under-staffing. Although fewer patients with SSIs experienced understaffing,
they experienced a longer duration of understaffing of RN or nursing support staff. However,
nursing staffing variables did not differ significantly between those with and without SSI.
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Table 3.4. Basic characteristics of the study’s subjects
Hospital-acquired SSI
Positive
Negative
(n = 205)
(n = 9,069)

Pvalue

76 (19.0)

68 (22.0)

76 (20.0)

<.0001
<.0001

342 (3.7)
2,085 (22.5)

6 (2.9)
81 (39.5)

336 (3.7)
2,004 (22.1)

1,941 (20.9)
2,920 (31.5)
1,986 (21.4)

43 (21.0)
48 (23.4)
27 (13.2)

1,898 (21.0
2,872 (31.7)
1,959 (21.6)

Total
(n = 9,274)
Demographics
Age, median (IQR)
Age, n (%)
Pediatrics (1-18 years)
Adults (19-64 years)
Elderly (≥ 65 years)
65-74 years
75-84 years
≥ 85 years
Gender, n (%)
Male
Comorbidities, n (%)
Severity of illness:
Charlson score, median (IQR)
Related medical history, n (%)
Diabetes mellitus
Obesity
Hypertension
Cancer
Renal failure
Chronic pulmonary disease
Solid organ transplant
Postoperative hematoma
Environmental factors
Procedure related factor, n (%)
Central venous catheterization:
invasive procedure
Socioeconomic status:
Health insurance, n (%)
Commercial
Medicaid
Medicare
Admission source, n (%) †
Non-healthcare facility
Healthcare facility
Hospitalization related factors
Pre-hospitalization within
6 months, n (%)
Length of hospitalization,
mean (SD)

0.04
5,284 (57.0)

131 (63.9)

5,153 (56.8)

5 (3.0)

6 (3.0)

5 (3.0)

0.64

2,202 (23.8)
557 (6.0)
6,099 (65.8)
584 (6.3)
2,569 (27.7)
2,488 (26.8)
207 (2.2)
346 (3.7)

46 (22.7)
14 (6.8)
112 (54.6)
18 (8.8)
95 (46.3)
50 (24.4)
2 (1.0)
26 (12.7)

2,156 (23.8)
543 (6.0)
5,987 (66.0)
566 (6.2)
2,474 (27.3)
2,438 (26.9)
205 (2.3)
320 (3.5)

0.66
0.62
0.0007
0.14
<.0001
0.43
0.33
<.0001

3,557 (38.4)

147 (71.7)

3,410 (37.6)

<.0001
0.0028

1,645 (17.8)
709 (7.7)
6,832 (73.8)

35 (17.1)
29 (14.2)
141 (68.8)

1,610 (17.8)
680 (7.5)
6,691 (73.9)
0.48

6,660 (72.3)
2,546 (27.6)

136 (68.7)
62 (31.3)

6,524 (72.4)
2,484 (27.6)

7,639 (82.4)

176 (85.9)

7,463 (82.3)

0.19

10.82 (16.2)

13.9 (20.7)

10.76 (16.1)

0.02
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ICU stay, n (%)
Healthcare provider-related factor
 Understaffing experienced
(yes/no), n (%)
o RN staffing
o Nursing support staff
 Total days of understaffing
experienced, mean (SD) ‡
o RN staffing
o Nursing support staff

4,389 (47.3)

125 (61.0)

4,264 (47.0)

<.0001

3,797 (47.1)
3,712 (46.0)

73 (46.5)
67 (42.7)

3,724 (47.1)
3,645 (46.1)

0.89
0.4

3.08 (2.8)
3.06 (2.8)

3.74 (4.0)
3.2 (3.4)

3.07 (2.6)
3.06 (2.8)

0.16
0.68

† Admission source: Non-healthcare facilities include clinic referrals and admission from nonhealth care facilities including from home; Healthcare facility refers to transfer from another
hospital, ambulatory surgery center, hospice, skilled nursing or an intermediate care facility.
‡ Total days of understaffing is reported only for the patients who experienced understaffing
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Building predictive models using machine learning
Nine factors that indicated the difference between the patients with SSIs and those
without SSI derived from a chi-square or t-test, were included in the predictive model. They
were age, gender, hypertension, renal failure, postoperative hematoma, central venous
catheterization, type of health insurance, length of hospitalization, and ICU stay.
A. Logistic regression
Table 3.5 summarizes the results of the associations between the risk factors and SSIs
that were identified via bivariable/multivariable logistic regressions. Younger patients were more
likely to have SSI (OR, 0.99 [95% CI, 0.98-0.99]), and males were more likely to have SSIs than
females (OR, 1.35 [95% CI, 1.01 – 1.8]). Renal failure and postoperative hematoma were
associated with increased the odds of SSIs (OR, 2.3 [95% CI, 1.74 – 30.4], and OR, 3.97 [95%
CI, 2.59 – 6.08], respectively). However, patients with hypertension were less likely to have SSI
(OR, 0.62 [95% CI, 0.47 – 0.82]). In addition, having central venous catheterization was
associated with increased risk of SSIs (OR, 4.21 [95% CI, 3.1 – 5.72]). With regard to the types
of health insurance, only Medicaid status was associated with an increased risk of SSIs (OR 1.96
[95% CI, 1.19 – 3.24]). An extra day of hospitalization increased the odds of SSIs by 0.8% (OR
1.008 [95% CI, 1.001 – 1.015]), and patients with an ICU stay were more likely to have SSIs
than were those without SSIs (OR 1.76 [95% CI, 1.33 – 2.34]) (all p-values < 0.05). However, in
the multivariable logistic regression, gender, type of health insurance and the length of stay were
no longer significant (all p-values > 0.05).
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Table 3.5. Result of logistic regression analysis of risk factors for surgical site infection (n =
9,274)
Bivariable logistic
regression
OR (95% CI)
p-value
Demographics
Age, continuous
Age, categorized
Pediatrics (1-18 years)
Adults (19-64 years)
Elderly (≥ 65 years)
65-74 years
75-84 years
≥ 85 years
Gender
Male (reference=female)
Comorbidities
Related medical history
Hypertension (reference = no)
Renal failure (reference = no)
Postoperative hematoma
(reference = no)
Environmental factors
Procedure related factors
Central venous catheterization:
invasive procedure
(reference = no)
Socioeconomic status:
Health insurance
Commercial
Medicaid
Medicare
Other
Hospitalization related factors
Length of hospitalization,
continuous
ICU stay (reference = no)

0.99 (0.98-0.99)

<.0001

Multivariable logistic
regression
Adjusted OR
p-value
(95% CI)
0.98 (0.97-0.99)

<.0001

reference
2.27 (0.98-5.23)

0.06

1.27 (0.54-3.01)
0.94 (0.4-2.2)
0.77 (0.32-1.89)

0.59
0.88
0.57

1.35 (1.01-1.8)

0.04

1.29 (0.92-1.79)

0.14

0.62 (0.47-0.82)
2.3 (1.74-3.04)
3.97 (2.59-6.08)

<.001
<.0001
<.0001

0.66 (0.46-0.95)
2.25 (1.58-3.21)
3.84 (2.38-6.21)

0.026
<.0001
<.0001

4.21 (3.1-5.72)

<.0001

4.0 (2.69-5.94)

<.0001

reference
1.96 (1.19-3.24)
0.97 (0.67-1.41)
<.001

<.001
0.87
0.98

reference
1.44 (0.79-2.63)
1.58 (0.92-2.69)
<.001

0.24
0.09
0.98

0.018

0.99 (0.98-1.00)

0.07

<.0001

0.61 (0.42-0.9)

0.01

1.008 (1.0011.015)
1.76 (1.33-2.34)
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n/a

B. Decision tree
Figure 3.4 presents the decision-tree model with the highest predictive ability among the
five-fold-cross validation. The optimal decision tree was created via the 'pruning' process with
the following parameter adjustments: The degree of complexity was set at between 0.001 and
0.005, a minimum of 20 observations must exist in a node in order for a split to be attempted,
and there must be seven split nodes.
In this model, the presence of central venous catheterization was the first splitting
parameter, which means that this characteristic was the strongest discriminating factor. This was
followed by a length of stay of seven days or more, renal failure, an age of 78 years or more,
postoperative hematoma, hypertension and the type of health insurance (Medicare). As shown,
62% of patients were predicted to be at risk of SSI solely because of the presence of a central
venous catheterization. For patients who had had PPMs implanted and had not received central
venous catheterization, the likelihood of having a SSI was 1% (see the bottom left box). On the
other hand, the likelihood of having SSI was increased by up to 75% when the other identified
risk factors were added, although fewer than 1% of the patients were assigned to this group (see
the bottom right box). In the model, the presence of hypertension and type of health insurance
(Medicare) were not significantly affected to change the likelihood of having SSI (see the same
likelihood of the rightmost two boxes).
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Figure 3.4. The optimal prediction model in the decision tree
C. Support vector machine
In this study, the radial kernel function, which generates non-linear hyperplanes, was
used to determine the presence or absence of SSI. The parameters were tuned several times to
obtain the optimal support vector machine model. Overall among the models, the highest
prediction ability was obtained when the cost (C), which is used to control the cost of
misclassification in the training data was 10 and gamma (γ), which is used to determine the
boundaries and over/underfitting was in the range of 0.5 to 2.
Evaluation of the prediction ability
Table 3.6 provides a comparison of the prediction ability among the three models.
Overall, the logistic regression algorithm had the highest prediction ability with the largest AUC
at 72.9%, which suggests acceptable discrimination, and the decision tree and the support vector
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machine had the least ability to discriminate based on the AUC score. The support vector
machine had the highest sensitivity at 43.8%, but specificity, NPV and accuracy were similar in
the three model (over 98%, over 98% and over 96%, respectively). In addition, the support
vector machine had the highest PPV at 32.5%.
Table 3.6. Performance evaluation of three machine-learning algorithms
Running
dataset
1st

