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ABSTRACT 

Rates of immune-mediated diseases (IMDs) have rapidly increased. Although the exact 

etiology has not yet been fully elucidated, disruptions to the microbiome has been proposed 

as a potential mechanism.  We conducted a retrospective, longitudinal, birth cohort study 

utilizing electronic health records (EHR) to investigate the association between early life 

antibiotic exposure and the risk of developing juvenile idiopathic arthritis (JIA), pediatric 

psoriasis, or type 1 diabetes. Incident rate ratios (IRR) were estimated using modified 

Poisson regression models and adjusted for significant confounders.  Children exposed to 

two or more antibiotics prior to 12 months of age had a 69% increased risk of developing 

JIA (1.69 IRR, 95% CI [1.04-2.73]), which rose to 97% when exposed prior to 6 months 

(1.97 IRR, 95% CI [1.11-3.49]).  Children exposed to a penicillin antibiotic had a 62% 

increase in risk for psoriasis (1.62 IRR, 95% CI [1.06-2.49]), which rose slightly to 64% 

when exposure occurred between 6 and 12 months of age [(1.64 IRR, 95% CI [1.04-2.59]).  

We found a moderate to strong association between early antibiotic exposure and risk for 

JIA and psoriasis when exposure was examined by age, frequency, and type of antibiotic, 

but not for type 1 diabetes.  Potential interactions effects between infection and antibiotics 

with an increased susceptibility to early life infections among children with an IMD was 

also observed.  Overall, children exposed to antibiotics at an early age have an increased 

probability of developing an IMD after 12 months of age. However, alternative 

explanations for this association should be considered. 

Key words:  pediatric immune-mediated disease, juvenile idiopathic arthritis, psoriasis, 

type 1 diabetes, antibiotics, birth cohort, EHR (electronic health records) 
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INTRODUCTION 

Immune-mediated diseases (IMDs) are a heterogeneous group of chronic diseases 

that share a common inflammatory pathway resulting from an aberrant immune system 

response and destruction of one’s own cells, tissues, or organs (Rahman, Inman, El-

Gabalawy, & Krause, 2010).  There are more than 80 IMDs including inflammatory bowel 

disease, celiac disease, juvenile idiopathic arthritis, type 1 diabetes, and pediatric psoriasis 

being the most common among children (National Institutes of Health, 2012).  IMDs 

significantly impact the health and well-being of children and their caregivers (Duffy, 

Wells, Russell, & Haraoui, 2011; Kalyva, Malakonaki, Eiser, & Mamoulakis, 2011; Randa, 

Todberg, Skov, Larsen, & Zachariae, 2017; Seid, Huang, Niehaus, Brunner, & Lovell, 

2014; Tollefson, Finnie, Schoch, & Eton, 2017).  Over the past several decades, the 

occurrence of IMDs has increased at an alarming rate worldwide with current prevalence 

estimates at 5-8% in westernized countries (El-Gabalawy, Guenther, & Bernstein, 2010; 

Shurin & Smolkin, 2008).  The rapid increase of IMDs appears to have coincided with the 

changing environmental and microbial landscape of the post-industrialized era in the 19th 

and 20th centuries when lifestyles became more urbanized and controlling infectious 

disease was a top public health priority.  Although the exact etiology of IMDs has not yet 

CHAPTER 1 
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been fully elucidated, current evidence points to interactions between the environment, 

genetics and the microbiome.  

The human microbiome represents an ecosystem of more than 100 trillion microbes 

living on or within the human body and is now generally accepted as a vital component of 

health (Turnbaugh et al., 2007).  Disruptions to the microbial communities that result in a 

loss of microbial diversity, an overabundance of pathogenic microbes, or loss of health-

promoting bacteria can give rise to a state of dysbiosis (Levy, Kolodziejczyk, Thaiss, & 

Elinav, 2017).  Dysbiosis can lead to the altered function and regulation of immunological 

and metabolic processes (Francino, 2016; E. S. Lee, Song, & Nam, 2017; Ubeda & Pamer, 

2012; Willing, Russell, & Finlay, 2011) and is correlated with several immune-mediated 

and metabolic diseases including, but not limited to, inflammatory bowel disease (Frank et 

al., 2007; Shaw et al., 2016; Shim, 2013), atopic dermatitis (Wollina, 2017; Zheng et al., 

2016), type 1 diabetes (Alkanani et al., 2015; de Goffau et al., 2014), psoriasis (Yan et al., 

2017), juvenile idiopathic arthritis (Arvonen et al., 2016), including psoriatic arthritis 

(Scher et al., 2015), and obesity (McCann, Rawls, Seed, & Armstrong, 2017; Riva et al., 

2017).  While it remains unclear if dysbiosis acts as a contributor to the onset of the disease 

or is the result of the disease process itself, evidence is growing to suggest the 

environmental factors and microbiome-host interactions are a critical element in the onset 

of IMD (Brodin et al., 2015; Generali, Ceribelli, Stazi, & Selmi, 2017; MacGillivray & 

Kollmann, 2014; Xiang, Yang, Chang, & Lu, 2017).  Given the association between IMD 

and dysbiosis, investigating environmental exposures that alter the microbiome as a 
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potential contributor to the risk of disease onset offers the opportunity to identify 

modifiable factors that can help mitigate the risk of disease. 

Antibiotics significantly disrupt the composition (Buffie & Pamer, 2013; Ju et al., 

2017; Tanaka et al., 2009), diversity (Dethlefsen, Huse, Sogin, & Relman, 2008) and 

resiliency (Dethlefsen & Relman, 2011) of the microbial community within the 

gastrointestinal (GI) tract, which have long lasting effects (De La Cochetiere et al., 2005; 

Fouhy et al., 2012; C Jernberg, Lofmark, Edlund, & Jansson, 2007).  Although a decreasing 

trend in the number of overall antibiotic prescriptions has been observed over the past 20 

years (Finkelstein et al., 2003; Vaz et al., 2014), antibiotics remain the most frequently 

prescribed medication during childhood, with nearly 21% of all yearly pediatric 

ambulatory care visits resulting in an antibiotic prescription (Chai et al., 2012; Hersh, 

Shapiro, Pavia, & Shah, 2011; Vaz et al., 2014).  Furthermore, there has been a steady 

increase in the overuse, and often inappropriate prescribing of broad-spectrum antibiotics 

when narrow spectrum antibiotic treatment is recommended (Hersh, Jackson, & Hicks, 

2013; Vaz et al., 2014).  Broad-spectrum antibiotics target many microbial species as 

compared to narrow-spectrum antibiotics that target specific microbes.  Broad-spectrum 

antibiotics amplify the negative effects on the microbiota profile and are thought to be a 

significant contributor to the risk of antibiotic resistance (Francino, 2016; Panda et al., 

2014; Thiemann, Smit, & Strowig, 2016).  The frequent and often overuse of antibiotics 

has not only led to a worldwide epidemic of antibiotic resistance (Demirjian et al., 2015; 

Spellberg, Srinivasan, & Chambers, 2016; von Wintersdorff et al., 2016), it has also raised 
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concerns over the role antibiotic therapy plays in modulating the risk of an IMD, especially 

when administered during early life development (Bull & Plummer, 2014; Francino, 2016).    

The colonization of the gastrointestinal (GI) microbiota begins prenatally (Hill et al., 

2017; Koenig et al., 2011), rapidly diversifies post birth, and is continually shaped 

throughout infancy and early childhood to resemble the adult microbiota profile by 1 to 3 

years of age (Lozupone et al., 2013; Palmer, Bik, DiGiulio, Relman, & Brown, 2007).  The 

microbes of the GI microbiota are essential to maintaining the intestinal epithelial barrier 

that prevents the invasion of harmful pathogens (Groschwitz & Hogan, 2009) and play a 

key role in developing the adaptive immune response and maintaining immune 

homeostasis (Belkaid & Harrison, 2017; Round & Mazmanian, 2009; Weng & Walker, 

2013; Wu & Wu, 2012).  Perturbations in the composition of the microbiota profile that 

disrupt the homeostatic state can result in dysbiosis and a dysregulated immune response, 

the attack on one’s own cells or tissues, and subsequent inflammation, which is the 

underlying mechanism of allergic and IMD (Belkaid & Hand, 2014; Belkaid & Harrison, 

2017; Garn, Neves, Blumberg, & Renz, 2013; Tomasz Olszak et al., 2015; Torsten Olszak 

et al., 2012; Round & Mazmanian, 2009).  Establishing a symbiotic host-microbe 

relationship during early development may play a critical role in programming of the 

adaptive immune response and is a key element in maintaining immune homeostasis 

(Belkaid & Harrison, 2017; Round & Mazmanian, 2009; Weng & Walker, 2013; Wu & 

Wu, 2012).   

The microbiota profile is influenced by several early life environmental factors 

including the mode of delivery, diet, family structure and home environment, and exposure 
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to antibiotics (Brown, DeCoffe, Molcan, & Gibson, 2012; Rocio Martin et al., 2016; 

Penders et al., 2006; Rutayisire, Huang, Liu, & Tao, 2016; van Best, Hornef, Savelkoul, & 

Penders, 2015).  As antibiotics are known to significantly alter the microbiota profile and 

most prescribed medication during childhood, investigating antibiotic administration as a 

potentially modifiable environmental exposure during early life development as a potential 

contributor to the risk of developing an IMD is an important step in identifying effective 

prevention and intervention strategies to help mitigate disease risk or identify potential 

effective treatment options to reduce disease burden.   

The rates of IMD worldwide has increased at a pace that far exceeds the rate of 

population growth and there is a growing body of evidence supporting the critical role the 

colonization of the microbiome plays in programming the adaptive immune system 

response and maintaining immune homeostasis (Belkaid & Harrison, 2017; Round & 

Mazmanian, 2009; Weng & Walker, 2013; Wu & Wu, 2012).  An emerging body of 

evidence is now suggesting a positive association between early and repeated exposure to 

antibiotics during childhood and several immune-mediated and metabolic diseases 

including inflammatory bowel disease, specifically Crohn’s disease (Theochari, 

Stefanopoulos, Mylonas, & Economopoulos, 2017; Ungaro et al., 2014), obesity (Shao et 

al., 2017), and eczema (Tsakok, McKeever, Yeo, & Flohr, 2013).  However, a lack of or 

conflicting associations have been reported in other common pediatric chronic diseases, 

most notably asthma (Marra et al., 2006; Murk, Risnes, & Bracken, 2011; Penders, 

Kummeling, & Thijs, 2011).  Other research have suggested infection, as opposed to 

Problem Statement 
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antibiotic therapy, is associated with an increased risk of the disease (Horton et al., 2016; 

D. K. Li, Chen, Ferber, & Odouli, 2017).  Furthermore, there are relatively few 

investigations examining the relationship between early antibiotic exposure and risk of 

developing an IMD with known genetic component (i.e., heritability) (Y. R. Li et al., 

2015a), such as JIA (Arvonen, Virta, Pokka, Kroger, & Vahasalo, 2015; Horton et al., 

2015), psoriasis (Horton et al., 2016), or type 1 diabetes (Clausen et al., 2016; Fazeli 

Farsani et al., 2014; Mikkelsen et al., 2017).  The heterogeneity in the study designs and 

inconsistent results limits the interpretability of the findings. Well-designed, longitudinal 

cohort studies that examine antibiotic exposure during early life and disease risk among a 

large and diverse population are needed to add to the evidence base and help assess the 

temporality and causality of early life antibiotic exposure and subsequent disease risk 

(Thiese, 2014).    

The purpose of this study was to explore the associations between antibiotic 

exposure during the first year of life and the risk of developing an immune-mediated 

disease (IMD) during early childhood through adolescence for common pediatric IMD that 

are known to have a genetic component (e.g., heritability): pediatric psoriasis, juvenile 

idiopathic arthritis (JIA), and type 1 diabetes.  The main study objectives were to: (1) 

evaluate the effect of systemic antibiotic exposure during the first year of life on the risk 

for developing an IMD after one year of age through adolescence and (2) assess the degree 

to which age at first antibiotic exposure, frequency of exposure, and type of antibiotic (e.g., 

antibiotic spectrum and class of antibiotic) would moderate this risk.  It was hypothesized 

Purpose of Research 
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that exposure to antibiotics during the first year of life would increase the overall risk of 

developing an IMD of interest and among children who were exposed to an antibiotic at an 

earlier age (i.e., within first 6 months of life), more frequently (i.e., two or more 

antibiotics), and received a prescription for broad-spectrum or macrolide antibiotic.  

This study is the first large, concurrent longitudinal cohort study to use electronic 

health record data to assess the association between early life antibiotic exposure and the 

risk of developing JIA, psoriasis, or type 1 diabetes.  This study design also attempts to 

address the limitations and inconsistent findings in the current body of literature by 

examining the frequency, age, and type of antibiotic (e.g. broad or narrow spectrum 

antibiotics and/or class of antibiotic). Additionally, to address the potential threat of 

confounding by indication bias, the role infection plays in the relationship between 

antibiotic exposure and development of the IMD of interest was closely examined.  If an 

association between early antibiotic exposure and an IMD is revealed, the findings will add 

to the growing body of evidence and support future prospective empirical research to 

further elucidate the mechanisms between the development of the microbiome and onset 

of IMD, as well as identify potential intervention strategies designed to counteract 

microbiota disruptions caused by antibiotic therapy, such as pre- or probiotic therapy.  

Life course health development frameworks are useful for conceptualizing the 

impact of interactions between biology (e.g., genetic predispositions) and environmental 

Study Significance  

Theoretical Model 
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exposures on disease risk over time from an ecological perspective (Ben-Shlomo & Kuh, 

2002; Halfon & Hochstein, 2002; Hertzman & Power, 2003; Kuh, Ben-Shlomo, Lynch, 

Hallqvist, & Power, 2003).  The framework provides an organizing structure that integrates 

the growing body of evidence demonstrating the significance of early-life experiences on 

future risk of disease and conceptualizes health as an accumulation of interactions between 

the individual and the environment over the life course.  Similar to the ‘fetal origins of 

adult disease’ or ‘Barker hypothesis’ and later expanded ‘developmental origins of adult 

health and disease’ theory (D. J. Barker, 1990, 1995; D. J. P. Barker, 2004), the life course 

theory postulates that there are critical or sensitive periods of time when life events have a 

greater impact on shaping health and setting a trajectory of health later in life (Ben-Shlomo 

& Kuh, 2002; Kuh et al., 2003).  The majority of the ‘critical windows’ of time are 

associated with rapid periods of growth and development and a high degree of resiliency 

and plasticity, which begins prenatally, continue into infancy, and extend into childhood 

and adolescents.  Applying a life course perspective, researchers have postulated that the 

limited exposure to microbes and the lack of immune system stimulation during early life 

development as a reason behind the rising rates of IMDs among children.  

In the late 1980s, Dr. David P. Strachan was among the first to report a correlation 

between the changing environment and growing number of IMDs (Strachan, 1989).  He 

demonstrated lower rates of allergic diseases in households with higher number of siblings 

and hypothesized that children from larger households were exposed to a greater number 

of pathogenic microorganism from viral illnesses and infections of their siblings, and that 

this exposure acted as a protective factor against allergic disease.  This theory, known today 
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as the “Hygiene Hypothesis,” postulated that exposure to pathogenic microbes and early 

life infections were a necessary element in developing the immune system and regulating 

an appropriate immune response.  The ‘hygiene hypothesis’ was later expanded by Dr. 

Graham A. Rook who proposed the “Old Friends” mechanism (Rook, 2012, 2013; Rook et 

al., 2004; Rook & Stanford, 1998).  In contrast to the hygiene hypothesis, the ‘old friends’ 

mechanism suggested exposure to both pathogenic and health-promoting microbes were 

an essential component to developing an appropriate immune response.  The ‘old friends’ 

mechanism hypothesized that the focus on hygiene and eliminating exposure to pathogenic 

microorganisms disrupted the balance of the microbial ecosystem at both the individual 

and environmental level and thereby, the microbial biodiversity was altered and our past 

symbiotic or commensal relationship between pathogenic and health-promoting bacteria 

responsible for regulating the innate immune response has been altered.  This disrupted 

microbial balance and lack of exposure to a diverse set of microorganisms within our 

environment is the underlying mechanism leading to the development of an aberrant 

immune response and the subsequent rise in several chronic diseases, including IMDs 

(Bloomfield et al., 2016; Flandroy et al., 2018; Rook, 2012, 2013; Rook, Lowry, & Raison, 

2013).  Aligned with an ecological and life course perspective, both hypotheses 

acknowledge the influential role the environment has on changing the microbial landscape 

and recognized the importance of early life events on shaping health across the lifespan 

(Bronfenbrenner, 1979; Elder & Rockwell, 1979).  These theories highlight exposure to a 

variety of microbes during critical periods of child development as a necessary element to 

developing an appropriate immune response, maintaining that it is the lack of exposure to 



 

 10 

immune-stimulating and regulating microbes that results in the under-stimulation and 

dysregulation of the immune system, which in turn increases the risk for developing 

allergic and IMDs.  Identifying environmental exposures that occur during these critical 

periods of development and examining how these factors negatively or positively impact 

the risk of disease later in life can help uncover potentially modifiable factors to ultimately 

improve the health and well-being of children over their lifetime.   

Life Course Framework and the Development of the Microbiota 

The colonization of the infant microbiota profile begins during fetal development 

(Hill et al., 2017; Koenig et al., 2011), rapidly diversifying post-birth to resemble that of 

an adult by 1 to 3 years of age (Lozupone et al., 2013; Palmer et al., 2007).  As such, this 

early life developmental period may be a critical window of time that can have a significant 

influence on a child’s future health.  As the microbiota is a key component in the 

development and regulation of the metabolic and immune systems, disruption to the 

microbiota profile during early life can potentially modulate the risk of developing an IMD 

(Francino, 2016; Lee, Song, & Nam, 2017; Ubeda & Pamer, 2012; Willing, Russell, & 

Finlay, 2011).  

There are numerous environmental exposures that occur during the early stages of 

development that influence the microbiota profile and include, but not limited to, 

gestational age at birth (Arboleya et al., 2012, 2016; Cong et al., 2016), mode of delivery 

(Bäckhed et al., 2015; Grölund, Lehtonen, Eerola, & Kero, 1999; Hill et al., 2017; 

Jakobsson et al., 2014; Penders et al., 2006), infant feeding type (Corrêa-Oliveira, Fachi, 
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Vieira, Sato, & Vinolo, 2016; Martín et al., 2007; R. Martin et al., 2009; A. L. Thompson, 

Monteagudo-Mera, Cadenas, Lampl, & Azcarate-Peril, 2015; Walker & Shuba Iyengar, 

2014), introduction to solid foods and diet (Bokulich et al., 2016; Jost, Lacroix, Braegger, 

Rochat, & Chassard, 2014; Koenig et al., 2011), home environment (e.g., siblings and pets) 

(Azad, Konya, Maughan, Guttman, Field, Sears, et al., 2013; Laursen et al., 2015; Penders 

et al., 2006; Tun et al., 2017), geography and season (Davenport et al., 2014; De Filippo et 

al., 2010; Fallani et al., 2010; Grzeskowiak et al., 2012; Yatsunenko et al., 2012), and 

medications (e.g., antibiotics) (Brown et al., 2012; Rocio Martin et al., 2016; Penders et 

al., 2006; Rutayisire et al., 2016; van Best et al., 2015).  Protective factors, or assets, 

stimulate a diverse and resilient population of commensal microbes that resemble profiles 

of healthy individuals, whereas risk factors lead to a microbiota profile that contains a 

higher percentage of pathogenic microbes that is associated with a state of altered 

physiological function or dysbiosis (Bäckhed et al., 2012; Human Microbiome Project 

Consortium, 2012a; Shafquat, Joice, Simmons, & Huttenhower, 2014) (Figure 1). 
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Figure 1: Environmental factors influencing the development of the human 
microbiome by critical periods of human development across the life course. 

The microbiota is an important component in the development and regulation of the 

immune system and therefore environmental exposures that disrupt the microbial 

community can signal improper gene coding within the immune system pathway, resulting 

in altered gene expression and a modified immune response through epigenetic 

modifications (Ladd-Acosta & Fallin, 2016; E. S. Lee et al., 2017; Morandini, Santos, & 

Yilmaz, 2016).  Alterations to the microbiota when the plasticity of immune cells is high 

allows the cells to adapt to maintain immune tolerance and homeostasis through epigenetic 

modifications (DuPage & Bluestone, 2016; Laurent et al., 2017).  Epigenetic modifications 

can alter gene expression through the process of DNA methylation, histone modification, 

or non-coding RNA mechanisms, which do not change the structure of the DNA sequence 
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but modify how the genes are expressed or read (Fofanova et al., 2016; Harris et al., 2016; 

Torsten Olszak et al., 2012).  Although homeostasis is maintained, the modifications to the 

immune cell structure leave a lasting signature that programs future immune system 

responses (Mazmanian, Liu, Tzianabos, & Kasper, 2005; Slack et al., 2009).  Over time, 

the plasticity and adaptability of the cells decreases and the risk of an aberrant immune 

response and onset of IMD in genetically susceptible individuals increases (DuPage & 

Bluestone, 2016; E. S. Lee et al., 2017; Martino et al., 2014; Xiang et al., 2017) (Figure 2). 

Figure 2. Conceptual Framework. The interaction between early life environmental 
exposure and microbiome as a potential mechanism in the onset of immune-mediated 
diseases. Environmental exposures that negatively influence the microbiota during 
early life development can result in epigenetic modifications and the programming of 
an altered immune response.  As the plasticity of the immune cells decreases over time, 
the ability to maintain immune homeostasis is diminished.  Stimulation of the immune 
system in later life can result in an aberrant immune response and the onset of immune-
mediated disease in genetically susceptible individuals.    
 

Antibiotics are a potentially modifiable environmental exposure that significantly 

reduce the diversity and functional capacity of the gastrointestinal tract microbiome leading 

Research Framework   
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to potential dysbiosis (Fouhy et al., 2012; Francino, 2016).  The majority of colonization 

and development of the microbiome begins immediate post birth and through this process, 

the adaptive immune system is established (Gensollen, Iyer, Kasper, & Blumberg, 2016).  

Exposure to antibiotics during this critical period of time may contribute to an increased 

risk of programming an aberrant immune response and subsequent risk for the onset of an 

IMD in genetically susceptible individuals as the immune response is stimulated overtime.    

This study aimed to indirectly investigate the effect alterations to the microbiome has 

on the onset of IMD by examining exposure to antibiotic during the first year of life and 

subsequent risk of developing an IMD after one year of age through adolescence for 3 

pediatric immune diseases: JIA, psoriasis, and type 1 diabetes (Figure 3).   

 

Figure 3. Research Framework for indirectly examining the role disruptions to microbiome 
during early life development plays in the pathway to the onset of an IMD by examining 
the effect of early life antibiotic exposure on the risk of developing an IMD in early 
childhood through adolescence.  This effect can potentially be modified by the age of first 
exposure, frequency of, and type of antibiotic exposure occurring during early development 
of the microbiome. Infection is often an indication for antibiotic exposure and has also been 
indicated as potential mechanism in the onset of IMDs and therefore act as a potential 
confounder by indication or possible threat for protopathic bias. 
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LITERATURE REVIEW 

Large-scaled public health initiatives and medical advancements of the 19th and 20th 

century have improved the sanitation of living conditions, promoting the adoption of 

widespread child vaccination programs, and treating once fatal infectious diseases (CDC, 

1999).   These initiatives and medical discoveries, including the discovery of antibiotics, 

were instrumental in significantly reducing the rates of childhood morbidity and mortality 

and increasing life expectancy by almost thirty years (CDC, 1999).  However, the 

increasing rates of non-communicable diseases that followed called into question whether 

the changing microbial landscape was responsible for the sudden and rapid increase of 

IMDs.  

Humans and microorganisms have co-evolved over time to create an ecosystem of 

more than 100 trillion microorganisms, and this community is known today as the human 

microbiota (Turnbaugh et al., 2007).  These microbial communities consists of bacterium 

(fungi, protozoa and viruses) and together contribute their genetic signatures in quantities 

that far surpasses the number of genes found within the human genome (Bull & Plummer, 

2014; Qin et al., 2010).  Large-scaled initiatives devoted to the characterization of the 

human genome and microbiome have vastly expanded our knowledge of the role our 

genome (genes) and microbiome (genes of the microbes living in and on the human body) 

CHAPTER 2 

Introduction 
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play in the maintenance of health and risk of disease (Collins, 1998; Collins, Green, 

Guttmacher, Guyer, & US National Human Genome Research Institute, 2003; Human 

Microbiome Project Consortium, 2012; Qin et al., 2010; The Integrated HMP Research 

Network Consortium, 2014).  Today, the microbiome has become increasingly recognized 

as an integral component of health. 

Each part of the body hosts a distinct microbial ecosystem with the gastrointestinal 

(GI) tract harboring the largest and most diverse community of microorganisms (Human 

Microbiome Project Consortium, 2012).  The GI microbiome primarily consists of 

bacterium from four phyla: Firmicutes, Bacteroidetes, Actinobacteria, and Proteobacteria 

(Human Microbiome Project Consortium, 2012).  There have been several efforts to 

characterize the “healthy” microbiome by identifying a similar and stable microbial profile 

among healthy individuals.  Arumugam, et al. revealed three primary distinct clusters of 

microbes or “enterotypes” from the Bacteroides, Prevotella, and Ruminococcus genus 

(Arumugam et al., 2011).  However, subsequent investigations supported only two clusters, 

Bacteroides and Prevotella (Knights et al., 2014; Koren et al., 2013) and further revealed 

a large proportion of the sample alternated between the enterotypes over time (Knights et 

al., 2014).  Similarly, findings from the Human Microbiome Project showed significant 

intra- and inter-personal variation in the microbiota profiles of healthy individuals, yet this 

variation did not alter the functional capacity of the microbiome or lead to dysbiosis and 

suggesting healthy individuals share similar metabolic pathways that maintain microbial 

homeostasis despite the variation in the microbial community (Human Microbiome Project 

Consortium, 2012).  Despite the similarity of certain microbes of healthy individuals, the 
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intra- and inter- variability of the composition of microbial species among individuals 

suggests that there may not be one ideal ‘core profile’ (Eckburg, 2005; Human Microbiome 

Project Consortium, 2012; Qin et al., 2010).  However, there is strong evidence indicating 

that alterations in the microbiota profile are linked to several chronic diseases.   

Dysbiosis is correlated with several immune-mediated diseases (IMDs), including 

but not limited to: inflammatory bowel disease (Frank et al., 2007; Shaw et al., 2016; Shim, 

2013), atopic dermatitis (Wollina, 2017; Zheng et al., 2016), asthma (M. C. Arrieta et al., 

2015; Fujimura & Lynch, 2015), type 1 diabetes (Alkanani et al., 2015; de Goffau et al., 

2014), psoriasis (Yan et al., 2017), and juvenile idiopathic arthritis (JIA), including 

psoriatic arthritis (Arvonen et al., 2016; Scher et al., 2015).  Experimental evidence has 

also suggested that disruptions to the microbial ecosystem that arise from the loss of 

microbial diversity or imbalance to the usual homeostatic state can result in a dysregulated 

immune response, an attack and destruction of one’s own cells or tissues, and subsequent 

inflammation, which is the underlying mechanism of allergic and IMD (Belkaid & Hand, 

2014; Belkaid & Harrison, 2017; Garn et al., 2013; Levy et al., 2017; Tomasz Olszak et 

al., 2015; Torsten Olszak et al., 2012; Round & Mazmanian, 2009).  Although it is not yet 

known if the dysbiosis associated with IMDs is the result of changes in the microbiota or 

the disease process itself, evidence is growing to suggest microbiome-host interactions as 

an epigenetic mechanism shaping gene expression and immune system function are 

influencing the onset of IMD in genetically susceptible individuals (Jostins et al., 2012; 

Kellermayer, 2012; E. S. Lee et al., 2017).  Therefore, investigating environmental 

exposures that alter the microbiome as a potential contributor to the risk of IMDs is an 
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important step in identifying effective prevention and intervention strategies to help 

mitigate disease risk or identify effective treatment options to reduce disease burden. 

The goals of this chapter are to: (a) provide an overview of IMDs with a focus on 

three common diseases that present in childhood: pediatric psoriasis, juvenile idiopathic 

arthritis, and type 1 diabetes, (b) detail the role of the human genome and microbiome play 

in maintenance of health and onset of IMDs, (c) examine environmental determinants that 

influence the microbiome during early-life development with focus on antibiotics, and (d) 

explore the current evidence on antibiotic exposure and associated risk for IMDs. 

Over the past several decades, the rates of IMDs such as rheumatoid arthritis, 

inflammatory bowel disease, systemic lupus erythematosus, type 1 diabetes, and psoriasis 

have increased at an alarming rate in Western and urban societies and now affect 5-8% of 

the world population (El-Gabalawy et al., 2010).  There are more than 80 known IMDs, all 

of which share a common inflammatory pathway and result in an aberrant immune system 

response and destruction of one’s own cells, tissues, or organs (Hayter & Cook, 2012).  

Pediatric IMDs are known to have a profound effect on one’s health over the 

lifespan and significantly impact the quality of life of the child and caregiver (Duffy et al., 

2011; Kalyva et al., 2011; Randa et al., 2017; Seid et al., 2014; Taxter, Wileyto, Behrens, 

& Weiss, 2015; Tollefson et al., 2017).  Youth with psoriasis are twice as likely to suffer 

from comorbidities including hyperlipidemia, obesity, hypertension, diabetes, rheumatoid 

arthritis, and Crohn’s disease (Augustin et al., 2010) and are also more likely to experience 

anxiety and depression (Kimball et al., 2012).  Children with JIA experience marked joint 

Overview of Immune-Mediated Diseases  
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inflammation, restricted range of movement, and pain characterized by swelling, 

tenderness, and warmth surrounding the joints (Petty, Laxer, & Wedderburn, 2016), as well 

as other symptoms including fever, fatigue, anorexia weight loss, and growth failure (Petty 

et al., 2016).  Individuals with type 1 diabetes are at an increased risk for developing 

disease-related complications including loss of vision, peripheral nerve damage, 

amputations, kidney failure, stroke, and cardiovascular complications that include 

hypertension and hyperlipidemia, and this risk is higher among those who are diagnosed at 

an earlier age (American Diabetes Association, 2014).  Type 1 diabetes is also associated 

with a decrease in the life expectancy of 11 years for men and 13 years for women as 

compared to the general population (Livingstone et al., 2015).  Therefore, investigating 

potentially modifiable environmental exposures that can help prevent the rise of these 

conditions offers the opportunity to significantly improve the health and well-being of 

children over their lifetimes. 

