
THE UNIVERSITY OF CHICAGO

COMPUTATIONAL ANALYSIS OF SHARED ETIOLOGICAL FACTORS OF

MULTIPLE COMPLEX DISEASES: MINING TEXT AND MEDICAL RECORDS

A DISSERTATION SUBMITTED TO

THE FACULTY OF THE DIVISION OF THE BIOLOGICAL SCIENCES

AND THE PRITZKER SCHOOL OF MEDICINE

IN CANDIDACY FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY

DEPARTMENT OF GENETICS, GENOMICS AND SYSTEMS BIOLOGY

BY

XIKUAN WANG

CHICAGO, ILLINOIS

AUGUST 2017



Copyright c© 2017 by Xikuan Wang

All Rights Reserved



TABLE OF CONTENTS

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 DISCOVERING ETIOLOGICAL FACTORS DRIVING MULTIPLE DISEASES . 9
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2.2 Environment and incentives affect the incidence of autism and intellectual

disability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
2.2.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.2.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.3 Understanding Toxoplasmosis in the United States through “Large Data”
Analyses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
2.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
2.3.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

2.4 Comorbid patterns of neuropsychiatric patients . . . . . . . . . . . . . . . . 51
2.4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
2.4.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

2.5 Pre-existing type 2 immune activation protects against the development of
sepsis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
2.5.1 Main . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
2.5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

2.6 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3 QUANTIFYING GENETIC AND ENVIRONMENTAL CONTRIBUTIONS ACROSS
MULTIPLE DISEASES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

3.2.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87
3.2.2 Model selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
3.2.3 Estimates of heritability . . . . . . . . . . . . . . . . . . . . . . . . . 91
3.2.4 Genetic and environmental correlations . . . . . . . . . . . . . . . . . 94

3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

iii



3.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
3.4.1 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103
3.4.2 Statistical analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
3.4.3 Model selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
3.4.4 Pedigree error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
3.4.5 Heritability comparison . . . . . . . . . . . . . . . . . . . . . . . . . . 107
3.4.6 GWAS and family-based genetic correlations . . . . . . . . . . . . . . 108
3.4.7 Heritability, disease prevalence, and sibling relative risk . . . . . . . . 108

3.5 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

4 ANNOTATING TEXTUAL CORPUS FOR DIGITAL PHENOTYPING . . . . . 110
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110
4.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

4.2.1 Interannotator-Agreement Statistics . . . . . . . . . . . . . . . . . . . 117
4.2.2 Named Entity detections: Classifier performance . . . . . . . . . . . . 118

4.3 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
4.3.1 Nero Ontology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
4.3.2 Annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
4.3.3 Semantic Classes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
4.5 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

5 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

A SUPPLEMENTAL INFORMATION FOR “QUANTIFYING GENETIC AND EN-
VIRONMENTAL CONTRIBUTIONS ACROSS MULTIPLE DISEASES” . . . . 146
A.1 Supplementary Note . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

A.1.1 Model Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
A.1.2 Prior distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
A.1.3 Joint Posterior Density . . . . . . . . . . . . . . . . . . . . . . . . . . 151
A.1.4 Fully Conditional Posterior Distributions . . . . . . . . . . . . . . . . 151
A.1.5 Variance Partition . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

A.2 Supplementary Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159
A.3 Supplementary Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 207

iv



LIST OF FIGURES

2.1 Deciles of putative predictors for ASD (A) and ID (B) per-male rates. . . . . . . 22
2.2 Estimated Poisson rates of incidence of ASD (A) and ID (B) per male individual

of any age. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.3 Comparison of fixed effects (geographically varying factors) governing rate vari-

ation in ASD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.4 Total state-level random effects of ASD and ID incidence in the USA. . . . . . . 25
2.5 Total county-level random effects of ASD and ID incidence in the USA. . . . . . 26
2.6 Age at first diagnosis with toxoplasmosis. . . . . . . . . . . . . . . . . . . . . . . 38
2.7 Pie chart showing geographic distribution of toxoplasmosis cases. . . . . . . . . 39
2.8 Map of toxoplasmosis prevalence by county. . . . . . . . . . . . . . . . . . . . . 40
2.9 Clinical Manifestations of Toxoplasmosis, 2003-2012. . . . . . . . . . . . . . . . 41
2.10 Venn diagram showing numbers of patients who were diagnosed by ICD 9 codes

for Toxoplasmosis with and without codes for medicines. . . . . . . . . . . . . . 42
2.11 Cardiovascular diseases odds ratios of Neuropsychiatric patients versus Control. 53
2.12 Central Nervous system diseases odds ratios of Neuropsychiatric patients versus

Control. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.13 Developmental diseases odds ratios of Neuropsychiatric patients versus Control. 56
2.14 Digestive diseases odds ratios of Neuropsychiatric patients versus Control. . . . 57
2.15 Endocrine diseases odds ratios of Neuropsychiatric patients versus Control. . . . 58
2.16 Hematologic diseases odds ratios of Neuropsychiatric patients versus Control. . . 59
2.17 Hepatic diseases odds ratios of Neuropsychiatric patients versus Control. . . . . 60
2.18 Immunological diseases odds ratios of Neuropsychiatric patients versus Control. 61
2.19 Infectious diseases odds ratios of Neuropsychiatric patients versus Control. . . . 63
2.20 Metabolic diseases odds ratios of Neuropsychiatric patients versus Control. . . . 64
2.21 Musculoskeletal diseases odds ratios of Neuropsychiatric patients versus Control. 65
2.22 Neoplastic Process diseases odds ratios of Neuropsychiatric patients versus Control. 66
2.23 Ophthalmological diseases odds ratios of Neuropsychiatric patients versus Control. 67
2.24 Respiratory diseases odds ratios of Neuropsychiatric patients versus Control. . . 68
2.25 Urinary diseases odds ratios of Neuropsychiatric patients versus Control. . . . . 70
2.26 Pre-existing type 2 immune responses protect against S. aureus mediated mor-

tality in mice. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.1 Information on study population, results of model selection, and analysis of her-
itability of 149 diseases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

3.2 Genetic and environmental correlations between diseases. . . . . . . . . . . . . . 93
3.3 Neighbor-joining classifications showing the 29 conditions’ nosologies inferred

from genetic and environmental correlations . . . . . . . . . . . . . . . . . . . . 97

4.1 Frequencies of annotated Named Entities in our corpus. . . . . . . . . . . . . . . 112
4.2 Named Entity Recognition Ontology (NERO). . . . . . . . . . . . . . . . . . . . 114
4.3 Frequencies of Named Entity and Actions by Rank. . . . . . . . . . . . . . . . . 116
4.4 Top 30 Actions ub corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
4.5 Web annotation tools . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

v



4.6 Web Annotation Result Example . . . . . . . . . . . . . . . . . . . . . . . . . . 127

A.1 Testing dependence of heritability estimates on age of onset. . . . . . . . . . . . 160
A.2 Environmental effects estimates. . . . . . . . . . . . . . . . . . . . . . . . . . . . 162
A.3 Positive correlations between phenotypic and genetic correlations. . . . . . . . . 164
A.4 Classification trees: ICD9 vs phenotypic correlations. . . . . . . . . . . . . . . . 165
A.5 Estimates of age-related increase in disease liability for seven late-onset conditions.166

vi



LIST OF TABLES

2.1 Markov chain Monte Carlo estimates of regression weights, corresponding event
rate ratios (exponential of regression weights). . . . . . . . . . . . . . . . . . . . 13

2.2 Markov chain Monte Carlo estimates of covariances and correlations of random
effects across two phenotypes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3 Summary of the prior state-level studies regarding geographic clustering of ASD. 17
2.3 Summary of the prior state-level studies regarding geographic clustering of ASD. 18
2.3 Summary of the prior state-level studies regarding geographic clustering of ASD. 19
2.3 Summary of the prior state-level studies regarding geographic clustering of ASD. 20
2.4 Number of Cases of Toxoplasmosis in the United States, by Disease Manifestation,

and Estimated Annual Incidence. . . . . . . . . . . . . . . . . . . . . . . . . . . 43
2.5 Comorbidity Odds Ratios with toxoplasmosis ICD-9 Codes. . . . . . . . . . . . 44
2.6 ICD-9 Codes for Toxoplasmosis. . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.7 Toxoplasmosis Comorbidities. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
2.8 Odds of immune-mediated diseases among septic and non-septic patients . . . . 79

4.1 Inter-annotator Agreement Statistics. . . . . . . . . . . . . . . . . . . . . . . . . 118
4.2 Experimental results for NER evaluated on 10% of the corpus. . . . . . . . . . . 119
4.3 Experimental results for NER evaluated for the top 20 annotated. . . . . . . . . 120

A.1 Acronyms, biological systems, prevalence percentages and standard errors for 149
studied diseases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

A.2 Heritability and preventability estimates and standard deviations for 149 studied
diseases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

A.3 Heritability estimates compared to published twin/family studies. . . . . . . . . 179
A.4 Genetic, environmental and phenotypic correlations of pairwise analysis for 29

complex diseases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
A.5 Genetic correlation estimates compared to published GWAS studies. . . . . . . . 201
A.6 Heritability estimates compared to published GWAS studies. . . . . . . . . . . . 204
A.7 Children by household type and age from U.S. Census 2010 . . . . . . . . . . . 205
A.8 Children under 18 by household type from Current Population Survey 2007-2011 206

vii



ACKNOWLEDGMENTS

First, I would like to thank my advisor, Andrey Rzhetsky, for being the luminary on my

journey of scientific pursuit. Not only did he introduce me to many fascinating research

challenges, he has also given me the academic and emotional support to accomplish them

as well as the freedom to learn, explore and grow. Andrey’s patient yet persistent stance

towards scientific quest, exquisite taste in choosing research topics and ingenious approach

to reach elegant solutions are what I hope to emulate.

I have had the honor and pleasure to do much of my research in collaboration with oth-

ers in the lab and beyond. It is my pleasure to work with present and past members of

the Rzhetsky lab, David Blair, Ryan Mork, Shi Yu, Genjie Jia, Rachel Melamed and Ishanu

Chattopadhyay. I would also like to thank our collaborators that contributed to the work

presented below, including Steven Bagley, Christopher Lyttle, Edwin Cook, Russ Altman,

Robert Gibbons, Kelsey Wheeler, Fatima Clouser, Ashtyn Dixon, Kamal El Bissati, Ying

Zhou, Rima McLeod, Paulette Krishack, Julian Solway, Anne Sperling, Philip Verhoef, Hal-

lie Gaitsch,Nancy Cox, Hoifung Poon, Robert Stevens, Larisa Soldatova, Ross King, Sophia

Ananiadou, Maolin Li, Fenia Christopoulou, Jose Luis Ambite, Sahil Garg, Ulf Hermjakob,

Daniel Marcu, Emily Sheng, Aram Galstyan, and James Evans. Also, my committee mem-

bers, Barbara Stranger, Dan Nicolae, Robert Grossman, and Nancy Cox, have given me

their valuable input and advice over the years.

I would also like to thank my friends for being on this journey with me. My “classmates”,

Yi Zeng, Quan Gao, Pengyao Jiang, Ziyue Gao and Shan Yu have been my surrogate family in

Chicago. Of course, I could not do any of this without the support from my parents, Binsheng

and Honghong Wang. I internalized the value of lifelong learning by observing them. I’m

also grateful to my fiancée, Xiaochen Shi, for her patience, tolerance and understanding.

Whenever I felt overwhelmed working on the projects, she was always there for me, bringing

joy and stability in my life.

viii



ABSTRACT

Personalized and precision medicine is a global challenge that requires clear understanding of

etiology of common human diseases and complex traits. The rise of data-intensive research

and recent advances in genotyping, sequencing and other systems approaches have created an

unprecedented opportunity to develop accurate medical diagnosis, efficient therapeutic inter-

ventions and cost-effective preventive care. However, modernization of disease classification

system that properly integrates our understanding of causal molecular and environmental

factors is still in an early stage. In Chapter 1, I will briefly outline recent progresses and

challenges associated with our understanding of etiology of common human diseases and

complex traits. In Chapter 2 of this dissertation, I will describe a series of studies that

utilized the large diagnostic data available through health insurance claims of 150 million

patients to discover genetic and especially, environmental factors, that have significant effects

on multiple diseases. In Chapter 3, I will illustrate an accurate and reliable classification of

complex diseases based on common genetic or environmental factors using in-depth data of

about half a million patients. The same analysis can also be used to quantify the genetic

and environment effects of hundreds of diseases. In Chapter 4, I will introduces a carefully

designed formal ontology and a corpus consists of two significant annotations of biomedical

text aimed to facilitate rich digital phenotyping. Finally, in Chapter 5, I will summarize

these results and describe how the integration of diverse data in medicine could lead to ac-

curate and precise disease classification and digital phenotyping systems that will transform

medical research and patient care.
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CHAPTER 1

INTRODUCTION

Clear understanding of etiology of common human diseases and complex traits, while cur-

rently lacking, in the near future promises to guide us to development of efficient therapeutic

interventions and cost-effective disease-prevention measures. Ideally, scientists and medical

practitioners would be guided by a comprehensive map of how individual human genotypes

interact with various environmental stimuli and result in the phenotypic variations that we

observe as individual traits in health and disease.

Advances in genotyping and sequencing technologies brought forth the key findings of the

genetic architecture of complex traits, suggesting disease-predisposing genetic variants, both

common and rare. Such variants include major, large-scale chromosomal rearrangements

(inversions, translocations, chromosome fusions, duplications, deletions), and relatively mi-

nor, small-scale events such as single nucleotide polymorphisms (SNPs) and copy number

variants (CNVs).

A plethora of studies focused on determining allele frequencies in populations, their effect

sizes with respect to human traits. A limited success was achieved in modeling genetic

penetrance, most notably in rare diseases. In the case of complex phenotypes the current

modeling, purely out of mathematical feasibility, often restricts polymorphisms to being

additive, dominant, or recessive. Much effort is applied to delineating patterns of gene–

gene and gene–environment interaction effects in human diseases, and discovering genetic

pleiotropy or epistasis instances. Just as genes and proteins do not work in isolation from

each other [240, 273, 104], human phenotypes can be causaly connected to each other or can

be caused by common genetic or environmental factors [99, 119, 130], which manifests in

disease comorbidity. Comorbidity is clinically defined as set of diseases that tend to co-occur

with a primary disease of interest in the same patient, in the excess to expected by chance

based on marginal frequencies of diseases in the target population. More broadly it is used

to represent the coexistence of two or more diseases in the same individual, sometimes called

1



multimorbidity.

In this work we use the broader definition of comorbidity without prioritizing one disease

over another. Since the term comorbidity was coined in 1970s [78], comorbidity patterns

have been found to be prevalent, using both network approaches and diseases’ temporal

trajectories [119, 141]. In addition, many studies have attempted to understand the etio-

logical relationship between comorbid diseases, illustrating how susceptible genetic variants

combined with environmental perturbation lead to multiple diseases.

Genome-wide association studies(GWAS) have been generally successful in finding genetic

variants associated with complex traits and diseases, shedding light on molecular and physio-

logical mechanisms [256, 85, 269, 83]. So far, most GWASs focused on single trait or disease

and, occasionally, a group of closely related phenotypes, in order to organize large-scale

collaborations and consorted efforts on collecting samples sufficient for detecting significant

signals. Recently, there has been a multitude of studies that focused on leveraging the

advances in genotyping, sequencing and clinical phenotyping to study etiological relation-

ships of multiple diseases. For example, Consortia such as eMerge, i2b2, deCODE Genetics,

UK Biobank and BioBank Japan started to build the foundation for successful multiple-

disease studies such as, PheWAS [62], Phenome-wide heritability [92], and pleiotropy studies

[109, 77], mapping vast number of genetic variants to a web of comorbid diseases. At the

same time, numerous methods have been developed to repurpose publicly available summary

statistics to estimate heritability explained by SNPs [92, 36, 325] and genetic correlations

across diseases and traits [52, 35, 175, 7]. This group of studies probe into the promis-

ing future where the connections between genotypes and phenotypes are understood as a

network-to-network mapping.

Unfortunately, three serious roadblocks still stand between a clear understanding of the

complex relationship between genotypes, environments and phenotypes. First, although a

wealth of genotypic information are publicly available and advance tools are being developed

to leverage it, environmental and epidemiological studies are lagging behind in understanding

2



environmental patterns of multiple correlated diseases. Second, confined by the phenotypes

they focused on, progresses made by genetic and genomic research, especially by those across

multiple diseases, have limited impact on current classification of diseases, which is heavily

based on human anatomy, clinical manifestations, and heuristics. Third, because phenotype

data are stored in multiple formats catering to various purposes, fragmented phenotypic

information is becoming a bottleneck in connecting genomic, transcriptomic and proteomic

networks to the phenotypic network. Below, I briefly review each of these challenges in

greater detail along with the progresses that have been made with genomic analyses, epi-

demiological studies and clinical phenotypic data.

Discovering Etiological Factors Driving Multiple Diseases

Epidemiology studies such as Ni-Hon-San study [147] and the Irish-Brothers Study [288]

demonstrated significant and sometimes unexpected effects of environments on diseases.

Since then, studies found significant etiological effects of BMI, smoking, diet, exercise and

occupational exposures. Epidemiology studies have successfully linked causal environmental

factors to specific diseases such as smoking to lung cancer [65], H. pylori infection to peptic

ulcer and stomach cancer [277], HPV infection to cervical cancer [199], hepatitis C infection

to liver cancer [258], and alcohol to liver cirrhosis [208].

More importantly, they showed that important adult risk factors for chronic diseases can

be traced back to childhood or early adult environments. Adult allergies, for example, are

significantly influenced by early life exposure or a lack of exposure. Early life exposure to viral

(i.e. HPV), bacterial (i.e. Helicobacter pylori) and parasitic (i.e. toxoplasmosis) infections

can have significant effects on late-onset or chronic disease [277, 199, 27]. Furthermore,

permanent developmental changes may be caused by prenatal environmental exposure during

critical and sensitive periods of fetal development. Later-life events may have limited effects

comparing to these sensitive periods [161, 188]. Other traits may be more resilient to early

environmental assaults [14, 72].
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Similar to expanding research on the pleiotropic effects of genetic variants, increasing

number of studies has focused on finding common environmental factors causal to multi-

ple diseases. For example, environmental assaults such as infections can have a signifi-

cant effect across multiple biological systems and result in various phenotypic manifestation,

providing key insights on the development of autoimmune diseases and neuropsychiatric

diseases[40, 71]. Common environmental effects are also prominent in allergies, such as al-

lergic rhinitis, asthma, and chronic sinusitis[43, 176, 53]. In addition, chemicals and drug

intakes, especially those disrupt microbiomes, frequently encompass correlated health out-

comes, while socioeconomic and cultural environments could also affect the clustering of

multiple diseases. Life style factors such as diet, smoking and alcohol have been identified

as risk factors linked to common cancers and cardiovascular diseases [152]. Sunlight expo-

sure affect human physiology in multiple ways mostly via vitamin D levels. In addition to

its significance in maintaining calcium homeostasis and bone related health, Vitamin D was

shown to have immuno-modulatory properties and implicated in the pathogenesis of autoim-

mune disorders. Some reports imply that in multiple disorders such as Parkinson’s disease,

multiple sclerosis, and diabetes type 1, vitamin D may even be preventive [187, 9, 68].

In Chapter 2 of this dissertation, I will describe a series of studies that utilize the large

diagnostic data available through health insurance claims to discover genetic and especially,

environmental factors, that have significant effects on multiple diseases. Specifically, in

section 2.1, I describe a study that used an indirect approach to represent environmental

factors and uncovered their effects on the geographic patterns of autism and intellectual

disability incidences. In section 2.2, I describe a study focusing on the effect of a specific

environmental assault, toxoplasmosis, on multiple biological systems, causing a array of

comorbid diseases. In section 2.3, I introduce a study focused on comorbid patterns of

neuropsychiatric patients and possible underlying factors driving these patterns. In section

2.4, I describe a study that used a mouse model analysis to test a hypothesis generated from

comorbid patterns of sepsis patients to reveal a novel immunologic mechanism.
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Quantifying Genetic and Environmental Contributions across Multiple

Diseases

Since its proposal by Fisher almost a century ago [80], the infinitesimal model has formed

the conceptual foundation in understanding genetic architecture of complex traits. Similarly,

disease liability [73] are most likely affected by a large number of loci that each has small

effect.In order to understand complex trait genetic architecture, GWAS have successfully

identified genetic variants in millions of individuals across hundreds of complex traits while

partitioning the genetic and environmental effects on complex diseases and demonstrating

that GWAS variants explain significant portion of narrow-sense heritability for single diseases

[220].

To study pleiotropy and multi-functionality, multiple research efforts have been set up

to detect genetic variants and environmental factors that are otherwise elusive using single-

disease studies [130]. Shared etiology among multiple diseases, either via common genetic

variants [220] or common environmental factors has been pursued in correlation studies.

Genetic correlation, that is the proportion of variance that two traits share due to genetic

causes, indicates the strength of the genetic factor common between two traits and its di-

rection. Genetic correlations can arise through multiple mechanisms [130], most of which

indicate same biological process underlying multiple diseases. Similarly, environmental cor-

relation, the counterpart of genetic correlation, could also shed light on common biological

or molecular processes of multiple disease development [180]. Understanding of the environ-

mental and genetic correlations of multiple diseases often requires collaborations between

studies and consortiated efforts [52, 276, 35, 180]. For example, UK biobank recruited

500,000 participants with age ranging from 40 to 69, for a prospective study with 20 years

of follow-up. Participants have undergone detailed phenotyping, and multiple factor of life

styles and medical outcomes are recorded. On the other hand, the groundbreaking whole-

country analysis of family-based genetics of schizophrenia and bipolar disorder in Sweden

[169] demonstrated the validity of using a health-registry-based retrospective study to un-
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cover genetic and environmental effects on multiple diseases. Obviously, this approach has

its limitation, mainly due to the difficulties in acquiring phenotypic data from patients. How-

ever, it illustrates that family based analyses incorporated with large phenotypic data can

provide significant power in differentiating genetic and environmental effects on the complex

relationship between multiple diseases.

Studies like the meta-analysis of the heritability of all human traits published [226],

gave us a glimpse of the future where information across traits are incorporated together to

form a much complete map. Unfortunately, similar studies of multiple traits across different

systems are much harder to scale than single trait studies. In Chapter 3 of this dissertation,

I will describe a study that attempted to quantify the genetic and environment effects on

149 diseases across 20 biological systems. This study utilized inferred family relationships

of a large number of patients (over 150 million) to conduct family based analyses on the

heritability of, and the genetic and environmental correlations between these diseases.