2nd

3rd

4th

5th

Overall

Machinelearning
algorithms
LR

Sensitivity

Specificity

PPV

NPV

Accuracy

AUC

0.135

0.98

0.123

0.982

0.963

0.803

DT

0.024

0.998

0.250

0.978

0.977

0.511

SVM

0.5

0.981

0.358

0.989

0.971

0.583

LR

0.175

0.981

0.162

0.983

0.965

0.658

DT

0.049

0.996

0.207

0.978

0.974

0.498

SVM

0.357

0.98

0.274

0.987

0.968

0.558

LR

0.195

0.982

0.181

0.983

0.966

0.728

DT

0.073

0.997

0.315

0.979

0.973

0.535

SVM

0.421

0.982

0.326

0.988

0.971

0.595

LR

0.152

0.981

0.143

0.983

0.965

0.72

DT

0.024

0.998

0.200

0.978

0.976

0.511

SVM

0.286

0.981

0.236

0.985

0.967

0.569

LR

0.128

0.981

0.12

0.982

0.963

0.737

DT

0.024

0.999

0.333

0.978

0.977

0.512

SVM

0.625

0.983

0.433

0.992

0.976

0.62

LR

0.157

0.981

0.146

0.983

0.964

0.729

DT

0.039

0.998

0.261

0.983

0.964

0.513

SVM
0.438
0.981
0.325
0.988
0.971
0.585
Note: LR: logistic regression; DT: decision tree; SVM: support vector machine; PPV: positive
predictive value; NPV: negative predictive value; AUC: area under the curve
Discussion
Recent developments in technology have led to leaps in medical diagnosis and computerassisted decision support has contributed to improved ability to make health-related decisions. In
this study, machine-learning algorithms (logistic regression, a decision tree, and a support vector
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machine) were used to predict SSI in patients with implanted PPMs and compare the predictive
ability of each algorithm. Research that uses a machine-learning approach to analyze large
datasets can provide reliable clinical insights, with the ultimate goal of decreasing health care
costs, increasing efficiency of service delivery, reducing operational time and improving patient
satisfaction and clinical outcomes (Corbett, 2017; Wiens & Shenoy, 2017).
While most of the risk factors identified in this large dataset have been previously
identified (e.g., renal failure, postoperative hematoma, ICU stay) (Alfonso-Sanchez et al., 2017;
Clarke & Donaldson, 2008; Klug et al., 2007; Polyzos et al., 2015; J. Song et al., 2020), others
such as obesity and temporary pacing wires and device replacement/revision were not identified
probably because they were under-reported by ICD-9-CM codes. In addition, hypertension that is
directly associated with the cardiovascular conditions leading to the need for PPM was
associated with a lower risk of SSI in this study, perhaps because it was correlated with other
measured or unmeasured factors. Nurse staffing was not associated with SSI in this study,
potentially because other factors such as surgical technique or post-operative wound care were
more important or because staffing was inadequately measured. Although the authors defined
understaffing as below 80% of the median of nursing hours per unit following the method in a
previous study (J. Shang et al., 2019), there is no standardized measure of appropriate nursing
hours. Because using the metric of nursing hours/patient-day does not necessarily measure the
intensity of nursing care-needs, measures of staffing are needed to account for variations in the
intensity of patient care requirements.
The purpose of machine learning approaches is to construct generalizable computational
models (Reitermanová, 2010). Many previous studies of machine learning to identify risk factors
have used a case-control design (ratio 1:1 to 1:4) (Chen, Lin, & Yang, 2020; Meyer et al., 2018;
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Taninaga et al., 2019), but in this study we attempted to find appropriate methods for real-time
applications of machine learning in low-prevalence diseases such as SSI. Thus, the stratified
random splitting by the number of cases of SSI, cross-validations, and sophisticated parameter
adjustments were used to improve the predictive models. However, researchers should explore
further strategies to improve predictive ability when the data has a large difference in proportion
between case and non-case.
In this study, two machine-learning algorithms in addition to the more traditional logistic
regression modeling were tested, and logistic regression resulted in the best predictive ability
with highest AUC. High accuracy, however, is not the best parameter to use for evaluating these
models because it is useful primarily when applied to symmetrical datasets in which the false
positive and false negative rates are almost the same, such as case-control study designs (Li, Hu,
Lin, & Yeh, 2017; Sun, Wong, & Kamel, 2009). Moreover, although both the decision tree and
support vector machine models had low AUC, they had high specificity and therefore more
effective for ruling-out negative patients in low-prevalence diseases or conditions such as SSI.
Despite that this study showed the comparison of three predictive models, it has very limited
clinical implications because of the low predictability of models (i.e., low PPV). This might have
been related to the lack of available information within the dataset. Therefore, future researchers
may improve the model by incorporating text data from clinical notes through natural language
processing.
Machine-learning algorithms, including decision trees and support vector machines, also
had distinctive strengths. A decision tree is visually intuitive, allowing comprehensible
classification. In addition, as seen in the decision tree developed in this study, the process by
which the cumulative risk factors increased the risk of SSI was also clearly shown. Thus, in
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terms of usability, a decision tree is useful for clinical decision-making because healthcare
providers are able to follow the decision pathway (de Laat, 2018). On the other hand, a support
vector machine is preferable to decision trees in datasets which have more potential risk factors
with a small sample size because it utilizes the multidimensional data space for classification
(Joachims, 2002). Thus, a further algorithm based on the decision tree or support vector machine,
or in combination with other algorithms, is warranted to improve predictive ability and to take
advantage of the strengths of each model.
Limitation
As with any study using a retrospective design, associations can be identified but not
causality. Furthermore, unidentified factors not included in the dataset might have confounded
some of the associations identified. Because ICD-9-CM codes were used to identify
comorbidities, it is likely that some factors (e.g., obesity) may have been under-reported and
were therefore not included in the analysis. The multi-level analysis by type of unit might be an
elaborate method to assess the association between nurse staffing and the risk of SSIs. However,
it was not feasible because the sample size of each class was too small to build the predictive
models based on the result in the multi-level analysis. Lastly, external validity is uncertain
because these algorithms were developed and tested on data from three geographically similar
hospitals.
Conclusion
In this study, advanced machine-learning algorithms were used to build prediction
models by analyzing the risk factors for SSIs. Each algorithm had its strengths and weaknesses in
terms of accurate prediction, and interpretable clinical decision support. However, logistic
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regression was more accurate for predicting low-prevalence diseases such as healthcareassociated infections.
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Chapter 4 : Temporal Change of Risk Factors in Hospital-Acquired Clostridioides difficile
Infection Using Time-trend Analysis
Abstract
Objective
Given recent changes in the epidemiology of Clostridioides difficile infection (CDI) and
prevention efforts, the aim of this study was to investigate temporal changes over a period of 11
years (2006 to 2016) in incidence and risk factors for CDI.
Design
Retrospective matched case-control study.
Setting/Patients
Pediatric and adult inpatients (n = 694,849) discharged from a tertiary/quaternary care
hospital, community hospital, and acute care children’s hospital in large academic health center
in New York City.
Methods
Risk factors were identified through a matched case-control by the length of stay at a
ratio of 1:4. A Cochran–Armitage or Mann-Kendall test was used to investigate trends of
incidence and risk factors.
Result
6,038/694,849 (0.87%) inpatients had CDI: 44.04% were hospital acquired-CDI (HACDI) and 55.96% were community acquired-CDI (CA-CDI). It showed down-trends in HA-CDI
(-0.03% per year), but up-trends in CA-CDI (+0.04% per year). Antibiotics were administered to
more patients (+3% per year). The use of high-risk antibiotic declined (–1.2% per year), while its
duration increased in patients with HA-CDI (+4.4% per year). A reduction of proton pump
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inhibitors and increased use of histamine-2 blockers were found (-3.8% and +7.3% per year) (all
Ptrend <.05).
Conclusion
While the incidence of HA-CDI appears to be decreasing over time, CA-CDI is
simultaneously increasing. Continued efforts to assure judicious use of antibiotics in inpatient
and community settings is clearly vital. Measuring the actual the level of exposure (incidence
density) of an antibiotic should be used for ongoing surveillance and assessment of risk factors.
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Introduction
Clostridioides difficile (C. difficile) is a major cause of healthcare-associated infection
which induces colonic mucosal injury and inflammation, resulting in diarrhea which is often
serious and prolonged in patients within health facilities (Burke & Lamont, 2014; Kelly &
LaMont, 1998; Riddle & Dubberke, 2009). The infection can easily be spread to other patients in
the healthcare facility as well as others in the environment (Martin, Monaghan, & Wilcox, 2016).
C. difficile infection (CDI) occurs in approximately 500,000 individuals, accounting for
approximately 12 percent of all HAIs in the United States annually (CDC, 2016; Lübbert et al.,
2014). CDI increases not only the risk of adverse outcomes such as prolonged length of stay and
increased mortality rate (Lessa et al., 2015; van Kleef et al., 2014; Zahar et al., 2012), but also
incurs considerable economic burden (e.g., additional or prolonged hospitalization, medical
treatment for procedures, or medication) (Desai et al., 2016).
In the past few decades, the epidemiology of CDI has evolved. The incidence and
severity of CDI continue to rise (Depestel & Aronoff, 2013; Kelly & LaMont, 2008). This
corresponds to the emerging of a new hypervirulent strain, known as PCR ribotype 027,
toxinotype III, pulsed-field gel electrophoresis pattern North American pulsed-field type 1,
which has high-level fluoroquinolone resistance (L. C. McDonald et al., 2005; Novak-Weekley
et al., 2010; Warny et al., 2005). That is, C. difficile has become a particularly problematic
pathogen in health care settings as a result of its toxin production, efficient transmission, and
widespread resistance to antibiotics.
On the other hand, ongoing efforts to prevent CDI such as antibiotic stewardship
programs, contact precautions, hand hygiene, patient and caregiver education may have resulted
in reducing the rate of CDI (Balsells et al., 2016; Patton et al., 2017; Wenisch et al., 2014).
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However, because it is difficult to identify the specific time when prevention strategies were
started and the extent to which they are followed in various clinical settings, demonstrating the
real-world impact of interventions remains challenging.
The major risk factor for developing CDI is associated with broad-spectrum antibiotic
therapy; thus, CDI is considered a potential adverse effect of exposure of antibiotics (Bartlett &
Gerding, 2008). In addition to antibiotic exposure, other medications (e.g., proton pump
inhibitors, histamine-2 blockers, antacids, or laxatives) which influence the gastric pH or gut
bacteria also increase the risk for CDI (Eze et al., 2017; Trifan et al., 2017). Some individuallevel host factors also associated with increased risk for CDI include age, gender, and
comorbidities (e.g., peptic ulcer disease, inflammatory bowel disease, diabetes mellitus, renal
failure, chronic obstructive pulmonary disease, cancer, transplant, and previous history of CDI
history) (Eze et al., 2017). Multiple studies have demonstrated that C. difficile can readily
contaminate the hospital environment and transmission can occur directly or indirectly from
contact or contaminated surfaces (Bobulsky, Al-Nassir, Riggs, Sethi, & Donskey, 2008; Weber,
Anderson, & Rutala, 2013). Hence, environmental factors are also associated with risk of CDI
(Freedberg et al., 2016).
Although studies have been conducted to elucidate the pathogenesis and risk factors of
CDI, there are very few studies assessing temporal changes in the prevalence or risk factors
associated with CDI. Given recent changes in the incidence of CDI and prevention efforts, a
time-trend analysis should be useful (Birnbaum et al., 1997). Thus, the aim of this study was to
investigate temporal changes over a period of 11 years— from 2006 to 2016—in incidence and
risk factors for C. difficile.
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Method
Sampling and setting
The sample for this study includes both pediatric and adult inpatients discharged from
one of three hospitals in metropolitan New York City between January 1, 2006, and December
31, 2016. The hospitals include an 862-bed a tertiary/quaternary care hospital with both adult and
pediatric wards, a 196-bed community hospital, and a 269-beds acute care children’s hospital,
totaling over 100,000 patient admissions annually.
Description of dataset
The dataset is derived from a federally funded grant (Nursing Intensity of Patient Care
Needs and Rates of Healthcare-Associated Infections [NIC-HAI], Agency for Healthcare
Research and Quality, R01 HS024915). It was extracted from various electronic databases (e.g.,
admission-discharge-transfer system, electronic health record, a clinical data warehouse,
departmental records). By linking to unique individual identification numbers, the data consists
of 1,213,949 hospitalization from 731,499 individuals with over 300 variables including patient
information and conditions. This study was approved by the Columbia University Irving Medical
Center institutional review board.
Definitions and Outcomes
Trends in the total incidence of CDI, hospital-associated CDI (HA-CDI), and
community-associated CDI (CA-CDI) were examined. In the study institutions, the patient with
CDI was identified until September 1, 2009 as having a positive toxin detection by enzyme
immunoassay (EIA) from an unformed stool; after September 2009 the more sensitive Cepheid
Xpert real-time polymerase chain reaction (PCR) test was used.
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The total CDI rate includes all positive stool specimen collected during the
hospitalization, both hospital- and community-associated CDI. HA-CDI was defined as CDI not
present on admission but diagnosed ≥3 calendar days after admission; CA-CDI was present on
admission or diagnosed <3 calendar days of admission. In cases of multiple admissions of the
same individual, consecutive positive C. difficile stool specimens occurring <2 weeks since the
previous positive diagnosis were excluded for all three types of CDI. Because the more sensitive
PCR test has been used in this institution since September 1, 2009, the incidence of CDI is
separately presented pre-/post-PCR test to investigate its trend.
Risk factors
Table 4.1 lists the risk factors, which include individual-level host factors such as
demographic and comorbidities and environmental factors (e.g., medications, therapeutic
treatments and interventions).
A. Host factors
The individual-level host factors include demographic characteristics and comorbidities.
The demographic factors include age on admission and gender. Comorbidities include peptic
ulcer disease, inflammatory bowel disease, history of CDI, diabetes, renal failure, chronic
pulmonary disease, history of cancer and history of solid organ transplant as identified by ICD-9CM, Principal Procedure Codes.
B. Environmental factors
The most important pharmacologically-related environmental factor is antibiotic
exposure which was measured in several ways. First, whether a patient received any antibiotic
(yes/no) was measured. The list of antibiotics included in this study are listed in Table 4.2. Three
other measures of antibiotic use were also measured: (a) ‘days of antibiotic exposure,’ the
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cumulative total days of antibiotic therapy per 100 patient-days, or incidence density (defined
daily dose per 100 patient days, DDD/100PD) was calculated among the patients who were
exposed to the pharmacological agents (i.e., patients at risk); (b) ‘number of antibiotic courses'
was calculated by counting the number of interrupted courses of antibiotics separated by ≥48hour antibiotic-free interval between antibiotic exposures among the patients who received
antibiotics; and (c) the ‘use of high-risk antibiotics’ which have been previously associated with
increased risk of CDI. High risk antibiotics included eight classes: aminoglycosides (amikacin),
broad-spectrum penicillins, carbapenem, cephalosporins (except first generation), clindamycin,
fluoroquinolones, glycylcycline (tigecycline), and monobactam (aztreonam) (Aldeyab et al.,
2012; Khademi & Sahebkar, 2019; Slimings & Riley, 2013; Thomas, Stevenson, & Riley, 2003;
Weiss et al., 2007; Wilcox, 2007). The DDD/100PD of high-risk antibiotic use per each
admission were calculated. Also, ‘combination therapy of high-risk antibiotics’ was measured.
The number of different classes of high-risk antibiotics was calculated during each
hospitalization. In addition to the antibiotic exposure, the recipient and DDD/100PD in each
admission of was also examined for proton pump inhibitors, histamine-2 blockers, antacids, and
laxatives/enema.
Other environmental factors included were (1) prior stay in a skilled nursing facility and
prior hospitalization within the previous 6 months and (2) factors related to current
hospitalization: length of stay prior to infection and whether the stay was in an intensive care
unit. These variables were measured up to one day prior to C. difficile diagnosis for C. difficile–
positive group or until hospital discharge for the C. difficile–negative group.
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Table 4.1. Definitions and data sources for predictors for Clostridioides difficile (C. difficile)
Components
(epidemiological triad)
Host factors