The following section will provide a review of epidemiological evidence and a 

general overview of three common IMDs of childhood: pediatric psoriasis, juvenile 

idiopathic arthritis (JIA) including Juvenile Psoriatic Arthritis (PsJIA or JPsA), and type 1 

diabetes. 

Pediatric Psoriasis 

Psoriasis is a common, chronic immune-mediated inflammatory disorder in 

children and adults that is characterized by erythematous papules and plaques often 

covered with silvery scales (Al-Mutairi, 2016).  Psoriasis is one of the most common 



 

 20 

immune-mediated inflammatory skin diseases presenting during childhood, and pediatric 

psoriasis represents one-third of all psoriasis cases (Tollefson, Crowson, McEvoy, & 

Maradit Kremers, 2010).  In comparison to adult psoriasis, pediatric psoriasis is typically 

characterized by softer, less scaly skin lesions that are more pruritic than the lesions seen 

in affected adults (Al-Mutairi, 2016), and therefore is often challenging to diagnosis due to 

the high resemblance to other dermatological conditions or atypical presentation.   

Despite being one of the most common dermatological conditions in childhood, 

there is only a limited number of epidemiological reports depicting pediatric psoriasis.  A 

recent systematic review of 6 studies examining the prevalence of pediatric psoriasis 

reported a prevalence rate of 0.71% in Europe and a virtually non-existent prevalence in 

Asia (Parisi, Symmons, Griffiths, & Ashcroft, 2013).  One investigation of the incidence 

of pediatric psoriasis among children in the United States indicated a two-fold increase 

from 1970-1974 (29.6/100,000 children) to 1995-1999 (62.7/100,000 children) and 

reported the overall incidence at 40.8 pediatric cases/100,000 (Parisi et al., 2013; Tollefson 

et al., 2010).  It appears that the prevalence of pediatric psoriasis increases with age, 

affecting 0.55% of children 0-9 years with an increase to 1.37% for youth 10-19 years 

(Gelfand et al., 2005).  Others have reported a prevalence 0.1- 0.12% at 1 year of age with 

an increased to 0.8-1.2% at age 18 years (Augustin et al., 2010; Matusiewicz, Koerber, 

Schadendorf, Wasem, & Neumann, 2014).  Adult psoriasis affects men and women 

equally, however, the reports of pediatric psoriasis by sex are varied.  One report suggests 

a similar female-to-male ratio of 1.1 (Tollefson et al., 2010), while another report indicated 

a 1.48 ratio (Mercy et al., 2013).    
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Juvenile Idiopathic Arthritis 

Juvenile idiopathic arthritis (JIA) is the most common childhood rheumatologic 

disease presenting before 16 years of age and is characterized by arthritis of unknown 

origin that persists for more than 6 weeks (Prakken, Albani, & Martini, 2011; Ravelli & 

Martini, 2007).  The worldwide incidence and prevalence of JIA remains unknown, but it 

appears JIA affects children from all areas of the globe.  The highest rates for JIA are 

reported in children of European descent (Kurahara et al., 2002; Saurenmann et al., 2007).  

The variance in the number of children affected by JIA may be attributable to differences 

in genetic susceptibility and geographical environmental factors, changes in definition and 

classification, or an underreporting of the condition in different parts of the world (Petty et 

al., 2016).  A recent systematic review examining 43 articles reporting the incidence and 

prevalence of JIA demonstrated the rates varied greatly, ranging from 1.6-23 and 3.8-400 

per 100,000 children, respectively (Thierry, Fautrel, Lemelle, & Guillemin, 2014).  The 

standardized incidence and prevalence for JIA was calculated at 8.2 (7.5-9.0) and 16.8 

(15.9-17.7) per 100,0000 children (Thierry et al., 2014).  JIA is more common in females 

than males for almost all JIA subtypes, resulting in a pooled incidence rate of 10.0 (9.4-

10.7) and prevalence rate of 19.4 (18.3-20.6) as compared to males whose pooled incidence 

and prevalence rates are 5.7 (5.3-6.2) and 11.0 (10.2-11.9) per 100,000, respectively 

(Thierry et al., 2014). 
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Type 1 Diabetes 

Type 1 diabetes is an IMD that arises from the destruction of host pancreatic b-cells 

resulting in the loss of insulin production (American Diabetes Association, 2014; 

Association American Diabetes, 2017).  Worldwide, type 1 diabetes represents 5-10% of 

all of the cases of diabetes, yet it is the most frequent chronic disease presenting during 

childhood, affecting one in every 518 youth under the age of 20 (American Diabetes 

Association, 2014; Association American Diabetes, 2017; Pettitt et al., 2014).  It is 

estimated that 500,000 children under the age of 15 have type 1 diabetes, with the largest 

proportion of children residing in Europe (129,000) or North America (108,700) (C. 

Patterson et al., 2014).  Although the incidence of type 1 diabetes among youth varies by 

geographic region, the annual incidence is increasing at a rate of 3-5% worldwide 

(DIAMOND Project Group, 2006; Onkamo, Väänänen, Karvonen, & Tuomilehto, 1999; 

C. Patterson et al., 2014; C. C. Patterson et al., 2012; Vehik et al., 2007).  During the 1990s, 

the incidence of type 1 diabetes increased by 5.3% in North America, 4% in Asia, and 3.2% 

in Europe (DIAMOND Project Group, 2006).  In 2013, the largest increase in children with 

newly diagnosed with type 1 diabetes was observed in United States, India, and Brazil (C. 

Patterson et al., 2014).  A recent report investigating the incidence of type 1 diabetes 

between 2002 and 2012 within the five SEARCH for Diabetes in Youth study centers 

across the United States estimated an annual increase in incidence of 1.8% (Mayer-Davis 

et al., 2017).  The worldwide prevalence of type 1 diabetes is reportedly 1.93 per 1,000 

children, with the highest rates observed among non-Hispanic white children (2.55 per 
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1,000 children) and lowest among American Indian or Alaskan Native children (0.35 per 

1,000) (Pettitt et al., 2014).  In the United States, 72% of children with type 1 diabetes are 

Caucasian, 16% are Hispanic-Caucasians, and 9% are non-Hispanic blacks (Dabelea et al., 

2014).   

Research associated with the human genome and microbiome initiatives has added 

empirical evidence to support the theory that genetic factors are necessary for an IMD 

phenotype to develop and that environmental factors are a critical element for the onset of 

disease.  The next section will discuss our current understanding of the role the human 

genome microbiome plays in health and onset of IMDs with a focus on pediatric psoriasis, 

JIA, and type 1 diabetes. 

Human Genome and Immune-Mediated Disease 

Genome-wide association studies (GWAS) have identified hundreds of genetic 

markers or loci associated with IMDs, the majority of which are associated with the human 

leukocyte antigen (HLA) alleles located within the major histocompatibility complex 

(MHC), an essential component of the acquired immune system (González-Galarza et al., 

2015; Tsai & Santamaria, 2013).  The observed tendency for IMD to cluster in families has 

long suggested a genetic predisposition.  Twin studies have demonstrated higher disease 

concordance rates for IMDs among monozygotic twins as compared to dizygotic twins, 

and that paired dizygotic twins have similar disease concordance rates (Bogdanos et al., 

2012; Generali et al., 2017).  Additionally, siblings of both monozygotic and dizygotic 
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twins with IMD have a similar risk of disease recurrence, which is greater than that of 

siblings without IMD (Ricaño-Ponce & Wijmenga, 2013), yet the heritable risk of an IMD 

is only 20-50% (Parkes, Cortes, van Heel, & Brown, 2013; Sorrentino, 2014).  As the 

heritability signifies the proportion of the disease that can be attributed to genetic factors, 

these findings highlight gene-environment interactions as a critical factor underpinning the 

etiology of IMD (Brodin et al., 2015; MacGillivray & Kollmann, 2014; Xiang et al., 2017).  

The Human Genome and Risk of Pediatric Psoriasis, JIA, and Type 1 Diabetes 

Genetic factors play appear to play a significant role in the etiology of pediatric 

psoriasis, JIA, and Type 1 diabetes.  Children with JIA are more likely to have a family 

member with an immune disease (Prahalad et al., 2004; Prahalad, Shear, Thompson, 

Giannini, & Glass, 2002; Zeft, Shear, Thompson, Glass, & Prahalad, 2008).  Up to 71% of 

children with pediatric psoriasis report a family member with the disease (Silverberg, 

2009).  In contrast, only 15% of children with type 1 diabetes report a family history of 

diabetes (Michels et al., 2015; Steck & Rewers, 2011).  However, the risk for developing 

type 1 diabetes is 15 times higher than the population risk if one sibling has the disease 

(Steck & Rewers, 2011), and a child of a parent with type 1 diabetes has a 5% risk of 

developing the disease (Chiang, Kirkman, Laffel, & Peters, 2014).  With regard to 

psoriasis, there is a 38% risk for developing the disease if one parent has psoriasis, and this 

risk increases to 65% if both parents have the disease (Swanbeck et al., 1997).  This risk is 

even greater if a sibling also has psoriasis, and increases to 51% and 83% if one or two 

parents have the disease, respectively (Swanbeck et al., 1997).  Twin studies among 

individuals with JIA indicated a disease concordance rate of 25-40% (Glass & Giannini, 
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1999; Prahalad et al., 2000) and the disease recurrence risk among siblings at 15-30% 

(Glass & Giannini, 1999; Moroldo et al., 2004; Prahalad et al., 2004).  For type 1 diabetes, 

the probandwise concordance among monozygotic twins is 42.9% (26.7–59.2) and only 

7.4% (2.2–12.6) among dizygotic twins (Hyttinen, Kaprio, Kinnunen, Koskenvuo, & 

Tuomilehto, 2003).  Twin studies and genome-wide association studies (GWAS) have also 

indicated a relatively high proportion of the risk for Psoriasis, JIA, and type 1 diabetes can 

be attributed to genetic factors with the heritability risk for pediatric psoriasis at 66-68% 

(Grjibovski, Olsen, Magnus, & Harris, 2007; A. S. Lønnberg et al., 2013), 86-88% for type 

1 diabetes (Hyttinen et al., 2003; Y. R. Li et al., 2015b), and 73% for JIA (Y. R. Li et al., 

2015a).  Interestingly, GWAS have also identified several susceptible gene loci responsible 

for the expression of IMDs, most of which are linked the human leukocyte antigen (HLA) 

complex and others within systems responsible for immune regulation and tolerance 

(Bowes & Barton, 2010; Hinks et al., 2013; A. Lønnberg et al., 2016; McIntosh et al., 2017; 

Michels et al., 2015; Prahalad et al., 2009; Skyler et al., 2017; Steck & Rewers, 2011; S. 

D. Thompson et al., 2012).   

Despite the relatively high genetic risk associated with psoriasis, JIA, and type 1 

diabetes, the missing heritability and genetic variance associated with these diseases 

indicate environmental factors are an important contributor to the onset of disease.  As the 

microbiome plays an integral role in the immune system regulation, the microbiome may 

be a key element to the onset of IMDs.   
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Human Microbiome and Immune-Mediated Disease  

It has now become apparent that the microbial community of the GI microbiota is 

an integral component of health and plays an essential role in several physiological 

processes, including developing and maintaining immune functions.  The GI microbial 

ecosystem maintains the intestinal epithelial barrier that prevents the invasion of harmful 

pathogens (Groschwitz & Hogan, 2009), shapes the development of the adaptive immune 

response, and sustains immune homeostasis (Belkaid & Harrison, 2017; Round & 

Mazmanian, 2009; Weng & Walker, 2013; Wu & Wu, 2012).  The establishment of the 

gastrointestinal (GI) microbiome to a stable, more adult-like profile occurs over the first 

few years of life.  During this time, the microbiota is highly variable and strongly 

influenced by the environmental exposures that shape the composition of the microbial 

community, and these exposures can have significant influence on the composition and 

function of the microbiome over the life course (Koenig et al., 2011; Langdon, Crook, & 

Dantas, 2016; Yatsunenko et al., 2012).  Disruptions to the microbial communities that 

result in a loss of microbial diversity, an overabundance of pathogenic microbes, or loss in 

the abundance of health-promoting bacteria can give rise to a state of dysbiosis (Levy et 

al., 2017).  Dysbiosis is associated with an altered function and regulation of 

immunological and metabolic processes (Francino, 2016; E. S. Lee et al., 2017; Ubeda & 

Pamer, 2012; Willing et al., 2011) and is correlated with several IMDs including type 1 

diabetes (Alkanani et al., 2015; de Goffau et al., 2014), juvenile idiopathic arthritis 

(Arvonen et al., 2016; Scher et al., 2015), and psoriasis (Yan et al., 2017).  Therefore, 

establishing a diverse microbiota profile that promotes a commensal microbial ecosystem 
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during early life development may play a critical role in programming the adaptive immune 

response, maintaining immune homeostasis, and serving as a mechanism to help prevent 

the onset of IMD (Belkaid & Harrison, 2017; Round & Mazmanian, 2009; Weng & 

Walker, 2013; Wu & Wu, 2012).   

The Development of Gastrointestinal Microbiome 

Immediately post-birth, the microbiota is colonized through maternal contact 

during the birthing process, early infant feeding, and exposure to the microorganisms 

within the birthing environment (Bokulich et al., 2016; Hill et al., 2017; Koenig et al., 

2011; Palmer et al., 2007; Yatsunenko et al., 2012).  The first microbes to colonize the 

infant microbiota are facultative anaerobes of the Proteobacteria and Actinobacteria 

phylum (Eckburg, 2005; Jiménez et al., 2008; Penders et al., 2006; Qin et al., 2010; Tojo 

et al., 2014).  The early microbiome contains a large proportion of Bifidobacterium species 

within the Actinobacteria phylum, especially in infants who receive breastmilk.  

Bifidobacterium are considered health promoting “probiotics” and are a key component in 

the programming of the innate immune system and digestion of nutrients (Hidalgo-

Cantabrana et al., 2017; Houghteling & Walker, 2015; Tojo et al., 2014).  Bifidobacterium 

infantis species, found in breastmilk, help maintain the GI epithelial barrier and have 

exhibited anti-inflammatory properties (Houghteling & Walker, 2015).  Once 

Bifidobacterium ssp. are established within the microbial ecosystem of the GI microbiome, 

these species are relatively stable over an individual’s lifetime (Houghteling & Walker, 

2015).  It is important to note that many of the microorganism species within the 

Proteobacteria phylum, including Enterococcus, Escherichia (Escherichia coli ssp.), and 



 

 28 

Staphylococcus, are considered pathogenic and, if found in abundance, can lead to enteric 

infections (Eckburg, 2005; Jiménez et al., 2008; Penders et al., 2006; Qin et al., 2010; 

Stecher, 2015; Tojo et al., 2014).  However, within a healthy microbiome these organisms 

integrate into the microbiota as commensal species that cause no harm to the host.  In fact, 

these commensal species are thought act as protective agents and help guard the host from 

becoming ill if exposed to small amounts of these pathogenic organisms (Stecher, 2015).   

The diversity of the microbial community expands within the first month of life 

with the addition of anaerobe microorganisms of the Firmicutes and Bacteroidetes phylum, 

including Bifidobacterium, Lactobacillus, Clostridium, Ruminococcus, Bacteroides, and 

Prevotella (Bokulich et al., 2016; Eckburg, 2005; Houghteling & Walker, 2015; Penders 

et al., 2006; Qin et al., 2010).  The species Bacteroides fragilis of the Bacteroidetes phylum 

promotes the development of the immune system (Human Microbiome Project 

Consortium, 2012) and protects against inflammation within the GI tract (Round & 

Mazmanian, 2009).  Similarly, member species of the Ruminococcaceae family also 

exhibit anti-inflammatory properties (Stecher, 2015).  At 4-6 months of age, the infant 

microbiota rapidly diversifies with the introduction of solid foods and is continually shaped 

throughout infancy through interactions with family members and the environment 

(Bokulich et al., 2016; Jost et al., 2014; Koenig et al., 2011).  By 1 to 3 years of age, the 

microbiota starts to resemble a more stable, adult-like profile (Lozupone et al., 2013; 

Palmer et al., 2007; Yatsunenko et al., 2012) which is predominately characterized by 

species of the bacterium phyla of Firmicutes and Bacteroidetes, with only 5-10% being 

represented by Proteobacteria, and Actinobacteria (Eckburg, 2005; Hidalgo-Cantabrana et 
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al., 2017; Human Microbiome Project Consortium, 2012; Qin et al., 2010; Tojo et al., 

2014).  

The Human Microbiome and risk of Pediatric Psoriasis, JIA, and Type 1 Diabetes 

A growing body of evidence is demonstrating the microbiome of individuals with 

IMDs are less diverse and have a lower overall abundance (richness) of microorganisms as 

compared to healthy individuals and that the disruption in the microbiota profiles are 

associated with altered physiological functioning and presence of disease activity.  An 

altered Firmicutes to Bacteroidetes species ratio within the GI microbiome is associated 

with several IMDs including inflammatory bowel disease (IBD), psoriasis, JIA, and type 1 

diabetes (Alkanani et al., 2015; Davis-Richardson et al., 2014; de Goffau et al., 2014; Di 

Paola et al., 2016; Giongo et al., 2011; Murri et al., 2013; Stoll et al., 2014; Yan et al., 

2017).  Studies have consistently indicated that children with JIA have an altered microbial 

diversity within the Firmicutes phylum (Di Paola et al., 2016; PC Hissink Muller et al., 

2013; Petra Hissink Muller et al., 2017; Scher et al., 2015; Stoll et al., 2014; Tejesvi et al., 

2016) and others have shown a decrease in Bacteroidetes (Petra Hissink Muller et al., 

2017).  A lower ratio of Firmicutes to Bacteroidetes has also been demonstrated in 

individuals with psoriasis (Yan et al., 2017) and type 1 diabetes (Alkanani et al., 2015; 

Davis-Richardson et al., 2014; de Goffau et al., 2014; Giongo et al., 2011; Murri et al., 

2013).  Children with type 1 diabetes also demonstrate a significant increase in two species 

in the phylum Bacteroidetes, Bacteroides dorei ssp. and Bacteroides vulgatus spp., which 

are associated with inflammatory diseases of the gastrointestinal tract, including ulcerative 

colitis and celiac disease (Davis-Richardson & Triplett, 2015).    
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Disruption within the microbiome is associated with altered physiological function 

of the immune system and other systems related to the disease in individuals with psoriasis, 

JIA, and type 1 diabetes.  Murri et. al reported that children with type 1 diabetes had a 

decreased abundancy in the probiotic bacterium species Bifidobacterium (Actinobacteria 

phylum) and Lactobacillus (Firmicutes phylum) and the lower abundancy correlated with 

higher plasma glucose levels (Murri et al., 2013).  Interestingly, a case-report of adult 

patients with psoriasis found that a lower abundance of species within the Actinobacteria 

phylum was correlated with higher scores on the Psoriasis Area and Severity Index (PASI), 

indicating those with a lower abundancy demonstrated higher disease activity (Doaa, Dalia, 

& Ahmed, 2016).  Interactions between the GI microbiome, the intestinal epithelial barrier, 

and the immune system are thought to be a critical element in the onset of psoriasis, JIA, 

and type 1 diabetes.  Several investigations have demonstrated children with JIA have an 

increased fecal urase activity and increased circulating serum lipopolysaccharide, 

suggesting a loss of epithelial barrier function and the translocation of GI bacteria (Fotis et 

al., 2017; Malin, Verronen, Mykkanen, Salminen, & Isolauri, 1996; Picco et al., 2000).  

Increased intestinal barrier permeability (e.g., leaky gut) and altered microbiota profile 

leading to intestinal inflammation and a dysregulated beta-cell immune response is thought 

to be a critical factor in the onset of type 1 diabetes (Vaarala, 2011, 2013; Vaarala, 

Atkinson, & Neu, 2008).  Remarkably, children who developed diabetes have shown a loss 

in microbial diversity and stability prior to disease onset (Giongo et al., 2011). 

Environmental Determinants on Development of the Microbiome  
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As our understanding of the role the microbiota plays in shaping health continues 

to grow, it is becoming increasingly evident, given the extent to which microbial 

communities develop during early life, that this a critical period that has a profound 

influence on one’s health over the lifespan.  The colonization and development of the 

microbial communities during early life is influenced by extrinsic, and to an extent 

intrinsic, factors that affect the diversity, resiliency, maturation, and functional capacity of 

the gastrointestinal microbiota.  Environmental exposures also are known to have long-

lasting effects on the genetic signature of the microbiome.  Recent evidence has 

demonstrated that the composition of the microbiota can be predicted by early and later life 

events, including receiving breastmilk as an infant and education level (Ding & Schloss, 

2014).  Furthermore, environmental determinants influencing the composition of the 

microbiota profile during early life development may be an important component giving 

rise to the genetic variants associated with IMD by way of host-microbiome interactions 

within the epigenome, the chemical and protein metabolites that dictate how the genes are 

expressed (Fofanova, Petrosino, & Kellermayer, 2016; Harris et al., 2016; Torsten Olszak 

et al., 2012).  Therefore, understanding the acquisition of the microbial community during 

early life, the environmental factors that affect the composition and functional capacity of 

the microbiota profile, and the risk of developing an IMD over the life course can help to 

uncover potential opportunities that can inform disease prevention and intervention 

strategies. 
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Early Life Environmental Determinants and the Microbiome 

There are numerous environmental exposures that influence the microbiota profile 

with long-lasting effects, which include: gestational age at birth, mode of delivery, infant 

feeding type, geography and season, and medications.   

Prematurity 

Children who are born prematurely have a less diverse microbiota profile at birth, 

with an increased percentage of Proteobacteria and Firmicutes, and lower numbers of 

Bacteroidetes (Arboleya et al., 2012, 2016; Cong et al., 2016), all trends that remained 

evident at 3 months of age (Arboleya et al., 2012).  Preterm infants with microbiota profiles 

with higher percentages of pathogenic microbes are at an increased risk of developing 

necrotizing enterocolitis (NEC), a devastating type of inflammatory bowel disease 

associated with high morbidity and mortality (Pammi et al., 2017; Sim et al., 2015; 

Torrazza et al., 2013).   

Mode of Birth 

Infants born via C-section also have less overall microbial diversity (Bäckhed et 

al., 2015; Bokulich et al., 2016; Jakobsson et al., 2014) and fewer Bacteroidetes as 

compared to those born vaginally (Bäckhed et al., 2015; Grölund et al., 1999; Hill et al., 

2017; Jakobsson et al., 2014; Penders et al., 2006).  These differences persisted at 4-6 

months post birth (Bäckhed et al., 2015; Grölund et al., 1999; Hill et al., 2017), and 

sustained differences have been reported through 12 months (Bäckhed et al., 2015; 

Bokulich et al., 2016) and up to 24 months (Jakobsson et al., 2014).   
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Infant Feeding & Diet 

Breastfeeding is considered the ideal infant feeding as the composition of human 

milk contributes to both the maturation of the immune system and microbiota profile.  

When compared to breast-fed infants, formula-fed infants have a less diverse microbiota 

profile and noted delay in the maturation of the profile that remained evident at 24 months 

of age (Bäckhed et al., 2015).  Human milk is not only rich in immune enhancing 

immunoglobulins (Hurley & Theil, 2011), it contains oligosaccharides and short-chain 

fatty acids which stimulate the proliferation of beneficial microbial organisms (e.g., 

Bifidobacteria, Lactobacillus, and Bacteroides) and are integral in maintaining the 

epithelial barrier and regulating the immune-response (Corrêa-Oliveira et al., 2016; Martín 

et al., 2007; R. Martin et al., 2009; A. L. Thompson et al., 2015; Walker & Shuba Iyengar, 

2014).  Differences in the microbiota profile of children are also evident by geographical 

location, which is thought to be primarily due to regional diets, cultural practices, seasonal 

variation, and type of residence (e.g., urban, suburban, rural).    

Medications 

Antibiotics significantly alter the richness (the number of species), abundance 

(number of species compared to others in the profile) (Buffie & Pamer, 2013; Ju et al., 

2017; Tanaka et al., 2009), the diversity (measure of the richness and abundance) 

(Dethlefsen et al., 2008) and the resiliency (the ability for the microbiota to recover to 

stable state) (Dethlefsen & Relman, 2011), which have long lasting effects (De La 

Cochetiere et al., 2005; Fouhy et al., 2012; C Jernberg et al., 2007).    The next section will 
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discuss the role antibiotics play in influencing the development of the microbiome and risk 

of dysbiosis. 

Antibiotics and the Microbiome 

Antibiotic therapy has played an integral role in reducing the morbidity and 

mortality rates attributed to communicable diseases, and are considered one of the most 

valuable modern medical advances of the 20th century (Cantas et al., 2013).   Yet, 

antibiotics significantly disrupt the composition (Buffie & Pamer, 2013; Ju et al., 2017; 

Tanaka et al., 2009), diversity (Dethlefsen et al., 2008), and the resiliency (Dethlefsen & 

Relman, 2011) of the microbial community within the gastrointestinal (GI) tract, which 

have long lasting effects (De La Cochetiere et al., 2005; Fouhy et al., 2012; C Jernberg et 

al., 2007).  Although a decreasing trend in the number of overall antibiotic prescriptions 

has been observed over the past 20 years (Finkelstein et al., 2003; Vaz et al., 2014), 

antibiotics remain the most frequently prescribed medication during childhood and the use 

of broad-spectrum antibiotics is steadily increasing (Vaz et al., 2014).  Twenty-one percent 

of all yearly pediatric ambulatory care visits result in an antibiotic prescription (Chai et al., 

2012; Hersh et al., 2011; Vaz et al., 2014) and 50-70% of all children under the age of 2 

years have received at least one systemic antibiotic prescription (Bailey et al., 2014; 

Hoskin-Parr, Teyhan, Blocker, & Henderson, 2013; Saari, Virta, Sankilampi, Dunkel, & 

Saxen, 2015).  This overuse of antibiotics has not only led to a worldwide epidemic of 

antibiotic resistance (Demirjian et al., 2015; Spellberg et al., 2016; von Wintersdorff et al., 

2016), it has also raised concerns over the role antibiotic therapy plays in modulating the 
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risk of disease- especially when administered during early life development (Bull & 

Plummer, 2014; Francino, 2016).  The extent to which the microbiome is disrupted by 

antibiotics appears to vary by the type of antibiotic, frequency of exposure, and age of 

exposure.   

Type of Antibiotic 

The type of antibiotic can also alter the richness, abundance, and diversity of the 

microbiota community.  Narrow-spectrum antibiotics target a specific type of organism 

and therefore are believed to have a less of an effect on the overall species within the 

microbiota profile as compared to broad-spectrum antibiotics, which target many microbial 

species and are also a significant contributor to the risk of developing antibiotic resistance 

(Francino, 2016; Panda et al., 2014; Thiemann et al., 2016).  Exposure to macrolides, a 

class of broad-spectrum antibiotics, within the first two years of life reduced species within 

the phylum Actinobacteria and increased Bacteroidetes and Proteobacteria (Korpela et al., 

2016).  Infants who received broad-spectrum oral antibiotic (amoxicillin) or broad-

spectrum medication (miconazole) during the first month of life had a decrease in richness 

of Bifidobacterium of the Actinobacteria phylum and Bacteroides fragilis species of the 

Bacteroides phylum (Penders et al., 2006).  In adults, a decrease in the dominant species 

of the microbiota after a 5-day course of a broad-spectrum antibiotic (amoxicillin) was 

evident on day 3-4 of therapy, and these effects persisted for 1 to 2 months post-treatment 

(De La Cochetiere et al., 2005).  Similarly, a 7-day course of the broad-spectrum antibiotic 

clindamycin demonstrated an altered microbial diversity within the Bacteroides genus and 

continued for up to 2 years (Cecilia Jernberg, Löfmark, Edlund, & Jansson, 2007).   
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Age of Antibiotic Exposure 

The GI microbiome during early life development is less stable than that of an adult 

and therefore more susceptible to environmental changes (Gibson, Crofts, & Dantas, 2015; 

Voreades, Kozil, & Weir, 2014; Yang et al., 2016).    Alterations to the microbiota during 

this time period may thereby predispose a young child to negative health consequences that 

can have long-lasting effects (Koenig et al., 2011; Spellberg et al., 2008; Vangay, Ward, 

Gerber, & Knights, 2015).  Evidence suggests that disruptions occurring within the first 6 

months of life have a more profound effect on the developing GI microbiome than if the 

exposure occurred during later stages of development (Risnes, Belanger, Murk, & Bracken, 

2011; Vangay et al., 2015), and that early life antibiotic exposure delays the maturation of 

microbiota profile (Arboleya et al., 2012, 2015, 2016; Bokulich et al., 2016).  Both preterm 

and term infants who received antibiotics prophylactically during delivery demonstrate a 

significantly less diverse microbiota profile as compared to infants who did not receive 

antibiotics (Arboleya et al., 2015; Azad et al., 2016; Bokulich et al., 2016; Greenwood et 

al., 2014).  Preterm infants who received antibiotics within the first week of life for 

suspected, but not confirmed, infection demonstrated a higher number of Enterobacter 

species of the Proteobacteria phylum and had an increased risk of developing NEC 

(Greenwood et al., 2014).  Similarly, term infants who received parental antibiotic therapy 

within the first 48 hours of life also exhibited a significant increase in the percentage of 

microbes within the Proteobacteria phylum, but also demonstrate a significant decrease in 

Actinobacteria phylum (Fouhy et al., 2012) as well as a reduced abundance of the probiotic 

species of Bifidobacterium genus and Lactobacillus genus (Fouhy et al., 2012).  Notably, 
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the effects of the early-life antibiotic exposure were long-lasting.  Disruptions to the 

microbiota profiles were evident at 4 weeks post-exposure and by 8 weeks, only the number 

of Proteobacteria remained elevated (Fouhy et al., 2012).  However, the number of different 

Bifidobacterium species remained altered despite recovery in overall numbers (Fouhy et 

al., 2012). 

Frequency of Antibiotic Exposure 

Antibiotics significantly alter the composition of the microbiome during early life 

development and that these disruptions to the microbial ecosystem are long-lasting.  

Repeated antibiotic exposure not only effects the resiliency of and the ability for the 

microbiota to recover fully to its pre-antibiotic state, the richness (number of microbes) 

and diversity (number of different microbial species) are also impacted (Nobel et al., 2015).  