Annotating Textual Corpus for Digital Phenotyping

Phenotyping studies expand our knowledge on phenotype definitions and disease classifica-

tion, as a trait’s definition is relative to its harboring system. This is even more crucial when

we study the relationship between diseases. Clear definition of diseases helps us distinguish

’true’ pleiotropic genetic variants or multi-causal environmental factors from ’mediated’ re-

lationships of multiple diseases. While digital genotyping is prevalent, as discussed above,

digital phenotyping is lagging behind. Phenotyping is currently crude and majority of the

phenotyping relies on structured data, such as diagnostic codes, prescription drug codes and

surgical procedure codes. There is an untapped well of clinical information in unstructured

clinical text. Unstructured clinical texts such as medical narratives are the primary sources

of communications between medical professionals. Unstructured clinical text can signifi-

cantly increase accuracy in phenotyping, especially when linked with structured data such

as billing codes and medications [307]. However, [306] also argued that accurate phenotypes
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and relationships hidden in unstructured text remain difficult to extract due to the lack of

resources describing the semantic relationships between clinical concepts. The richness and

unique context of clinical text hinders the performance from general, context-agnostic tools

mostly trained on general language corpora, such as Penn TreeBank [186].

A text corpus is usually defined as a collection of documents, annotated according to

linguistic rules or domain knowledge of a specialized field. To bridge the gap between pa-

tient care and research, various clinical Natural Language Processing (NLP) systems have

attempted to extract information from clinical narrative text [304]. For example, MetaMap

[10], extensively used and sometimes regarded as the industry standard for mapping medical

terms, is a biomedical NLP system built to extract concepts in Unified Medical Language Sys-

tem (UMLS) MetaThesaurus [28] from literature. Still, the performance of Metamap leaves

much to be desired. Even with strong software and mapping between medical concepts and

literature, existing knowledge bases in the medical domain do not have good coverage on

a complex system of phenotypes and biomedical narratives. In addition, one of the major

hurdles in leveraging the current progress in molecular biology and genotyping studies for

clinical usage is a lack of systematic way to connect molecular pathways and clinical features

[205]. Therefore, an annotated biomedical corpus is crucial in the improvement of the cur-

rent digital phenotyping system, especially on tasks such as named-entity recognition (NER)

and subsequently event extraction. Furthermore, an annotated corpus can be used to train

algorithms and benchmark different systems of NLP tools.

In chapter 4, I will describe a study aimed to improve digital phenotyping by combin-

ing rich annotation of biomedical text with domain knowledge stored in formal ontologies.

Specifically, this study introduces a corpus consists of text from literature published in

biomedical fields and two significant annotations, term annotation and event annotation,

plus the relationships between the annotations. Both annotations are distinct from regular

language annotation in that it is biologically and medically meaningful. We focused not only

on the linguistic structure but also on the biological and medical meanings. Our annotation
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also aims at establishing the ontology unifying phenotypes, genes, proteins, drugs, chemicals,

treatments, and procedures that can help us better utilize information from clinical texts.
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CHAPTER 2

DISCOVERING ETIOLOGICAL FACTORS DRIVING

MULTIPLE DISEASES

2.1 Introduction

Human diseases, especially neuropsychiatric disorders, are highly comorbid [98, 294, 130].

Leveraging the large scale diagnostic data, we applied the patient matching and geographic

methods to identify comorbid patterns for specific patient groups. This disease comorbidity

analysis could shed new light onto the etiology of multiple diseases and enable novel genetic

and environmental analyses. In the first section of this chapter, I describe a study that

used approximate measurements for exposure to environmental toxins and uncovered their

effects on autism and intellectual disability incidences. In section 2.2, I describe a study

estimating national incidences of a specific environmental assault, toxoplasmosis, and its

significant effects on multiple biological systems. In section 2.3, I introduce a study focusing

on comorbidity patterns of patients of 32 Neuropsychiatric diseases and infer etiological

factors driving these comorbidities. In section 2.4, I describe a study that used a mouse

model to validate the inverse comorbid patterns between sepsis and allergic diseases to reveal

a novel immunologic mechanism.
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2.2 Environment and incentives affect the incidence of autism

and intellectual disability

2.2.1 Introduction

Autism spectrum disorders (ASD) are a collection of chronic, complex neuropsychiatric dis-

eases with well-characterized comorbidities and increasing apparent prevalence [51]. With

few and limited effective treatments and considerable financial burden, its etiology remains

a scientific puzzle. Evidence suggests that Autism is highly heritable and clustered within

families; consequently, much scientific attention has been dedicated to the discovery of pre-

disposing genetic factors [243, 25, 39, 251, 138, 69]. There is also evidence for environmental

influences, such as prenatal exposure to pesticides or valproate, but it is challenging to ac-

count systematically for these factors because they are mostly undocumented. In addition,

there are numerous factors that could affect or distort the observed variation in temporal

and spatial disease prevalence: evolving diagnostic criteria, socioeconomic, legal, and cul-

tural incentives for diagnosis [104], changing environmental exposures, and the accumulation

of genetic burden in the growing human population. However, the relative importance of all

these putative causal factors and confounders on ASD prevalence, the nature of interactions

between contributing factors, and the underlying biological mechanisms, remain unclear.

Along these lines, geospatial clustering of ASD has been observed in California [150, 296],

Texas [167, 275], North Carolina [120] and Utah [223]. Clustering could indicate the exis-

tence of localized risk factors, such as environmental toxins [20] or maternal education [139].

However, studies to date have focused primarily on within-state patterns and socioeconomic

predictors, such as the level of parental education, the controversial financial incentives in-

duced by state policies for special-education services, and broad environmental indicators.

Now, the increasing availability of large administrative clinical datasets, with national cover-

age and fine spatial granularity, along with data on possible causal and confounding factors,

provides an opportunity to compare the magnitudes of these and other factors within a
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unified mathematical framework.

Here, we report a mixed-effect Poisson regression analysis of the spatial incidence patterns

of ASD and, for comparison, intellectual disability (ID). The data was derived from a very

large insurance claims database containing nearly 100 million patients in the United States,

which was augmented with census data to introduce additional county-level covariates that

captured socioeconomic, demographic, and environmental effects. We present strong statis-

tical evidence for environmental and legal factors driving the apparent spatial heterogeneity

of both phenotypes, while documented socioeconomic factors and population structure have

much weaker effects.

2.2.2 Results

We analyzed the strength of disparate factors on the apparent incidence rates of ASD and

ID by computationally interrogating insurance claims for approximately one third of the US

population, using a bivariate-response, three-level, mixed-effects Poisson regression model

with 50 free parameters, 44 of which correspond to the fixed effects of known factors while

the remaining 6 account for the variance and covariance among the random effects (see

Methods). The bivariate outcomes modeled by these parameters were the incidence counts

for the ASD and ID phenotypes, tabulated separately for males and females in 3,111 counties,

nested within 50 states (plus the District of Columbia) and adjusted for population size.

The results are summarized in Figures figs. 2.1 to 2.5 and Table 2.2: We observed clear

spatial clusters for both ASD and ID. The raw data analyzed prior to complex modeling (see

Figure 2.1) indicated that putative environmental variables were strongly predictive of rates

of ASD and ID across the USA. This trend persisted after the analysis was corrected for

confounding variables using mixed-effect Poisson regression, see Figures figs. 2.2 to 2.5. We

found that ASD in males (normalized by county population) has a county-level mean rate of

0.1% per male of any age. The distribution of rates across counties is skewed: the median is

0.023% while maximum observed value is 5.2%. Similarly, for ID, the average rate over the
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whole country is 0.024% per any male, 0.025% per any female. The maximum per county per

person rate reached 0.9% and 0.58% for males and females, respectively. Furthermore, for

males, the rates of ASD and ID at the county level were weakly but significantly correlated

(Pearson product-moment correlation 0.0589, p=0.00101), while for females the correlation

was much stronger (0.197, p < 2.26 × 10−16). The estimated Poisson rates of incidence

produced by model-based inference are shown in Figure 2.2. When direct comparison was

possible, we compared our conclusions with those of prior studies ([150, 296, 167, 275, 120,

223], see Table 2.3) and found that they were consistent.
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Table 2.1: Markov chain Monte Carlo estimates of regression weights, corresponding event rate ratios (expo-
nential of regression weights). and 95% event estimate credible intervals. The 3-level Poisson mixed-effect model included
12,444 level-1 units (incidence counts for two diseases), 3,111 Level-2 units (counties), and 51 level-3 units (states). The table
is designed to mirror Figure 2.1: fixed-effect parameter estimates for autism spectrum disorders (AU) are followed by the corre-
sponding estimates for intellectual disability (ID). For each group of diseases the first parameter listed (AU and ID, respectively)
is the intercept. The rest of the fixed-effect parameters are ordered from the strongest negative effect to the strongest positive
effect, as in Figure 2.1.

Parameter Effect Estimate Event Rate Estimate CI (L U) Rate CI (L U) p-value

AU 0.367 1.443 -0.973 1.755 0.378 5.782 0.56225

AU:Eval1 - -4.231 0.015 -8.878 -0.328 0.000 0.720 0.02475

AU:Gender - -0.699 0.497 -0.709 -0.690 0.492 0.502 < 6× 10−5

AU:Pacific - -0.439 0.645 -0.701 -0.173 0.496 0.841 0.0015

AU:Eval2 - -0.213 0.808 -2.922 2.471 0.054 11.830 0.883

AU:ASD1 - -0.175 0.839 -1.582 1.164 0.205 3.203 0.83788

AU:AmInd - -0.131 0.877 -0.224 -0.054 0.799 0.947 < 6× 10−5

AU:B - -0.131 0.877 -0.217 -0.054 0.805 0.948 < 6× 10−5

AU:WHisp - -0.128 0.880 -0.213 -0.053 0.808 0.949 < 6× 10−5

AU:W - -0.122 0.885 -0.210 -0.046 0.810 0.955 < 6× 10−5

AU:CFR1 - -0.100 0.905 -1.789 1.491 0.167 4.440 0.95962

AU:Asian - -0.045 0.956 -0.137 0.037 0.872 1.038 0.3455

Continued on next page
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Table 2.1 – continued from previous page

Parameter Effect Estimate Event Rate Estimate CI (L U) Rate CI (L U) p-value

AU:Poor - -0.035 0.966 -0.050 -0.021 0.952 0.980 < 6× 10−5

AU:Insured - -0.012 0.988 -0.021 -0.003 0.979 0.997 0.00725

AU:Income + 0.032 1.033 0.023 0.042 1.023 1.043 < 6× 10−5

AU:Urban + 0.036 1.037 0.034 0.038 1.035 1.039 < 6× 10−5

AU:BHisp + 0.085 1.089 -0.102 0.255 0.903 1.290 0.34987

AU:DSM1 + 0.138 1.148 -1.120 1.462 0.326 4.316 0.80438

AU:Viral M + 0.180 1.197 0.122 0.239 1.130 1.269 < 6× 10−5

AU:CongMrepM + 0.277 1.319 0.119 0.422 1.127 1.525 0.00025

AU:Eval-1 + 0.668 1.949 -0.774 2.342 0.461 10.404 0.366

AU:ConGenM + 1.345 3.838 0.753 1.912 2.123 6.770 < 6× 10−5

ID -0.227 0.797 -1.394 0.980 0.248 2.665 0.66487

ID:Eval1 - -4.536 0.011 -8.643 -1.123 0.000 0.325 0.00637

ID:Pacific - -0.374 0.688 -0.612 -0.121 0.543 0.886 0.00487

ID:AmInd - -0.139 0.870 -0.216 -0.070 0.805 0.932 < 6× 10−5

ID:B - -0.130 0.878 -0.206 -0.066 0.814 0.936 < 6× 10−5

ID:WHisp - -0.130 0.878 -0.204 -0.066 0.816 0.936 < 6× 10−5

Continued on next page
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Table 2.1 – continued from previous page

Parameter Effect Estimate Event Rate Estimate CI (L U) Rate CI (L U) p-value

ID:W - -0.127 0.881 -0.201 -0.061 0.818 0.941 < 6× 10−5

ID:Gender - -0.114 0.892 -0.127 -0.102 0.881 0.903 < 6× 10−5

ID:ASD1 - -0.109 0.897 -1.371 1.038 0.254 2.824 0.8965

ID:Asian - -0.066 0.937 -0.146 0.003 0.864 1.003 0.05613

ID:Eval2 - -0.063 0.939 -2.419 2.327 0.089 10.245 0.97462

ID:Poor - -0.013 0.987 -0.027 0.002 0.973 1.002 0.08038

ID:Insured + 0.005 1.005 -0.004 0.015 0.996 1.015 0.30088

ID:Income + 0.027 1.028 0.018 0.037 1.018 1.037 < 6× 10−5

ID:Urban + 0.031 1.032 0.029 0.033 1.030 1.034 < 6× 10−5

ID:BHisp + 0.033 1.033 -0.129 0.195 0.879 1.215 0.66837

ID:CFR1 + 0.103 1.108 -1.422 1.453 0.241 4.275 0.829

ID:DSM1 + 0.149 1.161 -0.972 1.286 0.378 3.617 0.76525

ID:Viral M + 0.211 1.235 0.153 0.270 1.166 1.309 < 6× 10−5

ID:CongMrepM + 0.362 1.437 0.210 0.516 1.234 1.675 < 6× 10−5

ID:Eval-1 + 0.418 1.519 -0.872 1.850 0.418 6.358 0.54113

ID:ConGenM + 0.660 1.935 0.014 1.255 1.014 3.509 0.03838
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Abbreviations AU – autism spectrum disorders; ID – intellectual disabilities; AmInd –

proportion of American Indians; Asian – proportion of Asians; WHisp – White Hispanics;

W – White non-Hispanic; BHisp – black Hispnics; B – black non-Hispaic; Pacific – Pacific

Islanders; Insured – proportion of insured; Poor – proportion of poor; Urban – proportion

of urban; CongMrepM – congenital malformations excluding malformations of genitals in

males; ConGenM – congenital malformations of genitals in males; Viral M – viral infections

affecting males; ASD – inclusion of Autism Spectrum Disorders; CFR – Code of Federal

Regulations; DSM – requirement of reference to Diagnostic and Statistical Manual of Mental

Disorders; Eval – rigor of evaluation of diagnosis veracity. The regulations were encoded in

the following way (23). For CFR: Code -1 if criteria included information from the autism

section of CFR only, and +1 if the criteria incorporated additional non-CFR information.

For DSM: Code -1 if the entire DSM-IV-TR criteria were used, and +1 otherwise. For

ASD: -1 if autism spectrum disorders were included in diagnostic criteria, and +1 if they

were not included. For Eval: -1 if a diagnosis by a pediatrician or clinician was mandatory,

1 if a diagnosis of autism or autism spectrum disorders by a pediatrician or clinician was

mandated, and 2 if no requirements in addition to those mandated by the Individuals with

Disabilities Education Act were added.

Variable Covariance Correlation Cov 95% CI (L U)
AU:AU (State) 3.126 1 0.6062 7.239
AU:ID (State) 2.666 0.974 0.5198 6.088
ID:ID (State) 2.398 1 0.561 5.358

AU:AU (County) 0.7699 1 0.7142 0.8285
AU:ID (County) 0.696 0.962 0.6462 0.7488
ID:ID (County) 0.6796 1 0.6261 0.7357

Table 2.2: Markov chain Monte Carlo estimates of covariances and correlations
of random effects across two phenotypes.
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Study(State)

[150](CA) [296](CA) [167, 275](TX) [120](NC) [223](UT)

Data

source

All live births and

diagnostic records

for children born in

CA between 1992

and 2000.

All live births in

CA occurring in

1996–2000

Administrative

educational data

for prevalence of

autism and other

special education

categories for the

academic years

2000–2001 through

2005 – 2006.

Record-based

surveillance for

8 NC counties

biennially from

the Autism and

Developmental

Disabilities Moni-

toring Network.

Record-based

surveillance for

eight-year-old

children born in

1994 and living

in Utah in 2002

from the Utah

Registry of Autism

and Developmen-

tal Disabilities

Program.

Cases +

controls

4,906,926 2,453,717 4,057,712 11,034 26,108

Table 2.3: Summary of the prior state-level studies regarding geographic clustering of ASD.

Continued on next page

17



Cases 18,731 9,900 7,022 (ASD+ID) 532 (ASD), 1,028

(ID)

99 (ASD-only), 33

(ASD and ID), 113

(ID-only)

Modeling

formalism

Multilevel logistic

regression.

Spatial cluster-

ing and bivariate

mixed Poisson

regression.

Multilevel Poisson

regression.

Generalized addi-

tive model.

Multiple single-

variable logistic

regressions.

Factors
Individual-level

Factors: First

Born, Premature,

Normal Weight,

Gender, Low

Apgar,

Individual-level

Factors:

Environmental

Factors (air pollu-

tion):

Individual-level

Factors:

Individual-level

Factors:

Table 2.3: Summary of the prior state-level studies regarding geographic clustering of ASD.

Continued on next page
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Max Parental Age,

Education, Missing

Father.

Mother’s Age,

Father’s Age, the

Highest Parental

Education Level,

Ethnicity.

Mercury, An-

timony, Lead,

Manganese, Nickel,

Zinc, Benzene,

Ethylbenzene,

Naphthalene ,

Trichloroethylene,

Sulfuric Acid.

Gender, Year of

Birth, Plurality of

Children, Maternal

Age, Ethnicity,

Maternal Level

of Education, To-

bacco Use During

Pregnancy, Method

of Delivery, Birth

Weight, Adequacy

of Prenatal Care.

Gender, Mother’s

Ethnicity, Mater-

nal Age, Paternal

Age, Maternal

Education, Pa-

ternal Education,

Adjusted Gross

Income,Federal

Taxes Paid, Tax

Exemptions.

Conclusion ASD are correlated

with parental edu-

cation and income.

ASD is correlated

with high parental

education.

Mercury-ASD asso-

ciation is uncertain;

evidence of Nickel-

ASD association.

ASD is associated

with maternal age

and education.

ASD is associated

mothers being

of White non-

Hispanic ethnicity

and older than 34

at the child’s birth.

Table 2.3: Summary of the prior state-level studies regarding geographic clustering of ASD.

Continued on next page
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Consistency

with the

current

ASD ge-

ographic

clustering

study

Not available, as

the study did not

report disease

prevalence data.

Geographic cluster-

ing was consistent

with our estimates.

The study reported

prevalence as quar-

tiles, and data for

the majority of

counties in Texas

was missing, clus-

tering was hard to

compare directly.

Highly consistent

with our ASD

estimates, although

only 8 NC counties

were analyzed.

No spatial preva-

lence distribution

data was published.

Table 2.3: Summary of the prior state-level studies regarding geographic clustering of ASD.

Continued on next page
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Accumulating evidence [292, 30, 87, 89, 249, 123, 122, 234, 142, 165, 139, 118, 170] sug-

gests that the rate of birth malformations, especially of those affecting the reproductive

system in newborn boys [30], adjusted for population size and structure, could serve as an

indicator of average parental exposure to toxins within a geographic unit. After controlling

for ethnicity, gender, and socioeconomic factors, the strongest predictor of ASD was the rate

of male congenital malformations of the reproductive system, used as an approximate mea-

surement for exposure to teratogens, based on extensive epidemiological evidence ([292, 30],

see Figure 2.3 and Discussion). Every additional percent incidence of male congenital malfor-

mations of the reproductive system was predictive of a 283% increase in the rate of the ASD

incidence (95% confidence interval, CI: [91%, 576%], p ¡ 6 10-5). Similarly, non-reproductive

congenital male malformations accounted for a 31.8% ASD rate increase (CI: [12%, 52%], p

¡ 6 10-5). In contrast, male congenital malformations of the reproductive system were barely

significantly predictive for ID (94%, CI: [1%, 250%], p = 0.0383). However, the effect of non-

reproductive congenital malformations in males on ID incidence was statistically significant

and strong: an increase of 43% (CI: [23%, 67%], p ¡ 6 10-5). Another variable significantly

affecting both ASD and ID was population-adjusted incidence of viral infections in males

(Table 2.1A, Figure 2.3, and Discussion). Moreover, comorbidity analysis demonstrated that

male children with ASD are 5.53 times more likely to have congenital genital malformations

than unaffected males (odds ratio 95% CI [5.22, 5.87], p ¡ 2.2 ×10−16, Fisher’s exact test).

Male congenital malformations of the reproductive system are subdivided in the ICD9

taxonomy [309], which was used to encode the data in this analysis, into unspecified malfor-

mations, hypospadias (abnormally placed external urethral orifice), epispadias (the urethra

does not develop into a full tube), micropenis, and undescended testicles. The US average

incidence rate for all male congenital malformations of reproductive system was 0.2687%

per male of any age group; of these 18% were hypospadias (0.049% rate), 6% congenital

chordees (0.0161% rate), 1% micropenis (0.00275% rate), and 0.083% epispadias (0.00227%

rate). The rest of the malformations were in the unspecified category; undescended testicles
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Figure 2.1: Deciles of putative predictors for ASD (A) and ID (B) per-male
rates. Plots for females look essentially identical, but the absolute rate of incidence is lower
(data not shown). The predictor variables shown here are male congenital malformations
of reproductive system (ConGenM), viral infections in males of any age (Viral M), con-
genital malformations excluding malformations of the genitals in males, CongMrepM, and
spontaneous abortion (spont abort).
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(A)  ASD

(B) ID

Figure 2.2: Estimated Poisson rates of incidence of ASD (A) and ID (B) per
male individual of any age.

23



**
**

*

**

**
**

**
**** ** **

**

*   p < 0.05
** p < 0.001

***

Factors (�xed e�ects)

Pe
rc

en
t o

f d
is

ea
se

 ra
te

 c
ha

ng
e

****

**** ** ****

**

*   p < 0.05
** p < 0.001

Factors (�xed e�ects)

Pe
rc

en
t o

f d
is

ea
se

 ra
te

 c
ha

ng
e

*

*

**

*

**

(A) ASD                               (B) ID 

Figure 2.3: Comparison of fixed effects (geographically varying factors) gov-
erning rate variation in ASD (A) and ID (B). The asterisks indicate the level of
significance of individual regression coefficients; see the figure key and Table 1.

were not encoded explicitly. Per-county rates of hypospadias and congenital chordees were

significantly correlated with each other (Pearson’s r = 0.34, 95% CI [0.31, 0.372], p ¡ 2.2

10-16), as were hypospadias and epispadias (r = 0.066, 95% CI [0.031, 0.101], p = 0.00022).