Categorized risk factor
Individuallevel factors

Demographic

Comorbidities

Possible predictors

Definition

Source of data

Age

Age on admission

Electronic health
record (EHR)

Continuous
(median)

Gender

Gender (female/male)

EHR

Categorical to
continuous
(proportion male)

Peptic ulcer disease

History of peptic ulcer
disease (yes/no)

ICD-9-CM: 533.x –
534.x

Inflammatory bowel
disease (i.e., Crohn’s
disease and ulcerative
colitis)
Previous C. difficile
infection

History of inflammatory
bowel disease (yes/no)

Diabetes mellitus

History of diabetes
mellitus (yes/no)

ICD-9-CM: 555.0,
555.1, 555.2, 555.9
ICD-9-CM: 556.0556,6, 556,8,556,9
The previous
recorded C. difficile
infection in case of
multiple admissions,
or ICD-9-CM:
008.45 in previous
admission record
EHR

Categorical to
continuous
(proportion of
patients having
medical history)

Renal failure

History of renal failure
EHR
(yes/no)
History of chronic
ICD-9-CM: 416.8,
pulmonary disease
416.9, 490.x–505.x,
(yes/no)
506.4, 508.1, 508.8
History of cancer (yes/no) EHR

Chronic pulmonary
disease
Cancer
Solid organ transplant
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History of C. difficile
infection (yes/no)

History of solid organ
transplant (yes/no)

EHR

Variable type

Environment
al factors

Pharmacologically
related
factors

Antibiotics
exposure

Received antibiotic

Received any type of
antibiotic (yes/no)

Days of antibiotic
exposure

Days of antibiotic therapy
per 100 patient-days
(DDD/100PD) in each
admission
The number of
interrupted courses of
antibiotics in each
admission

Continuity of
antibiotic exposure

Risk classification:
Low risk of antibiotic

Received any type of
low-risk antibiotics
(yes/no)
DDD/100PD of low-risk
antibiotics in each
admission

Risk classification:
High risk of antibiotic

Received any type of
high-risk antibiotics, and
then calculated

separately for each
class of high-risk
(yes/no)
DDD/100PD of high-risk
antibiotics, and then
calculated separately for
each class of high-risk in
each admission
Risk classification:
High risk of antibiotic
 Combination
therapy of highrisk antibiotics
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The number of
administrated different
classes of high-risk
antibiotics

Medication
administration
record

Continuous
(mean) or
categorical to
continuous
(proportion)

Other type of
medication

Proton-pump inhibitor
(PPI)

Received PPI (yes/no)

Histamine-2 blocker
(H2 blocker)

Received H2 blocker
(yes/no)

DDD/100PD of PPI
therapy in each admission

DDD/100PD of H2
blocker use in each
admission
Received antacids
(yes/no)

Antacids

DDD/100PD of antacids
use in each admission
Laxatives and enemas

Socioeconomic
status

Socioeconomic
status

Health insurance

Exposure to
hospitalenvironment
factors

Prehospitalization

Admission-source

Prior hospitalization

Received laxatives and
enemas (yes/no)
DDD/100PD of laxatives
and enemas use in each
admission
Type of health insurance
(Commercial, Medicaid,
Medicare, Other)
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EHR

Categorical to
continuous
(proportion of
patients having
each type of
insurance)

Type of admission
sources (hospital
healthcare facility, other
healthcare facility, nonhealthcare facility, other)

EHR

Prior hospitalization
within 6 months (yes/no)

EHR

Categorical to
continuous
(proportion of
patients exposed
to pre-hospital
environment
factors)

Related to
Length of stay
hospitalization

Intensive care unit
(ICU) stay
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Length of hospitalization
until: 1) C. difficile
diagnosis for C. difficile–
positive group; 2)
discharge for C. difficile–
negative group

EHR

Continuous
(median)

ICU stay (yes/no)

EHR

Categorical to
continuous
(proportion ICU
stay)