Recent murine models demonstrated a significant delay in the richness (number of 

microbes) and diversity (number of different microbial species) following exposure to two 

or more doses of antibiotics and that this delay was more pronounced upon the third 

exposure (Nobel et al., 2015).  Furthermore, mice repeatedly exposed to macrolides, a class 

of broad-spectrum antibiotics, demonstrated a significant delay in maturation of the 

microbiota profile that was noted at the time of weaning and introduction of a chow diet 

(Nobel et al., 2015).  In a similar murine experimental model, investigators demonstrated 

antibiotics also disrupted to the epithelial lining of the GI tract leading to the translocation 

of gut bacteria that precipitated an immune-mediated inflammatory response (Knoop, 

McDonald, Kulkarni, & Newberry, 2016).  These findings help shed light on a possible 

underlying mechanism responsible for triggering the onset of an IMD and suggest 



 

 38 

antibiotic exposure during early life development may be a potentially modifiable factor 

that can help reduce the risk of developing an IMD in genetically susceptible individuals.    

An emerging body of evidence is now suggesting a positive association between 

early and repeated exposure of broad-spectrum antibiotics during childhood and several 

immune-mediated and metabolic diseases that include inflammatory bowel disease, 

specifically Crohn’s disease (Theochari et al., 2017; Ungaro et al., 2014), obesity (Shao et 

al., 2017), and eczema (Tsakok et al., 2013). In other disease states, such as asthma, the 

association is less clear.  Several studies have indicated a positive association between 

antibiotic exposure and onset of asthma, while others have found no or a negative 

association (Marra et al., 2006; Murk et al., 2011; Penders et al., 2011).  Furthermore, two 

recent investigations have suggested infections, as opposed to antibiotic therapy, lead to an 

increase risk of disease for obesity and pediatric psoriasis (Horton et al., 2016; D. K. Li et 

al., 2017).   

Despite the growing evidence suggesting antibiotics may play a significant role in 

the onset of several IMDs,  there are relatively few investigations examining this 

relationship for diseases with a moderately high degree of disease heritability, such as JIA 

(Arvonen et al., 2015; Horton et al., 2015), type 1 diabetes (Clausen et al., 2016; Fazeli 

Farsani et al., 2014; Hviid & Svanstrom, 2009; Mikkelsen et al., 2017), and pediatric 

psoriasis (Horton et al., 2016).  The next section will evaluate the current evidence 

examining the association between antibiotic exposure and risk of JIA, diabetes, and 

pediatric psoriasis. 

Antibiotic Exposure and Risk of IMD 
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Antibiotic Exposure and Risk of JIA 

To date, only two investigations have examined antibiotic use prior to the diagnosis 

of JIA (Arvonen et al., 2015; Horton et al., 2015).  Both studies utilized a case-control 

study design and accessed national registry data, each reported similar findings, and neither 

were conducted within the United States.  Horton et al. reported an increased odds of JIA 

among children in the United Kingdom who received one or more antibiotic prescriptions 

(OR 2.1 [95% CI: 1.2–3.5]), which remained apparent after controlling for infections 

(adjusted OR range: 2.0–2.5) (Horton et al., 2015).  It was noted that this association was 

highest among children who received the antibiotic within 6 months of diagnosis (OR 3.1 

[95% CI: 1.7-5.5]) or 6 months prior to any reports of joint swelling (OR 3.0 [95% CI: 1.8-

4.9]).  Arvonen et al. reported an increased odds of JIA among Finnish children with one 

or more documented antibiotic purchase within the first 12 months (OR 1.2 [95% CI 1.2-

1.4]) or first 24 months of age (OR 1.4 [95% CI 1.2–1.6]), but not within the first 6 months 

of age (Arvonen et al., 2015).   

A significant associated risk between the frequency and type of antibiotic exposure 

and JIA was also evident.  Both studies reported a significant increase in the odds of JIA 

with each additional antibiotic exposure (p<0.001).  Horton et al. demonstrated an 

increased odds among children who received 5 antibiotic courses prior to the diagnosis of 

JIA (OR 3.0 [95% CI 1.6–5.6]). Arvonen et al. showed an increased odds of JIA for 

children with purchases prior to 1 year of age for antibiotics within the class of  

cephalosporin  (OR 1.3 [95% CI 1.1–1.7]) or β-lactam penicillin’s (OR 1.2 [95% CI 1.1–

1.4]) (Arvonen et al., 2015).  However, the strongest association was evident among 
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children who purchased two or more antibiotics within the lincosamides class prior to 24 

months of age (OR 8.0 [95% CI 0.7-88.2]).  Interestingly, Horton et al. showed no 

association between JIA and non-microbial medications (e.g., antifungal, antiviral) or 

untreated infections (Horton et al., 2015).   

Antibiotic Exposure and Risk of Type 1 Diabetes 

A recent experimental murine model illustrated that changes in gut microbiota after 

antibiotic exposure accelerated the onset of type 1 diabetes (Livanos et al., 2016).  

However, only four studies have examined antibiotic exposure and risk of type 1 diabetes 

in children, and all were conducted among Danish children (Clausen et al., 2016; Fazeli 

Farsani et al., 2014; Hviid & Svanstrom, 2009; Mikkelsen et al., 2017).  One study 

investigated the number of antibiotic prescriptions for children with type 1 diabetes as 

compared to case controls and found that children with diabetes had significantly more 

overall antibiotic prescriptions prior to diagnosis (62.6% vs. 52.6%, P < 0.001) and average 

number of prescriptions per child (2.71 compared to 1.42 per child, P < 0.001) (Fazeli 

Farsani et al., 2014).  This trend was evident for all study years with a marked increase in 

the number of prescription  at 7-8 years prior to diagnosis (Fazeli Farsani et al., 2014).  The 

other three investigations evaluated early antibiotic exposure and risk of type 1 diabetes 

(Clausen et al., 2016; Hviid & Svanstrom, 2009; Mikkelsen et al., 2017).   Hviid et al. 

reported that the neither the type of antibiotic, number of antibiotic exposures, nor age of 

exposure was associated with type 1 diabetes (Hviid & Svanstrom, 2009).  Mikkelsen et 

al. reported an increased odds of type 1 diabetes only among children exposed to five or 
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more antibiotics within the first 2 years of life (OR 1.35 [95% CI 1.10–1.64]) (Mikkelsen 

et al., 2017).  In contrast, Clausen et al. reported no association for children exposed to 

antibiotics within the first two years of life (HR 1.07 [95% CI 0.96 to 1.20])(Clausen et al., 

2016),  However, Clausen et al. reported a higher rate of type 1 diabetes among children 

who were exposed to broad-spectrum antibiotics in both the unadjusted and adjusted 

models (HR 1.14 [95% CI 1.03 to 1.26] and (HR 1.13 [95% CI 1.02 to 1.25]), respectively) 

(Clausen et al., 2016).  When this risk was examined by mode of delivery, the increased 

risk was only evident for children born via cesarean section (intrapartum cesarean section 

(HR 1.70 [95% CI 1.15 to 2.51]) or pre-labor cesarean section (HR 1.63 [95% CI 1.11 to 

2.39]), respectively) (Clausen et al., 2016).  Interestingly, Clausen et al. also demonstrated 

that genetic predisposition may have a stronger influence on the onset of type 1 diabetes 

than antibiotic exposure.  The odds of type 1 diabetes was significant if either the mother 

or father had type 1 diabetes prior to the birth of the child (HR 6.19 [95% CI 4.31 to 8.91]) 

and (HR 11.21 [95% CI 8.85 to 14.20], respectively) (Clausen et al., 2016).  

Antibiotic Exposure and Risk of Pediatric Psoriasis  

  There is limited evidence to suggest that antibiotic exposure is associated with the 

risk of pediatric psoriasis.  However, similar to type 1 diabetes, murine experimental 

models have illustrated changes in gut microbiota after antibiotic exposure accelerated the 

onset of psoriasis (Zákostelská et al., 2016; Zanvit et al., 2015), especially when exposure 

occurred during neonatal period (Zanvit et al., 2015).   To date, only one nested case-

controlled study has investigated the relationship between antibiotics exposure and 
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pediatric psoriasis (Horton et al., 2016).   This study reported a weak associated between 

antibiotic use prior to disease onset after matching on country, socioeconomic deprivation, 

number of outpatient visits, and number of infections (aOR 1.2 [95% CI, 1.0-1.5]).  

However, the was an increased odds of psoriasis among children with skin infections (aOR, 

1.5 [95% CI, 1.3-1.8]) as well as any infection (aOR, 1.3 [95% CI, 1.1–1.6]).  Interestingly, 

infections treated with an antibiotics were not associated with onset of psoriasis (aOR, 1.1 

[95% CI, 0.9–1.4]) whereas an increased odds was reported for psoriasis among children 

with untreated infections (aOR, 1.5 [95% CI, 1.3–1.8]) (Horton et al., 2016).   

The prevalence of IMDs is increasing at an alarming rate worldwide, occurring at 

a younger age, and significantly impacting the quality of life of children over the life 

course.  Emerging evidence suggests that antibiotics change the microbiota profile during 

early life development and that these effects are long-lasting.  Dysbiosis, or alterations in 

the microbiota profile, is associated with several IMDs including JIA, psoriasis, and type 

1 diabetes.  Murine models have also demonstrated that changes in the microbiota profile 

after the administration of antibiotics is linked to functional changes in the regulation and 

maintenance of the immune system.  However, only a limited number of studies conducted 

outside the United States have examined the risk of early life antibiotic exposure for these 

three-common childhood IMDs. All of the investigations used a case-controlled study 

design and the heterogeneity of the previous study designs limits the interpretability of the 

study findings and ability to observe the effects of antibiotics beginning in early life.  This 

study proposed to examine the association between exposure to antibiotics in the first year 

Conclusion 
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of life and the risk of JIA, type 1 diabetes, or pediatric psoriasis using a longitudinal birth 

cohort study design among children receiving care within the United States.  
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STUDY METHODOLOGY 

The purpose of this chapter is to: (a) outline the study aims and hypotheses, (b) describe 

the research methodology, (c) discuss the statistical methodology, and (d) detail the 

analysis plan. 

The overall goal of this study was to investigate the association between early life 

antibiotic exposure and risk of common pediatric immune-mediated diseases (IMD) with 

moderate to high heritability rates during early childhood: pediatric psoriasis, juvenile 

idiopathic arthritis (JIA), and type 1 diabetes. 

Aim 1 and Hypothesis: Main Effect 

Aim 1:  Evaluate the effect of systemic antibiotic exposure during the first year of life on 

the risk for developing an IMD after one year of age through adolescence.   

Antibiotics are known to disrupt the microbiota within the GI tract causing 

dysbiosis, which has been proposed as a potential mechanism for triggering the onset of an 

immune mediated inflammatory disease.   The effect of an antibiotic exposure within the 

first year and the risk of developing a pediatric IMD was examined for the following 

conditions: pediatric psoriasis, juvenile idiopathic arthritis (JIA), and type 1 diabetes. 

CHAPTER 3 

Study Aims and Hypotheses 
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Aim 1 Hypothesis: Children who received an antibiotic prescription within the first year 

of life will have an increased risk of developing pediatric psoriasis, JIA or type 1 diabetes 

from one through 16 years of age, as compared to children who did not receive an 

antibiotic prescription. 

Aim 2 and Hypotheses: Effect Modification 

Aim 2:  To assess the degree to which the risk of developing an IMD is modified by (a.) 

age at first antibiotic exposure, (b.) frequency of antibiotic exposure and type of 

antibiotic classified as (c.) the antibiotic spectrum of coverage and (d.) class of antibiotic  

Disruptions to the microbiota profile are strongly correlated with dysbiosis and 

altered regulation of immunological and metabolic processes (Francino, 2016; E. S. Lee et 

al., 2017; Ubeda & Pamer, 2012; Willing et al., 2011).   The extent to which the 

microbiome is disrupted by antibiotics appears to vary by the age of exposure, frequency 

of exposure, and type of antibiotic. 

Hypothesis 2a-  Age of Antibiotic Exposure:  Children who received an antibiotic 

prescription at less than 6 months of age will have an increased risk of developing JIA, 

type 1 diabetes, or psoriasis after one year of age through adolescence. 

The colonization of the microbiota occurs immediately post birth and is shaped to 

resemble an adult microbiota profile over the first 1-3 years of life.  During this time, the 

infant microbiota is highly variable and strongly influenced by early life environmental 

determinants that shape the composition of the microbial community, including antibiotic 



 

 46 

exposure (Arrieta, Stiemsma, Amenyogbe, Brown, & Finlay, 2014; Koenig et al., 2011; 

Yatsunenko et al., 2012).  The microbiome is also known to be more volatile and less 

diverse during the first 6 months of life as compared to later ages when the microbiome is 

more established or adult-like (Cox et al., 2014; Risnes et al., 2011; Vangay et al., 2015).  

Therefore, the first 6 months of life may be a critical developmental period when the 

microbiota is more susceptible to disruptions from antibiotic exposure and therefore have 

a more profound effect on the risk of developing an IMD. 

Hypothesis 2b- Frequency of Antibiotic Exposure: Children who received two or more 

antibiotic prescriptions within the first year of life will have an increased risk of an IMD 

after one year of age through adolescence.  

Frequent antibiotic exposure not only effects the resiliency of and the ability for 

the microbiota to recover fully to its pre-antibiotic state, the repeated exposure also 

influences the richness (number of microbes) (Penders et al., 2006) and diversity (number 

of different microbial species) of the GI microbiome (Nobel et al., 2015).    

Hypothesis 2c- Spectrum of Antibiotic Coverage:  Children who received a broad-

spectrum antibiotic prescription within the first year of life will have an increased risk of 

developing JIA, type 1 diabetes, or psoriasis after one year of age through adolescence. 

Bacteria fall into two main species classes: gram-negative or gram-positive.  In 

general, broad-spectrum antibiotics target multiple microbes (i.e., gram-negative and 

gram-positive) as compared to narrow-spectrum antibiotics which target a specific or 

narrow range of microbial species (i.e., either gram-negative or gram-positive) (Francino, 
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2016; Panda et al., 2014; Thiemann et al., 2016).  Those who receive broad-spectrum 

antibiotics may experience a greater change in the diversity and composition of the 

microbiota as compared to those who received narrow spectrum antibiotics and increase 

the risk of altering the microbiome, thereby increasing the risk of developing an IMD.   

Hypothesis 2d- Antibiotic Class: Children who received a macrolide antibiotic 

prescription during the first year of life will have an increased risk of developing JIA, 

type 1 diabetes, or psoriasis. 

Antibiotics can also be classified according their chemical structure.  There are 

seven main antibiotic classes: penicillin, cephalosporin, fluoroquinolone, aminoglycoside, 

macrolide, sulfonamide, and tetracycline, among others (Carroll, 2014).  Antibiotics within 

the same antibiotic class have similar chemical structures and mechanisms of action.  

Therefore, a specific class of antibiotics may influence the composition of GI microbiota 

and risk of developing an IMD differently.   Disruptions to the diversity and richness of 

the GI microbiota can occur up to two months after exposure to amoxicillin, a penicillin 

class of antibiotic (De La Cochetiere et al., 2005) and up to two years after exposure to 

clindamycin, a lincosamide class of antibiotic that has a similar chemical structure to the 

macrolide antibiotic class (Cecilia Jernberg et al., 2007).  Macrolides are a class of 

antibiotic that inhibits bacterial protein synthesis and prevents cell growth (i.e., 

bacteriostatic agent) (Kwiatkowska & Maliska, 2012) and are associated with an increased 

risk of IMDs including IBD (Wang, Wang, & Yang, 2012) and JIA (Arvonen et al., 2015; 

Horton et al., 2015).  To assess the effect of antibiotics and risk of an IMD of interest in 

more granularity, the class of antibiotic was also examined. 
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Aim 3 and Hypotheses:  Effect Modification Interactions 

Aim 3:  To examine the interaction effects between age of antibiotic exposure, frequency 

of exposure, and type of antibiotic as classified by spectrum of coverage and class of 

antibiotic on the risk of developing an IMD. 

To further examine the complexity and the degree to which antibiotic exposure 

influences the risk of IMD in children, interactions between the age of exposure, frequency 

of exposure, and type of antibiotic were evaluated. 

Hypothesis 3a- Age x Frequency of Antibiotic Exposure:  Children who received two or 

more antibiotic prescriptions at less than 6 months of age will have an increased risk of 

developing JIA, type 1 diabetes, or psoriasis. 

Exposure to antibiotics during the first 6 months of life when the microbiome is 

less diverse and more susceptible to disruptions from environmental determinants may 

have a more profound effect on the developing GI microbiome than if the exposure 

occurred during later stages of development (Risnes et al., 2011; Vangay et al., 2015).   

Repeated exposure during this early stage of development may limit the ability of the 

microbiome to recover causing a delay in the colonization and maturation of the microbiota 

profile (Arboleya et al., 2012, 2015, 2016; Bokulich et al., 2016).  Taken together, frequent 

antibiotic exposure occurring earlier in life may have a greater impact on the risk of 

developing an IMD as compared to exposure later in development when the microbiota 

profile is more established or adult-like. 
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Hypothesis 3b- Age of Exposure x Spectrum of Antibiotic Coverage:  Children who 

receive a broad-spectrum antibiotic prescription at less than 6 months will have an 

increased risk of developing JIA, type 1 diabetes, or psoriasis. 

Broad-spectrum antibiotics target both gram-negative and gram-positive microbes 

and therefore may have a greater influence on the developing microbiome if the exposure 

occurs at an earlier age when the diversity and richness of the microbiome is limited. 

Hypothesis 3c-Age of Antibiotic Exposure x Class of Antibiotic: Children who received 

a macrolide antibiotic at less than 6 months of age will have an increased risk of developing 

JIA, type 1 diabetes, or psoriasis. 

Different classes of antibiotics have different mechanisms of action and are used to 

target different species of microorganisms.  Exposure to different classes of antibiotics at 

an earlier age may have more of an effect on the developing microbiome than if exposure 

occurred at a later age.  Macrolide antibiotics are also known to cause more disruption to 

the microbiota profile and these effects are longer-lasting (Korpela et al., 2016). 

Hypothesis 3d-Frequency of Exposure x Spectrum of Antibiotic Coverage:  Children who 

receive two or more broad-spectrum antibiotic prescriptions prior to 12 months of age will 

have an increased risk of developing JIA, type 1 diabetes, or psoriasis. 

Broad spectrum antibiotics target a wider range of microorganisms than narrow-

spectrum antibiotics and repeated exposure to antibiotics limit the ability of the microbiota 

to recover and return to pre-exposure state.  As such, frequent exposure to broad-spectrum 

antibiotics may increase the risk of developing an IMD. 
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Hypothesis 3e- Frequency of Exposure x Class of Antibiotic: Children who received 

two or more macrolide antibiotic prescriptions prior to 12 months of age will have an 

increased risk of developing JIA, type 1 diabetes, or psoriasis. 

Specific classes of antibiotics target the growth of microorganisms through 

different mechanisms of action and are bacteriostatic (limit growth of bacteria) or 

bactericidal (cause bacterial cell death).  As macrolide antibiotics are known to cause more 

disruption to the microbiota profile and these effects are longer-lasting as compared to 

those exposed to penicillin (Korpela et al., 2016), it was hypothesized that repeated 

exposure to macrolide antibiotics during the first year of life would increase the risk of 

developing an IMD. 

Observational epidemiological studies are well suited for assessing a relationship 

between an exposure and health outcomes in an at-risk population.  Although retrospective 

cohort studies cannot establish causality, they are a quick and efficient way to examine the 

strength of an outcome-exposure relationship as these studies identify the presence of an 

exposure and follow individuals to the outcome of interest (Boyko, 2013; Thiese, 2014).  

Additionally, when examining the relationship of an illness or disease with a long or 

varying latency period (e.g., immune-mediated diseases), prospective cohort studies 

require several years of follow-up thereby limiting the feasibility of conducting such a 

study in a limited time frame (Thiese, 2014).  Patient registries, electronic health record 

(EHR), and billing or health claims databases provide a wealth of health information and 

Research Methods 
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can be accessed to produce evidence to support further preventive or interventional trials, 

without the burden of cost for prospectively data collection (Casey, Schwartz, Stewart, & 

Adler, 2016).   

The following sections describes the research methods applied including (a) the 

study design, (b) study setting, (c) data source, (d) sample population, (e) study variables, 

(f) sample size estimations, and (g) ethical considerations.  

Study Design 

A retrospective, longitudinal, population-based cohort study utilizing electronic 

health record (EHR) data was conducted to investigate the association between early 

initiation of antibiotic therapy and the subsequent risk of developing one of three IMDs 

during childhood through adolescence: juvenile idiopathic arthritis (JIA), pediatric 

psoriasis, and type 1 diabetes.  Although case-control studies are often preferred when the 

outcome is relatively rare (i.e., <10%), case-control studies report odds ratios instead of 

relative risk, which may lead to interpretation errors (Zou, 2004).  The retrospective cohort 

study design was selected so that the relationship between antibiotic exposure and IMD 

could estimate true risk or incident rate ratios (IRR) by concurrently examining the 

exposure prior to the onset of disease.  Additionally, this design enabled the objectives of 

the study to be met within the time constraints and with limited available resources for a 

dissertation.   
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Study Setting  

This study was conducted within PEDSnet, a pediatric Learning Health System and 

Clinical Research Data Network composed of 8 U.S. academic children’s hospitals located 

across the U.S. (Forrest, Margolis, Bailey, et al., 2014; Forrest, Margolis, Seid, & Colletti, 

2014).  The intent of PEDSnet is to facilitate pediatric research by harmonizing patient 

information collected at a clinical encounter (health care visit) into a common data model 

(CDM) that can be easily aggregated and shared for research purposes (Forrest, Margolis, 

Bailey, et al., 2014; Forrest, Margolis, Seid, et al., 2014).  For this study, only data from 

the Children’s Hospital of Philadelphia (CHOP) PEDSnet database were accessed.  This 

database is composed of electronic health record (EHR) data collected within the CHOP 

Care Network, one of the largest pediatric healthcare network in the U.S. that provides care 

to a diverse population of infants, children, and adolescents across Pennsylvania, New 

Jersey, and Delaware.  The CHOP Care Network is composed of a 546-inpatient bed 

hospital and over 50 individual primary, specialty, and ambulatory care sites.  Yearly, the 

network has over 29,000 hospital admissions, more than 250,000 primary care site visits, 

and approximately 90,000 emergency department visits.   

Data Source 

The CHOP PEDSnet database is an aggregation of electronic health records (EHR) 

data collected on over 1,000,000 unique individuals beginning as early as 1/1/2001.   The 

PEDSnet database is a rich source of health data that includes information on an 

individual’s age, sex, socioeconomic status, insurance payer, medication use, lab values, 
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procedures, clinical diagnoses, family and past medical history.  The EHR data is organized 

into the Observational Medical Outcomes Partnership (OMOP) common data model 

(CDM) (Boyce et al., 2014).  The CDM allows the data collected at the multiple locations 

of PEDSnet to be organized into a standardized, common language and structure so that 

each data element has the same meaning, no matter where the data were collected.  Any 

information collected as part of routine care and documented within an EHR (data element) 

in a structured fashion, not as free text, is transformed into PEDSnet CDM (PCDM) and 

thereby available for research purposes.  Data for this study were collected from version 

2.7 of the PCDM (PEDSnet, n.d.).   

Sample Population  

All children with at least one documented patient encounter within the CHOP 

PEDSnet database prior to the age of 18 were eligible to participate in this study.  From 

this pool of children, a birth cohort was constructed to capture early life antibiotic exposure 

with the intent to demonstrate continuity of care and to decrease the risk for 

misclassification of the exposure or loss to follow-up (e.g., change providers and not 

capture an exposure to antibiotics).  The overall goal of the study was to assess antibiotic 

exposure during the first year of life and therefore a minimum of 2 encounters with a 

healthcare provider (visits) within the first year was required: one from birth through 3 

months of age and the other from 4 through 12 months.  The 4 month cut-point was selected 

to be able to assess very early exposure in relationship to the developing microbiome 

because the diversity and maturation of the infant microbiota profile is accelerated upon 
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the introduction to solid foods (Bäckhed et al., 2015; Bergstrom et al., 2014; Bokulich et 

al., 2016; Koenig et al., 2011; A. L. Thompson et al., 2015), which occurs between 4-6 

months of age (Hagan, Shaw, & Duncan, 2017).  During the first year of life, it is 

recommended that children seek preventative care with a primary care provider at a 

minimum of 7 times (Hagan et al., 2017) and therefore, the additional time point from 4 

through 12 months was required in an attempt to capture as many possible points of data 

capture in the first year of life as possible.  To further demonstrate continuity of care and 

ensure a period of longitudinal follow-up to observe the outcomes of interest, an additional 

visit on or after 36 months (3 years) of age was required.   

Inclusion Criteria: 

1. Valid birth date that allowed for a minimum of 3-year follow-up time. 

2. At least 1 recorded health care system encounter at the following ages: (a) from 0 

through 3 months of age, (b) from 4 to less than 12 months of age, and (c) on or after 

3 years of age. 

Exclusion Criteria: 

1. Less than 2 documented visit encounters with a prescribing healthcare provider prior 

to 12 months of age (exposure period). 

2. Presence of a diagnosis of the outcome of interest (JIA, psoriasis, or type 1 diabetes) 

prior to 12 months of age. 
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Although all data collected within the EHR are available for research purposes, not 

all data elements are principal data elements (PDE), which are required by PEDSnet and 

undergo extensive testing to ensure the completeness and accuracy of data capture.  Any 

other data element captured in the EHR data is therefore considered optional.  In order not 

to bias any study findings, any conceptually relevant data element that was considered 

optional within the PCDM were assessed for inclusion by examining the completeness of 

capture (i.e., percent missing in the data model) and evaluation of standardized reports of 

data quality.  In these cases, conceptually relevant variables that were not a PDE, 

alternative methods for capturing the information were considered.  This included 

examining other data elements (e.g., diagnostic, procedure, or medication codes) that could 

serve as a proxy for direct data capture.   

For this study, the majority of study variables were either PDE (e.g., diagnostic 

codes, encounter type, age, sex) or derived from PDE (e.g., class of antibiotic, frequency 

of antibiotic exposure, age of antibiotic exposure).  The primary exposure variable 

(antibiotic medications) and outcome variables (JIA, psoriasis, and type 1 diabetes) were 

all considered PDE.  All of the effect modifier variables and the majority of covariate 

variables were derived from PDE.  Several of the a-priori covariate variables were not 

available in the data (e.g., mode of birth, infant feeding, diet, vitamin D, family history of 

IMD) and therefore not included in this study.  A list of operationalized study variables 

used for study analyses are detailed in the following sections.   

Study Variables 
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Exposure Variables 

The independent variable for this study was exposure to any prescribed, dispensed, 

or administered systemic antibiotic medication (oral, intramuscular, intravenous, rectal) 

during the first year of life.  The antibiotic exposure variable was systematically 

constructed using the National of Medicine’s (NLM) RxNorm vocabulary tools (Liu, Ma, 

Moore, Ganesan, & Nelson, 2005; National Institute of Medicine, 2018).  The NLM 

RxNorm vocabulary standardizes the nomenclature for generic and branded drugs.  The set 

of 3,463 antibiotic medication codes were then validated by 2 content experts who are 

pediatricians and informaticians (data scientists) for accuracy and completeness of the 

selected antibiotic medications.  Of the 3,463 coded antibiotics, 358 codes (10.3%) were 

identified in the study cohort and then classified into spectrum of coverage (broad or 

narrow) and by class (Appendix A- Exposure Code set: Systemic Antibiotics). 

Effect Modifiers 

The age of first antibiotic exposure, frequency of antibiotic exposure, spectrum of 

antibiotic coverage (narrow, broad) and most frequently prescribed antibiotics by class 

(Penicillin, Cephalosporin, Macrolides, Cephalosporin) were examined as potential effect 

modifier variables (Table 1).  Interactions between these variables were also explored. 

Age of Exposure 

The age of first antibiotic was examined by calculating the number of days from 

the participant’s birth date to the date of the dispensed, administered, or prescribed 
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antibiotic. The age of exposure was examined as categorical age groupings (0-5 months, 

6-11 months).   

Frequency of Exposure   

Repeated antibiotic exposure may limit the ability for the microbiota to recover 

fully (resiliency) prior to receiving an additional exposure and therefore result in a 

prolonged disrupted state leading to altered microbial profile (Nobel et al., 2015).   To 

evaluate the possible cumulative effects of antibiotic exposure, the frequency of new 

antibiotic prescriptions was assessed as a categorical variable (0,1,2+).  The duration of 

antibiotic treatment was not routinely captured in the prescribing records and therefore 

could not be assessed.  However, most pediatric antibiotic therapy is typically prescribed 

for 7-10 days, if a new antibiotic was prescribed, dispensed, or administered within 10 days 

of the date of the previous prescription date it was considered one treatment episode.   

Class of Antibiotic and Microbial Spectrum of Coverage  

Different types of antibiotics have different pharmokenetic properties and 

mechanisms of action, therefore the type of antibiotic may affect the microbiome 

differently.  Narrow-spectrum antibiotics target specific gram-positive or gram-negative 

microorganism species and are recommended as the first line of treatment for bacterial 

infections for children as opposed to broad-spectrum antibiotics that target both species or 

a wide range of bacteria.  As such, broad-spectrum antibiotics may have more influence on 

the developing microbiome of children.  For this study, narrow spectrum antibiotics were 

considered penicillin, amoxicillin, dicloxacillin (Jaganath & Same, 2018; Parker & Ogle, 
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2016).  All other antibiotics were considered broad-spectrum antibiotic (e.g., 

amoxicillin/clauvulanic acid, Erythromycin).  Exposure to narrow-spectrum antibiotics 

was defined as receiving only narrow-spectrum antibiotics during the first year of life.  As 

broad-spectrum antibiotics are administered less frequency in the pediatric population and 

may have a greater impact on the microbiome, exposure to broad-spectrum was defined as 

receiving any broad-spectrum antibiotic within the first year of life regardless of receiving 

any narrow-spectrum antibiotics during the exposure period.  To further evaluate the effect 

of different types of antibiotics, the class of antibiotic exposure was categorized by most 

frequently prescribed class within the following antibiotic classes: aminoglycoside, 

penicillin, fluoroquinolone, macrolide, cephalosporin, sulfonamides, and tetracycline 

(Carroll, 2014; Jaganath & Same, 2018).   Those not fitting into these categories (other) or 

single drugs with high usage (Lincosomide) were also examined. 