The highest per county rates of malformations were 2.4% (all male genital malformations),

1.1% (hypospadias), 0.91% (chordees), 1.1% (epispadias), and 0.23% (micropenis). There

were counties with no reported malformations (zero apparent rate). All discussed groups of

malformations were significantly correlated with autism rates. Female birth malformations

of reproductive system, variable ConGenF, showed very similar disease-specific predictive

behavior to the congenital male malformations of reproductive system, variable ConGenM.

The female malformations were predictive of an increase in both ASD and ID, but the mag-

nitude of the statistical effect associated with this factor was much smaller than ConGenM,

although highly correlated.

Both ASD and ID showed significant gender-specific incidence effects, with males affected

more frequently than females; this was more extreme for ASD (Table 2.2 and Figure 2.3).

Using ethnicity variables to account for genetic heterogeneity of the US population, corrected

for socioeconomic factors, such as the mean county-specific income, we found the incidence
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(A) ASD

(B) ID

Figure 2.4: Total state-level random effects of ASD and ID incidence in the USA:
(A) ASD and (B) ID. In the figures we color-coded the Empirical Bayes estimates of the
state-level random effects, separately for ASD and ID. County- and state-level random effects
model the unknown factors that vary geographically and govern differences in county-specific
disease rates after accounting for all fixed effects (see Methods).
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  (A) ASD

  
                  (B) ID
                 

Figure 2.5: Total county-level random effects of ASD and ID incidence in the
USA: (A) ASD and (B) ID. In the figures we color-coded the Empirical Bayes estimates
of the state-level random effects, separately for ASD and ID. While county-specific random
effects are directly comparable within the same state, comparison of these effects across
different states is not meaningful, because each state-specific random effect determines the
baseline disease rate for each county in the corresponding state, and these baseline rates vary
across states.
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of the two diseases significantly varied across ethnic groups (Table 1), with Pacific Islanders,

for example, having significantly lower risk for both diseases. The per capita income of

the county was weakly positively correlated with the incidence rates for both diseases: the

income variable was associated with 3.2% rate increase per every additional $1,000 of income

above the country average for ASD (CI: [2.3 %, 4.2%], p < 6×10−5) and a 2.7% rate increase

for ID (CI: [1.8%, 3.7%], p < 6× 10−5). Other important socioeconomic predictors included

the percentage of urban population in a county; a one percent increase in urbanization

predicted about a 3% in ASD and ID incidence (Table 1 A). Our analysis also indicated that

state-specific laws [30,31] had a large but only marginally significant effect on the incidence

rates of ASD and ID (Table 2.1A, Figure 2.1). The strictest form of diagnostic evaluation

(variable Eval, the state-mandated diagnosis of autism or autism spectrum disorders by a

pediatrician or clinician for consideration in the special education system) was predictive of a

considerable decrease in ASD and ID incidence rates, 98.6% (CI: [28%, 99.99%], p=0.02475)

and 99% (CI: [68%, 99.99%], p = 0.00637) respectively.

2.2.3 Discussion

By analyzing the spatial incidence patterns of autism and intellectual disability drawn from

insurance claims for nearly one third of the total US population, we found strong statistical

evidence that environmental factors drive the apparent spatial heterogeneity of both pheno-

types while economic incentives and population structure appear to have weaker effects. The

strongest predictors for autism were associated with the environment: congenital malforma-

tions of the reproductive system in males (an increase in ASD incidence by 283% for every

per cent of increase in the incidence of malformations), non-reproductive congenital malfor-

mations (31.8% ASD rate increase), and viral infections in males (19% ASD rate increase).

For ID we observed similar but weaker effects: 93% increase of ID rate for every per cent

of increase in congenital malformations of the reproductive system in males, 43% increase

for per cent of non-reproductive congenital malformations, and 23% for viral infections in
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males.

We highlight the role of male congenital genitourinary malformations as an approximate

measurement of environmental exposure to unmeasured developmental risk factors, including

toxins. Some infants are born with congenital malformations with unknown genetic etiology

not explained by known Mendelian mutations or detectable chromosomal aberrations. At

least a fraction of such birth defects may be due to parental exposure to environmental

insults. The environmental factors implicated so far include pesticides [87, 89], environmental

lead [249], sex hormone analogs [123, 122], medications [234], plasticizers [142], and other

synthetic molecules [165]. More generally, the risk of congenital birth defects is statistically

linked to parental occupation [139, 118, 170]. There is a statistically significant increase

in birth defects associated with some maternal occupations (janitor, maid, landscaper), and

significant decrease associated with others (non-preschool teacher) [118, 170]. It is very likely

that the list of environmental factors potentially affecting development of human embryo is

large and yet predominantly undocumented; correspondingly, detailed statistics on these

factors do not exist.

It is known that some birth malformations are caused by de novo genetic events, such as

large copy number variants that have been found to increase the risk for ASD by approxi-

mately 400% [11]. Single-gene deletions, for example, involving CHD7 are known to cause

CHARGE syndrome [46, 219] associated with genital abnormalities and putatively associ-

ated with ASD [215]. However, these genetic events may have currently poorly identified

environmental triggers, and 70 to 80% of male congenital malformations of the reproductive

system have no clear genetic causes [16]. Instead, they appear to be driven by specific envi-

ronmental insults that were not serious enough to lead to more serious adverse events during

pregnancy, such as spontaneous abortion. Therefore, in this study, we used the rate of birth

malformations as a surrogate measure for environmental burden.

The hypospadias of the male urethra can arise during early embryonic development,

specifically weeks 9-12 (p. 206 in [16]). This window corresponds to the time when cell
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division and migration takes place in brain development. Furthermore, maternal exposure

to estrogen and estrogen analogs in animal models affects both brain and genital development

in male progeny (p. 206 in [16]), and small physical malformations appear enriched in autistic

children compared to healthy children [218].

Following similar logic, in addition to causing birth defects, environmental toxins, such as

pesticides [235, 195] can substantially weaken the human immune system, especially in men,

which results in more frequent infections. (The rates of female viral infections were highly

correlated with male viral infections; these can serve a somewhat weaker fixed effect predictor,

data not shown.) This suggests that per capita rate of viral infection, when socioeconomic

and other biological factors have been controlled for, may serve as another environmental

indicator, although specifics of the causal, biological mechanisms remain unresolved. In our

analysis we found that the rate of viral infection in males was significant for both ASD and

ID, see Table 1.

Importantly, the effect of state-level regulations involving ASD appeared relatively large

in magnitude (over 98% ASD and ID rate decrease) but with a wide confidence interval

and inconsistent effects across states, resulting in only marginal significance. Furthermore,

our estimates of random effects at the state and county levels, see Figure 2.2, suggest that

additional yet unknown confounder factors exist at both state and county levels, as is evident

from the clear state boundaries seen in Figure 2.2.

As with other statistical analyses, significant associations are not necessarily causal. Iden-

tified predictor variables may reflect underlying mechanisms, or may be correlated with un-

measured causal factors. However, we have included variables, such as the rate of birth

malformations and male viral infections, that have well-documented environmental causes.

Overall, this increases our confidence in their scientific relevance. Furthermore, because we

have controlled for many county-level socioeconomic variables, strong state-specific effects

are almost certainly rooted in legal and regulatory differences that exist at this level. Our

results have implications for the ongoing scientific quest for the etiology of neurodevelop-
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mental disorders. We provide evidence that routinely expanding the scope of inquiry to

include environmental, demographic and socioeconomic factors, and governmental policies

at a broad scale in a unified geospatial framework. It appears that detailed documentation

of environmental factors should be recorded and used in genetic analyses of ASDs and failure

to do so risks omitting important information about possibly strong confounders.

2.2.4 Methods

Our multi-level, mixed-effects model predicted the incidence of ASD and ID conditional on

several individual-level, county-level, and state-level covariates. For the regression analysis

described below, we used county level variables to predict disease rate. In the analysis of the

comorbidity between congenital malformations and ASD or ID, we used patient-level data.

Data: We used the Truven Health Analytics MarketScan R© Commercial Claims and En-

counters Database to provide geocoded diagnosis counts by gender. This database spans

the years 2003 to 2010 and consists of approved commercial health insurance claims for be-

tween 17.5 and 45.2 million people annually, with linkage across years, yielding a total of

approximately 105 million patient records. (Note that, consistent with low prevalence of

both phenotypes, only a small proportion of individuals described in this enormous dataset

were diagnosed with either ASD or ID.) This national database contains information con-

tributed by well over 100 insurance carriers and large self-insuring companies. We scanned

the approximately 4.6 billion inpatient and outpatient service claims and identified almost

6 billion diagnostic codes. After removing duplicates, almost 1.3 billion diagnostic codes

were found to be associated with over 99.1 million individuals, yielding approximately 12.89

unique diagnostic codes per individual. Claims were de-identified, that is, all patient-level

personal information was redacted, and geocoded at the county level by Truven, and thus,

this did not require any additional processing on the authors’ part.

The MarketScan insurance claims dataset is not a truly random sample of the USA

population. This is because compilation of this dataset required reaching agreements be-
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tween Truven and numerous individual insurance providers to share data, and the insurance

providers inherently had uneven and non-random coverage of geographic areas. It is pos-

sible, therefore, that the dataset carries traces of hidden correlations imposed by the data

collection method. Furthermore, while the entire USA is well represented in the data, it is

possible that coverage across geographic areas is not perfectly proportional to population

density.

Statistical Analysis: We framed our analysis as a mixed-effect regression model for

Poisson-distributed count data [114], independently implemented in SuperMix [115], lme4

[280, 18], MCMCglmm [107], and GLLAMM [270, 232]. The choice of the Poisson model

was motivated by the countable nature of data and the rarity of the disease incidence events.

The model parameters were estimated using a joint statistical inference as follows. Most

of the parameters (44 out of 50) were real-valued coefficients representing regression weights

of individual factors, such as average income in county, percentage of ethnic groups, per cent

of urban and poor population, see Table 2.1. The factors that are a priori suspected to be

relevant to disease incidence and are deliberately included into the model, are referred to in

the mixed effect model formalism as the fixed effects. In addition, the model included zero-

centered and normally distributed random effects, uncorrelated for the same disease between

a county and the encapsulating state, but geographically correlated between two diseases,

see equations below and Figures 2.4 and 2.5. The six parameters associated with the random

effects included the variances and covariances for the state- and county-level random effects

(see Table 2.2 and equations below). Note that the random effects themselves were not

parameters, but Gaussian zero-centered random variables.

Fixed effects by design have stochastic but predictable influence on data, while random

effects describe zero-centered random influence, not captured by the fixed effects. Below we

present more formal, formulation of the model.

Fixed-Effect Variables: The Truven database was augmented with US census data [112]

consisting of county-level measurements for a variety of socioeconomic, demographic, and
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geospatial factors. Our fixed-effect county-level covariates were gender, Gender, average per

capita income, Income, percent ethnicity (separately for American Indians, AmInd, Asians,

Asian, White Hispanics, WHisp, White non-Hispanics, W, Black Hispanics, BHisp, Black

non-Hispanics, B, and Pacific Islanders, Pacific), and the proportions of various socioeco-

nomic groups (poor, Poor, urban, Urban, insured, Insured). Our county-level environmental

indicators used as fixed-effect covariates (normalized by county population size) comprised

congenital malformations excluding malformations of the genitals (separately for females and

males, CongMrepF and CongMrepM, respectively), congenital malformations of the genitals

(separately for females and males, ConGenF and ConGenM, respectively), viral infections

(separately for females and males, Viral F and Viral M, respectively), ectopic pregnancy

(ect pr), abnormal conception (abnormal concept), spontaneous abortion(spont abort), and

multiple gestations (mult gest). The county-level environmental indicators were extracted

from the Truven database and normalized by county population, separately for males and

females.

To account for variation in policies for special education eligibility and reimbursement, we

used four variables derived by hand-coding the state policies for eligibility in special educa-

tion programs under the Individuals with Disabilities Education Act [182] with categorical

variables: (i) CFR, to indicate whether state criteria met (-1) or, alternatively, exceeded

Code of Federal Regulation requirements (1), (ii) DSM, to indicate whether state criteria

mentioned all of the criteria from the Diagnostic and Statistical Manual of Mental Disorders

(-1, if no, and 1, if yes), (iii) ASD, to indicate whether Autism Spectrum Disorder criteria

were mentioned in the state criteria (-1 if no, 1 if yes), and (iv) Eval, to indicate the degree

of diagnostic rigor required by the state (-1, -2, 1, 2). Details of the coding are described in

the abbreviations. All predictor variables were mean-centered.

Assumptions of the model The assumptions of the Poisson regression model [114] were

as follows. First, we assumed that the data, corresponding to the observed counts of people

within each county diagnosed with either ASD or ID, were generated by a Poisson process,
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with rate (ijkl) varying over counties,

f(yijkl|θ) =
exp(−λijkl)λ

yijkl
ijkl

yijkl!

where: is a vector of all 50 model parameters, (b, ). The observed counts of disease

incidence (the response variable yijkl) was defined as the number of disease cases per county

for ASD (k=1) and ID (k=2). Subscripts i and ij were used to indicate a state and a county

nested within that state, and subscript l to indicate gender. The second assumption was

that the logarithm of Poisson rate (ijkl) was expressed as a linear combination of fixed and

random effects.

λijkl =Nijkl exp(Xikbk + zkvk)

=Nijkl exp
(

ΣMm=1ximkβmk + vik + vijk

)

Here matrix Xk is the design matrix for the fixed effects associated with disease k; bk is

the corresponding vector of unknown regression weights; zk is a design matrix for random

effects; vk is the vector of random effects; vik , vijk, are i-state- and ij-county-specific random

effects for disease k. The fixed-effect design matrix is simply a matrix of county-specific zero-

centered properties, such as the mean income, or proportions of ethnic groups. The design

matrix z has a very simple form: entries of 1 for random effects of a given county and

corresponding state, and zeros in all other cells. Nijkl is a state-, county-, disease- and

gender-specific offset—the total number of people with a specified gender living within a

given county.

The third assumption was that data was hierarchical: the zero-centered random effects

were independently introduced at i-state and ij-county levels. However, the random effects
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associated with the two diseases (1 and 2) were geographically correlated,

(vi1, vi2, vij1, vij2) ∼N

(


0

0

0

0


,



σ2i1 ri σi1σi2 0 0

riσi1σi2 σ2i2 0 0

0 0 σ2ij1 riσij2σ
2
ij2

0 0 rijσij1σij2 σ2ij2 0 0


)

=N (0,Σ)

where 2ik, and 2ijk, are variances of state-level and county-level random effects for disease

k and ri, and rij are correlation coefficients for random effects for diseases 1 and 2 at the

state and county levels, correspondingly.

Together these assumptions define the following likelihood for the given ij-county, i-state,

l-gender and k-disease:

The full log-likelihood is obtained by summing the individual log-likelihoods specific to

each yijkl over all possible indices.

log l(yijkl|θ) =
[
−Nijkl exp(ΣMm=1ximkβmk + vik + vijk)

+yijkl(logNijkl + ΣMm=1ximkβmk + vik + vijk)− log(yijkl!)
]

While estimates varied slightly across different implementations of the model and estimation

approaches, the major trends were identical across all. Here we present the results of the

Markov chain Monte Carlo/Empirical Bayes analysis. The estimation methods and starting

parameter values varied considerably across the implementations. For example, SuperMix

started with finding an analytical solution of the fixed-effect part of the equations and then

estimated parameters for the full model involving random effects. The Markov chain Monte

Carlo-based GLLAMM started with a random set of parameter guesses and then rather

quickly discovered the high-probability area of parameter values.

Confounders We tested several putative confounding variables, such as county-specific
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median mother’s age at childbirth, and the proportion of county population in the child-

bearing age. While these putative confounding variables were associated with statistically

significant fixed-effect coefficients, they did not affect the relationship between the outcome

variable and the compound environmental predictor variables.

2.3 Understanding Toxoplasmosis in the United States through

“Large Data” Analyses

2.3.1 Introduction

Toxoplasmosis, disease caused by infection with the Apicomplexan parasite, Toxoplasma

gondii, is a major source of morbidity and mortality in the United States and globally [86].

Disease presentation is highly variable, though severe eye disease resulting in loss of sight is

not uncommon, and immune-compromised patients can present with serious infections of the

central nervous system [162, 8, 314, 102, 60, 319]. Acquisition of infection during pregnancy

can result in vertical transmission, leading to profound disability due to untreated congen-

ital infection; consequences for the infected, untreated infant include cognitive impairment,

hydrocephalus, and disability due to loss of sight [189]. Additionally, previous studies posit

a role for T. gondii infection in a variety of comorbid conditions, including epilepsy and

neurologic diseases [2, 31, 287, 134, 192]. In these ways, toxoplasmosis continues to repre-

sent a major public health threat, as yet incompletely characterized in the U.S. Thorough

quantitation and characterization would facilitate targeted intervention strategies. To our

knowledge, there are no accurate, empiric data defining incidence of toxoplasmosis in the

U.S.. According to the CDC, toxoplasmosis remains one of the leading single causes of death

related to food-borne illness in the U.S., although numerically it is a minority. It is a ne-

glected infection [37]. Estimates of infection prevalence are limited in scope. Seroprevalence

in the U.S. is estimated at 11% for women of child bearing age[146]. Additionally, one

recent study estimates 4,839 cases of symptomatic ocular toxoplasmosis per year nationally.
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[145]. Estimates for other manifestations, including infection of the central nervous system

(CNS) and visceral organs, are lacking. Most studies of prevalence of toxoplasmic menin-

goencephalitis in the U.S. were from the 1990s, in the context of the HIV/AIDS epidemic,

prior to advent of HAART [228, 144]. The most recent estimate, in 2003, indicated an an-

nual risk reduction of 18% for cerebral toxoplasmosis, though these data were derived from

a cohort of individuals being treated with HAART [250]. There is a paucity of estimates

of non-eye manifestations for the last decade. Active infection with T. gondii is treated

successfully with pyrimethamine and sulfadiazine [60, 319, 189, 126]. These are the most

effective medicines for treating toxoplasmosis, including ocular and CNS manifestations, and

are not indicated in other clinical contexts. Additionally, there has been increasing use of

trimethoprim-sulfamethoxazole (TMP-SMX) to treat ocular toxoplasmosis, with some au-

thors suggesting similar clinical outcomes, although TMP-SMX is ten fold less active with

suboptimal ratios of constituent medications with similar risks of hypersensitivity [286, 263].

Given gaps in knowledge of incidence in the U.S., and uncertainties about frequency of differ-

ent disease manifestations and other potential comorbid conditions, we use a novel approach

to understand epidemiology of toxoplasmosis, namely use of large insurance-based datasets.

Truven Health MarketScan R© Commercial Claims and Encounter Database was queried to

answer questions related to epidemiology of this infection. This database contains insurance

claims from privately insured patients, not including individuals with access only to Medi-

care or Medicaid or without any health insurance. This database represents approximately

15% of the total U.S. population. The MarketScan R© Databases have been used many times

in the context of infectious diseases epidemiology and cost-related studies, although we did

not find such reports for toxoplasmosis [216, 49, 217, 117, 82, 90]. Use of large datasets

to characterize epidemiology of infectious disease presents a unique opportunity to assess

prevalence and incidence of infection with minimal cost, while allowing for characterization

of occurrence across time and space. Additionally, this approach facilitates identification of

patterns of infection with respect to patient age, gender, and common comorbidities. Herein,
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we present a novel approach to understanding epidemiology of toxoplasmosis through use of

“large data.”

2.3.2 Results

Study Population ICD-9 codes specifically indicating infection with T. gondii identified 9260

unique patients from 2003-2012, out of a total of 151 million patients. Use of medicine codes

for pyrimethamine or sulfadiazine, and TMP-SMX in context of T. gondii infection or eye

disease, identified 2305 and 7690 cases, respectively. There was an overlap of 225 cases be-

tween those with toxoplasmosis-specific drugs and cases where TMP-SMX was used. Disease

Manifestations Toxoplasmic chorioretinitis accounted for 3,492 (37.7%) identified patients.

Meningoencephalitis occurred in 472 (5.1%) patients. Less common manifestations of in-

fection include myocarditis (113), pneumonitis (113), and hepatitis (188). These conditions

comprised 1.2 % of total cases each for myocarditis and pneumonitis, and 2.0% of total

cases for hepatitis. Disseminated toxoplasmosis occurred in 120 patients. Codes indicating

unspecified toxoplasmosis were assigned to 4194 (45.3%) patients.

Demographics Patients ranged in age from 0 to 70 years. 218 (2.4%) occurred in children

two years of age and younger, indicating likely congenital infection. Mean age at diagnosis

was 37.5 ± 15.5 years. Approximately 41% (3,776) of cases occurred in males, while the

remaining 5,484 occurred in females. One demographic of particular interest is women of

reproductive age, here defined as between age 13 and 51 years, who have potential for vertical

transmission to a fetus. In this cohort, 73% (4,022) were of reproductive age.

Geographic Distribution of Toxoplasmosis Cases 9,260 identified cases were divided up

based on U.S. Census region. South, including South Atlantic and East and West South

Central census regions, encompassed most identified cases, with 4,614/9,260, or almost 50%

of cases. West, including Mountain and Pacific regions, contained only 1,205/9,260 cases, or

13%. χ2 analysis revealed distribution of cases was not consistent with distribution based

on population, p ¡ 0.001. See Figure figs. 2.7 and 2.8 for distribution of cases across census
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regions and a map of disease prevalence across the country.

Figure 2.6: Age at first diagnosis with toxoplasmosis. Increasing numbers of pa-
tients were diagnosed with toxoplasmosis as a function of age, indicating that there is an
increasing disease burden among older individuals, who are potentially more capable of mov-
ing through the environment and engaging in risky behaviors, including the consumption of
undercooked food, which pose the threat of exposure to infectious oocysts and ingestion of
contaminated materials. More females than males were identified with toxoplasmosis in this
cohorts (approximately 59% vs 41% of the total number of cases). The ratio of male to
female was most similar early on in the patient’s lifetime, while there was an increasing dis-
parity skewing towards increased incidence in females. This could be explained by screening
of women of reproductive age, or could potentially indicate a difference in risk of exposure
to the pathogen.