Table 4.2. Antibiotics included in analysis
All antibiotics

amikacin; ampicillin; amoxicillin; amoxicillin/clavulanate; ampicillin/sulbactam;

included in

azithromycin; aztreonam; carbenicillin; cefadroxil; cefazolin; cefepime; cefixime;

analysis

cefotaxime; cefotetan; cefoxitin; cefpodoxime; ceftaroline; ceftazidime;
ceftazidime/avibactam; ceftriaxone; ceftolozane/tazobactam; cefuroxime;
cephalexin; cilastatin/imipenem; ciprofloxacin; clarithromycin; clindamycin;
daptomycin; delafloxacin; doripenem; doxycycline; ertapenem; erythromycin;
gentamicin; imipenem; levofloxacin; linezolid; meropenem; minocycline;
moxifloxacin; oxacillin; penicillin G; piperacillin/tazobactam; polymyxin B;
tetracycline; ticarcillin; ticacillin/clavulanate; tigecycline; trimethoprim
(TMP)/sulfamethoxazole; vancomycin (except oral)

Antibiotics

amikacin; amoxicillin/clavulanate; ampicillin/sulbactam; aztreonam; carbenicillin;

designated as

cefepime; cefixime; cefotaxime; cefotetan; cefoxitin; cefpodoxime; ceftaroline;

high risk

ceftazidime; ceftazidime/avibactam; ceftriaxone; ceftolozane/tazobactam;
cefuroxime; cilastatin/imipenem; ciprofloxacin; clindamycin; delafloxacin;
doripenem; ertapenem; imipenem; levofloxacin; meropenem; moxifloxacin;
piperacillin; piperacillin/tazobactam, ticarcillin; ticacillin/clavulanate; tigecycline
aminoglycoside

amikacin

broad-spectrum

amoxicillin/clavulanate; ampicillin/sulbactam;

penicillins

carbenicillin; piperacillin; piperacillin/tazobactam,
ticarcillin; ticacillin/clavulanate

carbapenem

cilastatin/imipenem; doripenem; ertapenem; imipenem;
meropenem;

cephalosporins (except
st

1 generation)

cefepime; cefixime; cefotaxime; cefotetan; cefoxitin;
cefpodoxime; ceftaroline; ceftazidime;
ceftazidime/avibactam; ceftriaxone;
ceftolozane/tazobactam; cefuroxime

clindamycin

clindamycin

fluoroquinolones

ciprofloxacin; delafloxacin; levofloxacin; moxifloxacin;

glycylcycline

tigecycline

monobactam

aztreonam
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Statistical analyses
Time trend for CDI incidence: The incidence of CDI was calculated as the annual number
of CDI occurrences per 10,000 admissions. To examine temporal trends in CDI incidence, the
Cochran–Armitage test for trend was used. Statistical significance was set at alpha level of < .05
The potential risk factors for HA-CDI: Because of the change of laboratory diagnostic
method for CDI, only the period after implementation of the PCR test (09/01/2009 to
12/31/2016) was included in the risk factor analysis. Also, patients where were <1 years of age
and those whose length of hospitalization was < 3 days were excluded. Descriptive statistics for
host and environmental risk factors were presented as means with standard deviations (SD) or
medians with interquartile ranges (IQR) for continuous variables and frequencies with
proportions for categorical variables (Table 4.1). Using simple logistic regression, the
association between the overall CDI incidence and each potential risk factor was analyzed.
Because multicollinearity was identified between the length of stay and the total
cumulative days of pharmacological risk factors, patients with and without HA-CDI were
matched by length of stay at a ratio of 1:4. For patients with HA-CDI, length of stay was
calculated as the days from admission to C. difficile diagnosis; for non-cases, length of stay was
from admission to discharge. Then, using multivariable logistic regression, the relationship
between HA-CDI and the pharmacological risk factors was analyzed, adjusting for potential
confounders identified as statistically significant in the bivariate association analysis (p < .05) in
the previous simple logistic regression. Direction and effects are estimated with the odds ratios
(ORs) and 95% confidence intervals (CIs).
Temporal changes in trends of risk factors for HA-CDI: Each risk factor was
independently assessed for temporal changes over time using Mann-Kendall trend tests for
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continuous variables (e.g., days of antibiotics exposure) and Cochran–Armitage test for
categorical variables (e.g., administration of antibiotics). All statistical analyses were performed
using SAS version 9.4 (SAS Institute, Inc. Cary, NC).
Results
Incidence of C. difficile infection
A total of 694,849 admissions to one of three hospitals in metropolitan New York City
between 2006 and 2016 were included in the analysis. After excluding duplicate episodes,
6,038/694,849 (0.87%) patients had a test positive for C. difficile during their hospitalization. Of
these, 2,659/6,038 (44.04%) were identified as HA-CDI (38/10,000 admissions) and just over
half (3,379/6,038, 55.96%) were identified as CA-CDI, accounting for 3,379/697,849 (0.48%) of
all admissions.
Temporal changes in incidence of C. difficile infection
Over the entire 11 years that did not reflect the implication of PCR test, the incidence of
total CDI seemed to increase by 0.27 cases per 100 admissions each year (95% CI 0.24–0.29;
ptrend < .001): increasing by 0.08 cases per 100 admissions per year in HA-CDI and by 0.19 cases
per 100 admissions per each year in CA-CDI (95% CI 0.06–0.1 and 0.17–0.21, respectively, all
ptrend < .001). However, the trend in incidence rates differed when data were analyzed separately
before and after the implementation of the PCR test; there was no trend in total incidence of CDI
observed when analyses were conducted separately for the pre- and post-PCR periods (all ptrend >
.05). Figure 4.1 summarizes the temporal changes in total CDI incidence, the total HA-CDI
incidence and the total CA-CDI incidence: (a) the overall total and (b) stratified by pre- and
post-PCR periods. After stratifying the change to a more sensitive diagnostic test, the temporal
change in the incidence rate of HA-CDI was slightly decreased by 0.03 cases per 100 admissions
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annually in both the pre-/post-PCR test period (ptrend 0.06 and 0.04, respectively); ; while the
incidence rate of CA-CDI was increased by 0.03% and 0.04% annually at the same periods.
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Figure 4.1. Temporal changes in the incidence rate of total CDI, HA-CDI and CA-CDI
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Cohort demographics
Table 4.3 summarizes the characteristics of the patients included in these further
analyses. The median age was 59 years (IQR = 36 years), 6 years older in patients with HA-CDI
than those without. There was a higher proportion of patients over 65 years with HA-CDI (48.5
vs 41.2%). Overall, 53.2% of patients were female, but there was a larger proportion of males
among those with HA-CDI (51.1 vs. 46.7%). The median Charlson score was significantly
higher in the patients with HA-CDI (6 [IQR = 5.0] vs. 4 [IQR = 5.0]), including comorbidities
such previous history of CDI, diabetes, renal failure, chronic pulmonary disease, cancer, and
transplant. Most patients (83.2%) were not admitted from a healthcare facility, but a larger
proportion of those with HA-CDI were transferred from another hospital or healthcare facility
(25.3 vs. 16.7%) and who had a history of hospitalization within the previous 6 months (48.2 vs.
36.0%). There was also a higher proportion of patients who had Medicare among those with HACDI (57.6 vs. 48.6%). A larger proportion of patients who acquired an HA-CDI had an ICU stay
(50.2 vs. 20.0%), and the median length of stay was about 2 days longer in the patients who
acquired HA-CDI (9 days [IQR = 10.0] vs. 7 days [IQR = 6.0]) (all p < .001).
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Table 4.3. Characteristics of the study subjects whose age ≥ 1 and length of stay ≥ 3 in the postPCR period.
Total
(n = 184,261)
Demographics
Age, median (IQR)
Age, n (%)
Pediatrics (1-18 years)
Adults (19-64 years)
Elderly (≥ 65 years)
65-74 years
75-84 years
≥ 85 years
Gender, n (%)
Male
Comorbidities, n (%)
Previous CDI history
Severity of illness:
Charlson score, median (IQR)
Medical history, n (%)
Peptic ulcer disease
Inflammatory bowel disease
Diabetes
Renal failure
Chronic pulmonary disease
Cancer
Solid organ transplant
Environmental factor
Admission source, n (%)
Non-healthcare facility
Healthcare facility (Hospital)
Healthcare facility (Others)
Other
Socioeconomic status:
Health insurance, n (%)
Commercial
Medicaid
Medicare
Other
Hospitalization related factor
Pre-hospitalization within
6 months, n (%)
Length of hospitalization,
median (IQR)
ICU stay, n (%)

Hospital-acquired CDI
With HA-CDI
Without HA(n = 2,027)
CDI
(n = 182,234)

59 (36.0)

64 (29.0)

59 (36.0)

15,071 (8.2)
93,067 (50.5)
76,123 (41.3)
31,731 (17.2)
26,940 (14.6)
17,452 (9.5)

198 (9.8)
846 (41.7)
983 (48.5)
431 (21.3)
348 (17.2)
204 (10.1)

14,873 (8.2)
92,221 (50.6)
75,140 (41.2)
31,300 (17.2)
26,592 (14.6)
17,248 (9.5)

P-value
(χ2 or
Wilcoxon)
<.0001
<.0001

<.0001
86,169 (46.8)

1,036 (51.1)

85,133 (46.7)

8,235 (4.5)

623 (30.7)

7,612 (4.2)

<.0001

4 (5.0)

6 (5.0)

4 (5.0)

<.0001

1,113 (0.1)
1,078 (0.6)
43,853 (23.8)
50,010 (27.1)
39,364 (21.4)
27,015 (14.7)
2,892 (1.6)

16 (0.8)
10 (0.5)
587 (29.0)
1,089 (53.7)
528 (26.1)
437 (21.6)
85 (4.2)

1,097 (0.6)
1,068 (0.6)
43,266 (23.7)
48,921 (26.9)
38,836 (21.3)
26,578 (14.6)
2,807 (1.5)

0.2496
0.7683
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

153,192 (83.2)
25,957 (14.1)
4,877 (2.7)
80 (0.04)

1,511 (74.7)
431 (21.3)
81 (4.0)
1 (0.05)

151,681 (83.3)
25,526 (14.0)
4,796 (2.6)
79 (0.04)
<.0001

39,929 (21.7)
52,895 (28.7)
89,094 (48.4)
2,336 (1.3)

384 (18.9)
460 (22.7)
1,167 (57.6)
16 (0.8)