Table 1:   
Exposure and Effect Modifier Variables with Definitions 

 
Variable Name 

 
Definition 

 
Variable Type 

Antibiotic Exposure1 Systemic antibiotic (oral or intravenous) 
dispensed, administered, or prescribed  

Dichotomous  
Yes 
No 

Antibiotic Class2 Medication classified by antibiotic class 
 

Categorical 
Penicillin 
Cephalosporin 
Macrolide 
Other 

 
Antibiotic Spectrum2 Narrow: very narrow-penicillin, natural 

penicillin, extended penicillin (amoxicillin, 
ampicillin)  
Broad- all other antibiotics 

Categorical 
Narrow  
Broad 
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Outcome Variables   

The outcome variables of interest for this study were diagnosis of three common 

pediatric immune mediated diseases (IMDs): juvenile idiopathic arthritis (JIA), type 1 

diabetes, and psoriasis (Table 2).  A case finding algorithm was initially developed using 

MalaCards, an integrated database characterizing human disease that integrates multiple 

databases (Rappaport et al., 2017). This database includes details on the medical 

classification of diseases, medications associated with treatment of the disease, and a list 

of standardized classification and diagnosis codes used to define the condition (e.g., 

Systematized Nomenclature of Medicine-Clinical Terms (SNOMED-CT) and 

International Classification of Disease (ICD) codes).  Within this database JIA was defined 

as “Rheumatoid Arthritis, Systemic Juvenile” and “Psoriatic Juvenile Idiopathic Arthritis”.  

Psoriasis was defined as “Psoriasis” and type 1 diabetes as “Diabetes Mellitus, Insulin-

Table 1, continued   
Age at Antibiotic 
Exposure2 

Age of first antibiotic exposure in months. 
This variable was calculated as number of 
days from date of dispensed, administered, 
or prescribed antibiotic medication from 
date of birth and then converted to months 
(1 month= 30.436875). 

Categorical 
0 to <6 months 
6 to <12 

months 

Antibiotic Frequency2 Number of unique exposure to prescribed 
or dispensed antibiotic medications 
episodes occurring during exposure period 
(less than 1 year of age). 
Administered, dispensed, or written 
prescription with a start date with 10 days 
from previous antibiotic dispensed or 
written antibiotic prescription was counted 
as one exposure episode. 

Categorical 
0 
1    
2 or more 

 

1Principal Data Element, required data element in PEDSnet Common Data Model 
2Derived from Principal Data Element, Created from one or more principal data elements 
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Dependent”. Additionally, the National Organization of Rare Diseases (NORD) 

ORPANET database for rare diseases was searched for JIA as “Juvenile Idiopathic 

Arthritis” (Pavan et al., 2017).  PEDSnet underlying structure for capturing diagnoses is 

based on classification system and standardized vocabulary of SNOMED-CT (U.S. 

National Library of Medicine, n.d.).   This system standardizes the clinical terminology 

within the EHR and organizes the vocabulary into medical concepts   All primary and sub-

tree SNOMED-CT classification codes were also examined for inclusion in the case 

finding algorithm and additional codes were added or removed based on expert 

recommendations, as needed.  To increase the likelihood of correctly identify the condition 

of interest and not capture rule-out diagnoses, 2 diagnosis codes recorded on 2 separate 

occasions were required (visit date).  A total of 176 codes were used to identify type 1 

diabetes (Appendix B), 51 for JIA (Appendix C), and 62 codes for psoriasis (Appendix D).    

 
Table 2:   
Outcome Variables and Definitions 

Variable Name Definition Variable Type 
Juvenile Idiopathic 
Arthritis1 

Code sets of diagnostic codes were developed 
using the standardized vocabulary of clinical 
terminology (SNOMED-CT) for JIA and 
included juvenile psoriatic arthritis. 

JIA cases were defined as at least 2 diagnostic 
codes on separate visit encounter dates prior 
to age 16 years. 

Dichotomous 
Yes 
No 

Pediatric Psoriasis1 Code sets of diagnostic codes were developed 
using the standardized vocabulary of clinical 
terminology (SNOMED-CT) for psoriasis. 

Pediatric psoriasis cases were defined as at 
least 2 diagnostic codes on separate visit 
encounter dates. 

Dichotomous  
Yes 
No 
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Table 2, continued   

Type 1 Diabetes1 Code sets of diagnostic codes were developed 
using the standardized vocabulary of clinical 
terminology (SNOMED-CT) for type 1 
diabetes. 

Type 1 diabetes cases were defined as at least    
2 diagnostic codes on separate encounter dates. 

Dichotomous   
Yes 
No 

1Principal Data Element, required data element in PEDSnet Common Data Model 

A-Priori Covariate Variables  

A set of covariates was constructed a-priori through a review of the current 

literature and defined as any variable related to the outcome, exposure, or would influence 

the composition, maturation, or diversity of the microbiome (Tables 3-4).  These covariates 

were assessed for availability within the PEDSnet CDM.  Any covariate identified as a 

principal data element was included in the final set of covariates.  Data elements considered 

as optional were further assessed for inclusion by examining the completeness of data 

capture and reliability.  Data elements not available within the structured data of the 

PEDSnet CDM, had missingness of more than 20%, or unreliable results (e.g., incorrectly 

coded in the source data) were not included and considered as a study limitation.  

Table 3   
Covariate Variables Related to Outcome and Definitions 
Variable Name Definition Variable Type 
Sex1 Sex assigned to individual at birth. 

Coded as first encounter where sex recorded 
at visit encounter. 

Categorical 
   Male 
   Female 

Race/Ethnicity1 Denotes race and ethnicity of individual.   
Coded as Hispanic if Hispanic; for all others 
coded using race. For analysis purposes the 
“other” category included: Hispanic, Asian, 
more than 2 races 

Categorical 
   White 
   Black 
   Other  
 

1Principal Data Element, required data element in PEDSnet Common Data Model 
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Covariates Related to Outcome of Interest 

The observed tendency for IMD to cluster in families has long suggested a genetic 

predisposition for these conditions and a family history of IMDs are a risk factor in the 

onset of an IMD (Brodin et al., 2015; MacGillivray & Kollmann, 2014; Xiang et al., 2017).   

It is also known that the prevalence of IMD varies by sex (Mercy et al., 2013; Thierry et 

al., 2014; Tollefson et al., 2010), race, and ethnicity (Imperatore, Mayer-Davis, Orchard, 

Zhong, & Mayer-Davis is Professor, 2017; Petty et al., 2016).  The rates of IMDs are higher 

among individuals living in more northern latitudes (Imperatore et al., 2017; Parisi et al., 

2013; Petty et al., 2016), which may be influenced by exposure to vitamin D (Altieri et al., 

2017; Barrea et al., 2017; Ellis, Munro, & Ponsonby, 2010).   

A patient’s sex, race, ethnicity, and billing address or place of residency 

(geography) is routinely captured and considered a principal data element.  However, it 

was expected that there would be little variation in the cohort’s place of residence as the 

majority of participants would reside within the three primary states served by the CHOP 

Care Network (Pennsylvania, Delaware, and New Jersey) therefore zip code was not 

included as a covariate in this study.  Vitamin use, including vitamin D, are not routinely 

captured in the PEDSnet CDM as most vitamin supplements are available over-the-counter 

and do not require a physician’s prescription and serum vitamin D is not a part of routine 

blood tests for this age group.  As such, vitamin D supplementation or evidence of vitamin 

D deficiency could not be evaluated.  Additionally, family history is often captured with 

the electronic health record as free text and not as structured data within the PEDSnet CDM 

therefore family history of IMDs could not be assessed.  Therefore, the a priori covariates 
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included in the analysis were sex and ethnicity and data elements not captured in the source 

data was considered a limitation of the study. 

Covariates Related to Exposure of Antibiotics 

Encounters with the health care system may increase the likelihood of a child 

receiving antibiotic therapy and this risk may be further increased by the type of visit 

encounter, access to health care, and health care utilization.  Twenty one percent of all 

pediatric ambulatory care visits result in an antibiotic prescription (Hersh et al., 2011).  

Children admitted to the hospital during the first year of life (in-patient visit encounter) are 

typically sicker than those seen in the outpatient setting (ambulatory visit) and more likely 

to receive an antibiotic.  Therefore, the frequency of visits and any in-patient 

hospitalization within the first year of life were considered as a potential covariate.   

An individual’s socioeconomic status and access to health care may influence the 

likelihood of a child receiving an antibiotic. Having private insurance and being of a 

younger age is also associated with increased risk of receiving a broad-spectrum antibiotic 

(Hersh et al., 2011).  Families without health care insurance coverage or have plans with 

high co-pays or family deductibles may visit the doctor less frequency and thereby decrease 

the chances of receiving an antibiotic for an illness.  Access and utilization of health care 

services was assessed by examining insurance coverage and frequency of health care visits.   

Preterm infants (Schulman et al., 2015) and children with complex chronic 

conditions (e.g., congenital or genetic defects) (Ahlén et al., 2016; Leyenaar, Lagu, Shieh, 

Pekow, & Lindenauer, 2014) are more likely to receive antibiotic therapy.  Children with 

a complex chronic condition also receive more broad-spectrum antibiotics (Leyenaar et al., 
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2014) and have higher utilization of health care (Cohen et al., 2012; Kuo et al., 2015; 

Newacheck, Inkelas, & Kim, 2004).  Chronic complex conditions were defined using the 

updated pediatric complex chronic conditions (CCC) classification system developed by 

Feudtner et al. in 2014 (Feudtner, Christakis, & Connell, 2000; Feudtner, Feinstein, Zhong, 

Hall, & Dai, 2014).  This classification system defines complex chronic condition as a 

medication condition involving one or more organ systems that typical requires pediatric 

specialty care or results in a hospitalization and is also expected to last more than 12 months 

(Feudtner et al., 2000).  The system uses the International Classification of Disease 

diagnostic codes (ICD-9 and ICD-10) to identify children with a complex chronic condition 

with 10 categories: cardiovascular, respiratory, neuromuscular, renal, gastrointestinal, 

hematologic or immunologic, metabolic, other congenital or genetic, malignancy, or 

prematurity or neonatal.  As this study involved the examination of the development of 

IMDs, any codes related to the outcomes of interest (JIA, PS, T1DM) were removed and 

examined separately.  Children identified as having two or more recorded diagnoses of a 

complex chronic condition within any of category during the exposure period were 

considered to have a pediatric complex chronic condition (Feudtner et al., 2014). 

Gestational age at birth is a way of defining prematurity.  However, this variable is not 

currently a principal common data element within PEDSnet.  Considering the probability 

of gestational age being absent or missing, we considered alternative approaches to 

capturing prematurity, including using SNOMED-CT diagnostic codes and other measures 

for capturing prematurity (e.g., the prematurity category within the Feudtner et al. Chronic 
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Complex Condition Measure).  However, this variable was missing on 29% of the study 

population and therefore excluded from analyses. 

Table 4: 
Covariate Variables Related to Exposure and Definitions 

Variable Name Definition Variable Type 
Frequency of Health 
Care Encounters2 

Count of all in-person clinical encounters 
(inpatient hospital, emergency, ambulatory 
visits) before 12 months of age.   

  Categorized  
Less than 10 
10 or more  

Hospitalization 
Encounter1 

Any visit encounter coded as in-patient 
hospital stay or emergency department 
admit to inpatient hospital stay. 

Dichotomous 
Yes 
No 

Insurance Class3 Recorded source of payment at visit 
encounter.  The most frequent payment 
source recorded 0-12 months was used to 
denote a person’s insurance class. 

Categorical 
Private 
Public 
Self-pay  

Complex Chronic 
Condition1 

Complex chronic condition (CCC)  
assessed according the algorithm 
developed by Feudtner et al.  
Diagnostic codes for outcome of interest 
were excluded in this variable.  
Presence of 2 or more diagnostic codes 
within any disease categories prior to 12 
months of age defined this variable.  

Dichotomous 
Yes 
No  

 
   

Prematurity3 
 

Recorded gestational age of less than 37 
and greater than 20 weeks or the presence 
of  2 or more diagnostic codes in CCC 
measure for prematurity (Feudtner et al.) 
Missing was defined when gestational was 
not recorded, values of  20 gestational 
weeks (considered implausible), and 
without diagnostic codes for prematurity. 

Categorical 
Yes 
No 
Missing 

1Principal Data Element, required data element in PEDSnet Common Data Model 
2Derived from Principal Data Element, created from one or more principal data elements 
3Optional Data Element, not a required data element in PEDSnet Common Data Model 

Covariates Related to Changes in Microbiome 

Factors that influence the composition of the microbiome were considered and 

evaluated for data capture within the PCDM.  These variables included mode of delivery, 
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prematurity, geography, and diet, including infant feeding method.  Children born via 

cesarean section, whether term or preterm birth, are known to have significantly different 

microbiota profiles as compared to children born vaginally (Bäckhed et al., 2015; Grölund 

et al., 1999; Hill et al., 2017; Jakobsson et al., 2014; Penders et al., 2006).  The rate of 

maturation and microbiota profile of preterm microbiota is less diverse than infants born 

full term (Arboleya et al., 2012, 2016; Cong et al., 2016).  Other factors that affect the 

composition of the microbiome includes diet, which may be related to regional foods and 

cultural diet (De Filippo et al., 2010; Fallani et al., 2010, 2011; Yatsunenko et al., 2012).   

The infant microbiota profile is highly influenced by the type of infant feeding and 

introduction to solid foods (Bäckhed et al., 2015; Bergstrom et al., 2014; Bokulich et al., 

2016; Koenig et al., 2011; A. L. Thompson et al., 2015).  Infants who consume breastmilk 

have a more diverse microbial community that is more abundant in beneficial microbes, 

such as those from the Bifidobacteriaceae family (Azad et al., 2016; Azad, Konya, 

Maughan, Guttman, Field, Chari, et al., 2013; Bäckhed et al., 2015; S. A. Lee et al., 2015; 

Penders et al., 2006; Yasmin et al., 2017).   

All data elements determined to influence the microbiome are not routinely 

captured in the PCDM (e.g., mode of delivery, maternal past medical history) or optional 

(e.g., gestational age).  All of the affiliated health care facilities associated with the CHOP 

Care Network are not birthing hospital and therefore elements routinely captured during or 

at the time of delivery are not available on a consistent basis.  Additionally, only structured 

data elements (information entered directly into specified fields) are available in the PCDM 

and typically found as free text or within clinician notes (e.g. infant feeding and diet 
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history).  In order to capture such data elements, manual data extraction through chart 

reviews or use of natural language processing (NLP) techniques would be required.  Given 

the limitations of time and the cost associated with NLP, infant feeding, diet, and maternal 

or family past medical history information were not included for this study.   

Time-Varying Covariates 

This study utilized a non-concurrent longitudinal design to create a birth cohort that 

allowed children to enter the cohort at varying times from 2001 through 2014 in accordance 

with the study’s inclusion criteria.  Individuals entering the cohort earlier would therefore 

provide more information than those children entering at a later date.  To account for this 

variance, the number of person years an individual contributed to the study was considered 

by calculating the years between the date of the first EHR entry to either the outcome of 

interest or last documented encounter, whichever came first (Table 5).  This variable will 

be used to account for differences in length of time between study participants.  

Beginning in the early 2000’s, the rapidly growing trend of antibiotic resistance 

prompted the medical world to take notice and publish the first guidelines calling for the 

judicial use of antibiotics in 2007 (Dellit et al., 2007).  These guidelines have served as 

guiding principles to promote the appropriate use of antibiotic and prevent overprescribing 

practices that has slowly resulted in changes in practice (Mason & Mongkolrattanothai, 

2015).  Given the historical changes to antibiotic prescribing practice the year of birth was 

included in all analytic models.  
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Table 5 
Time Varying Covariates and Definitions 

Variable Name Definition Variable Type 
Birth Year1 Year in date of birth data element categorized 

into prior to 2008 or after 2008 based on 
change antibiotic recommendations and 
inclusion criteria into PEDSnet requires at 
least 1 diagnostic code recorded and clinical 
encounter recorded on or after January 1, 
2009. 

Categorized 
     2001-2004 
     2005-2008 
     2009-2014 

Number of Person 
Years 

Time from first visit to time of outcome or last 
recorded visit date. 

Continuous, 
offset of log time 

1Principal Data Element, a required data element in PEDSnet Common Data Model 
 

Confounding Variables 

Confounding variables that are known to be associated with the outcome (IMD, in 

general, or JIA, pediatric psoriasis, type 1 diabetes) and exposure variable (antibiotics) 

were selected a-priori based on a review of the current literature and evaluated for the 

availability within the PEDSnet Common Data Model (CDM) (Table 6).  Certain types of 

infections have long been associated with the onset of IMDs (Bisgaard, Bønnelykke, & 

Stokholm, 2014; Bronckers, Paller, van Geel, van de Kerkhof, & Seyger, 2015; Ellis et al., 

2010; Ercolini & Miller, 2009; Skyler et al., 2017).  Respiratory infections, especially 

upper respiratory infections, often precede the onset of JIA (Ellis et al., 2010) and pediatric 

psoriasis (Al-Mutairi, 2016; Bronckers et al., 2015; Tollefson et al., 2010).  Viruses, 

including congenital rubella, coxsackievirus, cytomegalovirus, adenovirus, mumps, and 

enteroviruses have been linked to the development of type 1 diabetes and b-cell destruction 

(Association American Diabetes, 2017; Filippi & von Herrath, 2008; Skyler et al., 2017).  

Additionally, the presence of certain bacterial, fungal, or parasitic infections are an 
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indication for antimicrobial therapy, including antibiotics in some cases.  As not all types 

of infections require antibiotic therapy or stimulate the same immune responses, the 

interaction between antibiotics and infection diagnoses were also explored.     

Infections were defined using the Infectious Disease value set (version 1) consisting 

of SNOMED-CT codes that were developed by the Center for Disease Control (CDC) 

Public Health Information Network (PHIN) Vocabulary Access and Distribution System 

(VADS)(Center for Disease Control and Prevention., 2010).  This network is part of a 

national initiative designed to promote standardized vocabulary references to allow for 

information sharing across institutions.  As this code set was created in 2010, additional 

SNOMED-CT were evaluated and added to ensure completeness of data capture.  This 

expanded code set included 6,554 codes that were then classified into type of infection 

(bacterial, fungal, viral, or parasite).  As it is not uncommon for a child with an infection 

to seek medical care more than one time during the course of the illness, any diagnostic 

code for infection occurring within 14 days of each other were considered as a single 

infection. 

 

Table 6 
Confounding Variables and Definitions 

Variable Name Definition Variable Type 
Infectious Disease 
Episode1 

A diagnosis of an infectious disease was 
identified using the list of infectious disease 
SNOMED-CT code set developed by the 
CDC’s PHIN-VADS network.  The presence 
of an infection disease diagnoses occurring 
within the first year of life examined as a 
dichotomous variable. 

Dichotomous 
Yes 
No  
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Table 6, continued   
Frequency of 
Infections2 

The number of unique infectious episodes 
occurring during exposure period (less than 1 
year of age) were defined as the presence of 
any infectious disease diagnosis code 
occurring greater than 14 days of each other 
and examined as a categorical variable. 

Dichotomous 
Yes 
No  
 

1Principal Data Element, a required data element in PEDSnet Common Data Model 
2Study variable derived from principal data element in PEDSnet Common Data Model 

A query of the PEDSnet CHOP database in June of 2017 revealed approximately 

980,307 eligible records.  A recent longitudinal cohort investigation conducted using data 

from PEDSnet and applying similar inclusion criteria enrolled approximately 135,500 

participants from CHOP.  Two recent studies examining early life antibiotic exposure and 

rates of obesity published using data from primary care sites within the CHOP care network 

reported 57% of children under 1 year of age were exposed to antibiotics (Bailey et al., 

2014; Gerber et al., 2016).  Assuming a two-tailed statistical test with an alpha of 0.05%, 

80% power and accounting for the population prevalence of the IMD of interest and 

prevalence of these conditions within the PEDSnet database, an estimated relative risk of 

1.3-1.9 is possible assuming a sample size of 169,000 patients (Table 7). 

Table 7  
A-priori Power Calculations 

 
IMD Condition 

Estimated 
Prevalence 

Detectable 
Risk Ratio 

Population 
Prevalence 

Detectable 
Risk Ratio 

Type 1 DM 209 per 100,000 1.32 193 per 100,000 1.34 
JIA 80 per 100,000 1.55 16.8 per 100,000 2.45 
Psoriasis 207 per 100,000 1.59 71 per 100,000 1.36 

Calculated with G*Power 3.1 z-test using Poisson Regression, Binomial distribution with 80% power, 
alpha 0.05.  Estimated sample size of 169,000 with exposure to antibiotic rate of 57% 
 

Power Estimates 
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This was a retrospective cohort study that utilized a de-identified data set generated 

from data collected and available within the CHOP PEDSnet database. The data set for this 

study contained no protected health information (PHI).  There was no active recruitment 

of participants as the data for the study was retrospectively collected at point of care during 

a clinical encounter and documented in the within Electronic Health Record (EHR).  The 

Children’s Hospital of Philadelphia (CHOP IRB#17-014379) and Temple University 

Institutional Review Boards (TEMPLE IRB- Non-Human Subject Determination) 

approved all procedures for this study. 

Data Management and Cleaning 

The data for this study was extracted from the PEDSnet database in collaboration 

with the PEDSnet data scientists, de-identified, and placed into a study specific 

PostgreSQL relational database.  This database was directly accessed using R Studio 

(RStudio Team, 2018) and the ‘dbplyr’ package (Wickam & Ruiz, 2018), which allows 

one to work directly with tables stored in a database.   

The validity of a study’s finding is dependent on having reliable and accurate data.  

The data collected for this study came from EHRs.  Although EHR data is a rich source of 

patient health data, data captured in EHR is intended to document information relevant to 

the clinical encounter with a clinician or other health professional, to direct patient care, 

Ethical Considerations 

Data Analysis Plan 
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and for billing purposes and not specifically for research purposes (Wasserman, 2011).  

Therefore, an evaluation of the overall data quality of the all confounding variables was 

assessed prior to inclusion in any analytic models.  Covariates with more than 20% missing 

and considered as optional data element in the PEDSnet CDM were further assessed for 

inclusion in all models.   

Descriptive Statistics  

The sample population characteristics of the cohort and descriptive statistics for all 

study variables were explored.  Relationships between the study variables were assessed to 

identify spurious correlations in all model results.  Differences in socio-demographic 

characteristics between the exposed and unexposed children was assessed using Pearson’s 

chi-square for discrete and categorical variables and for non-normal distributed continuous 

variables, the Kruskal Wallis test was applied (Subirana, Hector, & Vila, 2014) 

Statistical Analysis 

The primary predictor variable for this study was exposure to antibiotics prior to 12 

months of age (exposure period).  The dependent or response variable was the development 

of an IMD during childhood through adolescence.  The IMD of interest were JIA, pediatric 

psoriasis, and type 1 diabetes. Study participants were followed from time of cohort entry 

through 9/01/2017 until 2 or more diagnoses of an IMD of interest were noted or last 

documented entry date within the EHR.   
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Selection of Statistical Model   

Logistic regression is often used to assess the association between the predictor and 

response variables when the response variable is binary but this approach has been shown 

to produce biased estimates for rare events when perfect separation is possible (Ferrari & 

Comelli, 2016; Xue, Kim, Wang, Kuniholm, & Strickler, 2017; Zou, 2004).   An alternative 

approach recommended to address this potential problem is the modified Poisson 

regression. 

Although Poisson models are generally used to model count data, the Poisson 

distribution can approximate a log-binomial model or logistic regression estimator in cases 

when the probability of the outcome is rare (Cameron & Miller, 2010; Ferrari & Comelli, 

2016; Zou, 2004).   When a robust or sandwich variance estimator is applied, the modified 

Poisson model produces unbiased estimates of risk, especially in cases when the model is 

misspecified (e.g., incorrect link function specification) (Chen, Qian, Shi, & Franklin, 

2018) or overdispersion is evident (e.g., sample variance is larger than the sample mean) 

(Cameron & Miller, 2010; Cameron & Trivedi, 2013; Zou, 2004).   The addition of an 

offset (e.g., log person time) allows the Poisson model to account for the varying length of 

time cohort participants contributed to the data in cases where the point of study entry into 

the study is different (e.g., retrospective cohort studies).  The offset also produces an 

estimation of relative risk, which is recommended over models that produce odd ratios 

(e.g., logistic regression) as odds ratios are often difficult to interpret or may be 

inadvertently reported as risk ratios (Cummings & Rivara, 2003; O’Connor, 2013). 
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As the patient population for this study was derived from a large, multisite pediatric 

hospital system, there is a potential for individuals treated at the same care site to be more 

similar than those individuals being treated at a different care site. This potential clustering 

effect between subjects can be addressed by either selecting a Generalized Linear Mixed 

Effects regression model (GLMM) or a weighted Generalized Estimating Equations (GEE) 

model.  The GLMM addresses individual-level differences within a population by allowing 

factors to be modelled both as a fixed and random effect and produces an individual level 

estimate (Bolker et al., 2009; Ge et al., 2016).  In comparison, the weighted GEE models 

the correlations within a similar group and uses this within group correlation as a cluster 

parameter adjustment estimation for the population (Ge et al., 2016).  Both models are 

considered to be an extension of generalized or non-linear model and thereby allows 

models to be fit when there is a greater deviance from the population mean such as in 

incidences when the predictor variables non-continuous (e.g., binary or Bernoulli) 

(Mcculloch, 1997).    

Evaluation of Model Fit 

For this study, the modified Poisson regression was selected to evaluate the 

association between antibiotic exposure during the first year of life and risk of developing 

JIA, pediatric psoriasis, or type 1 diabetes during childhood through adolescence.   Model 

fit was tested by examining goodness-of-fit statistics, scaled residual deviance, and 

overdispersion (Agresti, 2007; Faraway, 2016).  First, the overall fit was tested using the 

goodness-of-fit chi-squared test, which examined the difference between the current model 
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deviance (residual) and the estimated deviance of an ideal model.  Second, an analysis of 

deviance test examined the contribution each of the individual predictor variables had on 

reducing the overall model deviance.  Lastly, as the Poisson distribution assumes variance 

is equal to the population mean, overdispersion was assessed by examining the dispersion 

parameter estimate from a quasi-Poisson regression model.   

Model 1- (Reference Model) 

The first models were constructed to assess the need to address further modeling 

complexities and improve model accuracy and fit.  This model only included the antibiotic 

exposure variable and an offset of the log of person years.  In the Poisson model, the offset 

takes into consideration the contribution of person time of each participant.  The log of this 

offset allows the results to be reported event rates. A model for each of the IMDs of interest 

were constructed.  

Model 2- (Random Effect Evaluation) 

The second analytic model was constructed to test the need to include potential 

within group correlations (clustering effect) that could affect the accuracy of the model 

results.  As the participants were derived from a larger hospital system, the care site where 

the participant received the majority of care during the first year was considered as potential 

grouping variable (random effector predictor).  A generalized linear mixed model (GLMM) 

that accounts for both fixed (independent predictor) and random predictors was constructed 

and included the response variable, offset of log person time, and both antibiotic exposure 
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and care site as predictor variables.  The likelihood ratio fit test between the GLMM model 

and the reference model (model 1) was conducted for each of the IMD of interest.   

Model 3 (Fitted Estimating Model)  

A third model examined the contribution of the a-priori predictors and potential 

confounding variables.  To create a parsimonious prediction model, any predictor variable 

that did not significantly contribute to the model fit or was not considered important to 

include due to conceptual reasons were removed.   
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RESULTS 

Data for this study was extracted from electronic health records (EHR) from the 

Children’s Hospital of Philadelphia (CHOP) PEDSnet database from 1/1/2001 through 

09/01/2017.  A total of 263 individual care sites contributed data to this study.  

The addition of care site as a random effect predictor did not significantly contribute 

to predicting any of the outcomes of interest (DX2 (1), p>0.05).  As such, the simpler, 

generalized linear modified Poisson regression model was selected to examine the 

association between early antibiotic exposure and risk of developing an IMD. Model fit 

testing demonstrated evidence of overdispersion for all immune- mediated diseases of 

interest.  Therefore, the sandwich variance estimator was applied to reduce the likelihood 

of overestimating the associated risk estimates (Zou, 2004).   

The best-fitting prediction model included the addition of the participant’s sex, 

race, year of birth, the number of encounters with the health system (visits), if all visits 

prior to 12 months of age were with a primary care provider (in comparison to specialty 

care, hospitalization, or emergency room care visits), and a history of a hospitalization or 

infection diagnosis during the exposure period (<12 months of age).  Models were built 

using the ‘lme4’, ‘sandwich’, and ‘jtools’ packages in R (Bates, Mächler, Bolker, & 

Walker, 2015; Long, 2018; Zeileis, 2004, 2006).   

CHAPTER 4 

Estimating Models 
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All children within the CHOP PEDSnet database at the time of this study were 

eligible to participate (N=1,063,817) (Figure 4).  From this pool of potential participants, 

a longitudinal birth cohort was constructed to capture antibiotic exposure during the first 

year of life (exposure period).  The study inclusion criteria required that a child have at 

least one documented clinical encounter with a health care provider at any affiliated CHOP 

Care Network site at the following time points (a) from birth through 3 months, (b) from 4 

and up to 12 months, and (c) at or after 36 months of age.  To reduce the potential for 

misclassification of antibiotic exposure, children were also required to have at a minimum 

2 clinical encounters with a healthcare provider who had the ability to prescribe antibiotics.  

In other words, this excluded children having only diagnostic testing procedures (e.g., 

laboratory) or ancillary provider care (e.g. speech therapy).  Children were also excluded 

from the analysis if a diagnosis for JIA, psoriasis, or type 1 diabetes was present during the 

exposure window.  The final cohort consisted of 162,883 children, which was 15.3% of the 

eligible population. 

 

 

 

 

 

 

 

Study Cohort Formation 
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 Figure 4.  Flowchart of cohort selection. The diagram illustrates the number of children 
within the CHOP-PEDSnet database and reasons for exclusion that resulted in the final 
study cohort.  
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To capture early life antibiotic exposure, it was required that all children entered 

the cohort prior to 4 months of age (Table 8).  The majority entered prior to 1 month of age 

(85%, n=137,926) with half of the cohort less than 1 week of age at age of entry (52%, n= 

85,485).  The majority of the population was male (52%), white (52%), born between 2009-

2014 (46%), and had private insurance (67%).  

Cohort Characteristics by Antibiotic Exposure 

The cohort demographic and clinical characteristics of children with one or more 

documented antibiotic prescriptions prior to 12 months of life (exposed group) as compared 

to children who did not (unexposed group) are detailed in Table 8.  Compared to unexposed 

children, a greater proportion of exposed children entered the cohort at an earlier age 

(p<0.001), were male (p<0.001), and had private insurance (p<0.001).  Differences in 

exposure to antibiotics was also evident by race.  As compared to unexposed children, a 

higher proportion of exposed children were white (51% unexposed, 55% exposed) and a 

lower proportion were black (32% unexposed, 25% exposed) (p<0.001). A larger 

proportion of exposed children had the majority of their health care visits in the first year 

of life occurred with a primary care provider (p<0.001), were more likely to be hospitalized 

(p<0.001), and diagnosed with an infection (p<0.001) or a complex chronic condition 

(p<0.001) prior to 12 months of age. 