Estimated Annual Case Burden by Disease Manifestation in the U.S. This study identified

9,260 cases of toxoplasmosis over the period from 2003-2012, corresponding to 61,373 cases

over the study period, or a rate of 6,137 cases per year for the whole population of the United

States. Estimated annual incidence by disease manifestation is listed in Table 2.4.

Comorbidity in T. gondii Infection based on specific Toxoplasma ICD 9 code. Odds
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Figure 2.7: Pie chart showing geographic distribution of toxoplasmosis cases.
More cases of toxoplasmosis occurred in the southern U.S., which is consistent with enhanced
persistence of oocysts in the environment in warm and wet climates. There is also substantial
agricultural activity in this region of the country, which could also explain increased risk of
exposure
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Figure 2.8: Map of toxoplasmosis prevalence by county. Darker regions indicate
increased prevalence of the infection. States with highest prevalence include Texas, Califor-
nia, New York, Illinois, Georgia, Florida, Maryland, and South Carolina. All these states
had more than 400 patients with toxoplasmosis over the study period. There are pockets of
increased prevalence across the southern U.S. This is consistent with previous studies indi-
cating increased prevalence among rural populations, with increased risk of environmental
exposure

40



Figure 2.9: Clinical Manifestations of Toxoplasmosis, 2003-2012. A total of 9260
individual patients with toxoplasmosis were identified. The majority of cases (4194) were
coded as unspecified toxoplasmosis. Eye disease due to toxoplasmosis, encoded as choriore-
tinitis and conjunctivitis, accounted for 3492 and 472 cases respectively. It is important to
note that toxoplasmic conjunctivitis is not a known clinical condition, and it is likely that
this was simply coded for toxoplasmic eye disease, more generally. Toxoplasmosis of other
specified sites was coded in 1114 patients. 610 instances of patients with CNS infection due
to T. gondii were recorded. Liver infection accounted for 188 cases, while infection of the
lung and myocardium both accounted for 113. Multisystemic disseminated toxoplasmosis,
with diffuse organ involvement, was identified in 120 patients.
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Figure 2.10: Venn diagram showing numbers of patients who were diagnosed by
ICD 9 codes for Toxoplasmosis with and without codes for medicines.
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ratios for statistically significant comorbidities of interest in patients with codes indicating

toxoplasmosis, compared to matched controls without these codes, can be found in Table

2.5.

Disease Manifesta-
tion

Number of Cases
Identified by
MarketScan R©
Database, 2003-
2012

Estimated Num-
ber of Cases in
U.S., 2003-2012

Estimated An-
nual Incidence

Meningoencephalitis 610 4,067 407
Conjunctivitis 472 3,147 315
Chorioretinitis 3,492 23,280 2,328
Myocarditis 113 753 75
Pneumonitis 113 753 75
Hepatitis 188 1,253 125
Toxoplasmosis of
Other Specified
Sites

1,114 7,427 743

Multisystemic Dis-
seminated

120 800 80

Unspecified Toxo-
plasmosis

4,194 27,960 2796

Total Number of
Cases

9,206 61,373 6,13

Table 2.4: Number of Cases of Toxoplasmosis in the United States, by Disease
Manifestation, and Estimated Annual Incidence.

National Drug Code (NDC) Use in the Identification of Toxoplasmosis Cases In addi-

tion to patients with a diagnosis of toxoplasmosis coded, analyzed as above, patients were

identified with NDCs, considered separately because diagnosis was less certain (Figure 2.10).

Pyrimethamine and sulfadiazine are specific to treatment of infection with this parasite, indi-

cating potential utility in identifying patients with active toxoplasmosis. However, treatment

could have been presumptive and then discontinued when another disease was diagnosed.

TMP-SMX sometimes has been used for treating retinal disease due to Toxoplasma, although

it is a suboptimal treatment. Therefore, presence of eye disease and TMP-SMX treatment

might suggest, but not confirm, this diagnosis. Other illnesses causing eye disease, and

even different diseases requiring treatment with TMP-SMX, could confound this surrogate
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Comorbidity OR Mean (95% CI)
HIV 17.57 (14.61-21.13)
Malignant Brain Neoplasm 8.69 (4.60-16.41)
Unspecified Encephalopathy (Hy-
drocephalus)

5.55 (4.75-6.48)

Epilepsy 3.51 (3.00-4.12)
Thrombocytopenia 3.17 (2.64-3.80)
Benign Brain Neoplasm 2.80 (2.08-3.74)
Visual Loss (Acquired Visual Dis-
turbances)

2.55 (2.39-2.73)

Systemic Lupus Erythematosus 2.37 (1.88-2.99)
Schizophrenia 2.21 (1.80-2.72)
Multiple Sclerosis 2.05 (1.64-2.58)
Gestational and Pregnancy Re-
lated Disorder

1.92 (1.80-2.05)

IBS and Crohn’s Disease (Re-
gional Enteritis, Crohn’s Disease)

1.49 (1.33-1.67)

Bipolar Disorder 1.38 (1.17-1.62)
Substance Abuse 1.24 (1.14-1.36)
Anxiety 1.24 (1.16-1.33)

Table 2.5: Comorbidity Odds Ratios with toxoplasmosis ICD-9 Codes.

marker for active toxoplasmosis. As shown in Figure 2.10, there were 2080 patients with

only pyrimethamine and/or sulfadiazine; 7465 patients with only TMP-SMX plus choriore-

tinitis. In addition , 225 patients took both, not necessarily simultaneously. Of the total

9260 patients with a toxoplasmosis diagnostic code, 339 also had a pyrimethamine and/or

sulfadiazine code; 690 also had a TMP-SMX code; and 152 had both. NDC cohort demo-

graphics, and a comparison between the two medicine treatment groups were similar to the

toxoplasmosis ICD-9 code group, except age was younger (x̄= 38 years [ICD9 toxoplasmo-

sis] vs 51 years [NDC]). Also, there were more patients in middle and south Atlantic states

in the toxoplasmosis code group. Odds ratios for co-morbidities comparing treatment with

pyrimethamine/sulfadiazine versus TMP-SMX-chorioretinitis group are shown in Table 2.5b

and are similar to those with ICD-9 codes for toxoplasmosis.
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2.3.3 Discussion

Use of Truven Health MarketScan R© Commercial Claims and Encounter Database presented

a novel opportunity to assess prevalence of medical diagnosis of toxoplasmosis in the U.S.

population with indemnity insurance, confirmed some trends highlighted earlier, and yielded

some unexpected results. Almost half of identified patients had codes indicating “unspec-

ified toxoplasmosis,” making it impossible to accurately quantitate disease manifestations.

Of cases of toxoplasmosis with specified clinical manifestation, toxoplasmic chorioretinitis

represented the highest proportion. This indicates a comparatively high frequency of eye

disease relative to other manifestations, that eye disease due to T. gondii is more often diag-

nosed, or that it drives patients to seek care more than occurs for patients with other clinical

manifestations. Our data do not provide support for other explanations for this observation.

Almost 500 patients presented with one of the most lethal complications of toxoplasmosis,

meningoencephalitis. This emphasizes that immune-compromised patients remain at risk

for life-threatening manifestations. Our estimate indicates an annual disease burden of 488

cases of CNS disease due to T. gondii. Other, less common, manifestations of toxoplasmosis,

including myocarditis, pneumonitis, and hepatitis cause morbidity and mortality in the U.S.

It is critical that the index of suspicion for these rarer manifestations remain high, especially

in immune-compromised patients, and that appropriate therapy is initiated when toxoplas-

mosis is suspected. Numbers of cases of toxoplasmosis, identified by ICD-9 code, were higher

in the southern U.S. than would be expected based on population. The environment is more

conducive to extended viability of the environmentally resistant, highly infective oocyst stage

in this region [166]. Additionally, behavioral factors like agricultural activity may represent

an additional explanation for this comparatively high prevalence. Moreover, the western

census region demonstrated fewer cases than expected. An environment that is dryer and

more hostile to oocysts, or differences in parasite or vector distribution, or recognition and

reporting could explain this. Prevalence of comorbidities associated with toxoplasmosis was

also assessed, affording insight into how commonly individuals with this infection suffer from
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other conditions. Compared to controls matched for age, geography, and health, patients

with codes for toxoplasmosis had greater odds of suffering from conditions including HIV,

benign and malignant brain neoplasm, epilepsy, autoimmune diseases including lupus and

multiple sclerosis, and psychiatric conditions including substance abuse, anxiety, bipolar

disorder, and schizophrenia. Directionality and causality of these relationships is not clear.

However, immunosuppression, with HIV infection or with immunosuppressive therapies such

as lupus or malignancy, predisposes patients to severe infection. Chronic inflammation pro-

duced by presence of organisms in brain may promote neoplastic transformation and epilepsy,

as could focal lesions or changes in neurotransmitters as occurs in animal models [100]. Lit-

erature has repeatedly demonstrated association between seroprevalence of T. gondii and

neuropsychiatric illness, and literature has not demonstrated directionality or causality for

these associations. Ascertainment bias could contribute to odds ratios, with neurologic signs

and symptoms precipitating testing for toxoplasmosis. There are certainly billions of infected

persons without neurobehavioral disease, so if there is a real association, other factors, such

as host or parasite genetics or timing of infection, must be at play. Furthermore, since this

cohort is predominantly under the age of 65 years of age and without public insurance, it

remains of interest to study the effect of this possible source of chronic inflammation in the

brain on neurodegenerative diseases in the geriatric population.

While this analysis has offered potentially valuable insight into toxoplasmosis in the

U.S., the use of insurance databases for epidemiology has obvious limitations which must

be addressed. Disease is a complicated phenomenon, with many factors that influence its

prevalence and distribution. Host behavior can influence rates of parasite transmission and

risk of acquisition. This database comprises patients that are privately insured, and does

not include Medicaid or Medicare patients, or those without insurance. This introduces

sampling bias. While T. gondii is an equal opportunity parasite, capable of infecting people

irrespective of socioeconomic status, there are risk factors that make infection more likely in

certain populations, especially southern agricultural laborers, where a lack of private health

46



insurance is not uncommon. In the calculations presented, we assume that the population in

the database is reflective of the population as a whole, even though it is likely this is not the

case, and thus our analysis likely underestimates actual rates of infection and disease due

to T. gondii. Anecdotally, of 8 patients seen by our group in a private hospital setting with

toxoplasmosis in the last month, 6 did not have private insurance, and therefore would not

have been identified by this approach. If this is reflective of the general population, there is

substantial underestimation using this approach. Thus it would require a more aggressive

public health approach to toxoplasmosis or another method for estimating prevalence.

Additionally, the way in which physicians use ICD-9 codes in the context of toxoplas-

mosis presents a limitation to assessment. Most patients whose claims contain references

directly to toxoplasmosis have codes indicating “unspecified toxoplasmosis,” which offers

no information about symptoms. As such, this approach to characterizing toxoplasmosis

on a population level is unlikely to be reflective of the true diversity of disease manifes-

tation, which can range from lymphadenopathy, which is less likely to drive a patient to

seek care when self-limited, to meningoencephalitis, a potentially fatal form of infection. Of

note, more individuals had codes indicating treatment for infection with T. gondii than had

claims indicating the infection. Approximately 6% of patients did not have ICD-9 codes for

infection, even though they received medication used to treat this infection. There is the

possibility that a substantial percentage of patients are not being coded appropriately when

infected. Thus, more people are receiving medications than would be detected by ICD-9

codes, indicating a limitation of using ICD-9 codes for epidemiological studies. If previous

estimates of disease burden are correct, this method underestimates prevalence. Annual

burden of symptomatic eye disease due to infection with T. gondii has been estimated at

4,839 cases annually (16). Our analysis conservatively estimates 2,643 cases per year. Thus,

this analysis underestimates cases by almost half, if previous reports are accurate. Other

manifestations of toxoplasmosis, including meningoencephalitis, have not been estimated in

the years since the development of HAART therapy, limiting comparative analyses with the
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MarketScan R© Database for CNS infection. Congenital infection remains a substantial cause

of significant human suffering in association with vertical transmission from mother to fetus.

Of the identified patients, 228 were between the ages of 0 and 2 at diagnosis. Detection of

this disease at birth identifies significantly symptomatic patients, which would be expected

to represent only a small proportion of these infections. Most would be mild and not come

to medical attention in the absence of systematic screening. Forty four percent of patients

were women of reproductive age indicating that this infection likely poses considerable med-

ical burden during fetal life. A number of countries, including France, have implemented

mandatory screening during gestation, for infection with T. gondii. This approach has been

demonstrated to be efficacious in reducing frequency and severity of congenital infection

by facilitating early diagnosis and treatment, and to be cost-beneficial [238, 274, 246, 302].

Screening would facilitate appropriate treatment of acutely infected mothers, which has been

demonstrated to reduce disease severity in and frequency of infected infants.

Our observations of inability of analyses of large databases like MarketScan R© CCAE to

identify all cases of toxoplasmosis in the U.S. presents a different type of opportunity for

intervention. The fact that physicians are not coding for toxoplasmosis, either due to an

inability to recognize it, a lack of time to code for it, or some other barrier, in addition to

the fact that this parasite presents a health threat to the American population as well as

globally, suggests that it may be useful to make reporting of the disease to health depart-

ments mandatory. This would facilitate more accurate assessment of prevalence and severity

of toxoplasmosis in the U.S., which could enable public health interventions that will ulti-

mately reduce human suffering and mortality. Toxoplasmosis is a treatable condition, but

an inability to appreciate the magnitude of the problem in this country presents a barrier to

appropriate management of disease due to this parasite.
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2.3.4 Methods

Database Information Truven Health MarketScan Commercial Claims and Encounter Database

includes privately insured patients, and was used to identify individuals with toxoplasmosis

from 2003-2012. (See supplemental).

Identification of Patients and Assessment of Demographic Information 130.x series of

ICD-9 codes (Table 2.6) are used to specifically indicate infection with T. gondii, including

diverse manifestations, such as CNS infection and eye disease. To identify cases of toxoplas-

mosis not specifically coded for by ICD-9 codes, numbers of claims for medicines specific to

treatment of toxoplasmosis also were assessed. The database identified patients who received

these medicines, even in absence of an ICD-9 code indicating presence of this specific infec-

tion. Claims were considered to represent toxoplasmosis if they included a relevant ICD-9

code and a medicine use claim within 7 days of each other. Once patients with disease due

to T. gondii were identified, patients were evaluated for age at first diagnosis, gender, and

U.S. census region.

Condition ICD-9 Code
Meningoencephalitis due to Toxoplasmosis 130.0
Conjunctivitis due to Toxoplasmosis* 130.1
Chorioretinitis due to Toxoplasmosis 130.2
Myocarditis due to Toxoplasmosis 130.3
Pneumonitis due to Toxoplasmosis 130.4
Hepatitis due to Toxoplasmosis 130.5
Toxoplasmosis of Other Specified Sites 130.7
Multisystemic Disseminated Toxoplasmosis 130.8
Toxoplasmosis Unspecified 130.9

Table 2.6: ICD-9 Codes for Toxoplasmosis. * Included for completeness of coding, but
important to note that there are no reported cases of conjunctivitis secondary to T. gondii
infection in the literature

Estimates of Annual Rates of Toxoplasmosis Making an assumption that rates of infection

are identical between our study population and the general population regardless of type of

insurance, which might not be accurate, and recognizing that the database represents 15%

of the total population, and only those with indemnity insurance, number of cases for the
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Condition ICD-9 Code
Communicating Hydrocephalus, 331.3
Obstructive Hydrocephalus, 331.4
Idiopathic Normal Pressure Hy-
drocephalus,

331.5

Congenital Hydrocephalus* 742.3
Epilepsy* 345.x
Bipolar Disorder* 296.x
Schizophrenia* 295.x
Premature Labor, Fetal Growth
Retardation*

644.x, 764.9x

Alzheimer’s Disease 331
Human Immunodeficiency Virus
(HIV) Disease*

42

Visual Loss, Blindness, etc.* 369.x
Multiple Sclerosis* 340
Benign Brain Neoplasm* 225.0, 225.1, 225.2, 225.3,

225.4
Malignant Brain Neoplasm* 190.x
Anxiety* 300.0,300.01,300.02,300.09,300.21
Substance Abuse* 304.x, 305.x
Thrombocytopenia* 287.30,287.39,287.49,287.5,776.1a
Septicemia of the Newborn 771.81
Amyloidosis 277.30, 277.39
Memory Loss 780.93
Impulse Disorders 312.x
Lupus Erythematosus, Systemic
Lupus Erythematosus*

695.4, 710.0

Lymphadenopathy 785.6 a
Regional Enteritis (Crohn’s Dis-
ease)*

555.x

Table 2.7: Comorbidities.* Included for completeness of coding, but important to note
that there are no reported cases of conjunctivitis secondary to T. gondii infection in the
literature
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entire population from 2003-2012 was calculated. Then, we subdivided by 10 years studied

to give a predicted/estimated annual incidence of infection.

Comorbidity in T. gondii Infection Patients who have 130.x toxoplasmosis-specific codes

were compared to controls matched for age, geography, and health, with fewer years in the

database indicating improved health. After matching cases and controls, we constructed

contingency tables for all possible toxoplasmosis-by-all-disease pairs. Using these contin-

gency tables, we then computed the following statistics for each pair: odds ratio of disease

comorbidity with toxoplasmosis codes of interest, conditional maximum likelihood estimate

of disease odds ratio (with 95% confidence interval), and p-value for a null model in which

two diseases occur independently of one another. We considered an association significant

if it passed Benjamin-Hochberg correction [21] with a very conservative false discovery rate

(FDR) threshold of 0.1%:

FDRr = min
i≥r

piN

i
≤ 0.1%

where r is rank of a disease ordered by increasing p-values, pi is p-value for disease with rank

i, and N is total number of diseases tested. Additional data entries in the database are in

the figure legend.

2.4 Comorbid patterns of neuropsychiatric patients

2.4.1 Introduction

Neuropsychiatric diseases are known to have significant comorbidity patterns[76, 137, 106].

Rather than being explained by biological pleiotropy, high comorbidity of Neurppsychiatric

diseases are sometimes attributed to diagnostic uncertainties, genetic or environmental sub-

types, or patient heterogeneity [184]. In order to tease out the casual genetic and environ-

mental factors underlying comorbidities of neuropsychiatric diseases, we conduct a study
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using large diagnostic data.

In this study, we first tried to identify the comorbidity patterns for the patients of 32 neu-

ropsychiatric diseases. In addition, we aimed to identify directionality of the correlations.

Specifically, we want to identify known genetic factors or environmental factors that are

causal. Mendelian diseases, for example, can served as markers of underlying variants and

are more likely to have caused the comorbidity. Similarly, infections that are significantly

correlated with neuropsychiatric diseases are more likely to be causal, given the neuropsy-

chiatric disorders do not expose patients to more infectious environments.

We hypothesized that neuropsychiatric diseases share common genetic variants and envi-

ronmental factors within themselves and between them and other group of disease, which can

be inferred from grouping neuropsychiatric comorbidity patterns. First we want to control

for factors known to influence disease risks such as, age, gender, geographical location and

patient’s records in our database. After these factors are controlled for, we can then assess

the comorbid patterns and possibly have a better understanding of the underlying etiology

of those diseases. For each pair of neuropsychiatric and comorbid disease, the hypotheses

tested are the pair could be independent, positively correlated or negatively correlated.

For each group of neuropsychiatric disease patients, a group of covariates matched con-

trols are sampled. The covariates included for matching are age, gender, county and number

of years in our databased. Then Fisher’s exact test is used to calculate the odds ratio of each

pair of neuropsychiatric disease and comorbid disease. We used three matching schemes to

test the robustness of the correlations. Perfect matching includes only patients with exact

same covariates therefore are the fastest, most stringent and least powered method. Ma-

halanobis distance scheme finds the closest matched controls using covariates covariance

matrix. The propensity score matching matches individuals based on their probability of

being diagnosed with the neuropsychiatric disease of interest. Propensity score matching

analysis generates the most number of significant results and its results are reported here.
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2.4.2 Results and Discussion

Here we report the significant patterns of neuropsychiatric patients’ comorbidity in major

biological systems.

Figure 2.11: Cardiovascular diseases odds ratios of Neuropsychiatric patients
versus Control.

Cardiovascular Diseases Comparing to control patients, neuropsychiatric patients in

general have higher odds ratios for cardiovascular diseases (as high as ten-fold increase).

Interestingly, Long QT syndrome odds are increased in several neuropsychiatric diseases

patients. However, there exists a significant negative correlation between Varicose Veins and
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Autism.

Positive correlations highlights:

• Degenerative Dementia and Alzheimers → Long QT Syndrome possibly mediated by

drug side effects [321]

• Eating disorder → Chronic Venous Hypertension

• Speech & Language ← Cerebrovascular Diseases

• Speech & Language ←→ Pulmonary Heart Disease. This association may be caused

by a common factor, dysphagia [271]

• Schizophrenia, Unspecific Neuropsychiatric Disorder ←→ Hypotension, Pulmonary

Embolism and Infarction [76, 168, 279]

Negative correlations highlights:

• Autism ←→ Varicose Veins

Central Nervous system Strong positive correlations between diagnosis of neuropsy-

chiatric diseases and central nervous system diseases. We did not observe any negative

correlations. Degenerative Dementia and Intellectual disability are the two neuropsychiatric

diseases that are highly positive correlated with CNS diseases.

Positive correlations highlights(over 150 fold increase):

• General dementia ← Specified Childhood Cerebral Degeneration

• Unspecified Childhood Psychosis ←→ Specified Childhood Cerebral Degeneration

• Intellectual disability← Specified Childhood Cerebral Degeneration, Unspecified Child-

hood Cerebral Degeneration
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Figure 2.12: Central Nervous system diseases odds ratios of Neuropsychiatric
patients versus Control.

• Intellectual disability←→ Epilepsy, Cerebral Lipidoses, Ataxia, Spinal Muscular At-

ropy, Leukodystropy, General Paralysis. These associations are likely caused by epistatic

Mendelian factors [110, 313].

• Degenerative Dementia ←→ Parkinsons, General Cerebral Degeneration, Brain dam-

age, Cerebral Cysts, Motor neuron Disease

Developmental system Both strong postive correlaitons and strong negative correlation

were presented in the developmental system diseases of neuropsychiatric patients. For exam-

ple, Migraine, Bipolar, Substance abuse patients have a significant lower change(as low as
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Figure 2.13: Developmental diseases odds ratios of Neuropsychiatric patients
versus Control.