39,545 (21.7)
52,435 (28.8)
87,927 (48.3)
2,320 (1.3)

66,557 (36.1)

976 (48.2)

65,581 (36.0)

<.0001

7 (6.0)

9 (10.0)

7 (6.0)

<.0001

37,387 (20.3)

1,018 (50.2)

36,369 (20.0)

<.0001
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Risk factors for HA-CDI
A. Individual and environmental risk factors for hospital-acquired CDI
The results of the bivariate analyses comparing the cases and comparison patients
matched 1:4 by length of stay are displayed in Table 4.4. All factors except the presence of
peptic ulcer or inflammatory bowel disease were significantly different between those with and
without HA-CDI.
Table 4.4. Association between individual/environmental factors and risk of HA-CDI (simple
logistic regression): Matched case-control at a ratio of 1:4 by length of stay
CDI Status
Total
(n = 9,912)

Bivariate logistic
regression

With HA-CDI
(n = 2,021)

Without HACDI
(n = 7,891)

OR (95% CI)

P
value

61 (33.0)

64 (29.0)

60 (34.0)

1.005 (1.0031.007)

<.0001

823 (8 .3)
4,839 (48.8)
4,250 (42.9)
1,820 (13.4)
1,550 (15.6)
880 (8.9)

197 (9.8)
842 (41.7)
982 (48.6)
431 (21.3)
347 (17.2)
204 (10.1)

626 (7.9)
3,997 (50.7)
3,268 (41.4)
1,389 (17.6)
1,203 (15.3)
676 (8.6)

4,844 (48.9)

1,034 (51.2)

3,810 (48.3)

1.13 (1.02-1.24)

0.01

999 (10.1)

622 (30.8)

377 (4.8)

8.85 (7.7-10.19)

<.0001

5 (5.0)

6 (5.0)

5 (5.0)

1.1 (1.08-1.11)

<.0001

83 (0.8)

16 (0.8)

67 (0.9)

0.93 (0.54-1.12)

0.81

68 (0.7)

10 (0.5)

58 (0.7)

0.67 (0.34-1.32)

0.25

2,423 (24.5)
3,432 (34.6)
2,344 (23.7)
1,653 (16.7)
226 (2.3)

586 (29.0)
1,085 (53.7)
526 (26.0)
437 (21.6)
82 (4.1)

1,837 (23.3)
2,347 (29.7)
1,818 (23.0)
1,216 (15.4)
144 (1.8)

1.35 (1.21-1.5)
2.74 (2.48-3.03)
1.18 (1.05-1.32)
1.52 (1.34-1.71)
2.25 (1.71-2.97)

<.0001
<.0001
0.0048
<.0001
<.0001

Demographics
Age, median (IQR)
Age, n (%)
Pediatrics (1-18 years)
Adults (19-64 years)
Elderly (≥ 65 years)
65-74 years
75-84 years
≥ 85 years
Gender, n (%)
Male
Comorbidities, n (%)
Previous CDI history
Severity of illness:
Charlson score,
median (IQR)
Medical history, n (%)
Peptic ulcer disease
Inflammatory bowel
disease
Diabetes
Renal failure
Chronic lung disease
Cancer
Solid organ transplant
Environmental factor
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Admission source,
n (%)
Non-healthcare facility
Healthcare facility
(Hospital)
Healthcare facility
(Others)
Other
Socioeconomic status:
Health insurance, n (%)
Commercial
Medicaid
Medicare
Other
Hospitalization related
factor
Pre-hospitalization
within 6 months, n (%)
ICU stay, n (%)

<.0001
7,942 (80.2)

1,507 (74.7)

6,435 (81.6)

reference

1,676 (16.9)

429 (21.3)

1,247 (15.8)

1.47 (1.3-1.66)

279 (2.8)

81 (4.0)

198 (2.5)

1.75 (1.34-2.78)

7 (0.1)

1 (0.1)

6 (0.1)

0.71 (0.09-5.92)
<.0001

2,059 (20.8)
2,733 (27.6)
5,009 (50.5)
111 (1.1)

381 (18.9)
459 (22.7)
1,166 (57.7)
15 (0.7)

1,678 (21.3)
2,274 (28.8)
3,843 (48.7)
96 (1.2)

reference
0.89 (0.77-1.04)
1.34 (1.18-1.52)
0.69 (0.4-1.2)

3,881 (39.2)

974 (48.2)

2,907 (36.8)

1.59 (1.44-1.76)

<.0001

2,876 (29.0)

1,013 (50.1)

1,863 (23.6)

3.25 (2.94-3.6)

<.0001

B. Medications and HA-CDI
The results of the multivariable logistic regression assessing the relationship between
exposure to antibiotics, proton pump inhibitors, histamine-2 blockers, antacids, and laxatives and
enemas and HA-CDI are summarized in Table 4.5. In this model, age, gender, previous CDI
history, Charlson score, admission source, health insurance, pre-hospitalization within 6 months
and ICU stay were adjusted.
A total of 7,053/9,912 (71.2%) patients received antibiotics at least once during their
hospitalization: 1,797/2,021 (88.9%) among those with HA-CDI and 5,256/7,891 (66.6%) among
those without HA-CDI. Overall, antibiotics were administrated for 67.7 days/100 patient-days,
10.3 days/100 patient-day longer in the group with HA-CDI. Antibiotic exposure and longer
antibiotic administration were associated with increased the odds of HA-CDI (OR, 2.76 [95%
CI, 2.35–3.25] and OR, 1.009 [95% CI, 1.007–1.011], respectively). The odds of HA-CDI were
greater among patients who received both low- and high-risk antibiotics as compared with those
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who received no antibiotics (OR, 2.19 [95% CI, 1.84–2.61] and OR, 3.32 [95% CI, 2.8–3.93],
respectively).
Among all antibiotic recipients, 5,533/7,053 (78.5%) received high-risk antibiotics;
1,631/1,797 (90.8%) in the group with HA-CDI and 3,902/5,266 (74.2%) in the group without
HA-CDI (OR, 2.59 [95% CI, 2.16–3.01]). Receiving high-risk antibiotics for longer periods of
time was associated with HA-CDI (OR, 1.009 [95% CI, 1.008–1.010]). Among the specific type
of high-risk antibiotics, only broad-spectrum penicillins and carbapenem were associated with
increased the odds of HA-CDI (OR, 1.92 [95% CI, 1.70–2.17] and OR, 1.39 [95% CI, 1.16–
1.68], respectively). Patients who developed HA-CDI received significantly more DDD/100PD
of broad-spectrum penicillins or fluoroquinolones than controls (OR, 1.005 [95% CI, 1.003–
1.008] and OR, 1.006 [95% CI, 1.001–1.011], respectively). There was no clear trend in the risks
of HA-CDI among patients who received multiple classes of antibiotics when compared with
those receiving a ‘low risk’ antibiotic: one class of high-risk antibiotic (OR, 2.45 [95% CI, 2.03–
2.96]); two classes of high-risk antibiotics (OR, 3.06 [95% CI, 2.49–3.75]); three classes of highrisk antibiotics (OR, 2.57 [95% CI, 1.95–3.39]) (all p < .05).
The odds of HA-CDI in patients receiving PPI was 60% higher than those not receiving
PPI and the odds of HA-CDI was 0.5% higher by receiving additional DDD/100PD (OR, 1.6
[95% CI, 1.42–1.81] and OR, 1.005 [95% CI, 1.004–1.007], respectively). Receiving histamine-2
blockers also increased the odds of HA-CDI (OR, 1.21 [95% CI, 1.06–1.37]). However, patients
who received more DDD/100PD of laxatives or enemas were less likely to have HA-CDI
(OR, 0.996 [95% CI, 0.994–0.998]) (all p < .05).
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Table 4.5. Association between therapeutic agents and risk of HA-CDI (multivariable logistic regression)
Total
(n = 9,912)
Antibiotics exposure
Received antibiotic therapy
Received any (vs. not received)
Low-risk (vs. not received)
High-risk (vs. not received)
High risk (vs. low-risk antibiotics) *
Total cumulative antibiotic days/100 patientday (DDD/100PD)
DDD/100PD of total antibiotics
DDD/100PD of low-risk antibiotics
DDD/100PD of high-risk antibiotics
Number of individual blocks of antibiotic
administration *
Stratified the type of high-risk antibiotic
 Aminoglycoside (Amikacin) *
DDD/100PD
 Broad-spectrum penicillin *
DDD/100PD
 Carbapenem *
DDD/100PD
 Cephalosporins *
DDD/100PD
 Clindamycin *
DDD/100PD
 Fluoroquinolones *
DDD/100PD

Hospital-acquired CDI
With HA-CDI Without HA(n = 2,021)
CDI
(n = 7,891)

Adjusted OR †
(95% CI)

Pvalue

n (%)
n (%)
n (%)
n (%)

7,053 (71.3)
3,477 (35.1)
3,576 (36.1)
5,533 (78.5)

1,797 (88.9)
729 (36.1)
1,068 (52.9)
1,631 (90.8)

5,256 (66.6)
2,748 (34.8)
2,508 (31.8)
3,902 (74.2)

2.76 (2.35-3.25)
2.19 (1.84-2.61)
3.32 (2.8-3.93)
2.59 (2.16-3.01)

<.0001
<.05
<.0001
<.0001

mean (SD)
mean (SD)
mean (SD)

67.71 (34.6)
32.79 (27.2)
65.7 (34.0)

75.37 (37.7)
29.91 (25.5)
69.67 (33.9)

65.09 (34.9)
33.56 (27.6)
64.04 (34.0)

1.009 (1.007-1.011)
0.999 (0.995-1.002)
1.006 (1.004-1.008)

<.0001
0.43
<.0001

mean (SD)

1.43 (1.1)

1.47 (1.0)

1.41 (1.1)

0.95 (0.9-1.004)

0.07

n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)

45 (0.6)
33.34 (31.6)
3,648 (51.7)
53.65 (34.0)
649 (9.2)
44.68 (32.3)
1,964 (27.9)
42.69 (32.2)
283 (4.0)
40.06 (31.0)
1,098 (15.6)
35.06 (29.3)