Cohort Demographic and Clinical Characteristics 
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Cohort Characteristics by Immune-Mediated Disease 

Of the total cohort, 136 children had 2 or more diagnoses of JIA after 12 months of 

age (crude prevalence rate of 8.35/10,000), 155 children for psoriasis (9.5/10,000), and 288 

children for type 1 diabetes (17.7/10,000) (Table 9).  Children with JIA had a mean age at 

time of first diagnosis of 4.6 years (55.7 months).  The youngest age of diagnosis was 1.4 

years (17 months) with a maximum age of 14.5 years (173.5 months).  In contrast, children 

with type 1 diabetes and psoriasis were older at time of diagnosis with median age of 6.3 

years (76.1 months) and 7.3 (87.8 months), respectively.  The youngest age at diagnosis 

for both type 1 diabetes (n=1) and psoriasis (n=8) occurred in the 12th month of age.  The 

oldest age at diagnosis for type 1 diabetes was 15 years (n=4, 180-186 months) and 16 

years for psoriasis (n=1, 194 months).  

As compared to children without an IMD of interest, a higher proportion of children 

with JIA (p<0.001), psoriasis (p=0.007), and type 1 diabetes (p<0.001) were white and 

born prior to 2008 (p<0.001).  Children with JIA were less likely to receive the majority of 

their care with a primary care provider (p=0.011) and were more likely to be hospitalized 

(p=0.052) prior to 12 months of age.  A greater proportion of children with JIA were female 

(p<0.001) and had private insurance (p=0.001).   

Thirty-five percent of children in the cohort received one or more antibiotic 

prescriptions prior to 12 months of age (n=57,554) and 13% of those children exposed were 

younger than 6 months of age (n=20,597) (Table 10).  Of the children exposed, the majority 

Antibiotic Exposure 
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were prescribed a narrow-spectrum penicillin (84%, n=48,335) with approximately half 

receiving a broad spectrum antibiotic prior to 12 months of age (49%, n=28,227).  Almost 

a quarter of exposed children received a prescription for cephalosporin (23%, n=13,270) 

and 12% of children had one or more prescriptions for a macrolide (n=6,820).  The majority 

of exposed children received 2 or more antibiotic prescriptions (51.5%, n= 57,554) and 

only 10% were prescribed 5 or more prescriptions (n=5,656) during the exposure window.  

The limited number of children receiving more than two antibiotics prior to 12 months of 

age limited the ability to assess the effects of antibiotic among children with a greater 

number of exposures. 

Antibiotic Exposure among Children with JIA 

The overall percentage of children with JIA received an antibiotic prescription prior 

to 12 months was similar to that of the overall cohort (34% versus 35%, respectively) 

(Table 10).  However, children with JIA were noted to be younger at time of first antibiotic 

prescription with an average age of 6.5 months and 17% of children received an antibiotic 

prior to 6 months.  Additionally, a higher percentage of exposed children with JIA received 

a broad-spectrum antibiotic (18%) as compared to the overall group, children with 

psoriasis, or type 1 diabetes.  Of the children with JIA exposed to antibiotics, a little less 

than half (45%, n=21) received one or more prescriptions for a narrow spectrum antibiotics.  

Thirty percent of children with JIA exposed to an antibiotic received a broad-spectrum 

penicillin (n=14)  or cephalosporin (n=14) prior to 12 months of age.  A higher proportion 
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of exposed children with JIA received a prescription for a macrolide antibiotic class (20%, 

n=9) as compared to the overall cohort, children with psoriasis, or type 1 diabetes. 

Antibiotic Exposure among Children with Psoriasis 

A higher percentage of exposed children with psoriasis received an antibiotic 

prescription prior to 12 months of age (40%) as compared to the overall cohort (Table 10).  

This was also higher as compared to children with JIA or type 1 diabetes.  On average, 

exposed children with psoriasis were older at time of first antibiotic prescription (mean age 

7.3 months).   Similar to children with JIA, children with psoriasis received an average of 

2.5 prescriptions per child, which was slightly higher than the overall population of 2.2.  

Almost all children with psoriasis who were exposed to an antibiotic received a narrow-

spectrum antibiotic (95%, n=59).  Additionally, a higher percentage of children with 

psoriasis received only a narrow-spectrum antibiotic (23%) when compared to the overall 

cohort, children with JIA, or children with type 1 diabetes.  Approximately a quarter of 

exposed children with psoriasis received a prescription for a cephalosporin antibiotic class 

(26%, n= 16) or broad-spectrum penicillin (24%, n=15) and only 3%  received a macrolide 

antibiotic (n=4). 

Antibiotic Exposure among Children with Type 1 diabetes 

A lower percentage of exposed children with type 1 diabetes received at least one 

antibiotic prescription prior to 12 months of age (27%) as compared to the overall cohort, 

and compared to either children with JIA or psoriasis (Table 10).  Yet, the average number 
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of prescriptions was similar to that of the overall population (mean 2.3 versus 2.2, 

respectively).  A quarter of children with type 1 diabetes received a prescription for a 

penicillin class of antibiotic (n=73, 25%) with 14% receiving only a narrow-spectrum 

antibiotic (n=39) and only 2% ever received a macrolide antibiotic prescription (n=5).  

The risk of IMD was influenced by a child’s race and ethnicity, sex, year of birth 

and type of health care encounter within the first year of life.  As compared to white 

children, black children had 33% less risk of developing JIA (Table 11),  56-59% less risk 

for pediatric psoriasis (Table 12), and 66-68% less risk for type 1 diabetes (Table 13).  

Additionally, children of any other race or Hispanic ethnicity had a 40% less risk of 

developing type 1 diabetes as compared to white children.  Compared to females and 

children who had a mixture of healthcare provider visit types in the first year of life, males 

have a 48% less risk of developing JIA and children who had only primary care visits had 

52-53% less risk.   As compared to children born in 2001-2004, children born in 2009-

2014 and 2005-2008 had a 56% and 64% less risk of developing pediatric psoriasis in the 

fully adjusted model, respectively. Additionally, children born in 2009-2014 had a 70% 

less risk of developing type 1 diabetes. 

The objective of aim 1 was to evaluate the overall effect of systemic antibiotic 

exposure during the first year of life on the risk for developing an IMD after one year of 

age. It was hypothesized that children who received an antibiotic prescription within the 

Risk of Immune-Mediated Disease  

Aim 1 Results 
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first year of life would have an increased risk of developing pediatric psoriasis, JIA, or type 

1 diabetes as compared to children who did not receive an antibiotic prescription.   

Summary of Aim 1 Results 

Overall, exposure to antibiotics prior to 12 months of age was not associated with 

an increased risk for JIA or type 1 diabetes unadjusted, adjusted, or fully adjusted model 

that included the addition of a history of infection prior to 12 months of age (Table 14).  In 

the case of pediatric psoriasis, however, antibiotic exposure increased the risk of psoriasis 

by 47% in the unadjusted model (IRR 1.47, 95% CI [1.06-2.02], p=0.02) and by 61% in 

the adjusted model (IRR 1.61, 95% CI [1.13-2.31]. p=0.01) as compared to children who 

did not receive an antibiotic in the first year of life.  However, when a history of an infection 

prior to 12 months of age was added to the model (i.e. fully adjusted model), the association 

between antibiotic exposure and risk of psoriasis became non-significant (p=0.08).  This 

finding suggested that the overall effect between antibiotic exposure and risk of psoriasis 

is moderated by a history of an infection. 

The objective of the second study aim was to evaluate the degree to which the risk 

of developing an IMD of interest was modified by the age of first exposure, frequency 

(dose-response association), antibiotic spectrum of coverage (narrow or broad), and class 

of antibiotic.  It was hypothesized that there would be an increased risk of developing JIA, 

psoriasis, or type 1 diabetes for children who received an antibiotic prescription at a 

younger age (i.e., less than 6 months of age), received two or more prescriptions, were 

Aim 2 Results 
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exposed to a broad-spectrum, or a macrolide antibiotic.  To further investigate this risk, 

exposure to narrow-spectrum antibiotic and other antibiotic classes (e.g., cephalosporin, 

penicillin) were also explored.  

Risk of JIA by Age, Frequency, and Type of Antibiotic 

An association between antibiotic exposure and risk of JIA was not observed 

among children who received an antibiotic prescription prior to 6 months of age, or for 

children who were exposed to a broad-spectrum or a macrolide antibiotic (Table 15).  

However, the risk of JIA was 1.69 times higher for children who received 2 or more 

antibiotic prescriptions prior to 12 months of age (1.69 IRR, 95% CI [1.04-2.73], p=0.03) 

as compared to children who did not receive an antibiotic prior to 12 months of age.   

Risk of Psoriasis by Age, Frequency, and Type of Antibiotic 

An association between psoriasis and exposure to antibiotics was not evident for 

children who received an antibiotic prior to 6 months of age, more than one antibiotic, a 

broad-spectrum, or a macrolide antibiotic prior to 12 months of age as compared to children 

who did not receive an antibiotic (Table 16).  Conversely, there was an association between 

psoriasis and narrow-spectrum or penicillin class of antibiotic.   

In the analytic model that investigated the associated risk of psoriasis by spectrum 

of antibiotic, the risk of developing psoriasis was 1.67 times greater among children who 

received only a narrow-spectrum antibiotic prior to 12 months of age (1.67 IRR, 95% CI 

[1.05-2.66], p=0.0.3) as compared to children without an antibiotic exposure.  
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Additionally, there was a 62% increase in risk of psoriasis for children exposed to a 

penicillin class of antibiotic (1.62 IRR, 95% CI [1.06-2.49], p=0.03) as compared to 

unexposed children.  Interestingly, in the model that investigated exposure to the macrolide 

antibiotic class (a broad-spectrum antibiotic), a 55% increase in risk of pediatric psoriasis 

was noted among children who received a non-macrolide class of antibiotic (1.55 IRR, 

95% CI [1.02-2.36], p=0.04) as compared to children who were not exposed to an 

antibiotic.    

Risk of Type 1 Diabetes by Age, Frequency, and Type of Antibiotic 

Antibiotic exposure did not increase the risk of type 1 diabetes among children who 

received an antibiotic prior to 6 months of age, more than one antibiotic prescription prior 

to 12 months of age, a broad- spectrum antibiotic, or any class of antibiotic prior to 12 

months of age as compared to children who were not exposed to an antibiotic (Table 17).   

Summary of Aim 2 Results 

Aim 3 investigated the relationship between antibiotic exposure and an IMD of 

interest by age, frequency, spectrum and class of antibiotic exposures.  It was hypothesized 

that there would be an increased risk of developing an IMD of interest among children 

exposed to an antibiotic prior to 6 months of age, had two or more antibiotic exposures, 

and among those who were exposed to a broad-spectrum, or a macrolide antibiotic.  In 

relation to these hypotheses, children exposed to two or more antibiotics had an increased 

risk of developing JIA (1.69 IRR, 95% CI [1.04-2.73], p=0.03) as compared to children 
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who were not exposed to an antibiotic (Figure 5).  However, there was also an observed 

association between psoriasis and exposure to only narrow-spectrum (1.67 IRR, 95% CI 

[1.05-2.66], p=0.0.3) or penicillin antibiotic class (1.62 IRR, 95% CI [1.06-2.49], p=0.03).   

 
Figure 5.  Summary of Aim 2 hypothesis testing for the associated risk of type 1 diabetes (DM), 
Juvenile Idiopathic Arthritis (JIA), or psoriasis (PS) by antibiotic exposure prior to 12 months 
stratified by age of first exposure, frequency, antibiotic spectrum of coverage, and class of 
antibiotic exposure. Risk is reported as Incident Rate Ratios (IRR) with 95% CI. 
 

To further evaluate the association between antibiotic exposure and risk of 

developing an IMD of interest, combinations of age, frequency, spectrum of coverage, and 

Aim 3 Results 
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class of antibiotic exposure were investigated.  It was hypothesized that there would be an 

increase in the risk of developing an IMD of interest among children who received a broad-

spectrum or macrolide antibiotic prescription prior to 6 months of age, two or more 

antibiotic prescriptions prior to 6 months of age, and two or more broad-spectrum or 

macrolide prescriptions.   

Risk of JIA by Combinations of Age, Frequency, and Antibiotic Type 

An increase in the associated risk between JIA and antibiotic exposure was 

observed among children who had earlier and more frequent antibiotic exposures (Table 

18).  Children who received two or more antibiotic exposures prior to 6 months of age had 

1.97 times the risk of developing JIA (95% CI [1.11-3.49], p=0.02) as compared to children 

who did not receive an antibiotic.  The associated risk between JIA and a younger age at 

an antibiotic exposure was also noted among children who received a macrolide, penicillin, 

or narrow-spectrum antibiotic.  As compared to children without an exposure to an 

antibiotic, children exposed to an antibiotic prior to 6 months of age had 2.58 times the risk 

of developing JIA when exposed to a macrolide class of antibiotic (95% CI [1.09-6.14), 

p=0.03), 1.74 times the risk when exposed to a penicillin class of antibiotic (95% CI [1.01-

3.00], p=0.046), and 1.88 times the risk when exposed to a narrow-spectrum antibiotic (CI 

[1.09-3.25], p=0.03).  Children who were exposed to two or more penicillin class 

antibiotics prior to 12 months of age had 77% higher risk of JIA (1.77 IRR, 95% CI [1.06-

2.98], p=0.046) as compared to children who were not exposed to an antibiotic.  There 

were no children exposed to two or more macrolide antibiotics prior to 6 months of age 
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and therefore, the associated risk of developing JIA and frequency of macrolide antibiotic 

exposure was not assessed. 

Risk of Psoriasis by Combinations of Age, Frequency, and Antibiotic Type 

An association between psoriasis and the combination of age and type of antibiotic 

exposure was evident among children who were exposed to antibiotics within the first year 

of life.  Similar to results of Aim 2, children exposed to a narrow spectrum or penicillin 

class of antibiotic had an increase in risk of developing psoriasis as compared to children 

who did not receive an antibiotic (Table 19).  Children were also more likely to develop 

psoriasis if an antibiotic exposure occurred between 6 and 12 months of age.  Specifically, 

when compared to children who were not exposed to an antibiotic, children exposed to an 

antibiotic between 6 and 12 months of age had a 68% increase in risk for psoriasis if 

exposed to a narrow-spectrum antibiotic (1.62 IRR, 95% CI [1.02-2.57], p=0.03), a 64% 

increase in risk if exposed to a penicillin class (1.64 IRR, 95% CI [1.04-2.59], p=0.03), and 

98% increase in risk if exposed to a cephalosporin (1.98 IRR, 95% CI [1.07-2.67], p=0.03).   

More frequent antibiotic exposure during the first 12 months of life was not 

associated with the risk of developing psoriasis.  However, children exposed to one 

antibiotic had a higher probability of psoriasis as compared to children who were not 

exposed to antibiotics in the analytic models investigating frequency of antibiotic exposure 

by narrow-spectrum and penicillin antibiotic class.  In comparison to children who were 

not exposed to an antibiotic, children with one penicillin class or narrow-spectrum 
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antibiotic exposure prior to 12 months of age had 1.85 (95% CI [1.17-2.93], p=0.008) and 

1.74 (95% CI [1.10-2.74], p=0.02) times the risk of developing psoriasis, respectively.   

Risk of Type 1 Diabetes by Combinations of Age, Frequency, and Antibiotic Type 

The probability of developing type 1 diabetes was not significantly different among 

children who received more frequent antibiotic exposures at a younger age or by any class 

or spectrum of antibiotic as compared to children who did not receive an antibiotic prior to 

12 months of age (Table 20).    

Summary of Aim 3 Results 

Aim 3 investigated the relationship between antibiotic exposure and an IMD of 

interest by interactions between age, frequency, spectrum and class of antibiotic exposures 

(Figure 6).  It was hypothesized that there would be an increase in the risk of developing 

an IMD of interest among children who received two or more antibiotic prescriptions prior 

to 6 months of age, a broad-spectrum or macrolide antibiotic prescription prior to 6 months 

of age, and two or more broad-spectrum or macrolide prescriptions.  As none of the 

children in the exposed cohort received two or more macrolide antibiotics prior to 6 months 

of age, the associated risk between this antibiotic class and the IMDs of interest was not 

investigated.  In relation to these specific hypotheses, an increase in the risk for JIA was 

observed among children who were exposed to two or more antibiotics prior to 6 months 

of age (1.97 IRR, 95% CI [1.11-3.49], p=0.02) and among children exposed to a macrolide 

antibiotic prior to 6 months (2.58 IRR, 95% CI [1.09-6.14], p=0.03), as compared to 
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unexposed children.  There was no observed association between psoriasis or type 1 

diabetes and antibiotic exposure.  However, an association between an IMD and antibiotic 

exposure was observed for both JIA and psoriasis when other types of antibiotics (i.e., 

narrow-spectrum, penicillin, and cephalosporin antibiotic class), frequency of exposures, 

and age of exposure was considered.   

When compared to children unexposed to an antibiotic, children who were exposed 

between the ages of 6 and 12 months had an increase in the risk of developing psoriasis if 

the exposure during this time was a narrow-spectrum antibiotic (1.62 IRR, 95% CI [1.02-

2.57], p=0.03), a penicillin class of antibiotic (1.64 IRR, 95% CI [1.04-2.59], p=0.03), or 

cephalosporin (1.98 IRR, 95% CI [1.07-2.67], p=0.03). As compared to unexposed, 

children exposed to an antibiotic prior to 6 months of age had an increased risk of 

developing JIA if exposure was a narrow spectrum antibiotic (1.88 IRR, CI [1.09-3.25], 

p=0.03) or penicillin (1.74 IRR, 95% CI [1.01-3.00], p=0.46).  Furthermore, children who 

received two or more exposures to penicillin class antibiotic had an increased risk for JIA 

(1.74 IRR, 95% CI [1.01-3.00], p=0.046) as compared to unexposed children.   
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Figure 6.  Summary of aim 3 hypothesis testing for the associated risk of an immune-
mediated disease (IMD): Type 1 diabetes (DM), Juvenile Idiopathic Arthritis (JIA), or 
psoriasis (PS) by antibiotic exposure prior to 12 months stratified by combinations between 
age of first exposure, frequency, antibiotic spectrum of coverage, and class of antibiotic 
exposure. Risk is reported as Incident Rate Ratios (IRR) with 95% CI. 

 

Antibiotics are often, but not always, indicated in the presence of an infection and 

reports of associations between infections and the onset of IMDs of interest exist.  When a 

history of infection was added to the prediction model, the effect of antibiotic exposure on 

the risk of psoriasis became non-significant thereby suggesting that the risk of psoriasis 

may be moderated by infection.  In order to address the potential for effect modification 

Interactions Effect Between Antibiotic and Infection  
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and confounding by indication, interactions between infection and antibiotics were 

evaluated.   

The majority of children who received an antibiotic had a documented history of 

infection prior to 12 months of age for children who all of the IMDs of interest (Table 21).  

Very few children exposed to an antibiotic did not have a history of infection documented 

prior to 12 months of age. 

Results: Interaction between Infection and Antibiotic Exposure  

There was no observed association between antibiotic exposure and risk of JIA or 

type 1 diabetes when an interaction between antibiotic exposure and history of an infection 

was added to the prediction model (Table 22).  However, when this relationship was 

examined for psoriasis, antibiotic exposure increased the risk for psoriasis by 2.62 times 

(95% CI [1.34-5.12], p=0.005) and infection increased the risk by 1.73 times (95% CI 

[1.05-2.83], p=0.03) as compared to children who were not exposed to an antibiotic and 

did not have an infection prior to 12 months of age.  Conversely, the interaction effect 

between antibiotic exposure and infection was not associated with the risk of psoriasis 

(0.45 IRR, 95% CI [0.2-1.04], p=0.06).  In the case of JIA, there was no association 

between antibiotic exposure and history of infection, yet the combined effect of an 

antibiotic exposure and history of infection prior to 12 months of age increased the risk for 

JIA by 5.77 times (95% CI [1.26-26.44], p=0.02) as compared to children who were not 

exposed to an antibiotic and without a history of an infection prior to 12 months of age.   
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Table 8: 
Demographic and Clinical Characteristics According to Antibiotic Exposure 
 Overall Cohort 

(N=162,883) 
Unexposed 

(N=105,329) 
Exposed 

(N=57,554) 
 

p-value1 
Total person time, y 5744545%12% 922,051 419,574 <0.001*** 
Years in cohort, median (IQR) 7.8 (5.1-11) 8.3 (5.4-12) 6.8 (4.7-9.7) <0.001*** 
Age at cohort entry (days), median (IQR) 7 (5-14) 7 (5-17) 6 (4-10) <0.001*** 

Birth to < 1 month 137,926 (85) 86,158 (82) 51,768 (90)  
1 month to < 2 months  11,744 (7) 8,794 (8) 2,950 (5)  
2 months to <3 months 8.085 (5) 6,303 (6) 1,782 (3)  
3 months to <4 months 5,128 (3) 4,074 (4) 1,054 (2)  

Male, n (%) 85,180 (52) 53,760 (51) 31,420 (55) <0.001*** 
Race, n (%)    <0.001*** 

White 85,064 (52) 53,246 (51) 31,818 (55)  
Black 47,329 (29) 33,216 (32) 14,113 (25)  

Private Insurance, n (%) 111,360 (68) 70,954 (67) 40,406 (70) <0.001*** 
Year of Birth, n (%)    <0.001*** 

2001-2004 35,991 (22) 31,519 (30) 4,472 (8)  
2005-2008 52,036 (32) 32,106 (30) 19,930 (35)  
2009-2014 74,856 (46) 41,704 (40) 33,152 (58)  

Season of Birth, n (%)    <0.001*** 
Summer or Spring 84,595 (52) 52,977 (50) 31,618 (55)  
Fall or Winter 78,288 (48) 52,352 (50) 25,936 (45)  

Complex chronic Condition <1 year, n (%) 15,230 (9) 7,571 (7) 7,659 (13) <0.001*** 
Infection diagnosed <1 year of life, n (%) 95,638 (59) 46,857 (45) 48,781 (85) <0.001*** 
Number of provider visits <1 year, median (IQR) 10 (7-14) 9 (6-12) 13 (10-17) <0.001*** 
Only primary care provider visits <1 year, n (%) 137,933 (85) 85,494 (81) 52,439 (91) <0.001*** 
Hospitalization <1 year, n (%) 21,380 (13) 12,732 (12) 8,648 (15) <0.001*** 
1Group differences between exposed and unexposed children were evaluated using chi-squared test of significance for 
categorical variables and Kruskal-Wallis test for continuous variables with non-normal distributions; *p < .05; **p < .01; 
***p < .001 
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Table 9: 
Clinical and Demographic Characteristics for Children with an Immune-Mediated Disease 

 JIA Psoriasis Type 1 Diabetes 

 
Non-Cases 

(n=162,747)  
Cases 

(n=136) 
Non-Cases 

(n=162,728) 
Cases  

(n=155) 
Non-Cases 

(n=162,595) 
Cases  

(n=288) 
Total person time, years 1,340,871 754 1,340,540 1,080*** 1,339,670 1,955*** 
Years in cohort, median (IQR) 7.8 (5.1-11.1) 4.6 (2.7-8.1) 7.8 (5.1-11.1) 7.3 (4.2-9.2) 7.8 (5.1-11.1) 6.3 (3.9-9.4) 
Cohort entry age (days), median (IQR) 7 (5-14) 7 (4-14) 7 (5-14) 7 (5-16) 7 (5-14) 7 (5-16)* 
Diagnosis age (months), median (IQR) -- 55.6 (32-97) -- 88 (52-111) -- 76.1 (47-113) 
Number of diagnoses, median (IQR) -- 12 (5-24) -- 3 (2-6) -- 17 (8-30) 
Male, n (%) 85,132 (52) 48 (35)*** 85,106 (52) 74 (48) 85028 (52) 152 (53) 
Race       

White, n (%) 84,963 (52) 101 (74) *** 84,965 (52) 99 (64)** 84,866 (52) 198 (69) *** 
Black n (%) 47,312 (29) 17 (13) *** 47,300 (29) 29 (19)** 47,262 (29) 67 (23) *** 

Private Insurance, n (%) 108,505 (67) 110 (81)** 108,502 (67) 113 (73) 108,405 (67) 210 (73)* 
Year of Birth, n (%)       

2001-2004 35,941 (22) 50 (37) *** 35,929 (22) 62 (40) *** 35,867 (22) 124 (43) *** 
2005-2008 51,983 (32) 53 (39) *** 51,983 (32) 53 (34) *** 51,936 (32) 100 (35) *** 
2009-2014 74,823 (46) 33 (24) *** 74,816 (46) 40 (26) *** 74,792 (46) 64 (22) *** 

Season of Birth, n (%)       
Summer/Spring 78,220 (48) 68 (50) 84,505 (52) 90 (58) 84,442 (52) 153 (53) 
Fall/ Winter 84,527 (52) 68 (50) 78,223 (48) 65 (42) 78,153 (48) 135 (47) 

Chronic Condition <1 year, n (%) 15,222 ( 9) 8 (6) 15,218 ( 9) 12 (8) 15,208 ( 9.3) 22 (8) 
Infection diagnosed <1 year of life, n (%) 95,573 (59) 65 (48)* 95,550 (59) 88 (57) 95,509 (59) 129 (45)*** 
Provider Visits <1 year, median (IQR) 10 (7-14) 11 (8-16) 10 (7-14) 11 (8-16) 10 (7-14) 10 (7-14) 
Only primary care visits <1 year, n (%) 137,829 (85) 104 (76)* 137,799 (85) 134 (86) 137,690 (85) 243 (84) 
Hospitalization <1 year, n (%) 21,354 (13) 26 (19) 21,362 (13) 18 (12) 21,347 (13) 33 (11) 
Group differences for children diagnosed with JIA, psoriasis, or type 1 diabetes as compared to children without the condition using 
chi-squared test of significance for categorical variables and Kruskal-Wallis test for continuous variables with non-normal 
distributions;  *p < .05; **p < .01; ***p < .001  
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Table 10:   
Antibiotic Exposure Less than 12 months of Age for Overall Cohort and by Immune-Mediated Disease 

 Overall Cohort 
(N=162,883) 

JIA 
(n=136) 

Psoriasis 
(n=155) 

Type 1 Diabetes 
(n=288) 

Any Antibiotic, n (%) 57,554 (35) 46 (34) 62 (40) 79 (27) 
Age First Exposure (months), mean (ds) 6.9 (3) 6.5 (3.1) 7.3 (2.8) 7 (3) 
Antibiotic Prescriptions, mean (sd) 2.2 (1.9) 2.5 (1.4) 2.5 (3) 2.3 (2) 
Antibiotic Exposure by Spectrum     

Only Narrowa, n (%) 29,277 (18) 21 (15) 36 (23) 39 (14) 
Only Broad, n (%) 9,219 (6) 3 (2) 3 (2) 12 (4) 
Any Broad, n (%) 28,277 (17) 25 (18) 26 (17) 40 (14) 

Any Antibiotic Exposure by Class     
Any Penicillin, n (%) 51,367 (32) 45 (33) 62 (40) 73 (25) 
Narrow- Spectrum Penicillinsa,  n (%) 48,335 (30) 43 (32) 59 (38) 67 (23) 
Broad-Spectrum Penicillin, n (%) 14,633 (9) 14 (10) 15 (10) 20 (7) 
Macrolide, n (%) 6,820 (4) 9 (7) 4 (3) 5 (2) 
Cephalosporin, n (%) 13,270 (8) 14 (10) 16 (10) 17 (6) 
Otherb,c, n (%) 7,699 (5) -- -- -- 

aDicloxacillin, Penicillin G, Penicillin V, Amoxicillin, Ampicillin 
bLess than 2% of  children in overall cohort exposed to each of the other antibiotic classes including Sulfonomides, Fluoroquinolones, 
Aminoglycosides, Tetracycline, Lincosomide, Glycopeptides, Metronidazole 
cLess than 5 children with JIA, Psoriasis or Type 1 diabetes were exposed to any other antibiotic class and therefore not reported 
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Table 11 
Risk of Juvenile Idiopathic Arthritis by Exposure to Antibiotics Prior to 12 months of Age 

  
Unadjusted 

Modela 
Adjusted 
Modelb 

Fully Adjusted 
Modelc 

Predictor IRR  95% CI IRR  95% CI IRR 95% CI 
Antibiotic Exposure <12 months 1.12 (0.79-1.6) 1.19 (0.79-1.79) 1.20 (0.8-1.79) 
History of Infection < 12 months        --        -- 0.97 (0.64-1.49) 
Race: Black    0.33 (0.19-0.56)*** 0.33 (0.19-0.57)*** 
Race: Other    0.61 (0.36-1.03) 0.61 (0.37-1.03) 
Male    0.48 (0.33-0.68)*** 0.48 (0.33-0.68)*** 
Only Primary Care Visits < 12 months    0.52 (0.33-0.84)** 0.53 (0.32-0.86)* 
History of Hospitalization < 12 months    1.45 (0.88-2.36) 1.45 (0.89-2.36) 
10 or More Health Care Encounters < 12 months     1.33 (0.91-1.95) 1.34 (0.91-1.96) 
Year of Birth: 2005-2008    1.01 (0.66-1.55) 1.02 (0.64-1.64) 
Year of Birth: 2009-2014     0.75 (0.45-1.24) 0.75 (0.43-1.31) 

a Modified Poisson regression model with offset for log of person years, reference group children not receiving an antibiotic prescription 
< 12 months of age 

b Modified Poisson regression model (a) with addition of race, sex, year of birth, only primary care visits <12 months, history of 
hospitalization <12 months, number of provider visits <12 months 

c Modified Poisson regression model (b) with addition of history of infection <12 months 
  *p < .05; **p < .01; ***p < .001 ; significant values are bolded.; IRR incident rate ratio 
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Table 12 
Risk of Pediatric Psoriasis by Exposure to Antibiotics Prior to 12 months of Age 