0.23) to be a Downs syndrome patient. On the other hand, several developmental diseases

are positive correlated with intellectual disability, possibly mediated by Downs syndrome

and other chromosomal disorders.

Positive correlations highlights(over 150 fold):

• Non-specific Chromosonal/autosomal abnormality → intellectual disability Fragile X

syndrome, Velo-Cardio-Facial syndrome → Learning disorders

Negative correlations highlights:
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• Downs syndrome, Balanced Translocation ←→ Substance abuse(0.23)

• Downs syndrome → Migraine and Bipolar

Figure 2.14: Digestive diseases odds ratios of Neuropsychiatric patients versus
Control.

Digestive system Neuropsychiatric patients have a relatively low positive correlations

with digestive system diseases

Positive correlations highlights:

• Autism, Intellectual Disability ←→ Hirschsprungs. These associations could be medi-

ated by Down syndrome [84]
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Figure 2.15: Endocrine diseases odds ratios of Neuropsychiatric patients versus
Control.

Endocrine system In general, Neuropsychiatric diseases have very moderate positive

correlations with endocrine system diseases with the exception of Androgen Insensitivity

Bartters syndrome and Dwarfism.

Positive correlations highlights:

• Androgen Insensitivity → Sleep disorder and Bipolar disorder, possibly caused by

epistatic effects of Mendelian genetic factors.
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Figure 2.16: Hematologic diseases odds ratios of Neuropsychiatric patients ver-
sus Control.

Hematologic system For Hematologic diseases, there are low positive correlations with a

few negative correlations The main positive correlations is from Unspecified Neuropsychiatric

disorder, it may have something to do with code 306.4 Gastrointestinal malfunction arising

from mental factors.

Positive correlations highlights:

• Unspecific Neuropsychiatric disorder← Hereditary thrombotic thrombocytopenic pur-

pura (TTP), Pancytopenia, Anemias, and Acquired Coagulation Defect
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• Degenerative Dementia ← Anemias

Figure 2.17: Hepatic diseases odds ratios of Neuropsychiatric patients versus
Control.

Hepatic system Although smaller number of Hepatic diseases are correlated with neu-

ropsychiatric disorders, several interesting cases of the correlations can be found.

Positive correlations highlights:

• Childhood Disintegrative disorder ←→ Non-specific Liver disease

• Eating disorder → Chronic Liver Disease [191]
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Figure 2.18: Immunological diseases odds ratios of Neuropsychiatric patients
versus Control.

Immunological system In general, there are relative strong positive correlations between

Immunological diseases and neuropsychiatric diseases. while no negative correlation was

observed. Most Immunological diseases are correlated with Intellectual Disability and Speech

and Language Disorders

Positive correlations highlights

• Unspecific Childhood Psychoses←→Secondary Diabetes Mellitus
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• Childhood Disintegrative Disorder, Learning disorder ← Digeorges Syndrome [58]

• OCD ← Autoimmune Lymphoproliferative Syndrome(Mendelian)

• Speech and Language Disorder ←→ Myasthenia Gravis

• Intellectual Disability←→ IgM Immunodeficiency, most likely mediated by Down syn-

drome

• Autism, Childhood Disintegrative Disorder, OCD ←→ Hyper IgM Immunodeficiency

(X-linked recessive)

• Speech and Language Disorder←→ Autoimmune Polyglandular Disorder, Cyclic Neu-

tropenia

• Unspecific Neuropsychiatric disorder, Psychogenic & Somatoform disorder ← Familial

Mediterranean Fever(Mendelian)

Infectious Diseases Not surprisingly Prion disease have several significant correlations

with neuro-degenerative diseases (Alzheimer disease, dementias). However, in general the

positive odds ratios of infectious diseases in neuropsychiatric patients are relatively small.

Degenerative Dementia and Unspecific Neuropsychiatric disorder have several positive cor-

relations with other infectious diseases.

Positive correlations highlights

• Alzheimer’s disease, General Dementia, Unspecified Neuropsychiatric disorders← Prion

• Degenerative Dementia ← Encephalitis, E. coli Infection, Meningitis, HIV

• Unspecific Neuropsychiatric disorder ← Staph Infection, CNS Infection, Septicemia,

Viral Hep C, Connetive Tissue Infection, Carditis, Peritonitis and Retroperitoneal

Infection
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Figure 2.19: Infectious diseases odds ratios of Neuropsychiatric patients versus
Control.

Metabolic system Some of the positive correlations between Metabolic diseases and neu-

ropsychiatric diseases are as high as 50 fold, most of them are with Intellectual disability,

likely mediated by the epstatic effects of Down syndrome

Positive correlations highlights

• Intellectual Disability ←→ Urea Cycle Metabolism, Mitochondrial Metabolism, Lyso-

somal Storage, Primary Carnitine Deficiency, Fatty Acid Oxidation, Iron Metabolism,

Branched Chain AminoA Metabolism

• Childhood Disintegrative Disorder ←→ Non-Specific Metabolic Disorder
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Figure 2.20: Metabolic diseases odds ratios of Neuropsychiatric patients versus
Control.

• Eating Disorder → Malnutrition, Localized Adiposity

• Speech & Language, Unspec Neuropsychiatric ←→ Mucopolysaccharidosis

• Autism ←→ Homocystinuria, Vitamin Deficiency

• Speech Language ←→ Peroxisomal Disorders, Alpha-1-Antitrypsin Deficiency

• Intellectual Disability ←→ Galactosemia

• Learning Disorder ←→ Glycogenosis

• Intellectual Disability, Speech & Language ← Purine Pyrimidine Metabolic
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Figure 2.21: Musculoskeletal diseases odds ratios of Neuropsychiatric patients
versus Control.

Musculoskeletal Mostly low odds ratios increase for neuropsychiatric patients, with a

few exceptions, Myotonic Muscular Dystrophy and Other Inherited Myotonias are highly

correlated with Cataplexy and Narcolepsy.

Positive correlations highlights

• Cataplexy and Narcolepsy ← Myotonic Muscular Dystrophy, Ehlers Danlos

Neoplastic Process Neoplastic diseases have the largest number of inverse comobidity,

meaning two diseases are negative correlated. Some of these negative correlations are well

documented in literature while several are newly discovered.
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Figure 2.22: Neoplastic Process diseases odds ratios of Neuropsychiatric patients
versus Control.

Positive correlations highlights

• Intellectual Disability ←→ Tuberous Sclerosis

• Autism ←→ Ruvalcaba-Myhre, Intestinal Cancer

• Mood disorder ←→ MENIIA

• Speech and Language ←→ Colorectal Cancer

Negative Highlights
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• Speech and Language, Autism ←→ Cervical Cancer

• Alzheimer, General Dementia, Degenerative Dementia ←→ Benign Colon Neoplasm

• Alzheimer, Schizophrenia ←→ Benign Breast Neoplasm, Benign Uterine Neoplasm,

Non-Melanoma Skin Cancer, Benign Skin Neoplasm [135]

• ADHD ←→ Stomach Cancer, Colorectal Cancer, Lung Cancer, Secondary Malignant

Neoplasm,Ovarian Cancer

Figure 2.23: Ophthalmological diseases odds ratios of Neuropsychiatric patients
versus Control.

Ophthalmological Among the relatively low positive correlations between Ophthalmo-

logical diseases and neuropsychiatric diseases are a few high positive correlations, with over
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50 fold increase of odds ratio for Visual Pathway Cortex Disorder in Intellectual Disability

patients

Positive correlations highlights:

• Intellectual Disability ←→ Visual Pathway Cortex Disorder, Hypotony of the Eye,

Optic Neuritis Neuropathy

• Autism← Primary Hereditary Retinal Dystrophy, Secondary Hereditary Retinal Dys-

trophy

• Cataplexy and Narcolopsy ←→ Optic Chiasm Disorder

Figure 2.24: Respiratory diseases odds ratios of Neuropsychiatric patients versus
Control.
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Respiratory System Previous literature has found several correlations between Cystic

Fibrosis and neuropsychiatric diseases. Our analysis confirmed these findings while uncover

several novel positive correlations between respiratory disorders and neuropsychiatric disor-

ders. Positive correlations highlights:

• Cataplexy & Narcolepsy, Childhood Disintegrative Disorder,Eating Disorder←→ Sleep

Apnea

• Substance Abuse → Emphysema COPD

• Schizophrenia, Unspec Neuropsychiatric Disorder,Intellectual Disability ←→ Alveolar

Disease

• Eating Disorder ← Cystic Fibrosis [231, 233]

• Intellectual Disability ← Cystic Fibrosis, likely caused by malnutrition [155]

Urinary System Several moderate positive correlations (more than 10 fold) stand out

among relative few and low correlations between urinary system diseases and neuropsychi-

atric diseases.

Positive correlations highlights:

• Speech and Language ← Renal Glycosuria(Mendelian)

• Psychogeneic and Somatoform Disorder ← Medullary Cystic Kidney(Mendelian)

• Schizophrenia, Unspecific Neuropsychiatric Disorder←→ Acute Renal Failure, Chronic

Kidney Disease [290, 129]

• Eating Disorder ←→ Polycystic Kidney(Mendelian)
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Figure 2.25: Urinary diseases odds ratios of Neuropsychiatric patients versus
Control.
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2.4.3 Methods

Data Sources

We used the Truven Health Analytics MarketScan R© Commercial Claims and Encounters

Database. It spans the years 2003 to 2013. It consists of approved commercial health

insurance claims for between 17.5 and 45.2 million people annually, with linkage across

years, yielding a total of approximately 115 million patient records. This national database

contains information contributed by well over 100 insurance carriers and large self-insuring

companies. With respect to this dataset, we scanned approximately 4.6 billion inpatient

and outpatient service claims and identified almost 6 billion diagnosis codes. After removing

duplicates, almost 1.3 billion diagnosis codes were found to be associated with over 99.1

million individuals, yielding approximately 12.89 unique diagnostic codes per individual.

Case Control Matching

Rubin Causal Model In randomized experiments individuals are randomly assigned to

treatment or control group to ensure balance of the covariates between the two groups. In

nonexperimental studies, unadjusted results would suffer from confounding by indication

that would be difficult to address since the number of variables that might differ between

cases and controls is large. To address these concerns, this study employed a matched co-

hort design based on the Rubin causal model. A key assumption in applying this model

to nonexperimental studies is that of a strongly ignorable treatment; treatment assign-

ment (T ) is independent of the potential outcomes(Y (0), Y (1)) given the covariates(X):

T ⊥(Y (0),Y (1))|X. In general, matching typically proceeds by including an unexposed in-

dividual with the same covariate level (or patterns of covariates) for each exposed individual

with a given covariate level.

To formalize, using notation similar to that in [241], we consider two populations, Pt and

Pc, where the subsubscript t refers to a group exposed to the treatment and c refers to a
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group exposed to the control. Covariate data on p pre-treatment covariates is available on

random samples of sizes Nt and Nc from Pt and Pc. The means and variance covariance

matrix of the p covariates in group i are given by µi and Σi , respectively (i = t , c). For

individual j , the p covariates are denoted by xj , treatment assignment by Tj (Tj = 0 or

1), and the observed outcome by Yj . Without loss of generality, we assume Nt < Nc.

Covariates and Variables The clinical record database was first parsed, then each patient

is characterized by five covariates for the case-control matching and considered all diagnostic

variables for comparison.

To control for age related effects, we used age reported in the database as the first

covariate. This usually indicates the year a patient enters the database. Gender is used as

the second covariate. To control for geographic confounding factors, we used the county a

patient first reported in the database as a covariate.

We manually curated a dictionary of diseases and their corresponding ICD9 codes. Each

disease variable is composed of a set of ICD9 terms. For example, the variable “Autism” is

composed of three different ICD9 concepts, “299.0: Infantile autism, residual state”, “ 299.00:

Autistic disorder” and “299.01: Infantile autism, current or active state”. Each disease was

categorized based on its general affected system, applicable gender, and inheritance. In

our matching scheme, we selected all neuropsychiatric diseases as “treatment” variables.

For each neuropsychiatric disease, all other diagnosed diseases in a patient were considered

“outcome” variables. The list of diseases and concepts defining the diseases used in this

study was manually curated.

Distance Calculations To measure the similarity between two indiviudals. There are

three primary ways to define the distance Dijbetween individuas i and j for matching.

1. Exact:

Dij =

 0, if xi = xj ,

∞, if xi 6= xj .
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One of the strictest ways of eliminating confounding effects is to find controls that have

the exact same covariates as cases. To construct such control group, we selected patients

free of the neuropsychiatric disease and had perfect matches for all covariates. We matched

cases and controls using three different exact match schemes: one to one , one to five and

one to all available nearest neighbor matching.

2. Mahalanobis:

Dij = (xi − xj)′Σ−1(xi − xj).

Here we chose to focus on the average effect of the treatment on the treated (ATT), where

Σ is the variance covariance matrix of X in the full control group. We matched cases and

controls using the one to five nearest neighbor matching schemes.

3. Propensity score:

Dij = |ei − ej |,

where ek is the propensity score for individual k, defined as the conditional probability of

assignment to a particular treatment given a vector of observed covariates. The probability

of being in the treatment:

ei = Pr(Ti = 1|xi)

To model the propensity score we use logistic regression model, we let

ln
Pr(Ti = 1|xi)

1− Pr(Ti = 1|xi)
= βTxi = β0 + β1 × Ci + β2 ×Gi + β3 × Ai.

while the parameter β = (β0, ..., βp) is a (p + 1) × 1 vector of regression coefficients. And

Ci, Gi, and Ai are the county, gender, and age covariates.

Matches Diagnostics One of the most common numerical balance diagnostics is the

“standardized bias”, difference in means of each covariate, divided by the standard deviation

73



in the full treated group:

d =
| Xt −Xc |

σt
.

The second diagnostics we used is standardized difference defined as:

d =
| Xt −Xc |√

s2t+s
2
c

2

.

The third diagnostics is the ratio of the variances for each covariate. Based on [242] the

absolute standardized differences of means should be less than 0.25 and the variance ratios

should be between 0.5 and 2. In addition, a standard difference that is less than 0.1 has been

taken to indicate a negligible difference in the mean or prevalence of a covariate between

treatment groups [207].

Statistical Tests

After matching the case and control groups, we constructed contingency tables for all possi-

ble neuropsychiatric-by-all disease pairs. Using these contingency tables, we then computed

the following statistics for each pair: the odds ratio of the disease co-morbidity with neu-

ropsychiatric diseases of interest, the conditional maximum likelihood estimate of the disease

co-morbidity odds ratio (with 95% confidence interval), and the p-value for a null model in

which the two diseases occur independently of one another. We considered an association

significant if it passed the Benjamini—-Hochberg correction [22, 23]with a very conservative

FDR threshold of 0.1%:

FDRr = min
i≥r

piN

i
≤ 0.1%

where r is the rank of a disease ordered by increasing p-values, pi is the p-value for disease

with rank i, and N is the total number of diseases tested.
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2.5 Pre-existing type 2 immune activation protects against the

development of sepsis

2.5.1 Main

Sepsis is a clinical syndrome of life-threatening organ dysfunction caused by a dysregulated

host immune response to infection[261]. This response typically involves overwhelming type

1/Th1 or type 17/Th17 immune-mediated inflammation to promote pathogen clearance[222].

However, these inflammatory responses also mediate the organ dysfunction characteristic

of sepsis, causing significant tissue damage that the body must repair[125, 91]. Little is

known about counter-regulatory reparative responses during sepsis, although an overly ro-

bust anti-inflammatory response may contribute to sepsis-associated death[124]. Given the

importance of immune responses in acute sepsis pathophysiology, we speculated that the

immune responses associated with pre-existing comorbidities would impact the development

of sepsis during acute infection. Using the Truven MarketScan private insurance claims

database of over 150M people, we identified 73,587 patients with sepsis based on Interna-

tional Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes

for sepsis (995.91) or severe sepsis (995.92). We matched 5:1 non-septic patients to septic

patients by age, gender, location and number of comorbid diagnoses, and then determined

the prevalence of various immune-mediated diseases in both groups. Odds ratios for having

specific comorbid immune diseases were calculated, and significance was determined after ac-

counting for multiple testing comparisons. Interestingly, septic patients were more likely to

have a number of immune-mediated diseases, including vasculitis, ulcerative colitis, multiple

sclerosis, type 1 diabetes, and (among females) lupus erythematosus (Table 2.8). However,

to our surprise, diseases associated with an overactive type 2/Th2 immune response, such

as asthma, allergic rhinitis, atopic dermatitis, and food allergy, were markedly and signifi-

cantly underrepresented among septic patients. This remarkable discovery suggested to us

that these diseases protect patients from becoming septic. To determine the biological plau-
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sibility of this hypothesis, we first induced pulmonary type 2 inflammation in two mouse

models of allergic asthma. Innate type 2 immune responses were induced by 3 days of intra-

tracheal IL-33 administration, which causes airway hyperreactivity, eosinophilia, and goblet

cell hyperplasia independent of the adaptive immune system. Separately, adaptive T cell-

dependent type 2 airway inflammation was induced by intratracheal house dust mite (HDM)

sensitization and challenge[210, 311]. Mice with or without pulmonary type 2 inflammation

were then systemically infected with Staphylococcus aureus (S. aureus), which causes lethal

sepsis and is commonly isolated from blood cultures of septic patients[209, 320]. Greater

than 50% of control mice receiving intratracheal phosphate-buffered saline (PBS) prior to

infection with S. aureus died by day 3, with 85% dead by day 5 (Figure 2.26). However,

pre-treatment with IL-33 to induce innate type 2 inflammation significantly protected mice

from mortality, with 50% of mice still alive by day 7. More dramatically, HDM sensitization

and challenge to induce adaptive Th2 responses prior to infection robustly protected against

S. aureus-induced mortality, with 75% of mice still alive by day 7. Thus, the presence of

pre-existing type 2-biased immune response protected mice from becoming septic and dying,

thereby confirming our hypothesis generated from the insurance claims analysis. Our “big

data” analysis allowed us to infer a novel disease mechanism with significant implications

for our understanding of sepsis pathophysiology. Our confirmation of this mechanism using

two different mouse models establishes a new paradigm for translational sepsis research in

which analysis of patterns in administrative data generates hypotheses to be tested using

reductionist mouse approaches. Our findings demonstrate that an individual’s immune sta-

tus prior to infection has a significant impact on their risk for the development of sepsis

and may also impact their disease course and outcomes. During sepsis, activation of type

1 or type 17 inflammatory responses leads to the robust production of pro-inflammatory

cytokines like IL-6, TNF-α, IFN-γ, and IL-17A2. The “cytokine storm” of this response

mediates cardinal features of septic inflammation, including phagocyte recruitment to the

site of infection, pathogen elimination, and inadvertent host tissue destruction. In addition,
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these same type 1/type 17 pathways are aberrantly activated in the immune diseases that

we found confer an increased risk of a diagnosis of sepsis, supporting the importance of pre-

existing immune diseases on the risk for sepsis[305, 55]. The surprising finding that type 2

diseases were underrepresented in our septic patients suggests a protective effect on sepsis

development and/or outcomes. Type 2 immune responses can antagonize pro-inflammatory

type 1 and 17 responses and are often considered anti-inflammatory and tissue reparative[91].

For instance, in our mouse models, we induced innate type 2 responses via activation of pul-

monary type 2 innate lymphoid cells (ILC2s), and induced adaptive type 2 responses via

HDM sensitization/challenge to activate Th2 lymphocytes; both ILC2s and Th2s in the

lung produce amphiregulin, an epithelial growth factor that restores tissue integrity follow-

ing injury associated with inflammation[322]. Understanding the role of innate and adaptive

type 2 responses prior to and during septic inflammation will inform the development of im-

proved risk-prediction algorithms and reveal novel therapeutic targets. Indeed, therapeutic

helminth infection in mice to activate type 2 responses may improve the outcomes of bacte-

rial sepsis, and conversely, the explosion of anti-type 2 therapies may have the unintended

consequence of potentiating sepsis morbidity and mortality in asthma patients[111, 132].