19 (1.1)
30.18 (29.3)
1,196 (66.6)
55.6 (34.4)
260 (14.5)
44.89 (34.4)
582 (32.4)
41.61 (30.9)
52 (2.9)
37.38 (31.5)
298 (16.6)
36.63 (31.4)

26 (0.5)
35.65 (33.5)
2,452 (46.7)
52.7 (33.8)
389 (7.4)
44.53 (30.8)
1,382 (26.3)
43.14 (32.7)
231 (4.4)
40.66 (30.9)
800 (15.2)
34.47 (28.4)

1.42 (0.74-2.71)
0.997 (0.969-1.026)
1.92 (1.7-2.17)
1.005 (1.003-1.008)
1.39 (1.16-1.68)
1.002 (0.997-1.007)
1.13 (0.995-1.285)
1.002 (0.998-1.005)
0.841 (0.6-1.17)
1.003 (0.99-1.01)
0.962 (0.82-1.13)
1.006 (1.001-1.011)

0.29
0.86
<.0001
<.0001
<.05
0.47
0.06
0.35
0.31
0.67
0.63
<.05
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 Glycylcycline (Tigecycline) *
DDD/100PD
 Monobactam (Aztreonam) *
DDD/100PD
 Combination therapy of high-risk
antibiotics *
Low-risk antibiotics
1 class of high-risk antibiotics
2 classes of high-risk antibiotics
3 classes of high-risk antibiotics
Over 4 classes of high-risk antibiotics
Other type of medication
Proton-pump inhibitor
DDD/100PD
Histamine-2 blocker
DDD/100PD
Antacids, n (%)
DDD/100PD
Laxatives or enemas
DDD/100PD

n (%)
mean (SD)
n (%)
mean (SD)

67 (1.0)
4.64 (13.8)
278 (3.9)
41.23 (31.7)

22 (1.2)
1.76 (4.8)
96 (5.3)
43.01 (31.6)

45 (0.9)
6.05 (16.4)
182 (3.5)
40.29 (31.8)

0.79 (0.45-1.38)
0.99 (0.97-1.01)
1.26 (0.96-1.66)
1.01 (0.99-1.02)

0.41
0.48
0.1
0.17

n (%)
n (%)
n (%)
n (%)
n (%)

1,520 (21.6)
3,450 (48.9)
1,518 (21.5)
428 (6.1)
137 (1.9)

166 (9.2)
928 (51.6)
517 (28.8)
150 (8.4)
36 (2.0)

1,354 (25.7)
2,522 (48.0)
1,001 (19.0)
278 (5.3)
101 (1.9)

Reference
2.45 (2.03-2.96)
3.06 (2.49-3.75)
2.57 (1.95-3.39)
1.42 (0.91-2.22)

<.05
<.0001
<.05
0.07

n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)
n (%)
mean (SD)

5,389 (54.4)
79.39 (30.6)
1,996 (20.1)
60.25 (37.5)
154 (1.6)
31.44 (34.8)
6,714 (67.7)
68.19 (32.2)

1,411 (69.8)
80.82 (29.4)
528 (26.1)
63.15 (38.1)
23 (1.1)
21.96 (34.3)
1,427 (70.6)
61.68 (31.2)

3,978 (50.4)
78.88 (31.0)
1,468 (18.6)
59.17 (37.3)
131 (1.7)
33.96 (35.1)
5,287 (67.0)
69.97 (32.3)

1.6 (1.42-1.81)
1.004 (1.001-1.006)
1.21 (1.06-1.37)
1.002 (0.999-1.005)
0.96 (0.59-1.55)
1.11 (0.98-1.24)
1.11 (0.98-1.26)
0.996 (0.994-0.998)

<.0001
<.0001
<.05
0.14
0.85
0.09
0.09
<.05

Note: † : Adjusted for age, gender, previous CDI history, Charlson score, admission source, health insurance, pre-hospitalization
within 6 months and ICU stay; *: Descriptive statistics and multivariate regression analyses were calculated within only all antibiotic
recipients.
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Temporal change of risk factors for HA-CDI
The temporal changes of risk factors for HA-CDI were investigated in the post-PCR test
period, from 9/1/09 to 12/31/16. Table 4.6 and Appendix D summarize temporal changes in
demographics and therapeutic-related risk factors over time. The average patient age increased
from 54.7 to 55.5 years (+0.4% per year) and the Charlson Score increased from 4.3 to 4.6
(+1.3% per year). In addition, length of stay increased from 10.02 to 10.3 days in patients
(+1.2% per year). However, the trend among patients who developed HA-CDI was younger
(from 62.7 to 55.4 years; –5.4% per year), with lower severity of illness (Charlson Score fell
from 6.2 to 5.3; –5.6% per year), and shorter hospitalization over time (from 14.72 to 12.31 days;
–2% per year) (all ptrend < .05).
Overall, the proportion of antibiotic recipients increased over the study period from
61.15% in 2009 to 70.24% in 2016 (+3% per year), but DDD/100PD of antibiotics became
shorter from 67 days/100 patient-days in 2009 to 65.32 days/100 patient-days in 2016 (-0.94%
per year). However, statistically significant trends were not observed in patients with HA-CDI.
In contract to the total antibiotic use, the proportion of high-risk antibiotic recipients declined
over time from 70.98% in 2009 to 68.78% in 2016 (–1.2% per year), while the DDD/100PB of
high-risk antibiotics increased in patients with HA-CDI from 67.26 days/100 patient-days in
2009 to 74.88 days/100 patient-days in 2016 (+4.4% per year) and the proportion of low-risk
antibiotic recipients increased from 51.87% to 55.8% (+2.04% per year) (all ptrend < .05).
In terms of specific types of high-risk antibiotics, there was an increased trend in the use
of carbapenem (+0.5% per year), whereas broad-spectrum penicillins were used significantly less
often and for shorter durations (DDD/100PD) (–1.8% and –1.4%, respectively). Although
fluoroquinolones were not used more frequently, the duration of fluoroquinolone use was shorter
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from 42.05 to 36.03 days/100patient-days (–4.2% per year). While there were no statistical
trends for any specific category of high-risk antibiotics observed among patients with HA-CDI,
the use of combinations of high-risk antibiotics from two or three different classes increased
from 14.57 to 17.33% and from 2.86 to 4.48%, respectively (all ptrend < .05).
PPIs were used less often and for shorter periods of for all patients (–3.8% and –4% per
year, respectively) and this decline for the use of PPI was great among those with HA-CDI (–
8.9% per year). In contrast, the trend for the use of histamine-2 blockers rose from 9.28 to
22.77% (+7.3% per year) with a steeper incline among those with HA-CDI (+13.1% per year).
Lastly, shorter DDD/100PD of laxative and enemas were prescribed (-2% per year) (all ptrend
<.001).
For some high-risk antibiotics (i.e., cephalosporin, clindamycin, and monobactam), even
though which were not associated with HA-CDI, there were notable trends in their use and
duration (uptrends in recipients +1.9%, 0.5%, and 0.4% per year; downtrends in DDD/100PB 2%, -6.1% and -2.2% per year, respectively). In particular, there was a steeper incline in
cephalosporin use among those with HA-CDI (+5.7% per year).
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Table 4.6. Temporal changes in risk factors for HA-CDI
Total patients
Estimates

Trends

Patients with
HA-CDI
Estimates Trends

Demographics
Age
0.4%
↑
- 5.4%
↓
Charlson score
1.3%
↑
- 5.6%
↓
Length of hospitalization
1.2%
↑
- 2%
↓
Therapeutic related factors
Antibiotics exposure
Antibiotics use (%)
3.01%
↑
-0.45%
―
Total antibiotics (DDD/100PD)
-0.94%
↓
2.8%
―
High-risk antibiotics use (%) *
-1.2%
↓
-0.6%
―
High-risk antibiotics (DDD/100PD)
0.2%
―
4.4%
↑
Low-risk antibiotics use (%) *
2.04%
↑
-2%
―
Stratified the type of high-risk antibiotic
-1.8%
↓
-2.1%
―
 Broad-spectrum penicillin (%) *
-1.4%
↓
1.8%
―
 Broad-spectrum penicillin (DDD/100PD)
0.5%
↑
-0.6%
―
 Carbapenem use (%) *
-4.2%
↓
3.8%
―
 Fluoroquinolones (DDD/100PD)
 Combination of high-risk antibiotics *
- 1 class
-2.8%
↓
-0.72%
―
- 2 classes
0.9%
↑
0.8%
―
- 3 classes
0.6%
↑
0.8%
―
Other type of medication
PPI use (%)
-3.8%
↓
-8.9%
↓
PPI (DDD/100PD)
-4%
↓
0.7%
―
H2-blocker use (%)
7.3%
↑
13.1%
↑
Laxative and enemas (DDD/100PD)
-2%
↓
-3.4%
―
Note: ↑ = Uptrends; ↓ = Downtrends; ― = No trends (at significant level of ptrend = .05); *:
Trends were assessed among only all antibiotic recipients
Discussion
In this study, we examined the temporal changes over a period of 11 years— from 2006
to 2016—in incidence and risk factors for HA-CDI. In terms of temporal changes in C. difficile
incidence, we confirmed the impact of the PCR test on C. difficile detection (Berry et al., 2014;
Murad et al., 2015; P. H. Song et al., 2018). Over 11 years, the CDI incidence when not