 
Unadjusted  

Modela 
Adjusted  
Modelb 

Fully Adjusted  
Modelc 

Predictor IRR  95% CI IRR  95% CI IRR 95% CI 
Antibiotic Exposure <12 months 1.47 (1.06-2.02)* 1.61 (1.13-2.31)** 1.45 (0.96-2.22) 
History of Infection < 12 months       --        -- 1.36 (0.85-2.16) 
Race: Black   0.59 (0.39-0.91)* 0.56 (0.36-0.88)* 
Race: Other   0.94 (0.61-1.44) 0.92 (0.60-1.42) 
Male   0.82 (0.60-1.12) 0.82 (0.60-1.13) 
Only Primary Care Visits < 12 months   0.86 (0.52-1.41) 0.79 (0.48-1.32) 
History of Hospitalization < 12 months   0.91 (0.55-1.5) 0.89 (0.54-1.48) 
10 or More Health Care Encounters < 12 months   1.18 (0.81-1.72) 1.14 (0.78-1.65) 
Year of Birth: 2005-2008   0.74 (0.48-1.04) 0.64 (0.42-0.95)* 
Year of Birth: 2009-2014   0.62 (0.41-0.94)* 0.56 (0.36-0.87)** 

a Modified Poisson regression model with offset for log of person years, reference group children not receiving an antibiotic prescription 
< 12 months of age 

b Modified Poisson regression model (a) with addition of race, sex, year of birth, only primary care visits <12 months, history of 
hospitalization <12 months, number of provider visits <12 months 

c Modified Poisson regression model (b) with addition of history of infection <12 months 
  *p < .05; **p < .01; ***p < .001 ; significant values are bolded.; IRR incident rate ratio 
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Table 13 
Risk of Type 1 Diabetes by Exposure to Antibiotics Prior to 12 months of Age 

  
Unadjusted 

Modela 
Adjusted 
Modelb 

Fully Adjusted 
Modelc 

Predictor IRR  95% CI IRR  95% CI IRR 95% CI 
Antibiotic Exposure <12 months 0.83 (0.64-1.08) 0.92 (0.69-1.22) 0.96 (0.7-1.3) 
History of Infection < 12 months         --            -- 0.88 (0.65-1.2) 
Race: Black    0.66 (0.5-0.88)** 0.68 (0.51-0.91)** 
Race: Other    0.40 (0.26-0.62)*** 0.40 (0.26-0.62)*** 
Male    1.02 (0.81-1.29) 1.02 (0.81-1.29) 
Only Primary Care Visits < 12 months    0.88 (0.61-1.25) 0.90 (0.63-1.29) 
History of Hospitalization < 12 months    0.88 (0.59-1.31) 0.88 (0.59-1.32) 
10 or More Health Care Encounters < 12 months     1.07 (0.83-1.38) 1.09 (0.84-1.41) 
Year of Birth: 2005-2008    0.83 (0.62-1.09) 0.87 (0.64-1.18) 
Year of Birth: 2009-2014     0.66 (0.49-0.91)* 0.70 (0.5-0.98)* 

a Modified Poisson regression model with offset for log of person years, reference group children not receiving an antibiotic prescription 
< 12 months of age 

b Modified Poisson regression model (a) with addition of race, sex, year of birth, only primary care visits <12 months, history of 
hospitalization <12 months, number of provider visits <12 months 

c Modified Poisson regression model (b) with addition of history of infection <12 months 
  *p < .05; **p < .01; ***p < .001 ; significant values are bolded.; IRR incident rate ratio 
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Table 14 
Risk of an immune-mediated disease by antibiotic exposure 

 Unadjusted 
Modela 

Adjusted 
Modelb 

Fully Adjusted  
Modelc 

 IRR (95% CI) IRR (95% CI) IRR (95% CI) 
JIA 1.12 (0.79-1.60) 1.19 (0.79-1.79) 1.20 (0.80-1.79) 
Psoriasis   1.47 (1.06-2.02)* 1.61 (1.13-2.31)** 1.45 (0.96-2.22) 
Type 1 Diabetes 0.83 (0.64-1.08) 0.96 (0.69-1.22 ) 0.96 (0.69-1.22) 
a Modified Poisson regression model with offset for log of person years, reference group children 
not receiving an antibiotic prescription < 12 months of age 

b Modified Poisson regression model (a) with addition of race, sex, year of birth, only primary care 
visits <12 months, history of hospitalization <12 months, number of provider visits <12 months 

c Modified Poisson regression model (b) with addition of history of infection <12 months 
  *p < .05; **p < .01; ***p < .001 ; significant values are bolded.; IRR incident rate ratio 
 
 
 

 



 

 102 

 

Table 15 
Risk of JIA by Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,747) 
Cases 

(N=136)  
Age of First Antibiotic Exposure n (%) n (%)  IRR (95% CI) 

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Birth to < 6 months 20,574  (12) 23 (17) 1.67 (1.00-2.79) 
6 months < 12 months 36,934 (23) 23 (17) 0.95 (0.58-1.55) 

Frequency of Exposure < 12 months n (%) n (%)  IRR (95% CI) 
Non No Antibiotic Exposure  105,239 (65) 90 (66) 1 
One Prescription 27,924 (17) 12 (9) 0.71 (0.39-1.31) 
Two or more Prescriptions  28,584 (18) 34 (24) 1.69 (1.04-2.73)* 

Antibiotic Spectrum <12 months  n (%) n (%)  IRR (95% CI) 
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Any Broad Spectrum 28,252 (17) 25 (18) 1.24 (0.76-2.03) 
Only Narrow Spectrum 29,256 (18) 21 (15) 1.15 (0.70-1.91) 

Class of Antibiotic n (%) n (%)  IRR (95% CI) 
Macrolide < 12 months    

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Macrolide Antibiotic  6,811 (4) 9 (7) 1.81 (0.87-3.76) 
Any Other Antibiotic  50,697 (31) 37 (27) 1.11 (0.73-1.71) 

Penicillin- Broad  <12 months     
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Penicillin-Broad Antibiotic  14,649 (9) 32 (24) 1.30 (0.71-2.39) 
Any Other Antibiotic  42,859 (26) 14 (10) 1.16 (0.75-1.80) 

Any Penicillin  <12 months     
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Penicillin Antibiotic  51,322 (31) 45 (44) 1.33 (0.88-2.01) 
Any Other Antibiotic  6,186 (4) 1 (<1) 0.24 (0.03-1.75) 

Cephalosporin <12 months    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Cephalosporin Antibiotic  44,252 (27) 14 (10) 1.41 (0.77-2.60) 
Any Other Antibiotic  13,256 (8) 32 (24) 1.13 (0.72-1.76) 

  Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, 
year of birth, only primary care visits <12 months, history of hospitalization <12 months, number of 
provider visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; 
significant values are bolded.; IRR incident rate ratio 
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Table 16 
Risk of Pediatric Psoriasis by Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,728) 
Cases 

(N=155)  
Age of First Antibiotic Exposure n (%) n (%)  IRR (95% CI) 

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Birth to < 6 months 20,578 (13) 19 (12) 1.29 (0.74-2.28) 
6 months < 12 months 36,914 (23) 43 (28) 1.53 (0.98-2.40) 

Frequency of Exposure <12 months  n (%) n (%)  IRR (95% CI) 
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
One Prescription 27,906 (17) 30 (19) 1.51 (0.93-2.44) 
Two or more Prescriptions  29,586 (18) 32 (21) 1.4 (0.85-2.29) 

Antibiotic Spectrum <12 months  n (%) n (%)  IRR (95% CI) 
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Any Broad Spectrum 28,251 (17) 26 (17) 1.21 (0.72-2.02) 
Only Narrow Spectrum 29,241 (18) 36 (23) 1.67 (1.05-2.66)* 

Class of Antibiotic n (%) n (%)  IRR (95% CI) 
Macrolide < 12 months    

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Macrolide Antibiotic  6,816 (4) 4 (3) 0.72 (0.25-2.06) 
Any Other Antibiotic  50,676 (31) 58 (37) 1.55 (1.02-2.36)* 

Penicillin- Broad  <12 months     
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Penicillin-Broad Antibiotic  14,648 (9) 15 (10) 1.25 (0.67-2.33) 
Any Other Antibiotic  42,844 (26) 47 (30) 1.52 (0.98-2.35) 

Any Penicillin   <12 months     
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Penicillin Antibiotic  51,305 (31) 62 (40) 1.62 (1.06-2.49)* 
Any Other Antibiotic  6,187 (4) 0 (0) -- 

Cephalosporin <12 months    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Cephalosporin Antibiotic  13,254 (8) 16 (10) 1.6 (0.88-2.91) 
Any Other Antibiotic  44,238 (27) 46 (30) 1.42 (0.91-2.21) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year 
of birth, only primary care visits <12 months, history of hospitalization <12 months, number of provider 
visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant 
values are bolded.; IRR incident rate ratio 
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Table 17 
Risk of Type 1 Diabetes by Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,595) 
Cases 

(N=288) IRR (95% CI) 
Age of First Antibiotic Exposure n (%) n (%)  IRR (95% CI) 

No Antibiotic Exposure 105,121(65) 209 (73) 1 
Birth to < 6 months 20,578 (13) 19 (7) 0.93 (0.59-1.46) 
6 months < 12 months 36,914 (22) 43 (15) 0.97 (0.69-1.35) 

Frequency of Exposure <12 months  n (%) n (%)  IRR (95% CI) 
No Antibiotic Exposure 105,121(65) 209 (73) 1 
One Prescription 27899 (17) 37 (13) 0.97 (0.66-1.43) 
Two or more Prescriptions  29576 (18) 42 (15) 0.94 (0.65-1.37) 

Antibiotic Spectrum <12 months  n (%) n (%)  IRR (95% CI) 
No Antibiotic Exposure 105,121(65) 209 (73) 1 
Any Broad Spectrum 28,237 (17) 40 (14) 0.99 (0.67-1.46) 
Only Narrow Spectrum 29,238 (18) 39 (14) 0.93 (0.64-1.34) 

Class of Antibiotic n (%) n (%)  IRR (95% CI) 
Macrolide < 12 months    

No Antibiotic Exposure 105,121(65) 209 (73) 1 
Macrolide Antibiotic  6,815 (4) 5 (1) 0.48 (0.19-1.19) 
Any Other Antibiotic  50,660 (31) 74 (26) 1.02 (0.75-1.38) 

Penicillin- Broad  <12 months     
No Antibiotic Exposure 105,121(65) 209 (73) 1 
Penicillin-Broad Antibiotic  14,643 (9) 20 (7) 0.88 (0.53-1.46) 
Any Other Antibiotic  42,832 (27) 59 (20) 0.98 (0.71-1.36) 

Any Penicillin  <12 months     
No Antibiotic Exposure 105,121(65) 209 (73) 1 
Penicillin Antibiotic  51,294 (32) 73 (25) 0.97 (0.71-1.33) 
Any Other Antibiotic  6,181 (4) 6 (2) 0.80 (0.35-1.82) 

Cephalosporin <12 months    
No Antibiotic Exposure 105,121(65) 209 (73) 1 
Cephalosporin Antibiotic  13,253 (8) 17 (6) 0.89 (0.52-1.52) 
Any Other Antibiotic  44,222 (27) 62 (21) 0.97 (0.71-1.34) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year 
of birth, only primary care visits <12 months, history of hospitalization <12 months, number of provider 
visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant 
values are bolded.; IRR incident rate ratio  
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Table 18 
Risk of JIA by Interactions Between Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,747) 
Cases 

(N=136)  
Age x Frequency of Antibiotic Exposure n (%) n (%) IRR (95% CI) 

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or more Exposures < 6 months 14,304 (9) 19 (14) 1.97 (1.11-3.49)*  
Two or more Exposures 6 to < 12 months 15,280 (9) 15 (11) 1.43 (0.77-2.65) 
One or more Exposure < 12 months 27,924 (17) 12 (9) 0.71 (0.39-1.31) 

Age x Spectrum of Antibiotic Exposure n (%) n (%)  IRR (95% CI) 
Age x Broad-Spectrum Antibiotic    

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Broad-Spectrum <6 months 8,937 (5) 9 (7) 1.49 (0.70-3.17) 
Broad-Spectrum 6 to <12 months 19,315 (12) 16 (12) 1.13 (0.64-2.02) 
Only Narrow-Spectrum <12 months 29,246 (18) 21 (15) 1.15 (0.69-1.90) 

Age x Narrow-Spectrum Antibiotic    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Narrow-Spectrum < 6 months 14,909 (9) 19 (14) 1.88 (1.09-3.25)* 
Narrow-Spectrum 6 to < 12 months 33,383 (20) 24 (18) 1.13 (0.69-1.85) 
Broad-Spectrum <12 months 9,216 (6)  3 (2) 0.48 (0.15-1.59) 

Age x Class of Antibiotic Exposure n (%) n (%) IRR (95% CI) 
Age x Macrolide Antibiotic     

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Macrolide <6 months 3,262 (2) 6 (4) 2.58 (1.09-6.14)* 
Macrolide 6 to <12  months 3,549 (2) 3 (3) 1.14 (0.35-3.75) 
Other Antibiotic Class < 12months 50,697 (31) 37 (27) 1.12 (0.73-1.71) 

Age x Penicillin-Broad Antibiotic Exposure n (%)  n (%) IRR (95% CI) 
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Penicillin-Broad <6 months 2,751 (2) 4 (3) 2.05 (0.73-5.73) 
Penicillin-Broad 6 to <12 months 11,898 (7) 10 (7) 1.14 (0.57-2.28) 
Other Antibiotic Class < 12months 42,859 (26) 32 (24) 1.16 (0.75-2.28) 

Age x Any Penicillin Antibiotic Exposure    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Penicillin <6 months 16,146 (10) 19 (14) 1.74 (1.01-3.00)* 
Penicillin 6 to <12 months 35,176 (22) 26 (19) 1.15 (0.71-1.86) 
Other Antibiotic Class < 12months 6,186 (4) 1 (<1) 0.24 (0.03-1.77) 

Age x Cephalosporin Antibiotic     
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Cephalosporin <6 months 3,934 (2) 6 (4) 2.21 (0.89-5.51) 
Cephalosporin 6 to <12 months 9,327 (6) 8 (6) 1.12 (0.52-2.39) 
Other Antibiotic Class < 12months 44,252 (27) 32 (24) 1.12 (0.72-1.75) 
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Table 18, continued    
Frequency x Spectrum of Antibiotic Exposure   n (%) n (%)   IRR (95% CI) 
Frequency x Broad-Spectrum < 12 months    

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or more Broad-Spectrum  11,542 (7) 12 (9) 1.34 (0.70-2.57) 
One Broad-Spectrum  16,710 (10) 13 (10) 1.16 (0.63-2.16) 
No Broad-Spectrum  29,256 (18) 21 (15) 1.16 (0.70-1.91) 

Frequency x Narrow-Spectrum < 12 months    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or more Narrow-Spectrum  15,592 (9) 16 (12) 1.51 (0.81-2.79) 
One Narrow-Spectrum  32,700 (20) 27 (20) 1.30 (0.82-2.05) 
No Narrow-Spectrum  9,216 (6) 3 (2) 0.47 (0.15-1.51) 

Frequency x Class of Antibiotic Exposure n (%) n (%) IRR (95% CI) 
Frequency x Macrolide <12 months    

No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or more Macrolide Exposure 1,281 (1) 0 (0) 0 
One Macrolide Exposure 5,530 (3) 9 (7) -- 
No Macrolide Exposure 50,697 (31) 37 (27) -- 

Frequency x Penicillin-Broad <12 months    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or More Penicillin-Broad  3,504 (2) 4 (3) 1.45 (0.52-4.04) 
One Penicillin-Broad  11,145 (7) 10 (7) 1.26 (0.63-2.52) 
No Penicillin-Broad  42,859 (26) 32 (24) 1.16 (0.75-1.80) 

Frequency x Any Penicillin  <12 months    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or More Penicillin 22,430 (14) 27 (20) 1.77 (1.06-2.98)* 
One Penicillin  28,892 (17) 18 (13) 1.01 (0.60-1.71) 
No Penicillin 6,186 (4) 1 (<1) 0.24 (0.03-1.78) 

Frequency x Cephalosporin < 12 months    
No Antibiotic Exposure 105,239 (65) 90 (66) 1 
Two or more Cephalosporin   3,792 (2) 5 (3) 1.67 (0.65-4.29) 
One Cephalosporin   9,464 (6) 9 (7) 1.31 (0.64-2.68) 
No Cephalosporin  44,252 (27) 32 (24) 1.13 (0.72-1.76) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year 
of birth, only primary care visits <12 months, history of hospitalization <12 months, number of provider 
visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant 
values are bolded.; IRR incident rate ratio 
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Table 19 
Risk of Pediatric Psoriasis by Interactions Between Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,728) 
Cases 

(N=155)  
Age x Frequency of Antibiotic Exposure n (%) n (%) IRR (95% CI) 

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or more Exposures < 6 months 14,310 (9) 13 (8) 1.23 (0.64-2.37) 
Two or more Exposures 6 to < 12 months 15,276 (9) 19 (12) 1.54 (0.87-2.70) 
One or more Exposure < 12 months 27,906 (17) 30 (19) 1.51 (0.93-2.43) 

Age x Spectrum of Antibiotic Exposure n (%) n (%) IRR (95% CI) 
Age x Broad-Spectrum Antibiotic    

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Broad-Spectrum <6 months 8,944 (5) 2 (1) 0.34 (0.08-1.39) 
Broad-Spectrum 6 to <12 months 19,307 (12) 24 (16) 1.53 (0.9-2.61) 
Only Narrow-Spectrum <12 months 29,241 (18) 36 (23) 1.68 (1.06-2.67)* 

Age x Narrow-Spectrum Antibiotic    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Narrow-Spectrum < 6 months 14,909 (9) 19 (12) 1.7 (0.96-3.01) 
Narrow-Spectrum 6 to < 12 months 33,367 (21) 40 (26) 1.62 (1.02-2.57)* 
Broad-Spectrum <12 months 9,216 (6)  3 (2) 0.48 (0.15-1.59) 

Age x Class of Antibiotic Exposure  n (%) n (%)   IRR (95% CI) 
Age x Macrolide Antibiotic     

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Macrolide <6 months 3,267 (2) 1 (1) 0.39 (0.05-2.87) 
Macrolide 6 to <12  months 3,549 (2) 3 (2) 1.00 (0.30-3.27) 
Other Antibiotic Class < 12months 50,676 (31) 58 (37) 1.55 (1.02-2.36)* 

Age x Penicillin-Broad Antibiotic Exposure    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Penicillin-Broad <6 months 2,754 (2) 1 (1) 0.49 (0.07-3.55) 
Penicillin-Broad 6 to <12 months 11,894 (7) 14 (10) 1.41 (0.75-2.66) 
Other Antibiotic Class < 12months 42,844 (26) 47 (30) 1.52 (0.98-2.35) 

Age x Any Penicillin Antibiotic Exposure    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Penicillin <6 months 16,146 (10) 19 (12) 1.58 (0.89-2.80) 
Penicillin 6 to <12 months 35,159 (22) 43 (28) 1.64 (1.04-2.59)* 
Other Antibiotic Class < 12months 6,187 (4) 0 (0) -- 

Age x Cephalosporin Antibiotic     
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Cephalosporin <6 months 3,934 (2) 1 (1) 0.41 (0.06-2.90) 
Cephalosporin 6 to <12 months 9,320 (6) 15 (9) 1.98 (1.07-3.67)* 
Other Antibiotic Class < 12months 44,238 (27) 46 (30) 1.42 (0.91-2.22) 
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Table 19, continued    
Frequency x Spectrum of Antibiotic Exposure   n (%) n (%)   IRR (95% CI) 
Frequency x Broad-Spectrum < 12 months    

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or more Broad-Spectrum  11,540 (7) 14 (9) 1.52 (0.81-2.86) 
One Broad-Spectrum  16,711 (10) 12 (8) 0.99 (0.51-1.92) 
No Broad-Spectrum  29,241 (18) 36 (23) 1.68 (1.06-2.67)* 

Frequency x Narrow-Spectrum < 12 months    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or more Narrow-Spectrum  15,591 (10) 17 (11) 1.41 (0.79-2.54) 
One Narrow-Spectrum  32,685 (20) 42 (27) 1.74 (1.10-2.74)* 
No Narrow-Spectrum  9,216 (5) 3 (2) 0.48 (0.14-1.58) 

Frequency x Class of Antibiotic Exposure  n (%) n (%)   IRR (95% CI) 
Frequency x Macrolide <12 months    

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or more Macrolide Exposure 1,281 (1) 0 (0) 0 
One Macrolide Exposure 5,535 (3) 4 (3) -- 
No Macrolide Exposure 50,676 (31) 58 (37) -- 

Frequency x Penicillin-Broad <12 months    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or More Penicillin-Broad  3,503 (2) 5 (3) 1.65 (0.64-4.24) 
One Penicillin-Broad  11,145 (7) 10 (7) 1.12 (0.55-2.31) 
No Penicillin-Broad  42,844 (26) 47 (30) 1.52 (0.99-2.36) 

Frequency x Any Penicillin<12 months    
No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or More Penicillin  22,434 (14) 23 (15) 1.29 (0.75-2.21) 

One Penicillin  28871(18) 39 (25) 
1.85 (1.17-
2.93)** 

No Penicillin  6,187 (3) 0 (0) -- 
Frequency x Cephalosporin < 12 months    

No Antibiotic Exposure 105,236 (65) 93 (60) 1 
Two or more Cephalosporin   3,792 (2) 5 (3) 1.72 (0.66-4.48) 
One Cephalosporin   9,462 (6) 11 (7) 1.55 (0.79-3.05) 
No Cephalosporin  44,238 (27) 46 (30) 1.42 (0.91-2.21) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year 
of birth, only primary care visits <12 months, history of hospitalization <12 months, number of provider 
visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant 
values are bolded.; IRR incident rate ratio 
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Table 20 
Risk of Type 1 Diabetes by Interactions Between Age, Frequency, and Type of Antibiotic Exposure 

Predictor 
Non-Cases 

(N=162,595) 
Cases 

(N=288)  
Age x Frequency of Antibiotic Exposure n (%) n (%) IRR (95% CI) 

No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or more Exposures < 6 months 14,303 (9) 20 (7) 1.01 (0.61-1.68) 
Two or more Exposures 6 to < 12 months 15,273 (9) 22 (8) 0.94 (0.58-1.52) 
One or more Exposure < 12 months 27,899 (17) 37 (13) 0.94 (0.65-1.37) 

Age x Spectrum of Antibiotic Exposure  n (%) n (%) IRR (95% CI) 
Age x Broad-Spectrum Antibiotic    

No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Broad-Spectrum <6 months 8,939 (5) 7 (2) 0.65 (0.30-1.41) 
Broad-Spectrum 6 to <12 months 19,298 (12) 33 (12) 1.11 (0.73-1.68) 
Only Narrow-Spectrum <12 months 29,238 (18) 39 (13) 0.93 (0.64-1.34) 

Age x Narrow-Spectrum Antibiotic    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Narrow-Spectrum < 6 months 14,907 (9) 21 (7) 0.97 (0.59-1.58) 
Narrow-Spectrum 6 to < 12 months 33,361 (21) 46 (16) 0.94 (0.66-1.34) 
Broad-Spectrum <12 months 9,207 (6)  12 (4) 1.00 (0.55-1.83) 

Age x Class of Antibiotic Exposure n (%) n (%) IRR (95% CI) 
Age x Macrolide Antibiotic     

No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Macrolide <6 months 3,266 (2) 2 (1) 0.42 (0.10-1.73) 
Macrolide 6 to <12  months 3,549 (2) 3 (1) 0.53 (0.17-1.67) 
Other Antibiotic Class < 12months 50,660 (31) 74 (25) 1.02 (0.75-1.38) 

Age x Penicillin-Broad Antibiotic Exposure    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Penicillin-Broad <6 months 2,753 (2) 2 (1) 0.52 (0.13-2.14) 
Penicillin-Broad 6 to <12 months 11,890 (7) 18 (6) 0.95 (0.56-1.60) 
Other Antibiotic Class < 12months 42,832 (26) 59 (20) 0.98 (0.71-1.36) 

Age x Penicillin Antibiotic Exposure    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Penicillin <6 months 16,142 (10) 23 (8) 0.99 (0.61-1.60) 
Penicillin 6 to <12 months 35,152 (22) 50 (17) 0.97 (0.69-1.36) 
Other Antibiotic Class < 12months 6181 (4) 6 (2) 0.80 (0.35-1.83) 

Age x Cephalosporin Antibiotic     
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Cephalosporin <6 months 3,933 (2) 2 (1) 0.44 (0.11-1.81) 
Cephalosporin 6 to <12 months 9,320 (6) 15 (5) 1.03 (0.58-1.81) 
Other Antibiotic Class < 12months 44,222(27) 62 (21) 0.97 (0.71-1.34) 
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Table 20, continued    
Frequency x Spectrum of Antibiotic Exposure  n (%) n (%) IRR (95% CI) 
Frequency x Broad-Spectrum < 12 months    

No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or more Broad-Spectrum  11,540 (7) 14 (5) 0.80 (0.45-1.44) 
One Broad-Spectrum  16,697 (10) 26 (9) 1.12 (0.72-1.74) 
No Broad-Spectrum  29,238 (18) 39 (13) 0.92 (0.64-1.34) 

Frequency x Narrow-Spectrum < 12 months    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or more Narrow-Spectrum  15,579 (10) 12 (4) 1.28 (0.83-1.98) 
One Narrow-Spectrum  32,689 (20) 38 (13) 0.80 (0.55-1.18) 
No Narrow-Spectrum  9,207 (5) 29 (10) 1.01 (0.55-1.85) 

Frequency x Class of Antibiotic Exposure n (%) n (%) IRR (95% CI) 
Frequency x Macrolide <12 months    

No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or more Macrolide Exposure 1,279 (1) 2 (1) 0.97 (0.75-1.38) 
One Macrolide Exposure 5,536 (3) 3 (1) 0.36 (0.11-1.13) 
No Macrolide Exposure 50,660 (31) 74 (26) 1.02 (0.75-1.38) 

Frequency x Penicillin-Broad <12 months    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or More Penicillin-Broad  3,505 (2) 3 (1) 0.52 (0.16-1.67) 
One Penicillin-Broad  11,138 (7) 17 (6) 0.99 (0.58-1.70) 
No Penicillin-Broad  42,832 (26) 59 (20) 0.98 (0.71-1.35) 

Frequency x Penicillin-Narrow <12 months    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or More Penicillin 22,423 (14) 34 (12) 1.01 (0.67-1.53) 
One Penicillin 28,871 (18) 39 (13) 0.95 (0.65-1.37) 
No Penicillin 6,181 (4) 6 (2) 0.80 (0.35-1.83) 

Frequency x Cephalosporin < 12 months    
No Antibiotic Exposure 105,120 (65) 209 (73) 1 
Two or more Cephalosporin   3,793 (2) 4 (1) 0.71 (0.26-1.93) 
One Cephalosporin   9,460 (6) 13 (5) 0.96 (0.53-1.75) 
No Cephalosporin  44,222 (27) 62 (21) 0.97 (0.71-1.34) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year 
of birth, only primary care visits <12 months, history of hospitalization <12 months, number of provider 
visits <12 months and history of an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant 
values are bolded.; IRR incident rate ratio 
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Table 21 
Antibiotic Exposure by History of Infection by Immune-Mediated Disease  

 

JIA Psoriasis Type 1 Diabetes 
Non-Cases 

(n=162,747)  
Cases 

(n=136) 
Non-Cases 

(n=162,728) 
Cases 
(n=155) 

Non-Cases 
(n=162,595) 

Cases 
(n=288) 

Antibiotic Exposure History of Infection n (%) n (%) n (%)   n (%) n (%) n (%) 

Yes 
No 8,771 (5) 2 (1) 8,762 (5) 11 (7) 8761 (5) 12 (4) 
Yes 48,737 (30) 44 (32) 48,730 (30) 51 (33) 48714 (30) 67 (23) 

No 
No 58,403 (36) 69 (51) 58,416 (36) 56 (36) 58325 (36) 147 (51) 
Yes 46,836 (29) 21 (15) 46,820 (29) 37 (24) 46795 (29) 62 (22) 

 
 

Table 22 
Risk of an Immune-Mediated Disease Considering Interaction Between Antibiotic and Infection  

             JIA Psoriasis Type 1 Diabetes 
Predictor IRR 95% CI IRR 95% CI IRR 95% CI 
Antibiotic Exposure <12 months 0.29 (0.07-1.2). 2.62 (1.34-5.12)** 0.92 (0.51-1.67) 
History of Infection < 12 months 0.68 (0.38-1.2) 1.73 (1.05-2.83)* 0.87 (0.62-1.24) 
Race: Black 0.35 (0.2-0.6)*** 0.54 (0.34-0.85)** 0.68 (0.51-0.91)** 
Race: Other 0.62 (0.37-1.03). 0.92 (0.6-1.41) 0.4 (0.26-0.62)*** 
Male 0.48 (0.34-0.68)*** 0.82 (0.6-1.12) 1.02 (0.81-1.29) 
Only Primary Care Visits < 12 months 0.54 (0.33-0.88)* 0.77 (0.46-1.29) 0.9 (0.63-1.29) 
History of Hospitalization < 12 months 1.48 (0.91-2.4) 0.88 (0.53-1.47) 0.88 (0.59-1.32) 
10 or More Health Care Encounters < 12 months 1.32 (0.89-1.95) 1.16 (0.8-1.68) 1.09 (0.84-1.41) 
Year of Birth: 2005-2008 1.13 (0.7-1.8) 0.59 (0.39-0.89)* 0.87 (0.64-1.18) 
Year of Birth: 2009-2014 0.87 (0.5-1.53) 0.51 (0.32-0.80)** 0.7 (0.5-0.98)* 
Antibiotic * History of Infection <12 months 5.77 (1.26-26.44)* 0.45 (0.2-1.04). 1.05 (0.52-2.09) 

Risk evaluated by a modified Poisson regression model with offset for log of person years, race, sex, year of birth, only primary care visits <12 
months, history of hospitalization <12 months, number of provider visits <12 months and interaction between amitotic exposure and history of 
an infection <12 months;  *p < .05; **p < .01; ***p < .001 ; significant values are bolded.; IRR incident rate ratio 
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DISCUSSION 

Relatively few epidemiological studies have investigated the association between 

early life antibiotic exposure and onset of childhood immunological diseases such as 

juvenile idiopathic arthritis (JIA) (Arvonen et al., 2015; Horton et al., 2015), psoriasis 

(Horton et al., 2016), or type 1 diabetes (Clausen et al., 2016; Fazeli Farsani et al., 2014; 

Mikkelsen et al., 2017) and none have been conducted outside Europe.  This research 

represents the first U.S. longitudinal birth cohort study conducted among ethnically diverse 

children.  In this study, 13% of children under the age of 6 months received one or more 

prescriptions for an antibiotic, and by 12 months that number increased to 35%. Our 

findings revealed an association of antibiotic exposure in the first year of life with 

subsequent risk of developing of JIA, and pediatric psoriasis beginning at one year of age 

through late adolescence, but not type 1 diabetes. The associated risk of developing JIA 

and psoriasis was dependent on the age, frequency, and class of antibiotic of exposure.  The 

study findings also revealed a potential important relationship between early life infections 

and antibiotics that merits further investigation.  Our study findings not only increases the 

generalizability of the growing body of evidence that suggests an association between early 

life antibiotics and onset of pediatric IMDs, but also has potential public health 

implications.  Almost all of the children (96%,  n=156,735) received the majority of their 

care in the outpatient setting during the first year of life, suggesting that antibiotic 
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prescribing practices should be further considered as a potential strategy to mitigate risk of 

developing JIA or pediatric psoriasis. 