We did not adjust for medication use and disease control in our analysis, however, nearly

all of the diseases listed in Table 1 are treated with local or systemic immunosuppression,

thereby reducing the significance of this as a confounder. The pathophysiology of many of

the listed immune-mediated diseases is not fully understood, and there are well-documented

limitations in using administrative billing data for identification of patients with a specific

disease[48]. Our mouse models were neither subjected to immunosuppressive or antimicro-

bial medications, nor do they have the genetic and comorbid illness heterogeneity observed

in humans. Nevertheless, the clustering of only type 2 diseases as protective in the claims

dataset and the robust protection noted in the mouse models indicates mechanistic speci-

ficity. In summary, we combined analysis of large-scale administrative data with analysis

of mouse models to reveal a novel, unappreciated immunologic disease mechanism in sepsis.
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Consideration of baseline immunologic bias as manifested by comorbid illnesses may pre-

dict hospital course and outcomes among acutely infected patients, and modulating type 2

responses could conceivably improve those outcomes, a possibility that remains to be tested.
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Table 2.8: Odds of immune-mediated diseases among septic and non-septic patients.a diseases considered type
2-mediated. P value (mtc) refers to the multiple test comparison corrected p value, with significant at p¡0.05 and “ns” = not
significant

Septic Not septic Odds ratio (CI) P value

(mtc)

Males, total n (%) 36,594 (100) 182,970 (100)

Sjogren’s syndrome 42 (0.11) 460 (0.25) 0.456 (0.410 – 0.557) 1.70E-04

aFood allergy 187 (0.5) 1,942 (1.1) 0.479 (0.410 – 0.557) 1.48E-22

aAllergic rhinitis 4,046 (11.1) 37,244 (20.4) 0.486 (0.470 – 0.528) 5.18E-296

Graves disease 131 (0.4) 976 (0.5) 0.670 (0.553 – 0.804) 0.016

aAsthma 4,027 (11.0) 28,027 (15.3) 0.684 (0.660 – 0.708) 2.73E-103

aAtopic and contact der-

matitis

5,316 (14.5) 34,115 (18.7) 0.742 (0.719 – 0.765) 6.86E-78

Celiac disease 104 (0.3) 694 (0.4) 0.749 (0.603 – 0.921) ns

Sarcoidosis 253 (0.7) 1,408 (0.8) 0.898 (0.781 – 1.028) ns

Dermatomyositis and

polymyositis

114 (0.3) 585 (0.3) 0.974 (0.790 – 1.193) ns

Lupus erythematosus 296 (0.8) 1,457 (0.8) 1.016 (0.893 – 1.152) ns

Myasthenia gravis 84 (0.2) 410 (0.2) 1.024 (0.800 – 1.300) ns

Continued on next page
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Table 2.8 – continued from previous page

Septic Not septic Odds ratio (CI) P value

(mtc)

Type 1 diabetes mellitus 5,604 (15.3) 22,490 (12.3) 1.290 (1.250 – 1.332) 2.22E-50

Vasculitis 597 (1.6) 2,222 (1.2) 1.349 (1.230 – 1.478) 8.51E-07

Ulcerative colitis 934 (2.6) 3,317 (1.8) 1.419 (1.317 – 1.527) 4.63E-16

Multiple sclerosis, other de-

myelinating diseases

601 (1.6) 1,808 (1.0) 1.673 (1.522 – 1.837) 1.12E-21

Kawasaki disease 30 (0.08) 54 (0.03) 2.780 (1.717 – 4.422) 0.044

Females, total n (%) 36,993 (100) 184,965 (100)

aAllergic rhinitis 5,698 (15.4) 54,005 (29.2) 0.442 (0.429 – 0.455) 7.99E-269

aFood allergy 281 (0.8) 2,741 (1.5) 0.509 (0.448 – 0.576) 3.01E-28

Sjogren’s syndrome 363 (1.0) 2,958 (1.6) 0.610 (0.545 – 0.681) 1.44E-17

Graves disease 357 (1.0) 2723 (1.5) 0.652 (0.582 – 0.729) 4.70E-12

Celiac disease 186 (0.5) 1,378 (0.8) 0.673 (0.574 – 0.786) 2.75E-04

aAtopic and contact der-

matitis

6,729 (18.2) 45,297 (24.5) 0.686 (0.666 – 0.705) 1.73E-153

Continued on next page
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Table 2.8 – continued from previous page

Septic Not septic Odds ratio (CI) P value

(mtc)

aAsthma 6,484 (17.5) 42,386 (22.9) 0.715 (0.694 – 0.736) 1.29E-116

Sarcoidosis 429 (1.2) 2,155 (1.2) 0.995 (0.895 – 1.105) ns

Myasthenia gravis 116 (0.3) 555 (0.3) 1.045 (0.848 – 1.279) ns

Systemic lupus erythemato-

sus

1,515 (4.1) 6,286 (3.4) 1.214 (1.146 – 1.286) 1.47E-07

Dermatomyositis and

polymyositis

214 (0.6) 839 (0.5) 1.277 (1.093 – 1.486) ns

Vasculitis 926 (2.5) 3230 (1.7) 1.445 (1.340 – 1.556) 9.35E-18

Multiple sclerosis,other de-

myelinating diseases

1,163 (3.1) 3,959 (2.1) 1.484 (1.388 – 1.586) 5.57E-26

Ulcerative colitis 1,140 (3.1) 3,802 (2.1) 1.515 (1.415 – 1.621) 3.74E-28

Type 1 diabetes mellitus 5,184 (14.0) 15,927 (8.6) 1.730 (1.672 – 1.789) 8.87E-205

Kawasaki disease 25 (0.07) 31 (0.02) 4.034 (2.283 – 7.061) 1.61E-03
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Figure 2.26: Pre-existing type 2 immune responses protect against S. aureus
mediated mortality in mice. C57BL/6 mice were administered intratracheal IL-33 or
HDM prior to being intravenously infected with a lethal dose of S. aureus USA 300. Controls
received PBS. Shown are 2 pooled experiments for each group, with a total of 12-13 mice
per group. PBS vs IL-33 *p=0.01; PBS vs HDM **p=0.001

2.5.2 Methods

The Truven Marketscan Claims and Encounters database contains US insurance claims

data, including International Classification of Diseases, Ninth Revision, Clinical Modifica-

tion (ICD-9-CM) codes for inpatient and outpatient encounters, as well as other patient-level

data including age, gender, and location, over the time period 2003-2013. We performed a

case-control analysis of the Marketscan database as follows: all patients having either of 2

diagnostic ICD-9-CM codes for sepsis or severe sepsis (995.91 or 995.92, respectively) were

identified as cases; controls were then matched to the cases in a ratio of 5:1 on age, geographic

location, gender, and number of comorbid diagnoses (as a surrogate for patient complexity).
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Both groups were analyzed for the presence of various comorbid immunologic diagnoses (as

follows) occurring at any point during the time period covered in the database, in either

inpatient or outpatient encounters:

Allergic rhinitis: 477, 477.0, 477.2, 477.8, 477.9

Asthma: 493, 493.0, 493.00, 493.01, 493.02, 493.1, 493.10, 493.11, 493.12, 493.2, 493.20,

493.21, 493.22, 493.8, 493.81, 493.82, 493.9, 493.90, 493.91, 493.92

Atopic and contact dermatitis: 373.32, 691, 691.8, 692, 692.0, 692.1, 692.2, 692.3, 692.4,

692.6, 692.8, 692.81, 692.83, 692.84, 692.89, 692.9, 693, 693.0, 693.8, 693.9, 708, 708.0, 708.1,

708.2, 708.3, 708.4, 708.5, 708.8, 708.9

Celiac disease: 579

Dermatomyositis and polymyositis: 710.3, 710.4

Food allergy: 477.1, 558.3, 692.5, 693.1

Graves disease: 242.0, 242.00, 242.01

Kawasaki disease: 446.1

Lupus erythematosus: 373.34, 695.4, 710.0

Multiple sclerosis, other demyelinating diseases: 340, 341.0, 341.1, 341.9

Myasthenia gravis: 358.0. 358.00, 358.01

Sarcoidosis: 135

Sjogren’s syndrome: 710.2

Type 1 diabetes mellitus: 250.03, 250.01, 250.11, 250.13, 250.21, 250.23, 250.31, 250.33,

250.41,

250.43, 250.51, 250.53, 250.61, 250.63, 250.71, 250.73, 250.81, 250.83, 250.91, 250.93

Ulcerative colitis: 556, 556.0, 556.1, 556.2, 556.3, 556.4, 556.5, 556.6, 556.8, 556.9

Vasculitis: 446, 446.0, 446.2, 446.20, 446.21, 446.29, 446.3, 446.4, 446.5, 446.6, 446.7, 447.6

While the choice of immune-mediated diseases was arbitrary, a number of immunologic dis-

eases were specifically excluded from the results because they were either congenic (and

therefore present throughout the life of the patient) or have a poorly understood patho-
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physiology. Documentation of a comorbid immune-mediated disease need not have occurred

simultaneously with the diagnosis of sepsis; rather, patients were considered to have a co-

morbid immunologic disease if they had ever had such a diagnosis during the time period

captured in the Marketscan database. Once the prevalence of these comorbid immune condi-

tions was determined, the odds ratios were calculated between septic and non-septic groups

and compared using Fisher’s Exact Test. P-values for significant associations were adjusted

for multiple test comparisons (mtc) using the Benjamini-Hochberg correction with a false dis-

covery rate threshold of 0.1%, with the resultant P-value mtc ¡0.05 considered significant[21].

Data are expressed both as absolute numbers and as percentages of the total in parenthe-

sis. Odds ratios are expressed with their confidence intervals, determined prior to multiple

test correction. To conduct animal studies, C57BL/6 mice were purchased from Jackson

Laboratories and maintained in house. Only female mice 6 to 7 weeks old weighing 14-17 g

were used. All animal procedures and protocols were approved by the University of Chicago

Animal Resources Center. The studies conformed to the principles set forth by the Ani-

mal Welfare Act and the National Institutes of Health guidelines for the care and use of

animals in biomedical research. To induce an innate type 2 pulmonary response, 100 ng of

recombinant murine IL-33 (eBioscience) or PBS control was intratracheally administered to

anesthetized mice for 3 days. On day 4, mice were infected with 5x107 CFU of S. aureus

USA300 LAC/100 µl via retro-orbital injection as previously described[229]. To induce an

adaptive type 2 pulmonary response, mice were intratracheally sensitized with 100 µg of

HDM (Greer Laboratories) or PBS control on day 0 and challenged with 25 µg HDM on

days 7, 8, 9 and 107. Flow cytometry analysis of lungs from select mice confirmed the induc-

tion of type 2 pulmonary immune responses[299]. On day 14 mice were infected with 5x107

S. aureus as above. For both experiments, mice were euthanized when they reached 70%

starting weight according to protocol or on day 7. Statistical analysis was performed using

GraphPad Prism 6. Survival curves were analyzed using the Log-rank test. Significance was

determined at p<0.05.
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CHAPTER 3

QUANTIFYING GENETIC AND ENVIRONMENTAL

CONTRIBUTIONS ACROSS MULTIPLE DISEASES

3.1 Introduction

Disease classifications (nosologies) are used ubiquitously in academic medicine, human ge-

netics, the health industry, and economics. Much like any library’s content catalogue, disease

taxonomies strive to group together similar entities for ease of access and analysis. Initially,

many of these groupings were largely arbitrary—often guided by topographical, anatomical,

or even cultural similarities.[295, 148]

Historically, changes in these groupings have reflected a progression towards etiologic,

common-cause disease classifications.

The evolution of nosologies has closely paralleled the evolution of methods designed for

reconstruction of the universal tree of life. Approaches to species classifications were initially

subjective, heuristic,[70, 57, 300, 283, 6] and made without any hint of the common-origin

interpretation, utilizing only a small subset of all visible morphological features of any given

organism. These early phylogenetic methods were followed by the use of maximum parsimony

methods, explicitly minimizing the number of differences between proximal taxonomy leaves.

Most recent arrivals to phylogenetics are statistical tree-making methods,[79] which infer

taxonomies from very large datasets using explicit stochastic models of diverging organism

traits during speciation.

In this study, we synthesized a synergy of the analytical methods developed for phylo-

genetic analysis with those established in dissecting the heritable and environmental com-

ponents of human disease. The main premise of our analysis was that etiological disease

taxonomy can and should be constructed using the explicit and objective genetic and envi-

ronmental correlations between diseases.[278] Such a classification would maximize genetic

and/or environmental disease similarities that have clustered together and would generate
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the closest yet approximation to the common-cause nosology.

Our study used a dataset summarizing health information for more than one-third of

the U.S. population, including more than 40 million families. The most informative subset

of these, 481,657 unique individuals grouped into 128,989 families, was chosen for in-depth

genetic analysis. In this study, we focused on estimating heritability, and environmental

and genetic correlations between common diseases that were unambiguously encoded in the

insurance claims. Doing so, we were unable to analyze quantitative traits, which are not

represented in insurance claims.

A trait’s narrow-sense heritability is defined as the ratio of its additive genetic variance[81,

317] to its total phenotypic variance see [181], p. 170. The environment-related counterpart

to narrow-sense heritability is, consequently, the ratio of the environment-related variance

(shared by siblings, parents, or the entire family) to the total disease-specific phenotypic

variance. The environment-related variance portion of this ratio can be called preventabil-

ity because it indicates the putative efficacy of interventions via changing environmental

conditions.

3.2 Results

3.2.1 Data

Our dataset was generated by subsampling from a very large collection of families repre-

sented in a compilation of insurance claims from Truven MarketScan. By definition, the

dataset included only information about insured families, and therefore it is slightly biased

towards more affluent urban populations, see Figure 3.1A. The largest families, as well as the

majority of all families, were urban, see Figures 3.1A and B, with the overall urban popula-

tion share slightly higher than 80.7% reported by US Census.[96] It is therefore unlikely that

our heritability and genetic correlation estimates were affected by the sampling of families

from rural areas, where average relatedness of individuals in the same county is potentially
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higher than the country average.

The need to focus on a subset of families out of the total 40 million families was two-

pronged. First, computational tractability demanded that we significantly restrict the sam-

ple: the bivariate analysis of common diseases can become impractical if the sample is too

large. Second, in insurance claim, the data of parents and children are linked for a limited

time, typically until children leave their parental insurance policy before age of 30, see Figure

3.1C. Therefore, we focused on a set of 128,989 families where both parents and children

were “visible” for the longest time interval. No individual in the data was “visible” for more

than 10-years.
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Figure 3.1: Information on study population, results of model selection, and
analysis of heritability of 149 diseases.
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Figure 3.1 Continued (A) Distribution of study population across population density

septile; septile 1 corresponds to the most rural counties and septile 7 corresponds to the most

urban counties. (B) Number of children in a family as a function of population density septile;

septile notations are the same as in the (A). (C) Bar plot of parent/child age distribution

in families described in our dataset. (D) Results of model selection, using univariate models

GF, GS, GCF, GCSF, GC, and GCS, where G stands for additive genetics, F for common

family environment, S for common sibling environment, and C for environment common for

parental couple; plot shows frequency of corresponding model becoming the “best” (rank

1) as compared by DIC, second best (rank 2), and so on; clearly, the GCS model wins

in the majority of cases. (E) Disease heritability estimates with one standard deviation;

diseases, heritability for which appears to be measured for the first time are marked with

asterisk; heritability values are sorted in decreasing order; color of the bar indicates biological

system associated with the disease, see key in the upper right corner of the plate; keys

to disease acronyms are given in the Supplement Table A.1 and A.1. (F) Estimates of

disease heritability values against estimates of disease prevalence; the linear correlation is

significantly negative, Pearson’s r = –0.212 (95% CI [–0.36 –0.05]), and p = 0.00915. (G)

Comparison of our estimates of heritability with the previously published estimates; see

Supplement Table A.6 for detailed numbers; as expected, the estimates are highly correlated,

but not identical, Pearson’s r = 0.571, CI (0.380, 0.715), p = 6.90 10-7. Some of the

differences are due to variation in the breadth of definition of a disease, for example, our

definition of atopic contact dermatitis (DERM) is much broader than the disease definition

in the comparison study.

3.2.2 Model selection

We started our analysis with a systematic comparison of those mathematical models most

likely to describe the structure of phenotypic variance of the families in our dataset (see

Figure 3.1D; DIC stands for Deviance Information Criterion commonly used in Bayesian
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model selection [95]). The best model included shared couple (parents) environment, shared

sibling environment, and additive genetics (GCS model in the Figure 3.1D). The second-

best model dropped the shared-sibling environment component, S, see Figure 3.1D. We

then used the GCS and GC models (whichever fit data best) to estimate heritability and

preventability for 149 common diseases, see Figure 3.1E and Supplementary Figure A.1.

(Disease abbreviations are spelled out in Supplementary Table A.1.)

3.2.3 Estimates of heritability

We estimated the narrow-sense heritability for 149 of the most common diseases present in

the insurance claim dataset, Figure 3.1E. To the best of our knowledge, these estimates were

obtained for the majority of diseases for the first time in our study: 84 out of 149 estimates

(56 percent) are new. These putative first-time estimates are marked with asterisks in Figure

3.1E (see details in the Supplementary Table A.1).

Our heritability estimates spanned a wide range of values, from 0.924 (autism) to 0.038

(lipoma). Reasoning from a theoretical equation that links disease prevalence to its relative

risk in siblings and its heritability,15 there would be an expectation that, on average, diseases

with higher heritability would be more prevalent than those with lower heritability. On the

other hand, rarer diseases could be, on average, more homogeneous with respect to both

genetic and non-genetic etiologies than more common diseases, which might preclude seeing

a clear relationship. In reality, the apparent correlation between our estimates for heritability

and disease prevalence turned out to be significantly negative (Figure 3.1F): The estimated

linear regression slope was – 1.20 (se = 0.455, p = 0.00915), with Pearson’s r = –0.212 (95%

CI [–0.36 –0.05]), and p = 0.00915.

Out of the 65 diseases with previously published heritability estimates in our disease set,

52 of our estimates agreed with the published estimates within 95 percent CI (see Figure

3.1G). The published and new estimates were highly correlated (r = 0.571, CI (0.379, 0.715),

p = 6.902 10-7, linear slope 0.4975, se = 0.0902, p = 6.90 10-7). Furthermore, the error bars
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for the new heritability estimates (Figure 3.1G) are predominantly much narrower than those

published. The mean values of our heritability estimates are, on average, slightly lower than

previously published values, as can be seen by comparing the dotted regression line (slope

= 0.5) with the blue line (slope = 1) in Figure 3.1G. Various possible sources of this trend

have been enumerated in the Discussion.

According to common genetics wisdom, diseases with early onset tend to have higher

heritability. This assumption was tested by using heritability and onset estimates of our

149 chosen diseases (see Supplemental Figures A.2 A and B). The correlation between the

age of onset and disease heritability appears negative for a subset of diseases, including

those currently categorized as neuropsychiatric, neoplastic, metabolic, ophthalmologic, and

central nervous system diseases. For diseases with strong immune system component, such

as autoimmune and infectious diseases, the estimated correlation between heritability and

disease onset was positive (see Supplementary Figure A.2B). When combined, the heritability

estimates for all diseases, contrary to the common wisdom, showed no linear correlation with

age of disease onset.

Our analysis also provided estimates of the environmental counterparts of heritability:

unique-environment, common-couple, and common-sibling preventability (see Supplemental

Figure A.1A, B, and C). The common-couple preventability estimates range from 0 (autism)

to 0.46 (photo dermatitis); the corresponding common-sibling estimates tend to be smaller,

but can be as large as 0.29 (sepsis). The estimates for unique-environment preventabil-

ity tended to be the largest: in our dataset, estimates ranged from 0.03 (eye infection) to

0.842 (diseases associated with damages to rectum and anus). For example, the largest

preventability estimate for migraine is for unique environment (0.534), followed by common-

couple (0.11), and negligible common-sibling preventability. Similarly, for sleep disorders,

preventability estimates were 0.269, 0.22, and 0.15 for unique, couple and sibling preventabil-

ity, respectively.
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Figure 3.2: Genetic and environmental correlations between diseases.
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Figure 3.2 Continued (A) Matrix of pairwise genetic correlations (upper half) and corre-

sponding environmental interactions (lower half of the matrix) colored by sign and magnitude

(see legend) The disease color labels indicate biological systems associated with a particu-

lar disease; the size of the squares indicates statistical significance of the correlation, see

key on the right. Cells with asterisks indicate pairwise interactions that remained signif-

icant at a false discovery rate of 1 percent.[] The color boxes within the matrix indicate

opposite-sign correlation values for the same pair of diseases. Posterior probabilities of two

correlation values (genetic and environmental) for the same pair of diseases having the same

sign were 1.869 ×10−14 (ADHD and benign skin neoplasm), 3.376 ×10−14 (ADHD and

non-melanoma skin cancer), 4.523 ×10−9 (adjustment disorder and general hypertension),

8.715 ×10−4 (migraine and type 1 diabetes mellitus), 9.251 ×10−5 (benign skin neoplasm

and type 1 diabetes mellitus), 6.401 ×10−33 (benign skin neoplasm and general hyperten-

sion), 3.712 ×10−17 (non-melanoma skin cancer and general hypertension), 3.933 ×10−4

(allergic rhinitis and type 1 diabetes mellitus). (B) Distribution of (Genetic correlation -

Environmental correlation) values for the same pair of diseases. (C) Individual distributions

of genetic and environmental correlations superimposed on the same plot. (D) Comparison

of our family-based estimates of genetic correlations between diseases compared to previ-

ously published GWAS-based values, the complete data on values and references is provided

in the Supplement Table A.5. Linear fit with a slope of 1.08 (SE=0.167) is indicated by the

dotted line.

3.2.4 Genetic and environmental correlations

Our analysis of pairwise disease correlations focused on 29 diseases, of which all pairs were

well-represented in both the children and parents of our dataset (see Supplemental Table

A.1). We estimated genetic and environmental correlations across all pairs of these 29 dis-

eases (Figure 3.2A-D, Supplemental Table A.4).[107] The majority of correlation values in

our analysis differed significantly from zero (the null hypothesis r = 0) at a 1 percent false
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discovery rate[21]. On average, genetic correlations between diseases tended to be stronger

than their corresponding environmental correlations (see Figures 3.2B and C). However,

for the majority of neuropsychiatric disease pairs, the environmental correlations are nearly

as strong as the genetic correlations. In some cases, such as for the substance abuse and

schizophrenia disease pair, the environmental correlation is stronger than the genetic corre-

lation, and nearly equal for other disease pairs, such as schizophrenia and bipolar disorder.

This observation is consistent with an earlier finding of nearly equal amounts of shared

genetic and environmental effects between schizophrenia and bipolar disorder.[169]

Figure 3.2C indicates that the environmental correlation distribution has a longer positive

tail than the more symmetric genetic correlation distribution. Genetic and environmental

correlations for the same disease pair were themselves positively correlated, and genetic

correlations were also positively correlated with phenotypic correlations (see Supplemental

Figures A.3A and B).

In a few cases, direction of correlation was reversed between genetic and environmental

components, indicated with color rectangles in Figure 3.2A; the corresponding Bayesian

posterior probabilities for significance of sign difference are shown in the figure legend. These

cases were particularly unexpected, as they indicate hypothetical scenarios where genetic

and environmental factors act antagonistically in determining a phenotypic path bifurcated

between two apparently unrelated diseases.

On average, family-based estimates of genetic correlations obtained in our study have

much narrower error bars (with a few exceptions) than earlier genome-wide association

study (GWAS) estimates, mostly due to the very large sample size of our dataset. It is

quite remarkable that genetic correlations obtained by two different methods agree so well.

GWAS genetic correlations and family study genetic correlations estimate different quan-

tities: family studies estimate the correlation of the total genetic variation (both rare and

common), while genetic correlations, estimated using single-nucleotide variants (SNPs), are

based on genotyped and imputed common SNPs, which are only a subset of the total genetic
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variation. Essentially, our data suggest that family-based estimates of genetic correlations

reflect predominantly common variants.

The absolute values of genetic correlations are high for several common conditions across

all the diseases that we analyzed (for example, asthma, allergic rhinitis, osteoarthritis, and

dermatitis). This result is surprising as it suggests that the most prevalent complex diseases

share a considerable amount of predisposing variation, even across apparently dissimilar dis-

eases. Human genetic variation associated with common diseases appears highly pleotropic.