85

controlled for the change in diagnostic method was increased, but after stratifying rates before
and after introduction of the PCR test, there was no overall trend in total CDI, but a decrease in
HA-CDI and an increase in CA-CDI. This down-trend in HA-CDI is consistent with recent
studies (Burns, Berger, Pozzuoli, & Woods, 2017; Zacharioudakis, Zervou, Shehadeh, Mylona,
& Mylonakis, 2019) and the recent report from the CDC that described a 12% decrease of HACDI (CDC, 2018). The increasing trend of CA-CDI incidence also is consistent with the previous
longitudinal studies (Ghose, 2013; Gupta & Khanna, 2014; Reveles et al., 2018). The shifting
epidemiology of C. difficile may be associated with increased infection control efforts in the
hospital setting (e.g., daily cleaning, surveillance, increased awareness of hand hygiene or
standard precaution) (Barker, Alagoz, & Safdar, 2017; Ostrowsky et al., 2014) or overprescription of high-risk medications including antibiotics and PPIs in the community (Hawker
et al., 2014; Luo, Fan, Xiao, & Chen, 2018; Shallcross & Davies, 2014).
In addition, this study reconfirmed the established individual or environmental risk
factors for HA-CDI using a larger dataset than has been previously reported, which made it
possible to control for numerous confounders (age, gender, previous CDI history, Charlson
Score, admission source, health insurance, pre-hospitalization within 6 months and ICU stay)
that have not been addressed in previous studies (Abdelfatah et al., 2015; Baxter, Ray, &
Fireman, 2008; Kallen et al., 2009; Khanna, Aronson, Kammer, Baddour, & Pardi, 2012; E. G.
McDonald, Milligan, Frenette, & Lee, 2015; Minson & Mok, 2007). Furthermore, we examined
several characteristics of antibiotic administration including cumulative days, the number of
individual blocks, specific classes of high-risk antibiotics, and combination therapy using
multiple classes of high-risk antibiotics. As expected, after controlling for confounders, antibiotic
exposure and longer periods of antibiotic administration were associated with an increased risk
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of HA-CDI (Brown, Fisman, Moineddin, & Daneman, 2014). Although receiving more
individual courses of antibiotic was not significantly associated with risk, there was a trend
toward lower odds that warrants further investigation. In this study, some antibiotics previously
reported as risk factors were not consistently associated with HA-CDI even though our sample
size was large. It is possible that confounders in some previous studies may have resulted in
spurious findings or that there were other unmeasured factors not considered in this study.
Contrary to previous findings (Stevens, Dumyati, Fine, Fisher, & van Wijngaarden, 2011), we
found no incrementally increased risk of HA-CDI when more than one class of high-risk
antibiotics was used. However, the insufficient sample size in the groups who received 3 and 4 or
more classes of high-risk antibiotics might have been not enough to prove the dose-response
relationship. Therefore, further study is warranted incrementally increased risk of CDI with more
different classes of antibiotic exposure.
Of note, in this study we found that medications including high-risk antibiotics were
administered to patients who subsequently developed HA-CDI, but there was a significant
association between HA-CDI and the incidence density (DDD/100PD) for only broad-spectrum
penicillins, fluoroquinolones, and PPI. As recognized by WHO as an initiative of quantifying
medication, incidence density rather than just a yes/no for receiving an antibiotic is the
appropriate metric to assess the relationship between administration of an antibiotic and risk of
HA-CDI (WHO Collaborating Centre for Drug Statistics Methodology, 2017). As with central
line-associated bloodstream infection and catheter-associated urinary tract infection, the
association between an antibiotic and risk HA-CDI should take into account the exposure period
(i.e., incidence density) rather than simply noting than an antibiotic was received (yes/no).
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In our trend analysis, patients who developed HA-CDI were getting younger in age, their
severity of illness was milder, and they had shorter hospitalizations over time. Such findings
could be associated with earlier recognition, diagnosis of asymptomatically colonized patients or
increased prescribing or misuse of antibiotics among patients in the community setting, but our
study is limited in that outpatient antibiotic use was not available in this database. Considering
the high re-occurrence rate of HA-CDI (OR, 8.85; 95% CI 7.7–10.19), having HA-CDI at a
younger age means more risk of CDI infections over time. Thus, further attention is required in
trends of demographic factors. Moreover, through the trend analysis of therapeutic related risk
factors for HA-CDI, we identified potential targeted areas of interventions to improve infection
prevention. For example, antibiotic stewardship efforts should be required to reduce the use of
not only high-risk but also low-risk antibiotics. Combination therapy was associated with an
increased risk of HA-CDI and could therefore be avoided. In addition, incidence density
(DDD/100PD), which is the more powerful metric than the administration of antibiotics (yes/no)
to measure medication exposure, showed a shorter duration of use in all medications that were
identified as risk factors (i.e., total antibiotics, broad-spectrum penicillin, fluoroquinolones, and
PPI) over time. Thus, it can be a potential explanation for a decreased incidence of HA-CDI over
the study period.
Limitations
There were several limitations to our study. Certain previously identified risk factors such
as peptic ulcer and inflammatory bowel disease (Goodhand, Alazawi, & Rampton, 2011; Kwok
et al., 2012) are almost certainly under-reported in ICD-9 and 10 codes. For some antibiotics
there was an insufficient sample size to assess any potential associations with risk of HA-CDI.
There also may be other confounders not available or identified in this database and change in
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diagnostic stewardship (e.g., restrictions aimed to limit testing in asymptomatic patients). In
addition, because the Cochran–Armitage or Mann-Kendall trend tests are used to investigate
linear trends in proportions, a trend might not be observed statistically in this study due to the
natural fluctuation of the proportions. A testing bias would have occurred in patients with longer
hospitalization; that is, patients with longer stays are more likely to be cultured. Importantly, data
regarding antibiotics prescribed in the community or other healthcare facilities was not available.
Because of the retrospective study design, we were able to infer the temporal change of
association; however, we were unable to determine the causality of the decrease of the HA-CDI.
To investigate the association between pharmacologically-related environmental factors and the
risk of HA-CDI, the matched case-control study by the length of hospitalization was conducted.
In the case-control study, the conditional logistic regression models are commonly considered as
a standard method to tackle the sparse data problem. However, the study with loose-matching
data (i.e., the data matched on only a few variables) can disregard the small loss in the
estimation that was involved in other complex features.(Kuo, Duan, & Grady, 2018) Therefore,
although unconditional logistic regression was also appropriate for this study, a conditional
logistic regression model is recommended for future case-control study for precision in
estimates.
Conclusion
While the incidence of HA-CDI appears to be decreasing over time, CA-CDI is
simultaneously increasing. Continued efforts to assure judicious use of antibiotics in inpatient
and community settings is clearly vital. Measuring the actual the level of exposure (incidence
density) of an antibiotic (rather than simply recording whether an antibiotic was received) should
be used for ongoing surveillance and assessment of risk factors. Furthermore, the association
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between temporal trends in risk factors and rates of HA-CDI should be followed as changes in
practice are implemented.
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Chapter 5 : Conclusions
This chapter synthesizes the findings of the studies included in this dissertation and
discusses these in the context of existing evidence, as well as, the strengths and limitations of the
studies included in this dissertation. Finally, implications for public health and clinical practice,
advanced studies on methodology, and future research are described.
This dissertation aimed to examine the risk factors for healthcare-associated infections
(HAIs) and analyze them using multiple methodological approaches to exam methods that most
precisely and accurately predict the risk of HAIs. In pursuit of this aim, three related studies were
conducted, as described below section.
Each study was aligned with the Input-Process-Output [IPO] theoretical model. Public
databases or large datasets (i.e., inputs in the IPO model, see Chapter 1) were used for
methodologic approaches including comprehensive literature review, machine learning or trendanalysis approaches (i.e., processes in the IPO model). As a result, risk factors were identified to
add to a comprehensive understanding of HAIs (i.e., outputs in the IPO model). Specifically, the
data regarding potential risk factors available in public databases or large datasets were used in
multiple methodological approaches to identify associations with HAI.
Summary of Results and Key Findings
Chapter 2
In Chapter 2, the first study was an integrative review to synthesize findings from the
published literature that examined the association between the risk of wound infection among
individuals who have cardiovascular implantable electronic devices (permanent pacemakers,
implantable cardioverter defibrillators, or cardiac resynchronization therapy) and the
development of pocket hematoma, a known risk factor in other cardiac surgeries. Concerning the
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methodological approaches of this dissertation, this was conducted to comprehensively explore
previous research and identify the risk factors for HAIs using multiple public databases, then
synthesize the knowledge to address the gaps in the literature. In addition, this study investigated
not only the associations between risk factors, pocket hematoma, and wound infection but also
desirable study designs for research on rare outcomes (e.g., infections associated with pocket
hematoma).
Through the comprehensive literature search and guidance by the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA), seven studies met the inclusion