Association between Antibiotic Exposure and IMDs 

The early life microbiome plays a critical role in the development and regulation of 

the immune system. Antibiotics significantly alter the composition of the gastrointestinal 

microbiome and these effects are long-lasting (Fouhy et al., 2012), especially in cases of 

repeated exposures at a younger age (Koenig et al., 2011; Vangay et al., 2015). As the 

majority of the microbiome occurs immediately post-birth and matures to resemble that of 

an adult by one to three years of age (Lozupone et al., 2013; Palmer et al., 2007), 

disruptions during first year of life can potentially lead to aberrant immune-response and 

potential onset of IMDs in later life.  Our study findings supports this hypothesis.  We 

found a moderate to strong association between antibiotic exposure and JIA or psoriasis 

when age, frequency, and type of antibiotic were considered.  Specifically, children 

exposed to two or more antibiotics prior to 12 months of age had a 69% increased risk of 

developing JIA that rose to a 97% increased risk when children received two or more 

antibiotics prior to 6 months of age.  In the case of psoriasis, children exposed to a penicillin 

class antibiotic prior to 12 months of age had a 62% increase in risk for psoriasis, which 

rose slightly to 64% among children exposed to a penicillin antibiotic between 6 and 12 

months of age.  However, we found no association between type 1 diabetes and antibiotics 

when exposure was examined by age, frequency, antibiotic spectrum, or class of antibiotic. 

Summary of Key Study Findings 
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Early Life Antibiotic Exposure and Risk of JIA 

The overall association between JIA and antibiotic exposure of our study was 

consistent with two previous studies (Arvonen et al., 2015; Horton et al., 2015), yet our 

findings varied by the frequency and age of exposure.  When the specific age of exposure 

was investigated, an increase in the odds of JIA was reported in children who received at 

least one antibiotic prior to 12 or 24 months of age, but not 6 months of age (Arvonen et 

al., 2015).   In contrast, our study observed an increased risk in JIA among children exposed 

to two or more antibiotics prior to 6 and 12 months of age.  The risk at 6 months was robust 

and remained evident when examined by specific types of antibiotics, including narrow-

spectrum, penicillin or macrolide class of antibiotic.   

However, our ability to accurately assess antibiotic exposure during hospitalization 

may be an important factor behind the study differences.  A significantly higher proportion 

of children diagnosed with JIA were hospitalized during the first year and almost all of the 

children hospitalized were admitted prior to 6 months of age (84%, n=22).  Additionally, 

almost half of all children diagnosed with JIA who were exposed to an antibiotic received 

an antibiotic prior to 6 months of age (41%, n=19).  These associations suggest that 

antibiotics at a very young age (i.e., less than 6 months of age) in the hospital setting may  

play a role in the onset of JIA. 

Early Life Antibiotic Exposure and Risk of Psoriasis 

To date, there is only one known study that investigated the relationship between 

antibiotic exposure and pediatric psoriasis (Horton et al., 2016).  In this investigation, 
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investigators reported a weak association between psoriasis and antibiotic exposure and no 

association between the age of first antibiotic exposure or by the class of antibiotic.  

Investigators concluded that it was infection, rather than antibiotic exposure, that was 

associated with the development of psoriasis.  In our study, we found an increase in the 

risk for psoriasis for children who received a penicillin class antibiotic or narrow-spectrum 

antibiotic prior to 12 months.  This association was consistent across several analyses and 

evident after controlling for significant confounding variables, including infection.  We 

also found that children who were exposed to an antibiotic between 6 to 12 months had an 

increase in risk of psoriasis if the antibiotic was classified as a narrow-spectrum antibiotic, 

penicillin, or cephalosporin antibiotic class.  However, it is important to consider that the 

strength of this association may, in part, be driven by the fact that all of the exposed 

children with psoriasis received a penicillin class of antibiotic (n=62) and were between 6 

and 12 months of age at the time of first antibiotic exposure (70%, n=43).  Although the 

penicillin class includes both narrow-spectrum and broad, extended antibiotics, the 

majority of penicillin class antibiotics were of the narrow-spectrum variety. 

On the other hand, our findings also suggested a potentially important relationship 

between antibiotic exposure, infection, and risk of psoriasis. We observed a weak to 

moderate association between antibiotic exposure and risk of psoriasis in both the 

unadjusted and adjusted model, which controlled for other significant predictor variables 

but not a history of infection.  However, when a history of infection prior to 12 months of 

age was added to the model, the relationship between antibiotics and the risk of psoriasis 

became non-significant.  This finding suggested the risk of pediatric psoriasis was 
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moderated by prior history of an infection.   Our study findings add new evidence to suggest 

that the interaction between antibiotic exposure and infections play a vital role in the onset 

of pediatric psoriasis.  

Early Life Antibiotic Exposure and Risk of Type 1 Diabetes 

Our study findings revealed no association between antibiotic exposure and type 1 

diabetes overall, or by age, frequency, spectrum, or class of antibiotic.  There are only a 

few investigations examining this association and all are conducted among Danish children 

(Clausen et al., 2016; Fazeli Farsani et al., 2014; Hviid & Svanstrom, 2009; Mikkelsen et 

al., 2017).   In two studies examining this risk for children exposed to antibiotics prior to 

24 months of age, investigators reported an increased risk only among kids who were 

exposed to broad spectrum antibiotics (Clausen et al., 2016) or among those with 5 or more 

antibiotic prescriptions (Mikkelsen et al., 2017). Narrow-spectrum antibiotics are 

recommended as the first line of defense against most pediatric infectious diseases and 

therefore very young children are often not exposed to type of therapy prior to 12 months 

of age.  We found that only 14% of children with type 1 diabetes were ever exposed to only 

a broad spectrum prior to 12 months of age with only 2% exposed prior to 6 months of age.   

Furthermore, only 13% of those with diabetes received 2 or more antibiotic prescriptions 

prior to 12 months of age with 7% less than 6 months of age.  Less than 2% (n=5) received 

5 or more antibiotic prescriptions less than 12 months of age. These relatively small 

numbers may have limited our ability to detect a similar association.    
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Interactions between Infection and Antibiotics on Risk of Immune-Mediated Diseases 

Infections, in particular viral enteric infections, have long been associated with the 

onset of immune-medicated diseases IMDs (Bisgaard et al., 2014; Bronckers et al., 2015; 

Ellis et al., 2010; Ercolini & Miller, 2009; Skyler et al., 2017).  Respiratory infections, 

especially upper respiratory infections, often precede the onset of JIA (Ellis et al., 2010) 

and pediatric psoriasis (Al-Mutairi, 2016; Bronckers et al., 2015; Tollefson et al., 2010).  

Viruses, including congenital rubella, coxsackievirus, cytomegalovirus, adenovirus, 

mumps, and enteroviruses have been linked to the development of type 1 diabetes and b-

cell destruction (Association American Diabetes, 2017; Filippi & von Herrath, 2008; 

Skyler et al., 2017).  These associations suggest the stimulation or activation of the immune 

response that leads to an aberrant immune reaction is an important factor in the presentation 

of IMDs.   The findings from our study add further evidence of an association between 

early antibiotic exposures and infection for psoriasis and possibly for JIA, but not for type 

1 diabetes. However, the small study sample size and wide confidence intervals of some of 

these associations may limit the interpretability of these results.   

Interactions between Infection and Antibiotics on Risk of JIA 

Children diagnosed with JIA may have an increased susceptibility to infections 

beginning at an early age.  Almost half of all children with JIA had a history of an infection 

prior to one year of age (48%, n=65) with 76% of these children diagnosed with an 

infection prior to 6 months of age (n=50) and 68% having two or more infections prior to 

12 months of age (n=48). Children with JIA were also more likely to be hospitalized, 
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especially at a younger age. A higher proportion of children who were diagnosed with JIA 

were hospitalized during the first year of life and almost all of the children who were 

admitted prior to 6 months of age (84%, n=22).  To investigate this potential relationship 

between infection and risk of JIA further, we examined the interaction between infection 

and antibiotics on the risk of developing JIA.  In this analysis, we found no association 

between antibiotic exposure or history of infection, but the interaction between antibiotics 

and infection increased the risk of JIA by 5.77 times (95% CI 1.26-26.44, p=0.02) as 

compared to kids without an antibiotic exposure or an infection prior to 12 months of age.  

It is strongly advised that these results be interpreted with caution given the large 

magnitude of the effect and wide confidence interval as our small study sample may limit 

the ability to accurately or precisely predict the risk of JIA associated when an interaction 

between antibiotic exposure and infection is considered.  Additionally, in a previous 

investigation examining the association between antibiotics and onset of JIA, investigators 

reported no association between JIA and the number of infections or type of infection 

(Horton et al., 2015).   

Interactions between Infection and Antibiotics on Risk of Psoriasis 

Similar to children with JIA, children with psoriasis also displayed signs of a 

greater susceptibility to infection.  More than half of the children with psoriasis were 

diagnosed with an infection (57%, n=88) and 12% were hospitalized prior to 12 months of 

age (12%, n=18).  Of the children hospitalized, the majority were less than 6 months of age 

at time of admission (67%, n=12) and 42% had multiple admissions (n=5). As previously 
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mentioned, the association between antibiotic exposure and risk of pediatric psoriasis 

appeared to be moderated when a history of infection was included in the fully adjusted 

analytic model. To explore this finding further, we investigated the interaction effect 

between antibiotic exposure and history of infection on the risk of developing psoriasis.  

When the interaction term between antibiotic exposure and history of infection prior to 12 

months of age was evaluated, antibiotic exposure increased the risk of psoriasis by 2.62 

times (95% CI [1.34-5.12], p=0.005) and infection increased the risk by 1.73 times (95% 

CI [1.05-2.83], p=0.03) as compared to children who were not exposed to an antibiotic and 

did not have an infection prior to 12 months of age.  Conversely, the interaction effect 

between antibiotic exposure and infection was not associated with the risk of psoriasis 

(0.45 IRR, 95% CI [0.2-1.04], p=0.06).  The effect of the interaction may have been limited 

by small sample size.  Only 5% of the non-psoriasis cases and 7% of the psoriasis cases 

had a history of an antibiotic and no documented history of an infection prior to 12 months 

of age.   

Study Strengths 

The major strength of this study was the use of electronic health record (EHR) data 

from one of the largest pediatric health care systems in the US and access to a rich source 

of patient health information from primary care practices, specialty care clinics, 

hospitalizations, urgent care, pharmacy, laboratory, and diagnostic testing centers.   This 

patient information is then harmonized into a common data model and transformed into 

Strengths & Limitations 
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research-ready data.  Access to standardized clinical data captured during a hospitalization 

admission is one of the major advantages over previous investigations (Arvonen et al., 

2015; Horton et al., 2015, 2016) and allows for accurate capture of potential antibiotic 

exposure and infection episodes, especially since 43% of infant hospital admissions are 

attributed to infectious diseases (Goto et al., 2016).   

The longitudinal nature of EHR data also affords the opportunity to capture 

repeated measures of exposure beginning very early in life and follow these children over 

several years.  This study had a total of 1,341,625 person years among the 162,883 study 

participants.  The median age of entry into the cohort occurred at 7 days of age with the 

earliest age at birth and only 16% of the children (n=25,967) entered the cohort between 

one and three months of age.  Approximately 50% of the study cohort was 8 years or older 

at last documented encounter (n=8,360) with 20% of cohort 12 years or older (n=31,985).  

The eldest patients were 16 years of age (n=1,563).  The large sample size and follow-up 

from birth through adolescence not only demonstrates extended continuity of care 

overtime, but also provides justification that utilizing EHR data is an effective and efficient 

method for assessing the development of an IMD that presents in later childhood through 

adolescence, even if the outcome is rare. 

Study Limitation 

Observational studies are inherent to potential limitations that can bias the study 

results.  Although several attempts were made to address such limitations through the study 

design, there are several factors that must be carefully considered.  This study relied on 
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electronic health record (EHR) data.  This data source provides a wealth of patient health 

information over time, but is not specifically designed for research purposes and therefore, 

the reliability of the data depends on accurate documentation and completeness of data 

entry.  There is the potential for misclassification of the study exposure, outcome, and 

addressing or capturing potential confounding variables are possible. 

This study utilized prescription data to classify exposure to antibiotics.  As not all 

prescriptions written in the outpatient setting are filled and not all patients complete the 

course of treatment as ordered, misclassification of antibiotic exposure is possible. 

Considering this, days between antibiotic prescriptions were examined and those less than 

10 days apart were considered one treatment episode or antibiotic exposure. Additionally, 

the inclusion of hospitalization medication administration data also adds confidence that 

the exposure was accurately classified.  An exposure to an antibiotic will not be captured 

if the patient received a prescription outside of the CHOP Care Network. However, the 

likelihood of missing antibiotic exposures within the first year of life from children seeking 

care outside the network is low as the majority of cohort received care at a primary care 

practice and had prolonged continuity of care within the CHOP network.   

The identification of the IMD of interest relied on diagnostic codes that have not 

yet been validated within the PEDSnet data, therefore misclassification of the outcome is 

possible.  To increase the confidence that the patients with the outcome of interest were 

correctly identified, two or more diagnoses were required and examination of number of 

diagnoses and other medication were examined.  Sensitivity analyses of patients with one 

or more diagnoses was also performed.  It is also possible that full capture of infection 
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episodes were not captured, despite utilizing a validated code set developed by the Centers 

for Disease Control and Prevention. If a patient did not seek care for an infectious episode 

that did not need medical attention (e.g., viral illnesses) then under-reporting of infections 

is possible.   

None of the care sites affiliated with the CHOP care network are birthing hospitals 

and therefore, the opportunity to collect other potential important predictors that occurred 

within the prenatal, perinatal, and immediate postnatal periods were not available.  As such, 

the assessment of very early exposure to antibiotics, mode of delivery, and maternal 

birthing history was not possible.  Other factors such as infant feeding and family history 

of IMDs were also unavailable. The exclusion of these predictors may contribute or any 

other factor not accounted for in our analysis increases increased the possibility for residual 

correlations that could over or underestimate the effect of our findings. 

Although the population for this study was derived from a large hospital system of 

ethnically diverse children, the study population was limited to one geographical area 

within the U.S. and had relatively low number of children with Hispanic ethnicity and a 

limited number of racial backgrounds represented.  Therefore, the generalizability of the 

findings to a wide-variety of racial and ethnically children or to other regions within the 

U.S. may be limited.    

While JIA, diabetes, and psoriasis are relatively common in the pediatric 

population, most childhood diseases are rare in comparison to the population as a whole.  

Despite the reasonably large overall study population size, a relatively low number of 

Suggestions for Further Research 
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children were identified as developing the IMD of interest (i.e., less than 20%).  Linking 

together multiple sources of pediatric clinical data would add strength to the study and 

could increase the confidence in the study findings.  Additionally, a larger sample size 

would afford the opportunity to examine more closely the possible interaction effect 

between infection and antibiotics.   

The richness of the EHR data and the extended follow-up time allows for further 

exploration that could reveal important information about group differences and potentially 

add to the robustness of the current findings.  For example, differences between children 

age of diagnosis, sub-type of JIA or psoriasis, ethnic groups, or different type of infections 

could be explored.  Expanding the window of antibiotic exposure to 2 years of age or 

investigating exposure closer to time of diagnoses would allow the comparison to previous 

investigations assessing the relationship between antibiotic exposure and development of 

and IMD.  Future studies designed to link maternal-child, family history, or genetic 

information to the clinical data could provide additional insight into the complex 

relationship between genetic disposition and environmental exposures in influencing the 

onset of disease.   

The validity of the study findings could also be strengthened by taking measures to 

reduce potential biases or through additional analysis procedures.  The potential for 

misclassification of exposure, outcome, or other study variables could be reduced by 

including other data elements available within the EHR, such as clinical markers of disease 

activity, or by conducting manual chart reviews.  The association between antibiotic 

exposure and development of an IMD of interest was assessed through multiple analytic 
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comparisons using the same study population.  As a result, there is an increased risk for 

finding an association by chance (e.g., type I error).  The chance of reporting false positive 

finding could be reduced by controlling for false discovery rates, which would also 

strengthen the confidence in the study findings. 

Although associations between antibiotic exposure and risk of JIA or psoriasis were 

revealed, the exact cause for this relationship could not be determined.  This study did not 

directly assess the changes in the microbiome in relation to the onset of disease.  

Prospective or pragmatic trials directly measuring the effects of antibiotic exposure on 

composition of the GI microbiota or differences in the microbial composition between 

starting in early life through to development of an IMD could add important information 

to role the microbiome plays in the onset of IMDs. 

This study is one of first longitudinal birth cohort studies to use electronic health 

record data from a large, ethnically diverse birth cohort of children within the United 

States.  The longitudinal cohort study design allowed for temporal associations between 

exposure to antibiotics and disease onset to be assessed.  The study findings revealed 

associations between early life antibiotic exposure and onset of two common pediatric 

IMDs, JIA and psoriasis, but not for Type 1 diabetes.  However, the role antibiotics play 

in the causal pathway to the onset of disease can only be confirmed with randomized 

controlled trials.   

Although similarities between the IMDs investigated were noted, the differences in 

the findings between the IMDs investigated could indicated that different mechanisms 

Conclusions 
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influencing the onset of these diseases.  Our study findings also suggest that children with 

immune-mediated diseases may be more susceptible to infections and therefore 

predisposed to a higher chance of being exposed to antibiotics before the onset of disease 

than children who do not develop the disease.  Therefore, alternative explanations for the 

association between antibiotic exposure and onset of JIA or psoriasis should be considered.  

Nonetheless, the findings from this study adds evidence to suggest a potential relationship 

between antibiotics, infection and onset of JIA and pediatric psoriasis exists and that 

antibiotic exposure prior to 12 months of age may play a role in the onset of the disease.   
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APPENDIX A 
EXPOSURE CODE SET AND CLASSIFICATION: SYSTEMIC ANTIBIOTIC 

MEDICATIONS 
 

Rx Norm Code Drug Concept Name Class Spectrum 
919427 gentamicin aminoglycosides broad 
919532 gentamicin aminoglycosides broad 
19057565 gentamicin aminoglycosides broad 
19077607 gentamicin aminoglycosides broad 
40167224 neomycin aminoglycosides broad 
43526305 neomycin aminoglycosides broad 
1836193 streptomycin aminoglycosides broad 
902762 tobramycin aminoglycosides broad 
902807 tobramycin aminoglycosides broad 
19036742 tobramycin aminoglycosides broad 
19006468 cefadroxil cephalosporin_1 broad 
19006469 cefadroxil cephalosporin_1 broad 
19074845 cefadroxil cephalosporin_1 broad 
19074846 cefadroxil cephalosporin_1 broad 
19074847 cefadroxil cephalosporin_1 broad 
46287338 cefazolin cephalosporin_1 broad 
46287340 cefazolin cephalosporin_1 broad 
1786652 cephalexin cephalosporin_1 broad 
1786745 cephalexin cephalosporin_1 broad 
19075010 cephalexin cephalosporin_1 broad 
19075032 cephalexin cephalosporin_1 broad 
19075033 cephalexin cephalosporin_1 broad 
19075034 cephalexin cephalosporin_1 broad 
19075035 cephalexin cephalosporin_1 broad 
1786843 cephradine cephalosporin_1 broad 
1768850 cefaclor cephalosporin_2 broad 
1768880 cefaclor cephalosporin_2 broad 
1768910 cefaclor cephalosporin_2 broad 
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19074819 cefaclor cephalosporin_2 broad 
19074820 cefaclor cephalosporin_2 broad 
19074841 cefaclor cephalosporin_2 broad 
19074842 cefaclor cephalosporin_2 broad 
19074843 cefaclor cephalosporin_2 broad 
46287363 cefoxitin cephalosporin_2 broad 
46287370 cefoxitin cephalosporin_2 broad 
1738367 cefprozil cephalosporin_2 broad 
1738368 cefprozil cephalosporin_2 broad 
19031915 cefprozil cephalosporin_2 broad 
19074936 cefprozil cephalosporin_2 broad 
19074937 cefprozil cephalosporin_2 broad 
1778225 cefuroxime  cephalosporin_2 broad 
1778257 cefuroxime  cephalosporin_2 broad 
1778258 cefuroxime  cephalosporin_2 broad 
19074980 cefuroxime  cephalosporin_2 broad 
19075001 cefuroxime  cephalosporin_2 broad 
19075002 cefuroxime  cephalosporin_2 broad 
46287419 cefuroxime  cephalosporin_2 broad 
1796475 cefdinir cephalosporin_3 broad 
19023564 cefdinir cephalosporin_3 broad 
19074872 cefdinir cephalosporin_3 broad 
19129412 cefdinir cephalosporin_3 broad 
1796438 cefixime cephalosporin_3 broad 
1796439 cefixime cephalosporin_3 broad 
1796454 cefixime cephalosporin_3 broad 
1796456 cefixime cephalosporin_3 broad 
19018845 cefixime cephalosporin_3 broad 
19074876 cefixime cephalosporin_3 broad 
19103288 cefixime cephalosporin_3 broad 
19126340 cefixime cephalosporin_3 broad 
40229692 cefixime cephalosporin_3 broad 
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40229699 cefixime cephalosporin_3 broad 
40229700 cefixime cephalosporin_3 broad 
43525735 cefixime cephalosporin_3 broad 
43525738 cefixime cephalosporin_3 broad 
43525739 cefixime cephalosporin_3 broad 
19074932 cefpodoxime cephalosporin_3 broad 
19074933 cefpodoxime cephalosporin_3 broad 
19074934 cefpodoxime cephalosporin_3 broad 
19074935 cefpodoxime cephalosporin_3 broad 
19058684 ceftazidime cephalosporin_3 broad 
46275511 ceftazidime cephalosporin_3 broad 
19074971 ceftibuten cephalosporin_3 broad 
19074973 ceftibuten cephalosporin_3 broad 
40171999 ceftibuten cephalosporin_3 broad 
19074975 ceftriaxone cephalosporin_3 broad 
19074977 ceftriaxone cephalosporin_3 broad 
46287321 ceftriaxone cephalosporin_3 broad 
46287324 ceftriaxone cephalosporin_3 broad 
46287328 ceftriaxone cephalosporin_3 broad 
46287330 ceftriaxone cephalosporin_3 broad 
46287335 ceftriaxone cephalosporin_3 broad 
19021637 cipro fluoroquinolones broad 
1797515 cipro fluoroquinolones broad 
1797516 cipro fluoroquinolones broad 
1797521 cipro fluoroquinolones broad 
1797532 cipro fluoroquinolones broad 
1797533 cipro fluoroquinolones broad 
1797576 cipro fluoroquinolones broad 
19030162 cipro fluoroquinolones broad 
19075379 cipro fluoroquinolones broad 
19075380 cipro fluoroquinolones broad 
19075391 cipro fluoroquinolones broad 
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46287382 cipro fluoroquinolones broad 
46287386 cipro fluoroquinolones broad 
46287390 cipro fluoroquinolones broad 
46287391 cipro fluoroquinolones broad 
1742254 levofloxacin fluoroquinolones broad 
1742255 levofloxacin fluoroquinolones broad 
1742257 levofloxacin fluoroquinolones broad 
1742258 levofloxacin fluoroquinolones broad 
1742284 levofloxacin fluoroquinolones broad 
1742291 levofloxacin fluoroquinolones broad 
1742332 levofloxacin fluoroquinolones broad 
46287435 levofloxacin fluoroquinolones broad 
46287443 levofloxacin fluoroquinolones broad 
46287452 levofloxacin fluoroquinolones broad 
1716904 moxifloxacin fluoroquinolones broad 
1716905 moxifloxacin fluoroquinolones broad 
19019415 ofloxacin  fluoroquinolones broad 
19034882 ofloxacin  fluoroquinolones broad 
1707747 vancomycin glycopeptide broad 
1707751 vancomycin glycopeptide broad 
1707772 vancomycin glycopeptide broad 
19025858 vancomycin glycopeptide broad 
19025859 vancomycin glycopeptide broad 
19057568 vancomycin glycopeptide broad 
19057569 vancomycin glycopeptide broad 
19079834 vancomycin glycopeptide broad 
44816214 vancomycin glycopeptide broad 
45776382 vancomycin glycopeptide broad 
997892 clindamycin lincosamide broad 
997899 clindamycin lincosamide broad 
997973 clindamycin lincosamide broad 
997974 clindamycin lincosamide broad 
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997976 clindamycin lincosamide broad 
998000 clindamycin lincosamide broad 
998001 clindamycin lincosamide broad 
998012 clindamycin lincosamide broad 
19030822 clindamycin lincosamide broad 
19075425 clindamycin lincosamide broad 
19126573 clindamycin lincosamide broad 
19127878 clindamycin lincosamide broad 
1734108 azithromycin macrolide broad 
1734132 azithromycin macrolide broad 
1734134 azithromycin macrolide broad 
1734168 azithromycin macrolide broad 
1734169 azithromycin macrolide broad 
19006686 azithromycin macrolide broad 
19028283 azithromycin macrolide broad 
19046028 azithromycin macrolide broad 
19073776 azithromycin macrolide broad 
19073777 azithromycin macrolide broad 
19128018 azithromycin macrolide broad 
19128020 azithromycin macrolide broad 
19128124 azithromycin macrolide broad 
40164101 azithromycin macrolide broad 
1750501 clarithromycin macrolide broad 
1750562 clarithromycin macrolide broad 
1750728 clarithromycin macrolide broad 
19030510 clarithromycin macrolide broad 
19030533 clarithromycin macrolide broad 
19058072 clarithromycin macrolide broad 
19075421 clarithromycin macrolide broad 
19075422 clarithromycin macrolide broad 
19129192 clarithromycin macrolide broad 
1747204 erythromycin macrolide broad 
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1747355 erythromycin macrolide broad 
1747396 erythromycin macrolide broad 
1747426 erythromycin macrolide broad 
1836521 erythromycin macrolide broad 
19018976 erythromycin macrolide broad 
19031216 erythromycin macrolide broad 
19031219 erythromycin macrolide broad 
19076957 erythromycin macrolide broad 
19076958 erythromycin macrolide broad 
19076960 erythromycin macrolide broad 
19080738 erythromycin macrolide broad 
19122215 erythromycin macrolide broad 
19125418 erythromycin macrolide broad 
19125424 erythromycin macrolide broad 
19125426 erythromycin macrolide broad 
19125429 erythromycin macrolide broad 
19125432 erythromycin macrolide broad 
19128195 erythromycin macrolide broad 
40166627 erythromycin macrolide broad 
40166629 erythromycin macrolide broad 
40170961 erythromycin macrolide broad 
40239987 fidaxomicin macrolide broad 
40239988 fidaxomicin macrolide broad 
1707346 metronidazole  nitroimidazoles broad 
1707348 metronidazole  nitroimidazoles broad 
1707477 metronidazole  nitroimidazoles broad 
19021080 metronidazole  nitroimidazoles broad 
19035112 metronidazole  nitroimidazoles broad 
19080187 metronidazole  nitroimidazoles broad 
19125485 metronidazole  nitroimidazoles broad 
1702560 tinidazole nitroimidazoles broad 
1702612 tinidazole nitroimidazoles broad 
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19113144 tinidazole nitroimidazoles broad 
1728548 penicillin_g penicillin narrow 
1728550 penicillin_g penicillin narrow 
1728603 penicillin_g penicillin narrow 
1728604 penicillin_g penicillin narrow 
1728605 penicillin_g penicillin narrow 
1728606 penicillin_g penicillin narrow 
1728608 penicillin_g penicillin narrow 
1728609 penicillin_g penicillin narrow 
1728611 penicillin_g penicillin narrow 
1728860 penicillin_g penicillin narrow 
19127610 penicillin_g penicillin narrow 
40222954 penicillin_g penicillin narrow 
19133859 penicillin_v penicillin narrow 
19133863 penicillin_v penicillin narrow 
19133873 penicillin_v penicillin narrow 
19133905 penicillin_v penicillin narrow 
1713671 amoxicillin_clavulanate penicillin_broad broad 
1713694 amoxicillin_clavulanate penicillin_broad broad 
1713697 amoxicillin_clavulanate penicillin_broad broad 
1713700 amoxicillin_clavulanate penicillin_broad broad 
1759848 amoxicillin_clavulanate penicillin_broad broad 
1759877 amoxicillin_clavulanate penicillin_broad broad 
1759879 amoxicillin_clavulanate penicillin_broad broad 
1760056 amoxicillin_clavulanate penicillin_broad broad 
19115197 amoxicillin_clavulanate penicillin_broad broad 
19123585 amoxicillin_clavulanate penicillin_broad broad 
19123587 amoxicillin_clavulanate penicillin_broad broad 
19123591 amoxicillin_clavulanate penicillin_broad broad 
19123596 amoxicillin_clavulanate penicillin_broad broad 
19123600 amoxicillin_clavulanate penicillin_broad broad 
19123605 amoxicillin_clavulanate penicillin_broad broad 
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19123649 amoxicillin_clavulanate penicillin_broad broad 
19133021 amoxicillin_clavulanate penicillin_broad broad 
19133023 amoxicillin_clavulanate penicillin_broad broad 
40163895 amoxicillin_clavulanate penicillin_broad broad 
19058200 ampicillin_sulbactam penicillin_broad broad 
19074700 carbenicillin penicillin_broad broad 
1746143 piperacillin_tazobactam penicillin_broad broad 
46275433 piperacillin_tazobactam penicillin_broad broad 
1759847 ticarcillin_clavulanate penicillin_broad broad 
40161176 ticarcillin_clavulanate penicillin_broad broad 
1713370 amoxicillin penicillin_extended narrow 
1713520 amoxicillin penicillin_extended narrow 
1713762 amoxicillin penicillin_extended narrow 
19006429 amoxicillin penicillin_extended narrow 
19030037 amoxicillin penicillin_extended narrow 
19073181 amoxicillin penicillin_extended narrow 
19073182 amoxicillin penicillin_extended narrow 
19073183 amoxicillin penicillin_extended narrow 
19073185 amoxicillin penicillin_extended narrow 
19073186 amoxicillin penicillin_extended narrow 
19073187 amoxicillin penicillin_extended narrow 
19073188 amoxicillin penicillin_extended narrow 
19073189 amoxicillin penicillin_extended narrow 
19079928 amoxicillin penicillin_extended narrow 
19102540 amoxicillin penicillin_extended narrow 
19122220 amoxicillin penicillin_extended narrow 
19131485 amoxicillin penicillin_extended narrow 
1717408 ampicillin penicillin_extended narrow 
1717481 ampicillin penicillin_extended narrow 
1717503 ampicillin penicillin_extended narrow 
19073214 ampicillin penicillin_extended narrow 
19073217 ampicillin penicillin_extended narrow 
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19073219 ampicillin penicillin_extended narrow 
19079893 ampicillin penicillin_extended narrow 
46275616 ampicillin penicillin_extended narrow 
46275619 ampicillin penicillin_extended narrow 
46275624 ampicillin penicillin_extended narrow 
1724667 dicloxacillin penicillin_very_narrow narrow 
1724668 dicloxacillin penicillin_very_narrow narrow 
1836433 bactrim sulfonamide broad 
1836434 bactrim sulfonamide broad 
1836449 bactrim sulfonamide broad 
1836452 bactrim sulfonamide broad 
19038390 bactrim sulfonamide broad 
19038428 bactrim sulfonamide broad 
19135631 bactrim sulfonamide broad 
1836392 sulfadiazine  sulfonamide broad 
964362 sulfasalazine sulfonamide broad 
19020019 sulfisoxazole  sulfonamide broad 
1738579 doxycycline  tetracycline broad 
1738788 doxycycline  tetracycline broad 
19076752 doxycycline  tetracycline broad 
19076754 doxycycline  tetracycline broad 
19103151 doxycycline  tetracycline broad 
19108021 doxycycline  tetracycline broad 
19114563 doxycycline  tetracycline broad 
19125655 doxycycline  tetracycline broad 
19125657 doxycycline  tetracycline broad 
19126165 doxycycline  tetracycline broad 
19127264 doxycycline  tetracycline broad 
19130459 doxycycline  tetracycline broad 
19130832 doxycycline  tetracycline broad 
40163861 doxycycline  tetracycline broad 
40171393 doxycycline  tetracycline broad 
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40171394 doxycycline  tetracycline broad 
40239157 doxycycline  tetracycline broad 
43526700 doxycycline  tetracycline broad 
43526701 doxycycline  tetracycline broad 
45776799 doxycycline  tetracycline broad 
45776801 doxycycline  tetracycline broad 
46233702 doxycycline  tetracycline broad 
46233710 doxycycline  tetracycline broad 
46233711 doxycycline  tetracycline broad 
46233755 doxycycline  tetracycline broad 
46233988 doxycycline  tetracycline broad 
46234083 doxycycline  tetracycline broad 
46234085 doxycycline  tetracycline broad 
46234412 doxycycline  tetracycline broad 
46234415 doxycycline  tetracycline broad 
46234419 doxycycline  tetracycline broad 
46234422 doxycycline  tetracycline broad 
46234523 doxycycline  tetracycline broad 
46234525 doxycycline  tetracycline broad 
1708903 minocycline tetracycline broad 
1708904 minocycline tetracycline broad 
1709038 minocycline tetracycline broad 
1709040 minocycline tetracycline broad 
19035325 minocycline tetracycline broad 
19035327 minocycline tetracycline broad 
19080189 minocycline tetracycline broad 
19102482 minocycline tetracycline broad 
40163930 minocycline tetracycline broad 
40163931 minocycline tetracycline broad 
40163932 minocycline tetracycline broad 
40163933 minocycline tetracycline broad 
40227581 minocycline tetracycline broad 
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40227582 minocycline tetracycline broad 
40227583 minocycline tetracycline broad 
40227584 minocycline tetracycline broad 
40227585 minocycline tetracycline broad 
40227586 minocycline tetracycline broad 
40227046 oxytetracycline tetracycline broad 
1836953 tetracycline tetracycline broad 
19019852 tetracycline tetracycline broad 
19075345 cilastatin carbacephem broad 
40241488 colistin polymyxins broad 
40241489 colistin polymyxins broad 
1711761 dapasone antimycobacterial broad 
1711792 dapasone antimycobacterial broad 
1736890 linezolid oxazolidinones broad 
1736892 linezolid oxazolidinones broad 
1736898 linezolid oxazolidinones broad 
19068758 linezolid oxazolidinones broad 
46276319 linezolid oxazolidinones broad 
46276326 linezolid oxazolidinones broad 
1708153 loracarbef carbacephem broad 
19078815 loracarbef carbacephem broad 
40182265 methenamine methenamine broad 
44814369 methenamine methenamine broad 
1715317 nitazoxanide  nitrobenzamide  broad 
1715319 nitazoxanide  nitrobenzamide  broad 
19102743 nitazoxanide  nitrobenzamide  broad 
19113428 nitazoxanide  nitrobenzamide  broad 
920300 nitrofurantoin nitrofuran broad 
920333 nitrofurantoin nitrofuran broad 
920334 nitrofurantoin nitrofuran broad 
19025867 nitrofurantoin nitrofuran broad 
19036514 nitrofurantoin nitrofuran broad 
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19036515 nitrofurantoin nitrofuran broad 
46234346 nitrofurantoin nitrofuran broad 
46234349 nitrofurantoin nitrofuran broad 
1735948 rifaximin rifamycins broad 
1735950 rifaximin rifamycins broad 
40163817 rifaximin rifamycins broad 
40163818 rifaximin rifamycins broad 
1705676 trimethoprim trimethoprim  broad 
1705707 trimethoprim trimethoprim  broad 
19115239 trimethoprim trimethoprim  broad 
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APPENDIX B 
OUTCOME CODE SET: TYPE 1 DIABETES 