In order to get a baseline of the expectedness (or unexpectedness) of observed patterns in

genetic and environmental correlations, we used the International Classification of Diseases

version 9 (ICD-9) (see Supplemental Figure A.4, left). Based on the ICD9 taxonomy, genetic

and environmental correlations for migraine are surprising. As migraine is clearly associated

with the central nervous system, one would expect that its etiology is most similar to those

of other neuropsychiatric conditions. For example, “Mental disorders,” codes 290-319 in

ICD9 taxonomy, have a sister group of “Diseases of central nervous system and sensory

organs,” codes 320-389, containing both migraine and eye inflammation. However, in our

analysis of its genetic and environmental correlations, migraine is not similar to other nervous

system diseases. Rather, it is much closer to immune system diseases, such as irritable

bowel syndrome (IBS) in the genetic correlation space, and to cystitis/urethritis in the

environmental correlation space. These findings suggest that migraine is associated with

general, not nervous-system specific, inflammatory processes and can possibly be mitigated

with some of the treatments that have been developed for inflammatory diseases.

Inferring nosologies from correlations: A logically consistent way to examine all simi-

larities between disease pairs simultaneously is to transform the genetic and environmental

correlations shown in Figure 3.2A into distances, and then infer objective genetic and en-

vironmental disease classifications from those distances. We chose to use the simplest (1 –

correlation) distance transformation. The distance-matrix method that we used[247] for this

purpose is designed to identify the classification topology that approximates the distance-
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matrix the closest, so that the length of the shortest path connecting two classification leaves

closely approximates distance in the input matrix. This method is not dependent on the

assumption that all expected distances between leaves and root are equal. By repeatedly

sampling distances from their posterior distribution, one can each time compute a tree from

the resampled distances, counting the percentage of times each disease grouping occurs in the

resampled trees 20-22 (see Figure 3.3A and B). The distances between diseases in a classifi-

cation is meaningful. For example, two diseases connected with shorter branches are more

tightly correlated and more similar genetically or/and environmentally than two diseases

connected with very long branches. When a disease group is associ,ated with a reliability

number of 100, it means that this particular disease partition was replicated in all trees. In

other words, the bootstrap-like numbers [66, 79, 67] indicate the statistical reliability of the

classification.

In this analysis, the bootstrap-like measures identified a number of remarkably stable

disease clusters present in both genetic and environmental trees (Figure 3.3, clusters 1-6).

We used the ICD9 disease taxonomy (Supplemental Figure A.4, left) as a baseline to iden-

tify disease groupings that are expected (based on ICD9 classification), and those that are

unexpected (defiant of ICD9 classification, but statistically significant), see Figure 3.3A and

B, green and yellow highlights, respectively. Many of the stable disease groups (with high

bootstrap-like numbers) lie within the traditional view of disease similarity. However, many

stable clusters defy the currently established nosology. For example, type 1 diabetes groups

with general hypertension (support 96 and 100 in the environmental and genetic classifica-

tions, respectively)—these two diseases are not typically thought to be closely related (see

Supplemental Figure A.4). Migraine in both inferred environmental and genetic classifi-

cations appears to be genetically similar to inflammatory diseases, such as irritable bowel

syndrome (IBS).[101] In the ICD9 taxonomy, however, migraine is placed together with eye

inflammation, in the cluster of diseases of the central nervous system and sensory organs.

In our study’s genetic tree, eye inflammation is far away from migraine, but is grouped with
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dermatitis. In the environmental classification, migraine is the closest to inflammations as-

sociated with the infections cystitis and urethritis; eye inflammation is weakly grouped with

the cluster of migraine-cystitis/urethritis. This suggests that migraine etiology is closely as-

sociated with immune system function and the established disease taxonomy needs revision.

Neuropsychiatric diseases stayed in the same stable cluster in both taxonomies in Figure3.3.[36]

However, within the cluster, disease groupings varied considerably. In our genetic classi-

fication, depression was significantly grouped with anxiety. This is in contrast to ICD9

taxonomy, which places depression together with mood and bipolar disorders. In our envi-

ronmental classification, schizophrenia is significantly closer to bipolar and mood disorders

than to depression, again contrary to ICD9.

As expected, a classification computed from complete phenotypic correlations represents

a compromise between genetic-only and environmental-only classifications (see Supplemental

Figure A.4, right).

3.3 Discussion

We conducted a very large-scale, family-based, phenotypic-variance analysis of numerous

complex diseases. Methodologically, our work is indebted to work of Lichtenstein et al. [169]

and Xia et al. [318] in considering genetic data for nosology inference[169] and careful model

selection.[318] It has been long suspected that complex diseases have numerous predisposing

factors, both in the genetic and environmental realms. For the first time, we were able to

compare the contribution of both environmental and genetic determinants to the phenotypic

variances and covariances of a broad range of diseases, and transform these covariances into

estimates of disease classifications.

Our study contributes to a series of influential, interlinked probes into complex disease

heritability and cross-disease genetic correlations.[254, 35, 56, 52, 175] For example, Munoz

et al. 2016 [198] studied 12 complex human diseases using 502,682 participants and the

family histories of disease in 1.5 million individuals. As our dataset provides rich phenotypic
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information on a very large population we were able to analyze heritability and preventability

of a collection of diseases (149) an order of magnitude larger than what was previously

done, using data for comparable number of individuals. Furthermore, the statistical power

associated with this broad and complex sample provided a new opportunity to contrast

genetic correlation estimates from family data with estimates that have been made using

DNA variants. Confirming previous findings,[175, 298] we observed a near-linear relationship

between common SNP- and family-based genetic correlations with a proportionality constant

of 1.150 (se = 0.035, p ¡ 2 ×10−16) between total liability and genetic correlations. With

an over one-fold increase in pairwise estimates and a much smaller standard error, our

ratio estimate is within the confidence intervals of published results.[175, 298] These results

suggest that the largest part of genetic correlation between complex diseases is associated

with common variants captured by SNP genotyping.

As is true for most observational studies, there are several possible sources of biases. Fam-

ily studies based on closely-related individuals may inflate narrow-sense heritability estimates

due to unaccounted for effects of shared environment, maternal influences, or epistatic in-

teractions of genetic variants. [171, 328] In agreement with previous findings regarding the

significance of shared environmental effects, [318, 198, 323] our study provided first-time or

updated heritability estimates for 149 diseases. On average, our heritability estimates were

lower than those reported by twin/family studies by a factor of 0.90. Thus, we conclude

that SNP-based heritability estimates explain, on average, 49 percent of our family-based

heritability estimates, a 13 percent increase from previous estimates. As articulated by Zuk

et al., [328] one of the major sources of bias in estimates of heritability is associated with

the choice of mathematical model, as the narrow-sense heritability, by definition, does not

account for potential deviations from genetic additive model. The insurance data describes,

at best, 54.7 to 69.7 percent of the U.S. population, depending on age group,[38] so a con-

siderable lower-income stratum of U.S. society is not represented in this dataset. Data from

insurance claims does not include ethnicity and race; therefore, we were unable to explicitly
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adjust for these confounders. The other contribution to the estimate bias can be attributed

to assortative mating, as the US population is stratified by ethnicity, income, and geography,

with all of these factors contributing to assortative marriages.

While ethnicity is not recorded in the US insurance claims, it can be imputed. For

example, according to the US Centers for Disease Control and Prevention,[212] sickle cell

disease (SCD) affects, on average, one out of every 365 African Americans; the incidence rate

of SCD is about 88 times lower in the rest of the Americans. The incident rate for SCD in our

database is 2.85523 10-4 vs 3.23891 10-4 in the nation on average. Given that the US African

American population is 12.2 percent of the total [96, 293], African American patients appear

to be represented in our data at 10.6 percent (about 13 percent lower than the average over

the US). Given the very large sample size, the ethnic diversity of our dataset should be a

reasonable representation of the multiethnic composition of the US insured population.

When computed solely from genetic information, “genetic correlation is immune to en-

vironmental confounding but is subject to genetic confounding.” [35] In the case of family-

based analyses, environmental confounding is an issue researchers might address with an

appropriate mathematical model of genetic and environmental factors working in consort.

Unfortunately, the appropriate model is unknown and, therefore, interpretation of results is

conditional on the assumptions of a rather simple, additive-genetic and additive-environment

model—a model that is used, in most studies, for lack of a better (experimentally-grounded)

alternative. Another conceivable caveat is related to possible biases in the sampling of

affected individuals. [35] Finally, our results reflect the medical coding of disease in the

healthcare system rather than research-quality disease diagnoses. Extensive study of the

correspondence in results of genetic association studies conducted with research diagnoses

and those conducted using diagnoses from electronic health records have demonstrated good

concordance for large association studies. [63]

Our results indirectly indicate that environmental patterns cooperate with genetic factors

in triggering complex diseases in non-transparent combinatorial ways: environmental triggers
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for genetically similar complex disorders are not necessarily similar, and vice versa. This

observation raises very interesting and medically relevant questions such as “What is the

correct nosology?” and “Should we classify conditions by the cause of the disease?” It is

quite likely that, for complex diseases, the actual disease-predisposing factors are numerous,

heterogeneous, and, possibly, combinatorial. Should we define myriad different diseases for

every possible permutation of genetic and environmental determinants? The current practice

of classifying diseases by the superficial similarity of their clinical signs is clearly suboptimal.

Lichtenstein et al.’s[169] study discussed the difficulties and ambiguities associated with

changing uncertain diagnoses (“patients with one diagnosis sometimes evolve into the other

diagnosis”), and, to a large extent, their discussion and hedging apply here. Type 1 and

type 2 diabetes are excellent examples of this challenge. While type 1 diabetes leads to

high blood glucose levels because of autoimmune destruction of the insulin-secreting beta-

cells in the pancreas, and type 2 diabetes arises from complex metabolic dysregulation of

insulin secretion, and the insensitivity of peripheral tissues to the action of insulin, the two

are commonly conflated in electronic health records, even for the same patient. This is

in part because their corresponding ICD9 codes are very close to one other, (250.01 and

250.02 for type 1 and 2, respectively), and in part because physicians often lack the data

used in research studies to aid in making this distinction: some type 2 diabetic patients are

inevitably classified as type 1 diabetics and, possibly, vice versa. This disclaimer regarding

diagnostic uncertainty also applies to phenotypes with overlapping clinical signs, such as

schizophrenia, schizoaffective and bipolar disorders, and depression, or benign and malignant

skin cancers, but does not apply to diseases from radically different biological systems, such

as schizophrenia and skin cancer.
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3.4 Methods

3.4.1 Data

Our study used data from the 2003-2011 Truven Health MarketScan Commercial Claims and

Encounters Database, which comprised 115,805,687 individuals and 56,003,690 policies. We

defined a family as a group of individuals on a single insurance policy. In each family, we as-

sumed primary and secondary beneficiaries were parents and other dependents were children.

We grouped ICD9 diagnostic codes into 568 categories based on their clinical manifestations.

We then selected 29 complex diseases of four biological systems (neuropsychiatric, immune,

oncological, and cardiovascular) for bivariate analysis and 149 diseases of 20 biological sys-

tems for univariate analysis based on disease prevalence (Supplementary Table A.1) with

standard error calculated as:

SE =

√
p(1− p)(1− f)

n

where n is the total individuals and p is the prevalence and f is the fraction of the total US

population sampled [293]. We calculated the phenotypes for each relational pair (parent-

offspring, siblings, couple) and selected diseases with at least 30 data points per disease

state and relational category. We calculated the age of onset for each disease as the five

percent age percentile of all patients with a given disease in the database. To maximize the

probability of correct genetic relatedness, we selected families with parents and dependents

having at least 15 years’ age difference. In addition, we set the minimum enrollment time to

six years, ran our analysis using 128,989 nuclear families with the fullest medical history in

our database, and with children aged 16 and above. The resulting 481,657 individuals had

been enrolled in the database for an average of 6.5 years.
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3.4.2 Statistical analysis

We used a multivariate, generalized, linear mixed model with a probit link,[154] i.e., the

probability for an individual to have a disease is measured by an underlying Gaussian latent

variable (liability ) [73, 74]. This model [265] allows for inference of four kinds of factors

influencing disease liability variation: genetic effects associated with pedigree, environmental

effects shared by couples, environmental effects shared by siblings, environmental effects

shared within families, and unique environmental effects.

The outcome vector y = {y1,y2} is a vector of case(y = 1) or control(y = 0) status

for each disease on the observed scale. Let liability ` = Φ(y)−1, where Φ the Cumulative

Distribution Function (CDF) of the standard normal distribution, and

` = Xβ + a + c + s + f + e

where β is the vector for fixed effects of age and gender, a is the vector of random additive

genetic effects based on pedigree, c is the vector of environment effects shared by a couple, s

is the vector of environment effects shared by siblings, f is the vector of environment effects

shared by a family, and e is the vector of unshared unique effects. [265] We followed the

naming convention used in [318].

The underlying binary traits’ liability (co)variance structure [265] is: The (co)variance

structure of the liability underlying binary traits is

var(`) =G⊗A + Rc ⊗ Ic + Rs ⊗ Is + Rf ⊗ If + Re ⊗ In

and A is the additive genetic relationship matrix, Ic is the couple environment matrix, Is is

the sibling environment matrix,If is the family environment matrix, If is an identity matrix,

G is the additive genetic (co)variance, Rc is the couple environment (co)variance, Rs is

the sibling environment (co)variance, Rf is the family environment (co)variance, and Re
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is the unique environment (co)variance. Furthermore, individual covariance matrices are

parametrized as

G =

 σ2a,1 σa,12

σa,12 σ2a,2

 ,Rc =

 σ2c,1 σc,12

σc,12 σ2c,2

 ,

Rs =

 σ2s,1 σs,12

σs,12 σ2s,2

 ,Rf =

 σ2f,1 σf,12

σf,12 σ2f,2

 ,Re =

 σ2e,1 σe,12

σe,12 σ2e,2


The narrow-sense heritability, couple environmental effects, sibling environmental effects,

family environmental effects, and unique environmental effects for disease j are defined on

the liability scale in the following way;

h2j =
Va,j
VP,j

, e2c,j =
Vc,j
VP,j

, e2s,j =
Vs,j
VP,j

, e2f,j =
Vf,j
VP,j

, e2u,j =
Vu,j
VP,j

,

The genetic correlation coefficient (rg) and environmental correlation coefficient (re) were

calculated as

rg =
σa,ij
σa,iσa,j

, rg =
σc,ij + σs,ij + σf,ij + σe,ij√

σ2c,ij + σ2s,ij + σ2f,ij + σ2e,ij

√
σ2c,ij + σ2s,ij + σ2f,ij + σ2e,ij

.

Due to the binary nature of our phenotypic data [97], we estimated variance components us-

ing Bayesian methods with the MCMCglmm package.[107] We used a chi-squared prior with

one degree of freedom for the univariate analysis[59] and Half-Cauchy prior for the bivariate

analyses.[94] For the univariate analyses, we ran a burn-in period of 150,000 to 330,000 itera-

tions depending on convergence, and sampled 600,000 iterations with 500 thinning intervals.

For bivariate analyses, we ran a burn-in period of 30,000 to 44,000 iterations, and sampled

120,000 iterations. We checked model convergence using both standard MCMC diagnostic
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tests[93, 116, 225] and visual comparison after the burn-in period. We reported parameter

estimations with posterior means, posterior standard deviations, and 95 percent confidence

intervals (CI). The posterior distributions represent the distributions of true parameters,

given the data and the priors. Posterior probabilities for sign differences between same

disease genetic and environmental correlations were calculated assuming a bivariate nor-

mal posterior distribution. We corrected for multiple testing using the Benjamini-Hochberg

method [21] and deemed a correlation significant if it passed the false discovery rate of

one percent. We also constructed neighbor-joining trees based on a distance definition of

1-correlation for the correlation matrices[247]. We performed 10,000 simulations for each

tree by sampling from the correlation posterior distributions. We calculated a bootstrap-like

measure indicating the percentage of simulations that replicated the disease partition.

3.4.3 Model selection

We conducted two rounds of model selection to find the most appropriate genetic and en-

vironmental models for both univariate and bivariate analysis using deviance information

criteria (DIC). [267] The full model ‘GCSF’, as well as five simpler models, were selected

based on 29 diseases involved in both univariate and bivariate analyses. We then conducted

a second run of model selection between the top two models on all 149 diseases. Due to the

high computational cost of bivariate analysis, we based our bivariate model on univariate

model selections and chose ‘GCS’ model for the bivariate analysis.

3.4.4 Pedigree error

Quantitative genetic estimations, such as those for heritability and genetic correlations, rely

on the accuracy of the pedigree information. Intuitively, we expect a downward bias in both

heritability and genetic covariances due to pedigree errors. Indeed, simulation and popu-

lation studies have shown that heritability estimates were underestimated, albeit slightly;

pedigrees with 20 percent errors led to five percent underestimation of heritability estimates.
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[24, 41] Genetic correlation estimates were influenced even less by mis-assigned relations:

Both [196] and [24] found no biases caused by pedigree errors in genetic correlation estima-

tions using both simulated and real data. Stepchildren and adopted children We collected US

Census data on children by household types.[156, 291] The 2010 US Census surveyed a large

population and reported data for children of differing age groups, shown in Supplementary

Table A.7. Supplementary Table A.8 is based on US Current Population Survey data from

2007 to 20011 for children under age 18. This data showed that the percentages of children

living with both biological parents were consistent with percentages from US Census data.

Pedigree simulation Following the simulation model from [41], we performed 100 simulations

on 5000 nuclear families with 2.4 percent adoptive children and 6.2 percent stepchildren[156]

and estimated parameters with the true pedigrees versus mis-assigned pedigrees. We used a

stochastic simulation model to generate pedigrees of two generations, with varying heritabil-

ity estimates (0.03-0.97) and genetic correlations (0.13-0.85). The parents are assumed to be

unrelated and unselected individuals. We simulated two binary traits, following the model

y = I(l > 0),= µ + Za + e where y is the matrix containing individual phenotypes at both

traits, is the underlying liability, l contains the population means for liability, a is a matrix

of additive genetic effects, and e is a matrix of residual errors. Z represents an incidence

matrix of the individual effects a has upon liabilities in . All models were solved using the

MCMCglmm. Indeed, we also found a mean underestimation of 5.6 (SE=0.56) percent for

heritability and no evidence of biases for estimations of either genetic (t-test p=0.8784) or

environmental correlations (t-test p=0.9948). We then calculated and reported heritability

estimates adjusted for the underestimation.

3.4.5 Heritability comparison

We compared our heritability estimates with results from other independent studies. We

collected reference family heritability estimates from 65 out of the 149 traits we studied. We

also collected 31 GWAS heritability estimates from literature. Most of the data is collected
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through other sources; the comparisons are listed in Supplementary Table A.3 and A.6.

3.4.6 GWAS and family-based genetic correlations

We compared our genetic correlation estimates with estimates using GWAS data on common

pairs of traits. First, we collected genetic correlations from literature. [7, 35, 52, 175] Next,

we compared those genetic correlation estimates we found in common. To maximize this

comparison, we broadened the collection of traits to include non-rheumatic heart disease as

a proxy for cardiovascular diseases [175] , and type I diabetes as a proxy for fasting glucose,

see [224] for justification of this choice. The resulting 30 genetic correlation pairs (Supple-

mentary Table A.5) showed a correlation of 0.769, 95 percent CI (0.571-0.883) between our

estimates and GWAS results, along with a linear fit with a proportionality constant of 0.108

(SE=0.167), indicating consistency between the two methods.

3.4.7 Heritability, disease prevalence, and sibling relative risk

To approximate heritability estimates from disease prevalence and sibling relative risks, we

used the following equations adopted from [316]:

h2L =
2[T − T1

√
1− (T 2 − T 2

1 )(1− T/i)]

i+ T 1
1 (i− T )

where K is disease prevalence, , T = Φ−1(1−K) , T1 = Φ−1(1−λsK) and Φ is the standard

normal CDF, is the sibling relative risk, i = z/K, and z is the height of the standard normal

curve. This model assumes only additive genetics and unique environmental effects and

represents the heritability on the liability scale.
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CHAPTER 4

ANNOTATING TEXTUAL CORPUS FOR DIGITAL

PHENOTYPING

4.1 Introduction

Background Natural language processing and text mining are essential for extracting

information from biomedical literature, scientific research articles, and clinical text. The

development and evaluation of such tools are limited by the availability of carefully an-

notated biomedical corpora. Particularly, information extraction tasks such as named en-

tity recognition and relation (event) extraction depend heavily on manually-annotated cor-

pora. Although several corpora have been developed for specialized biomedical domains

[64, 282, 149, 5], there is still a need for a corpus that can bridge biological, general sci-

entific, environmental, and clinical scientific sub-languages. We aimed to fill this gap by

developing both a specialized ontology and a carefully curated corpus.

Semantic ambiguity Semantic ambiguity is pervasive in biomedical prose. When seman-

tic meanings of a word or phrase are clearly separated (as of bank in the East bank of Danube

versus the Deutsche Bank), an automated sense disambiguation can be implemented using

machine learning tools. Unfortunately, alternative meanings are not always clearly separated

in biomedical texts. The problem is not that a phrase can refer to several distinct entities in

the real world in different contexts, but that the scientist who wrote a given article may not

have bothered to separate competing close meanings in her mind. For example, in molecular

biology and genetics, in some contexts, a named entity may refer to a gene or a protein

nearly with equal probability, as in “a mutant hemoglobin α2” can refer to either a gene

or a protein. If the author meant gene-or-protein A and we force an annotator to choose

either interpretation gene A or protein A, the resulting annotation would be of limited utility

because the choice between gene and protein in this case is random. Ideally, a specialized
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ontology of text entities would allow an annotator to choose the proper level of granularity

of annotation (gene-or-protein, in our example) and minimize the need for forced, random

decisions.

Objective We have constructed a new ontology specifically for annotating text entities,

trying to minimize unwarranted arbitrary assignments of semantic labels by annotators.

Using this ontology, we annotated a large biomedical corpus to enable a broad spectrum

of natural language processing and biomedical machine learning tasks. Our corpus differs

from previous efforts in several significant aspects. The Named Entity Recognition Ontology

(NERO) and our annotated corpus aim to encompass all entity types that might occur in

biomedical literature. In addition to Named Entities, the ontology captures events repre-

senting a spectrum of relationships between biomedical concepts.

4.2 Results

In total, we annotated 35,865 sentences. These sentences encapsulated 190,679 Named En-

tities. The frequencies of all diverse entity types in our corpus are show in Figure 4.1.