criteria, and were included in the integrative review. Five studies used a cohort study design,
while two used a case-control design. The quality assessment, using the Newcastle Ottawa Scale
which was converted to the AHRQ quality appraisal standard (good, fair, or poor), identified six
studies of good quality and one of poor quality.
In the review, we observed that the definition of pocket hematoma varied from clinical
manifestation to clinical significant hematoma requiring surgical intervention. Additionally, the
outcomes measured varied from skin erosion to device-related infection including wound
infection, endocarditis, and bloodstream infection. Caution is needed in how the connection
between pocket hematoma and wound infection is drawn because data specific to wound
infection were not reported. However, the majority of previously published articles reported that
pocket hematoma significantly increased the risk of all types of infection associated with
cardiovascular implantable electronic devices. Additionally, two case-control studies reported a
higher odds ratio than the estimates in the cohort studies. Because infections associated with
pocket hematomas were rare, with incidence rates from 0.25% to 4.56%, the case-control study
design was the most appropriate to investigate the association. Notwithstanding this limitation,
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the results of this literature review suggested the need to focus on the prevention of pocket
hematomas as an important infection prevention strategy.
Chapter 3
In Chapter 3 (the second study), innovative machine learning techniques–logistic
regression, decision tree, and support vector machine approaches–were used to build and
compare predictive models of surgical site infection (SSI) among individuals with permanent
pacemakers. The risk factors were identified and utilized to build predictive models. To build
optimal predictive models, multiple steps and statistical adjustments were applied. Following
this, the predictive abilities of the three algorithms were compared to determine the best model.
Most risk factors identified in this study were consistent with findings from previous
research. In particular, the result was consistent with the findings of Chapter 2 that postoperative
hematoma was a significant risk factor for SSI among patients with a permanent pacemaker. On
the other hand, a few established risk factors were not associated with SSI in this study. For
example, nurse staffing, measured in this study as nursing hours per patient-day, was not
associated with SSI as has been reported by others (Mitchell, Gardner, Stone, Hall, &
Pogorzelska-Maziarz, 2018; Jingjing Shang, Stone, & Larson, 2015). This may have been due to
the metric used to define ‘nurse under-staffing’, which did not take into consideration the
intensity of nursing needs of individual patients. Since the risk factors and outcomes could be
defined in several ways, the authors noted that several definitions should be examined for
accurate measurement.
To evaluate the predictive performance of various machine learning models, several
criteria were used. The support vector machine had the highest sensitivity at 43.8%, but it was
still relatively low. On the other hand, all three models showed high specificity (over 98%); thus,
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they were beneficial for confirming true non-cases. Although the three models showed excellent
accuracy (>96%), other criteria regarding their predictive performance are also important. For
example, accuracy is inappropriate to use in case that the data overwhelmingly represent only
one category (i.e., patients without SSI) (Bekkar, Djema, & Alitouche, 2013).
Although logistic regression modeling had the best predictive ability, there were strengths
and weaknesses of the various machine learning methods, so their potential application for
various uses were discussed. The support vector machine technique had a high level of precision
and thus made it possible to avoid over-fitting using the regularization parameter. Both logistic
regression and decision trees were easier for clinicians to interpret and the decision tree more
clearly demonstrated the combination of multiple risk factors that increased the risk of SSIs.
Thus, it may be preferable for presenting a more readily understandable interpretation of the
relationships between the risk factors and SSI. In summary, because each of the models had
differing strengths they might be useful in combination in future research.
Chapter 4
The third study in Chapter 4 was a retrospective matched case–control study to examine
temporal changes in the incidence and risk factors for hospital-acquired Clostridioides difficile
infection (CDI) over an 11-year timeframe using trend analysis. Based on the findings of the first
two studies, the matched case–control study design was chosen as the most appropriate for
examining the risk factors since it controlled for multicollinearity and enabled simultaneously
measuring various associations of the risk factors for rare HAIs.
When CDI cases were classified as hospital- or community-acquired, the incidence of all
types of CDI (including total, hospital-, and community-acquired) showed up-trends. However,
when data were stratified to examine rates before and after a change in the laboratory to the more
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sensitive polymerase chain reaction (PCR) test, there was no longer a trend in the incidence of
total CDI. However, the incidence of hospital-acquired CDI decreased and community-acquired
CDI increased in the post-PCR period. This finding confirmed that the PCR test was more
sensitive for C. difficile detection and that the epidemiology of CDI was shifting from hospitalacquired to community-acquired CDI. Potential reasons for the shifting epidemiology might be
increased infection control efforts in the hospital setting and/or over-prescription of high-risk
medications (i.e., antibiotics or proton pump inhibitors [PPIs]) in the community.
The risk factors for hospital-acquired CDI were identified through the matched casecontrol design in the post-PCR period. With the large datasets, many risk factors (age, gender,
previous CDI history, Charlson Score, admission source, health insurance, pre-hospitalization
within six months and ICU stay) were reconfirmed and controlled in order to further examine the
role of antibiotics or other medications that have been identified as risk factors for the
development of CDI using several different definitions or criteria. Therefore, the following
factors were significantly associated with an increased risk of hospital-acquired CDI: (1) the
receipt (yes/no) of any antibiotic, high-risk or low-risk antibiotics, broad-spectrum penicillin,
carbapenem, PPI and histamine-2 blockers; (2) combination therapy using multiple classes of
high-risk antibiotics; (3) greater incidence density (defined as daily dose per 100 patient days) of
antibiotic administration, high-risk antibiotics, broad-spectrum penicillin, fluoroquinolones, and
PPIs.
Lastly, temporal changes in risk factors for hospital-acquired CDI were investigated in
the post-PCR period. Some host factors including age, severity of illness, and duration of
hospitalizations until the onset of CDI showed down-trends among patients who developed a
hospital-acquired CDI over time. In pharmacological-related factors, the cumulative days of
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antibiotics decreased, while the administration of antibiotics increased over time. The
administration of antibiotics previously identified as high risk showed down-trends, while that of
low-risk antibiotics showed up-trends over time. In addition, PPIs showed down-trends in both
use and duration of use over time. Therefore, this trend analysis helped to identify where further
intervention is needed in infection prevention: antibiotic administration, the use of low-risk
antibiotics, the combination of high-risk antibiotics, and the use of histamine-2 blockers.
In summary, we recommended continued efforts to reduce the use of antibiotics in
inpatient and community settings. In addition, we measured medication use in several different
ways and recommended that incidence density to measure the actual level of exposure be used
for ongoing surveillance and assessment of risk factors. Through analysis of the temporal trends
in risk factors, we confirmed and emphasized the ongoing need to focus on decreasing all
unnecessary or inappropriate antibiotic, not just use of antibiotics previously shown to be
associated with increased risk of CDI. Furthermore, we recommended prospective studies to
assess whether temporal changes in risk factors are causally associated with changes in the
incidence of hospital-acquired CDI.
Strengths and Limitations
This dissertation has several strengths. A major strength is that it applied several
advanced machine learning methods and contributed to the understanding of the complex
relationship between risk factors and comorbidities and HAIs. Another strength of this study was
the use of combined data from multiple sources. The large dataset was extracted from various
electronic databases (e.g., admission-discharge-transfer system, electronic health record [EHR], a
clinical data warehouse, departmental records, medication administration record, and nurse
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staffing data). This enabled using information in a large dataset to examine the unexplored
relationships in various ways and allow for control of multiple confounders.
There were also limitations in each study. In the first study, variations in definitions of
risk factors and infection could lead to misinterpretations. In addition, the included studies
provided information about all infections arising from cardiovascular implantable electronic
devices rather than specific wound infections. Thus, it was not possible to assess the specific
relationship between wound infections and pocket hematoma. In the second and third studies, we
used a dataset that was large but had limitations. Firstly, the dataset included data from four
affiliated hospitals at a large academic medical center in a single metropolitan area so the results
may not be generalizable across the nation or to other settings. In addition, ICD-9-CM codes
were used to identify potential risk factors such as comorbidities, but such codes may be
misclassified and/or lacking in important and specific information. Further, certain comorbidities
(e.g., obesity) are likely under-reported in the dataset. Finally, because the data were collected
retrospectively, it was not possible to assess causality.
Implications
Implications for Public Health and Clinical Practice
This dissertation aimed to examine using various methodological approaches the risk
factors that can be used to make an accurate prediction of HAIs. From a public health
perspective, HAIs contribute to mortality, morbidity, and increased hospital stays, which in turn
increase health costs (Collins, 2008; Revelas, 2012; Unahalekhaka, 2011). Thus, infection
prevention strategies focused on early prediction by analyzing risk factors will able to provide a
huge impact on public health including reducing healthcare costs (Fischer et al., 2016).
Additionally, the risk of healthcare-associated infections is not limited to hospital settings. The
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fact that CDI is associated with the use of antibiotics and easily spread to others puts an
excessive burden on the public health system and negatively affects community health.
Appropriate public health measures, including education of clinicians and consumers, is
important inside and outside the hospital setting to reduce risks of CDI such as overprescribing
antibiotics (Revelas, 2012).
The findings of this dissertation are also relevant to clinical practice. The findings from
the first study add to evidence that efforts to prevent pocket hematoma, such as by maintenance
of hemodynamic stability or wound management including dry dressing (Imai, 2016), are likely
to results in fewer infections. In the second study, we added to evidence regarding the
association between SSI and certain risk factors, confirming that healthcare providers need to
recognize and intervene for patients at high risk for SSI. In the third study, we tested several
methods of analyzing risks associated with antibiotics including the any use of an antibiotic,
cumulative days of antibiotics, a combination of high-risk antibiotics, and the use of other
medications. As a result, we confirmed that incidence density was the most appropriate way to
assess the association between antibiotic use and infection risk. In addition, we confirmed that
further efforts are needed to reduce the administration of the antibiotic, the use of low-risk
antibiotics, the combination of high-risk antibiotics, and the use of histamine-2.
Large, comprehensive datasets which include clinically relevant information from
multiple data sources such as the dataset used in this study are increasingly available and provide
opportunity for more sophisticated analyses to answer important clinical questions (Margolis et
al., 2014). To assure that the data are useful, however, healthcare providers who contribute to
generating health-care records need to enter detailed, rigorous, and valid information using
structured formats for building high-quality data. Therefore, healthcare institutions should
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provide training on the importance of accurate data collection and provider responsibilities
regarding documentation of patient status.
Implications for Advanced Research Methodology and Future Research
Because data used in this dissertation were retrospective, we could not address causal
relationships. Future prospective study designs using data across a larger range of institutions
and geographic locations are needed to enhance generalizability and allow for the development
of interventions in real-time. In the second study, we developed a predictive model to predict the
risk of SSIs among patients with permanent pacemakers, but several limitations were observed.
We recommend that future research focuses on expanding the data by enhancing the
standardizing data collection methods and definitions used, combining multiple datasets and
collecting from multiple locations; thus it would be possible to identify and control for other
confounders, include a larger number of patients, improve predictive modeling, and to generalize
findings. In addition, future studies using predictive modeling will need to be applied to real-time
data. In the third study, trend analysis was useful to identify where future efforts in infection
prevention may be needed, but additional research using prospective data collected for longer
periods will advance the field further.
Research utilizing large datasets will also provide more information on patients’
conditions and the quality of the care given (Ross, Wei, & Ohno-Machado, 2014).
Multidisciplinary teams including experts in computer science and informatics as well as clinical
sciences and epidemiology will be required to appropriately mine and analyze data to answer
specific questions. Furthermore, documents such as narrative medical records and nursing notes
which were not available in the dataset available for this study can enrich the quality of data in
future research. Therefore, further study using natural language processing in real-time is
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warranted (Branch-Elliman, Strymish, Kudesia, Rosen, & Gupta, 2015; Wu et al., 2020; Zheng
et al., 2016).
Conclusions
The three studies of this dissertation described methods to analyze risk factors for HAIs.
At the methodological levels, different analytic techniques were used and compared for a better
understanding of risk factors for HAIs. The relationship between the risk factors using several
different definitions and HAIs was also examined. Therefore, this dissertation added to
comprehensive knowledge regarding the associations between the risk factors and HAIs by
identifying risk factors which were measured in various ways.
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