 

Diagnostic Code Code Type1 Concept Name 

250.01 ICD-09 
Diabetes mellitus without mention of complication, 
type I [juvenile type], not stated as uncontrolled 

250.03 ICD-09 
Diabetes mellitus without mention of complication, 
type I [juvenile type], uncontrolled 

250.11 ICD-09 
Diabetes with ketoacidosis, type I [juvenile type], 
not stated as uncontrolled 

250.13 ICD-09 
Diabetes with ketoacidosis, type I [juvenile type], 
uncontrolled 

250.21 ICD-09 
Diabetes with hyperosmolarity, type I [juvenile 
type], not stated as uncontrolled 

250.23 ICD-09 
Diabetes with hyperosmolarity, type I [juvenile 
type], uncontrolled 

250.33 ICD-09 
Diabetes with other coma, type I [juvenile type], 
uncontrolled 

250.41 ICD-09 
Diabetes with renal manifestations, type I [juvenile 
type], not stated as uncontrolled 

250.43 ICD-09 
Diabetes with renal manifestations, type I [juvenile 
type], uncontrolled 

250.51 ICD-09 
Diabetes with ophthalmic manifestations, type I 
[juvenile type], not stated as uncontrolled 

250.53 ICD-09 
Diabetes with ophthalmic manifestations, type I 
[juvenile type], uncontrolled 

250.61 ICD-09 
Diabetes with neurological manifestations, type I 
[juvenile type], not stated as uncontrolled 

250.63 ICD-09 
Diabetes with neurological manifestations, type I 
[juvenile type], uncontrolled 

250.71 ICD-09 
Diabetes with peripheral circulatory disorders, type 
I [juvenile type], not stated as uncontrolled 

250.73 ICD-09 
Diabetes with peripheral circulatory disorders, type 
I [juvenile type], uncontrolled 

250.81 ICD-09 
Diabetes with other specified manifestations, type I 
[juvenile type], not stated as uncontrolled 

250.83 ICD-09 
Diabetes with other specified manifestations, type I 
[juvenile type], uncontrolled 

250.91 ICD-09 
Diabetes with unspecified complication, type I 
[juvenile type], not stated as uncontrolled 

250.93 ICD-09 
Diabetes with unspecified complication, type I 
[juvenile type], uncontrolled 

E10 ICD-10 Type 1 diabetes mellitus 
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E10.1 ICD-10 Type 1 diabetes mellitus with ketoacidosis 

E10.10 ICD-10 
Type 1 diabetes mellitus with ketoacidosis without 
coma 

E10.11 ICD-10 
Type 1 diabetes mellitus with ketoacidosis with 
coma 

E10.2 ICD-10 Type 1 diabetes mellitus with kidney complications 

E10.21 ICD-10 Type 1 diabetes mellitus with diabetic nephropathy 

E10.22 ICD-10 
Type 1 diabetes mellitus with diabetic chronic 
kidney disease 

E10.29 ICD-10 
Type 1 diabetes mellitus with other diabetic kidney 
complication 

E10.3 ICD-10 
Type 1 diabetes mellitus with ophthalmic 
complications 

E10.31 ICD-10 
Type 1 diabetes mellitus with unspecified diabetic 
retinopathy 

E10.311 ICD-10 
Type 1 diabetes mellitus with unspecified diabetic 
retinopathy with macular edema 

E10.319 ICD-10 
Type 1 diabetes mellitus with unspecified diabetic 
retinopathy without macular edema 

250.93 ICD-09 
Diabetes with unspecified complication, type I 
[juvenile type], uncontrolled 

E10.32 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy 

E10.321 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy with macular edema 

E10.329 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy without macular edema 

E10.33 ICD-10 
Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy 

E10.331 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy with macular 
edema 

E10.339 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy without 
macular edema 

E10.34 ICD-10 
Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy 

E10.341 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy with macular 
edema 

E10.349 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy without 
macular edema 
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E10.351 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy with macular edema 

E10.359 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy without macular edema 

E10.36 ICD-10 Type 1 diabetes mellitus with diabetic cataract 

E10.39 ICD-10 
Type 1 diabetes mellitus with other diabetic 
ophthalmic complication 

E10.4 ICD-10 
Type 1 diabetes mellitus with neurological 
complications 

E10.40 ICD-10 
Type 1 diabetes mellitus with diabetic neuropathy, 
unspecified 

E10.329 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy without macular edema 

E10.33 ICD-10 
Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy 

E10.331 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy with macular 
edema 

E10.339 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy without 
macular edema 

E10.34 ICD-10 
Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy 

E10.341 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy with macular 
edema 

E10.349 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy without 
macular edema 

E10.351 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy with macular edema 

E10.359 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy without macular edema 

E10.36 ICD-10 Type 1 diabetes mellitus with diabetic cataract 

E10.39 ICD-10 
Type 1 diabetes mellitus with other diabetic 
ophthalmic complication 

E10.4 ICD-10 
Type 1 diabetes mellitus with neurological 
complications 

E10.40 ICD-10 
Type 1 diabetes mellitus with diabetic neuropathy, 
unspecified 

E10.32 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy 

E10.321 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy with macular edema 
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E10.329 ICD-10 
Type 1 diabetes mellitus with mild nonproliferative 
diabetic retinopathy without macular edema 

E10.33 ICD-10 
Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy 

E10.331 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy with macular 
edema 

E10.339 ICD-10 

Type 1 diabetes mellitus with moderate 
nonproliferative diabetic retinopathy without 
macular edema 

E10.34 ICD-10 
Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy 

E10.341 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy with macular 
edema 

E10.349 ICD-10 

Type 1 diabetes mellitus with severe 
nonproliferative diabetic retinopathy without 
macular edema 

E10.351 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy with macular edema 

E10.359 ICD-10 
Type 1 diabetes mellitus with proliferative diabetic 
retinopathy without macular edema 

E10.36 ICD-10 Type 1 diabetes mellitus with diabetic cataract 

E10.39 ICD-10 
Type 1 diabetes mellitus with other diabetic 
ophthalmic complication 

E10.4 ICD-10 
Type 1 diabetes mellitus with neurological 
complications 

E10.40 ICD-10 
Type 1 diabetes mellitus with diabetic neuropathy, 
unspecified 

E10.41 ICD-10 
Type 1 diabetes mellitus with diabetic 
mononeuropathy 

E10.42 ICD-10 
Type 1 diabetes mellitus with diabetic 
polyneuropathy 

E10.43 ICD-10 
Type 1 diabetes mellitus with diabetic autonomic 
polyneuropathy 

E10.44 ICD-10 Type 1 diabetes mellitus with diabetic amyotrophy 

E10.49 ICD-10 
Type 1 diabetes mellitus with other diabetic 
neurological complication 

E10.5 ICD-10 
Type 1 diabetes mellitus with circulatory 
complications 

E10.51 ICD-10 
Type 1 diabetes mellitus with diabetic peripheral 
angiopathy without gangrene 

E10.52 ICD-10 
Type 1 diabetes mellitus with diabetic peripheral 
angiopathy with gangrene 
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E10.59 ICD-10 
Type 1 diabetes mellitus with other circulatory 
complications 

E10.6 ICD-10 
Type 1 diabetes mellitus with other specified 
complications 

E10.61 ICD-10 Type 1 diabetes mellitus with diabetic arthropathy 

E10.610 ICD-10 
Type 1 diabetes mellitus with diabetic neuropathic 
arthropathy 

E10.618 ICD-10 
Type 1 diabetes mellitus with other diabetic 
arthropathy 

E10.62 ICD-10 Type 1 diabetes mellitus with skin complications 

E10.620 ICD-10 Type 1 diabetes mellitus with diabetic dermatitis 

E10.621 ICD-10 Type 1 diabetes mellitus with foot ulcer 

E10.622 ICD-10 Type 1 diabetes mellitus with other skin ulcer 

E10.628 ICD-10 
Type 1 diabetes mellitus with other skin 
complications 

E10.63 ICD-10 Type 1 diabetes mellitus with oral complications 

E10.630 ICD-10 Type 1 diabetes mellitus with periodontal disease 

E10.638 ICD-10 
Type 1 diabetes mellitus with other oral 
complications 

E10.641 ICD-10 
Type 1 diabetes mellitus with hypoglycemia with 
coma 

E10.649 ICD-10 
Type 1 diabetes mellitus with hypoglycemia 
without coma 

E10.65 ICD-10 Type 1 diabetes mellitus with hyperglycemia 

E10.69 ICD-10 
Type 1 diabetes mellitus with other specified 
complication 

E10.8 ICD-10 
Type 1 diabetes mellitus with unspecified 
complications 

E10.9 ICD-10 Type 1 diabetes mellitus without complications 

427571000 
SNOMED-
CT Amyotrophy due to type 1 diabetes mellitus 

87471000119106 
SNOMED-
CT Ankle ulcer due to type 1 diabetes mellitus 

0991000119100 
SNOMED-
CT Blindness due to type 1 diabetes mellitus 

290002008 
SNOMED-
CT Brittle type 1 diabetes mellitus 

96441000119101 
SNOMED-
CT 

Chronic kidney disease due to type 1 diabetes 
mellitus 
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90721000119101 
SNOMED-
CT 

Chronic kidney disease stage 1 due to type 1 
diabetes mellitus 

90731000119103 
SNOMED-
CT 

Chronic kidney disease stage 2 due to type 1 
diabetes mellitus 

90741000119107 
SNOMED-
CT 

Chronic kidney disease stage 3 due to type 1 
diabetes mellitus 

90761000119106 
SNOMED-
CT 

Chronic kidney disease stage 5 due to type 1 
diabetes mellitus 

72141000119104 
SNOMED-
CT Chronic ulcer of skin due to type 1 diabetes mellitus 

31321000119102 
SNOMED-
CT Diabetes mellitus type 1 without retinopathy 

712882000 
SNOMED-
CT 

Diabetic autonomic neuropathy due to type 1 
diabetes mellitus 

421920002 
SNOMED-
CT 

Diabetic cataract associated with type 1 diabetes 
mellitus 

72021000119109 
SNOMED-
CT Diabetic dermopathy due to type 1 diabetes mellitus 

421165007 
SNOMED-
CT 

Diabetic oculopathy associated with type 1 diabetes 
mellitus 

1561000119105 
SNOMED-
CT 

Diabetic peripheral neuropathy associated with type 
1 diabetes mellitus 

420789003 
SNOMED-
CT 

Diabetic retinopathy associated with type 1 diabetes 
mellitus 

420789003 
SNOMED-
CT 

Diabetic retinopathy associated with type 1 diabetes 
mellitus 

104951000119106 
SNOMED-
CT 

Diabetic vitreous hemorrhage due to type 1 diabetes 
mellitus 

4294000 
SNOMED-
CT Dietary education for type 1 diabetes mellitus 

420868002 
SNOMED-
CT Disorder due to type 1 diabetes mellitus 

368551000119104 
SNOMED-
CT Dyslipidemia due to type 1 diabetes mellitus 

90771000119100 
SNOMED-
CT 

End stage renal disease on dialysis due to type 1 
diabetes mellitus 

420486006 
SNOMED-
CT 

Exudative maculopathy associated with type 1 
diabetes mellitus 

1648810001191 
SNOMED-
CT Foot ulcer due to type 1 diabetes mellitus 

87491000119107 
SNOMED-
CT Forefoot ulcer due to type 1 diabetes mellitus 

420825003 
SNOMED-
CT Gangrene associated with type 1 diabetes mellitus 

713702000 
SNOMED-
CT Gastroparesis due to type 1 diabetes mellitus 
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874810001191 
SNOMED-
CT 

Heel AND/OR midfoot ulcer due to type 1 diabetes 
mellitus 

367991000119101 
SNOMED-
CT Hyperglycemia due to type 1 diabetes mellitus 

137941000119106 
SNOMED-
CT Hyperlipidemia due to type 1 diabetes mellitus 

4288960 
SNOMED-
CT 

Hyperosmolality due to uncontrolled type 1 
diabetes mellitus 

71701000119105 
SNOMED-
CT 

Hypertension in chronic kidney disease due to type 
1 diabetes mellitus 

84371000119108 
SNOMED-
CT Hypoglycemia due to type 1 diabetes mellitus 

421437000 
SNOMED-
CT Hypoglycemic coma in type 1 diabetes mellitus 

120711000119108 
SNOMED-
CT 

Hypoglycemic unawareness in type 1 diabetes 
mellitus 

23045005 
SNOMED-
CT Insulin dependent diabetes mellitus type 1A 

28032008 
SNOMED-
CT Insulin dependent diabetes mellitus type 1B 

420270002 
SNOMED-
CT Ketoacidosis in type 1 diabetes mellitus 

421075007 
SNOMED-
CT Ketoacidotic coma in type 1 diabetes mellitus 

18521000119106 
SNOMED-
CT Microalbuminuria due to type 1 diabetes mellitus 

138881000119106 
SNOMED-
CT 

Mild nonproliferative retinopathy due to type 1 
diabetes mellitus 

1571000119104 
SNOMED-
CT 

Mixed hyperlipidemia due to type 1 diabetes 
mellitus 

13889100011909 
SNOMED-
CT 

Moderate nonproliferative retinopathy due to type 1 
diabetes mellitus 

420918009 
SNOMED-
CT 

Mononeuropathy associated with type 1 diabetes 
mellitus 

422228004 
SNOMED-
CT Multiple complications of type 1 diabetes mellitus 

71721000119101 
SNOMED-
CT Nephrotic syndrome due to type 1 diabetes mellitus 

421468001 
SNOMED-
CT 

Neurological disorder associated with type 1 
diabetes mellitus 

71771000119100 
SNOMED-
CT 

Neuropathic arthropathy due to type 1 diabetes 
mellitus 

706891008 
SNOMED-
CT Neuropathy due to unstable diabetes mellitus type 1 

60961000119107 
SNOMED-
CT 

Nonproliferative diabetic retinopathy due to type 1 
diabetes mellitus 
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72041000119103 
SNOMED-
CT Osteomyelitis due to type 1 diabetes mellitus 

421365002 
SNOMED-
CT 

Peripheral circulatory disorder associated with type 
1 diabetes mellitus 

71791000119104 
SNOMED-
CT 

Peripheral neuropathy due to type 1 diabetes 
mellitus 

421305000 
SNOMED-
CT 

Persistent microalbuminuria associated with type 1 
diabetes mellitus 

420514000 
SNOMED-
CT 

Persistent proteinuria associated with type 1 
diabetes mellitus 

713705003 
SNOMED-
CT Polyneuropathy due to type 1 diabetes mellitus 

199229001 
SNOMED-
CT Pre-existing type 1 diabetes mellitus 

609564002 
SNOMED-
CT Pre-existing type 1 diabetes mellitus in pregnancy 

609566000 
SNOMED-
CT Pregnancy and type 1 diabetes mellitus 

60971000119101 
SNOMED-
CT 

Proliferative retinopathy due to type 1 diabetes 
mellitus 

243421000119104 
SNOMED-
CT Proteinuria due to type 1 diabetes mellitus 

421893009 
SNOMED-
CT 

Renal disorder associated with type 1 diabetes 
mellitus 

109171000119104 
SNOMED-
CT Retinal edema due to type 1 diabetes mellitus 

104941000119109 
SNOMED-
CT Retinal ischemia due to type 1 diabetes mellitus 

706894000 
SNOMED-
CT Retinopathy due to unstable diabetes mellitus type 1 

82581000119105 
SNOMED-
CT Rubeosis iridis due to type 1 diabetes mellitus 

102781000119107 
SNOMED-
CT Sensory neuropathy due to type 1 diabetes mellitus 

72031000119107 
SNOMED-
CT Severe malnutrition due to type 1 diabetes mellitus 

10656231000119100 
SNOMED-
CT Skin ulcer of toe due to diabetes mellitis   type 1 

426907004 
SNOMED-
CT Small vessel disease due to type 1 diabetes mellitus 

82571000119107 
SNOMED-
CT 

Traction retinal detachment due to type 1 diabetes 
mellitus 

46635009 
SNOMED-
CT Type 1 diabetes mellitus 

190372001 
SNOMED-
CT Type 1 diabetes mellitus maturity onset 
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444073006 
SNOMED-
CT Type 1 diabetes mellitus uncontrolled 

444074000 
SNOMED-
CT Type 1 diabetes mellitus well controlled 

314893005 
SNOMED-
CT Type 1 diabetes mellitus with arthropathy 

190369008 
SNOMED-
CT Type 1 diabetes mellitus with gangrene 

190330002 
SNOMED-
CT Type 1 diabetes mellitus with hyperosmolar coma 

314771006 
SNOMED-
CT Type 1 diabetes mellitus with hypoglycemic coma 

313435000 
SNOMED-
CT Type 1 diabetes mellitus without complication 

401110002 
SNOMED-
CT 

Type 1 diabetes mellitus with persistent 
microalbuminuria 

190368000 
SNOMED-
CT Type 1 diabetes mellitus with ulcer 

703137001 
SNOMED-
CT Type I diabetes mellitus in remission 

110141000119100 
SNOMED-
CT Ulcer of lower limb due to type 1 diabetes mellitus 

1SNOMED-CT parent code including descendant children of parent code 
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APPENDIX C 
OUTCOME CODE SET: JUVENILE IDIOPATHIC ARTHRITIS 

 

Diagnostic Code Code Type1 Concept Name 

410502007 
SNOMED-
CT Juvenile idiopathic arthritis 

410793008 
SNOMED-
CT Chronic arthritis of juvenile onset 

201796004 
SNOMED-
CT Systemic onset juvenile chronic arthritis 

201799006 
SNOMED-
CT Monoarticular juvenile rheumatoid arthritis 

201805000 
SNOMED-
CT Juvenile arthritis in Crohn's disease 

201807008 
SNOMED-
CT Juvenile arthritis in ulcerative colitis 

239796000 
SNOMED-
CT Juvenile chronic arthritis 

239797009 
SNOMED-
CT Early onset periarticular chronic arthritis 

239798004 
SNOMED-
CT Late onset periarticular chronic arthritis 

239799007 
SNOMED-
CT 

Early onset polyarticular juvenile chronic 
arthritis 

239800006 
SNOMED-
CT 

Late onset polyarticular juvenile chronic 
arthritis 

239803008 
SNOMED-
CT Juvenile psoriatic arthritis with psoriasis 

239804002 
SNOMED-
CT Juvenile psoriatic arthritis without psoriasis 

239806000 
SNOMED-
CT Juvenile spondyloarthropathy 

239807009 
SNOMED-
CT Juvenile reactive arthritis 

239808004 
SNOMED-
CT Juvenile Reiter's syndrome 

410794002 
SNOMED-
CT 

Still's disease with juvenile onset and/or adult 
onset 

410795001 
SNOMED-
CT Juvenile rheumatoid arthritis 

410796000 
SNOMED-
CT Juvenile seropositive polyarthritis 

410797009 
SNOMED-
CT Juvenile seronegative polyarthritis 
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410798004 
SNOMED-
CT Juvenile idiopathic arthritis, oligoarthritis 

410799007 
SNOMED-
CT 

Juvenile idiopathic arthritis, persistent 
oligoarthritis 

410800006 
SNOMED-
CT 

Juvenile idiopathic arthritis, extended 
oligoarthritis 

410801005 
SNOMED-
CT 

Juvenile idiopathic arthritis, enthesitis related 
arthritis 

410802003 
SNOMED-
CT 

Juvenile idiopathic arthritis, undifferentiated 
arthritis 

416666007 
SNOMED-
CT Anterior uveitis in juvenile idiopathic arthritis 

445479007 
SNOMED-
CT Polyarticular juvenile rheumatoid arthritis 

74391003 
SNOMED-
CT Pauciarticular juvenile rheumatoid arthritis 

75822003 
SNOMED-
CT Acute polyarticular juvenile rheumatoid arthritis 

201798003 
SNOMED-
CT Acute polyarticular juvenile rheumatoid arthritis  

201803007 
SNOMED-
CT Polyarticular onset juvenile chronic arthritis  

201809006 
SNOMED-
CT Pauciarticular onset juvenile chronic arthritis  

7441009 
SNOMED-
CT Juvenile chronic polyarthritis  

83793004 
SNOMED-
CT Monoarticular juvenile rheumatoid arthritis  

201808003 
SNOMED-
CT Juvenile rheumatoid arthritis  

268052008 
SNOMED-
CT Juvenile rheumatoid arthritis &/or Still's disease  

86119004 
SNOMED-
CT Polyarticular juvenile rheumatoid arthritis  

33339001 
SNOMED-
CT Psoriasis with arthropathy  

239802003 
SNOMED-
CT Juvenile psoriatic arthritis  

239803008 
SNOMED-
CT Juvenile psoriatic arthritis with psoriasis  

239804002 
SNOMED-
CT Juvenile psoriatic arthritis without psoriasis  

19514005 
SNOMED-
CT Arthritis mutilans  

10629311000119100 
SNOMED-
CT Psoriatic arthritis mutilans  
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156370009 
SNOMED-
CT Psoriatic arthritis  

239812005 
SNOMED-
CT 

Psoriatic arthritis with distal interphalangeal 
joint involvement 

200956002 
SNOMED-
CT Psoriatic arthritis with spine involvement 

239813000 
SNOMED-
CT Psoriatic dactylitis  

410482007 
SNOMED-
CT Iritis in psoriatic arthritis  

239802003 
SNOMED-
CT Juvenile psoriatic arthritis 

1SNOMED-CT parent code including descendants children) of parent code 
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APPENDIX D 
OUTCOME CODE SET: PEDIATRIC PSORIASIS 

 

Diagnostic Code Code Type1 Concept Name 

156369008 SNOMED-CT Psoriasis  

156371008 SNOMED-CT Psoriasis NOS or guttate psoriasis or parapsoriasis 

200961000 SNOMED-CT Psoriasis unspecified  

200978009 SNOMED-CT Psoriasis NOS  

267851002 SNOMED-CT Psoriasis NOS or guttate psoriasis or parapsoriasis  

9014002 SNOMED-CT Psoriasis  

402329001 SNOMED-CT Early onset psoriasis type 1  

402331005 SNOMED-CT Onset of psoriasis in childhood (1-10) years  

402332003 SNOMED-CT Onset of psoriasis in adolescence (10-20) years  

200965009 SNOMED-CT Plaque psoriasis  

402311006 SNOMED-CT Actively extending plaque psoriasis  

402307000 SNOMED-CT Chronic large plaque psoriasis  

402308005 SNOMED-CT Chronic small plaque psoriasis  

402310007 SNOMED-CT Chronic stable plaque psoriasis  

200973000 SNOMED-CT Pustular psoriasis  

81271001 SNOMED-CT Localized pustular psoriasis  

402328009 SNOMED-CT Childhood pustular psoriasis  

238614001 SNOMED-CT Pustular psoriasis in children  

238616004 SNOMED-CT Infantile pustular psoriasis  

238615000 SNOMED-CT Juvenile pustular psoriasis  

238600001 SNOMED-CT Flexural psoriasis  

238603004 SNOMED-CT Eczematized psoriasis  

37042000 SNOMED-CT Guttate psoriasis  

402312004 SNOMED-CT Acute guttate psoriasis  

402313009 SNOMED-CT Guttate flare of psoriasis with preexisting plaques  

402317005 SNOMED-CT Generalized psoriasis  

402321003 SNOMED-CT Non-pustular psoriasis of hands  

402324006 SNOMED-CT Non-pustular psoriasis of hands and feet  

721538000 SNOMED-CT Psoriasis of anogenital region  
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402314003 SNOMED-CT Psoriasis of vulva  

402316001 SNOMED-CT Psoriasis of perianal skin  

402315002 SNOMED-CT Psoriasis of penis  

402320002 SNOMED-CT Psoriasis of face  

238604005 SNOMED-CT Psoriasis of nail  

238605006 SNOMED-CT Psoriatic nail dystrophy  

238606007 SNOMED-CT Psoriatic nail pitting  

238608008 SNOMED-CT Scalp psoriasis  

402319008 SNOMED-CT Psoriasis of scalp margin  

200975007 SNOMED-CT Psoriasis vulgaris  

200977004 SNOMED-CT Erythrodermic psoriasis  

25847004 SNOMED-CT Seborrheic psoriasis  

200971003 SNOMED-CT Psoriasis plantaris  

200970002 SNOMED-CT Psoriasis palmaris  

200974006 SNOMED-CT Psoriasis universalis  

200964008 SNOMED-CT Psoriasis diffusa  

402322005 SNOMED-CT Hypertrophic palmar psoriasis  

402323000 SNOMED-CT Hypertrophic palmoplantar psoriasis  

238609000 SNOMED-CT Köbner psoriasis  

238602009 SNOMED-CT Psoriasis-eczema overlap condition  

200972005 SNOMED-CT Psoriasis punctata  

200962007 SNOMED-CT Psoriasis annularis  

200969003 SNOMED-CT Rupioid psoriasis  

238601002 SNOMED-CT Unstable psoriasis  

200968006 SNOMED-CT Psoriasis inveterata  

200966005 SNOMED-CT Psoriasis geographica  

200967001 SNOMED-CT Psoriasis gyrata  

38360005 SNOMED-CT Generalized pustular psoriasis of von Zumbush  

28840001 SNOMED-CT Generalized pustular psoriasis, exanthematous type  

402309002 SNOMED-CT Chronic guttate pattern psoriasis  
111188005 SNOMED-CT Psoriasiform napkin eruption  

200960004 SNOMED-CT Other psoriasis 
 