By Frequency The most frequent entity type was GeneOrProtein accounting for 14.7%

of all Named Entities in the corpus (Figure 4.1). The second most populous category was

Process with 9.0% tagged. Process has six sub-concepts and almost half of Process instances

(49.7%) were annotated as more specific sub-concepts; the BiologicalProcess and the Molec-

ularProcess were the 5th and 7th most frequent entity types (Figure 4.1). The frequencies of

Entity type frequencies decrease rapidly, with the least frequent types in our corpus being

Journal, Unit and Citation, see Figure 4.1.

Our ontology (Figure 4.2) and annotations were designed to capture named entities as-
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Figure 4.1: Frequencies of annotated Named Entities in our corpus.
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sociated with research activities and facilities; these types of entities can be important for

encoding methods used in scientific experiments or patient treatment. Semantic classes of

ResearchActivity and MedicalProcedures turned out to be the 9th and the 10th most frequent,

respectively. Other top concepts related to research included Measurement, IntellectualProd-

ucts, PublishedSourceOfInformation, Facility, and MentalProcess.

We tried fitting the rank-ordered frequency distribution of annotated Named Entities

with a Discrete Generalized Beta Distribution (DGBD), see Figure 4.3. The result showed

a deviation from the Zipf’s law [327]: The tail of the observed distribution was not heavy

enough to match Zipf’s distribution, most likely due to relatively small number of classes in

our ontology.[159] In other words, we expect that frequencies of semantic classes in a very

large corpus annotated with classes from a hypothetical perfect Named Entity Ontology

would follow a Zipfean (discrete Pareto) distribution of named entity classes.

By Branches In the NERO ontology, under the NamedEntity cluster (Figure 4.2), in

addition to the almost two dozen more sparsely used branches (such as ExperimentalFac-

tor and GeographicalLocation), there are three branches heavily represented in our corpus:

AnatomicalPart, Chemical, and Process. Slightly more than half (51.6%) of all entities are

from these three classes, with 26.6% of all entities originating from Process alone.

Ambiguity levels varied broadly across Named Entities captured in our corpus. For exam-

ple, in class AnatomicalPart, almost all (99.3%) were annotated at the most specific levels,

with the majority of entities belonging to BodyPart, CellularComponent, and Cell. In con-

trast, the general (most vague) concept, Chemical, turned out to be the most annotated

within its cluster, although more specific subclasses, such as Protein, NucleicAcid and Drug

were also well represented in the corpus.
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Figure 4.2: Named Entity Recognition Ontology (NERO). The Ontology is repre-
sented with class names and icons, and annotation frequencies are shown in parentheses next
to each Named Entity class.
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In the Process concept cluster, about a third of all concept instances were annotated at

a more general Process level and the rest of them were specific concepts, such as Medical-

Procedure, MolecularProcess, ResearchActivity, and BiologicalProcess.

In addition to these major clusters of concepts, several individual concepts are well rep-

resented in the corpus. For example, MedicalFinding represents 7.3% of all entities. Other

well-represented concepts included Duration, IntellectualProduct, Measurement, Organism,

PersonGroup, PublishedSource OfInformation, and Quantity (Figure 4.1). In total, about

70.4% of all entities were annotated at the most specific ontology level (Figure 4.2).

There are five concepts in NERO ontology that allow semantic flexibility in order to

avoid arbitrary concept assignment. Entities annotated as AminaoAcidOrPeptide, Quan-

tityOrMeasurement, PublicationOrCitation MedicalProcedureOrDevice and GeneOrProtein

account for 17.8% of all entities. And less than a quarter (23%) of entities representing

either genes or proteins were cleanly annotated with class Gene or class Protein, the rest of

them were annotated with class GeneOrProtein.

Actions (Events) In addition to the 190,679 Named entities, we annotated 43,438 action

terms (events connecting two or more entities). The most annotated action term is bind,

accounting for 28.4% of all actions, Figure 4.4. When we normalize the action terms and

combine actions such as bind, binds, binding, the normalized action bind accounts for 31.8%

of all actions, as shown in Figure 4.4. In addition to the action bind, actions indicating

entities’ attributes are the next most frequent. Other biological relationships are also well

represented in this annotation, such as inhibit, activate, mediate, interact, contain, and reg-

ulate. The top 30 action categories accounted for 64.4% of all actions annotated with the

top 10 action categories accounting for 52.2%.
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Figure 4.3: Frequencies of Named Entity and Actions by Rank. (A) Named Entity
term frequencies, curve fitted with Discrete Generalized Beta Distribution (DGBD). (B)
Action term frequencies, curve-fitted with Zipf’s distribution.
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Interestingly, negations of actions were also quite abundant in our annotated corpus. For

example, do not bind was the 6th most frequent normalized action. Other well-represented

negations of actions include do not affect and do not inhibit (Figure 4.4). The rank-ordered

distribution of annotated Actions were fitted with a Zipf Distribution, shown in Figure 4.3.

The result showed no clear deviation from the Zipf’s law [327] as actions types are not

limited.

A B

Figure 4.4: Top 30 Actions in corpus (A) Without normalization (B) With Normaliza-
tion

4.2.1 Interannotator-Agreement Statistics

8,650 (24.1%) of the 35,865 sentences were annotated by multiple annotators. Table 4.1

illustrates that our annotators maintained consistently high inter-annotator agreement.
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Agreement Type IAA(%)
Named Entity Span Exact Match 86.49

Relaxed Match 93.66
Concept Assignment Exact Match 86.56

Parent Match 87.66
Superclass Match 86.72
Ambiguity Match 97.58

Table 4.1: Inter-annotator Agreement Statistics.

4.2.2 Named Entity detections: Classifier performance

We conducted two initial machine learning experiments. Using NERsuite, we conducted

10-fold cross-validation, dividing corpus into training and test subsets. The classification

results are presented in Table 4.2. The overall performance is moderate, with 54.9% preci-

sion, 37.3% recall and 43.4% F1. The best performance class is GeneOrProtein with baseline

results of 67.0% precision, 65.3% recall, and 66.2% F1 score.

We then trained an additional set of classifiers on our corpus data for the top 20 classes.

We randomly choose 90% of the sentences to be the training set, and the remaining 10% to

be the test set. Then we use this model to tag semantic entities in a fresh set of 141,822

PubMed articles. We obtained the following statistics (Table 4.3).

The resulting precision is fair (51% overall) while recall is lower (42% overall) with an

overall F1 score of 46%. The Precision is 68% (PersonGroup) on the high end and 23%

on the low end. Recall performance varied significantly, with 61%(GeneOrProtein) as the

highest and 9% as the lowest. Overall for F1 score, GeneOrProtein entities were associated

with the best performance of NER engine, 66.38%.
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Entity P R F1 # Papers contain entity
BiologicalProcess 0.37 0.29 0.32 135,589
BodyPart 0.64 0.51 0.57 115,614
Cell 0.62 0.53 0.57 110,843
Chemical 0.51 0.39 0.44 123,115
Disease 0.59 0.53 0.56 94,871
Drug 0.61 0.47 0.53 62,444
GeneOrProtein 0.64 0.61 0.62 126,881
Measurement 0.44 0.23 0.3 107,732
MedicalFinding 0.49 0.44 0.46 138,191
MedicalProcedure 0.57 0.51 0.54 122,666
MolecularProcess 0.39 0.27 0.31 128,828
NamedEntity 0.23 0.09 0.13 131,084
NucleicAcid 0.46 0.29 0.36 94,819
Organism 0.63 0.49 0.55 117,449
PersonGroup 0.68 0.66 0.67 128,380
Process 0.38 0.37 0.37 140,806
Protein 0.42 0.26 0.32 113,335
Quantity 0.38 0.33 0.36 136,014
QuantityOrMeasurement. 0.25 0.11 0.16 117,891
ResearchActivity 0.61 0.49 0.54 137,301
Totals 0.51 0.42 0.46 141,822

Table 4.3: Experimental results for NER evaluated for the top 20 annotated.
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4.3 Methods

4.3.1 Nero Ontology

The topic area of the Named Entity Recognition Ontology (NERO) is the lexical represen-

tation of entities, rather than the entities themselves. For example, we want vocabulary to

represent the set of protein names found in a text, rather than the protein that informa-

tion content represents. Thus, the main aim of NERO is to enable text annotators or text

annotation tools to mark up the a text’s lexical content as to the nature of that lexical entity.

For example, in the sentence:

Activation of NF-κB2 and RelB was found in 53.7 and 49.2 % of the 121 ER+

tumours analyzed, with similar levels to ER-breast tumours analysed in parallel

for comparisons. [237]

Here, NF-κB2 and RelB can be either a gene or protein.

In gene and protein naming conventions, italics is used for genes and mRNAs and normal

text is used for proteins. More specifically, human genes and proteins are all capitalized.

Mice and rat gene symbols have the first letter capitalized, while protein symbols are all

upper-case. In contrast, for flies, both gene and protein symbols can begin with an upper-

case letter. However, researchers do not follow these naming conventions strictly and often

use the same symbol to represent both a gene encoded for a protein and the protein itself.

An annotator, if forced to commit to either a gene or a protein, risks mis-annotating.

Enabling an annotator to commit less strongly by annotating these lexical entities as ‘gene

or protein named entity’ avoids such a risk, but still allows annotations to be made and
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queries posed and answered.

In NERO, we would like to cover all entity types that might occur in biomedical articles.

We start, however, with entities around molecules and their interactions within a cell, their

link to disease, and the machinery or tests used to investigate these entities.

Thus, the basic competencies for NERO are:

1. Provide vocabulary for annotating the entities covered in the scope outlined above.

2. Provide abstractions of the lexical items such that annotators can commit to an anno-

tation with an appropriate confidence level.

3. To include knowledge about which biological or domain entity a given text entity

represents.

NERO is authored in OWL DL using the protege 4 authoring environment.NERO may

be downloaded with a license. NERO is a simple ontology; it is not axiomatized highly;

it only requires a simple taxonomy to fulfill the competencies above. The main features of

NERO can be seen in Figure 4.2. We use a naming convention in which all class labels end

with the suffix ‘entity.’ Labels also capitalize the initial letter. NERO covers text entities

and hence DomainEntity–and all semantic ambiguous classes–sits around the NERO’s root.

The basic division thereafter is into TextEntity and AbstractEntity, where TextEntity fur-

ther split into NamedEntity, NamedEntityGroup, Relationship and Pronoun. The pronouns

amount to a set of commonly occurring English pronouns.
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After NamedEntity, the hierarchy essentially reflects that which may be seen in many

descriptions of biological entities, rather than in the lexical representation of those entities.

NERO differs in cases such as ‘GeneOrProtein’, which subsumes both Gene and Protein us-

ing the following axiom: EquivalentTo: ‘Gene’ or ‘Protein’. There are no biological entities

that are either a gene or a protein, but there are lexical entities that are either a gene or a

protein. NERO uses this pattern to express ambiguity between various text entities.

Classes in NERO represent information and not the actual biological entities that the

information describes. It is, therefore, straight-forward to link between the lexical or infor-

mation [informational? EG] entity and the biological entity through a relationship such as

‘is about’. So the NERO class Protein ‘is about’ some ‘protein’ in an ontology such as the

Protein Ontology([200]).

4.3.2 Annotation

Data Sources and Preperation The annotation on the corpus was performed by 10

Ph.D.-level annotators with deep experience in biomedical text annotation or biomedical re-

search. Each annotator was first trained on a practice set of 200-300 sentences before moving

on to the ‘production’ annotation stage. The entire corpus consists of 35,865 sentences from

8,080 MEDLINE-referenced articles or abstracts. The sentences are selected for annotators

randomly.

Annotation Guidelines The guidelines for annotation practice have been developed by

early annotators and further discussed and finalized. Any changes to the guidelines were

discussed thoroughly, and annotators were informed of those changes made in each version.

We aimed to annotate Named Entities relevant to biomedicine as represented in the NERO

Ontology. We intended to capture Named Entities at the most specific level on the ontological
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tree. See Appendix for the complete guidelines.

Annotation Process and Interface In order to facilitate the annotation process, we

developed a web-based annotation tool. First, annotators read the sentences. Below each

sentence is a group of Named Entity classes represented in graphic icons (Figure 4.5). An-

notators then assign a class for each relevant Named Entity by dragging the icon to the

Semantic class. To ensure the class consistency, the Semantic class can only be filled using

the icon; annotators are not able to enter the Named Entity class manually (it is greyed out).

The annotation tool also allows annotators to annotate modifiers for the Named Entities as

well. When two Named Entities interact, annotators were able to annotate the action terms.

After the initial annotation, a second annotator reviews the sentences and annotations.

Disagreements were discussed (and occasionally resolved) with a third annotator for any re-

maining discrepancies. To explain this process, we used the following sentence as an example:

Cyclosporin A (CsA) abrogated the binding of Sp1 and NFAT1 to the p21WAF1/CIP1

promoter in high Ca2+-treated NHK cells, restoring the binding of KLF16, as

assayed by a chromatin immunoprecipitation assay. [248]

The annotation results are shown in Figure 4.6

Inter-Annotator Agreement In order to assess the reliability of our annotations, a

portion of the corpus was assigned to multiple annotators. We evaluated the process for the

following annotation subtasks:

• Exact span matches, where two annotators identified exact the same Named Entity

text spans.

• Relaxed span matches, where Named Entity text spans from two annotators overlap.
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• Exact concept matches, where within agreed text span, annotators assigned exact same

concept class.

• Parent concept matches, where the concept class assigned by one annotator is the

parent class of the one by the other annotator.

• Superclass concept matches, where the two concept classes assigned belong to the same

superclass

• Ambiguity concept matches, where one annotator assigned a semantic ambiguous class

which includes the concept assigned by the other annotator.

Due to the difficulty in defining the size of negative annotations, instead of κ statistic, we

reported inter-annotator agreement(IAA) using positive specific agreement or F-measure

following the formula from [128].

4.3.3 Semantic Classes

AbstractConcept A named entity that can have many meanings. This class is a SUPER-

CLASS of other classes below. It can be used to define the boundaries of a named entity

when more detailed class assignment is difficult. All proper noun phrases that are not better

matched as one of the other classes are to be assigned an abstract concept. In those cases

where a phrase can be assigned to more than one class, the abstract concept is to be used

instead (e.g. Washington could be a person or a location, or Cell could be the name of the

Journal or refer to a biological cell – in both cases, AbstractConcept should be used.)

Time A period or time point. A calendar time description that includes the year, decade,

or century. Other phrases that describe a duration or time related concept are also in this

class.

• Polychlorinated biphenyls (PCBs) were measured in the air and water over the Hudson

River Estuary during six intensive field campaigns from December 1999 to April 2001.
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Figure 4.5: Web annotation tools

• The international skeletal society meeting, Budapest 2007: special scientific and radi-

ological focus program, tuesday, 9 october 2007.

• Alois Alzheimer (1864 – 1915) presented the first case of a patient with symptoms of

a disease that later would be called Alzheimer’s disease.

GeographicalLocation A proper name of a geographical location.

• Both poles of Mars are hidden beneath caps of layered ice.

• Polychlorinated biphenyls (PCBs) were measured in the air and water over the Hudson

River Estuary during six intensive field campaigns from December 1999 to April 2001.
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Figure 4.6: Web Annotation Result Example

• Hospitalizations of patients with acute rheumatic fever were significantly more common

in the Northeast and less common in the South.

• Nested geographic Thirty-eight patients with chronic heart failure, age 57+/-

2 years, New York Heart Association classification II-III, were assigned to either a

high intensity training group (n=15, age 53+/-2 years) exercised at 60% of sustained

maximal inspiratory pressure, or a low intensity training group (n=23, age 59+/-2

years), exercised at 15% of sustained maximal inspiratory pressure, three times per

week for 10 weeks.

UnproperNamedGeographicalLocation A geographical location that is not a proper

name.

• Patterns of bacterial diversity across a range of Antarctic terrestrial habitats.

• The net H(+) production associated with Al and Fe transformations was 252 and

1meqm(-2)yr(-1) (on the lake area basis), respectively, reflecting fluxes of ionic, organic,
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and particulate forms into and out of the lake and the pH gradient between the inlet

and outlet.

• Both poles of Mars are hidden beneath caps of layered ice.

• Effect of restricted suckling on milk yield, milk composition and udder health in cows

and behaviour and weight gain in calves, in dual-purpose cattle in the tropics.

PersonGroup A proper name of an association of individuals, including companies,

clubs, political organizations, government branches, or other entities, as well as groups by

character, of people that share certain characteristics such as profession, gender, nationality,

or disease.

• Thirty-eight patients with chronic heart failure, age 57+/-2 years, New York Heart

Association classification II-III, were assigned to either a high-intensity training group

(n=15, age 53+/-2 years) exercised at 60% of sustained maximal inspiratory pres-

sure, or a low-intensity training group (n=23, age 59+/-2 years), exercised at 15% of

sustained maximal inspiratory pressure, three times per week for 10 weeks.

• Residents of this valley are predominantly nonsmoking members of the Church of Jesus

Christ of Latter-day Saints (Mormons).

• Epigenomics and disease, tenth anniversary winter meeting of the UK Molecular Epi-

demiology Group (MEG), The Royal Statistical Society, London, UK, 8th December

2006.

• lawyers, physicians, journalists

• diabetics, hurricane victims

• Americans, Russians, Spaniards

• educated people, people of good will
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Person A proper name of an individual person.

• Arsenic speciation of two specimens of Napoleon’s hair.

• Ten registered Democrats and ten registered Republicans were scanned in an event-

related functional MRI paradigm while viewing pictures of the faces of George Bush,

John Kerry, and Ralph Nader during the 2004 United States presidential campaign.

• Alois Alzheimer (1864-1915) presented the first case of a patient with symptoms of a

disease that later would be called Alzheimer’s disease.

Organism An organism, including plant, alga, fungus, virus, bacterium, archaeon, and

animal. Including developmental and post-mortem stages. Also covers humans as organisms.

• Arsenic speciation of two specimens of Napoleon’s hair.

• Deficiency in recapitulation of stage-specific embryonic gene transcription in two-cell

stage cloned mouse embryos.

• Interference competition between introduced black rats and endemic Galápagos rice

rats.

• Effect of restricted suckling on milk yield, milk composition, and udder health in cows

and behaviour and weight gain in calves, in dual-purpose cattle in the tropics.

Does not cover humans as individual persons (which would fall under Person.)

AnatomicalPart A multi-cellular organization or location of an organ. It includes body

parts, body location, body regions, body fluids, organs, organ components, tissue, anatomical

structure.

•
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• Ten registered Democrats and ten registered Republicans were scanned in an event-

related functional MRI paradigm while viewing pictures of the faces of George Bush,

John Kerry, and Ralph Nader during the 2004 United States presidential campaign.

• Two months later, during follow-up, a chest X-ray and computed tomography docu-

mented a coin lesion of the upper left lung, confirmed by positron emission tomography.

• Non-suicidal self-injury is the intentional destruction of body tissue without suicidal

intent and for purposes not socially sanctioned.

Does not include organisms living within organisms.

Cell A cell or cell line that is not an organism.

• Children with autoimmune disease and CNS injury also exhibited abnormal T-cell

responses against multiple cow-milk proteins.

• Neonatal and adult microglia cross-present exogenous antigens.

• The effects of the LABAs salmeterol and formoterol on the synthesis of soluble interleukin-

8 (IL-8), granulocyte-macrophage colony-stimulating factor (GM-CSF), and vascular

endothelial growth factor (VEGF) in the human airway epithelial cell line A549 was

investigated in vitro.

CellularComponent A sub-cellular structure that is neither a gene nor a protein nor a

nucleic acid structure.

• Putative, full-unit length begomoviral DNA multimers were digested with Nco I and

cloned into the plasmid vector pGEM7Zf+.

• Vinculin links integrin receptors to the actin cytoskeleton by binding to talin.
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• Caveolae are extremely stable elements of PECs and can be excluded from their cell

membrane only in response to the dramatic cell reconstruction observed in FSGS and

LGN.

• Changes in cell morphology and cytoskeletal organization are induced by human mi-

totic checkpoint gene, Bub1.

GeneOrProtein A gene or protein name, including peptides, but excluding partial se-

quences. This class also includes secondary structures like alpha sheets and beta coils.

• Children with autoimmune disease and CNS injury also exhibited abnormal T-cell

responses against multiple cow-milk proteins.

• The effects of the LABAs salmeterol and formoterol on the synthesis of soluble interleukin-

8 (IL-8), granulocyte-macrophage colony-stimulating factor (GM-CSF), and vascular

endothelial growth factor (VEGF) in the human airway epithelial cell line A549 was

investigated in vitro.

• Liposomes incorporating a Plasmodium amino acid sequence target heparan sulfate

binding sites in liver.

GeneOrProteinGroup A group of proteins or gene clusters

• Gene expression of CYP3A4 , ABC-transporters (MDR1 and MRP1-MRP5), and

hPXR in three different human colon carcinoma cell lines.

• Genome sequence analysis of Streptomyces ambofaciens ATCC23877 has revealed nu-

merous secondary metabolite biosynthetic gene clusters, including a giant type I mod-

ular polyketide synthase (PKS) gene cluster, which is composed of 25 genes (nine of

which encode PKSs) and spans almost 150 kb, making it one of the largest polyketide

biosynthetic gene clusters described to date.
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AminoAcid An amino acid name or sequence of amino acids. This class also includes

small peptides that that map to a part of a protein-coding gene or single amino acids.

• Liposomes incorporating a Plasmodium amino acid sequence target heparan sulfate

binding sites in liver.

• Cleaving Ala(444)-Ala(445) released mini-plasmin with secondary activity to hydrolyze

fibrin.

• Mass spectrometry analysis of the Ebola virus soluble glycoprotein sGP identified a

rare post-translation modification, C-mannosylation, which was found on tryptophan

(W) 288.

Peptides that are stand-alone would fall under Gene-or-Protein.

NucleicAcid A chemical structure that is based on nucleic acids. It includes nucleoside,

nucleotide, RNA, DNA, sites in a sequence, and artificially constructed sequences such as

vectors or plasmids.

• Putative, full-unit length begomoviral DNA multimers were digested with Nco I and

cloned into the plasmid vector pGEM7Zf+.

• The deletion occurred at the consensus cleavage site (3’-A—TTTT-5’) without target

site duplication.

• The very long telomeres in Sorex granarius (Soricidae, Eulipothyphla) contain riboso-

mal DNA.

Does not include chromosomes or genes (the latter would fall under Gene-or-Protein).
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Chromosome A chromosome, chromosome region, chromosome part, or chromosome po-

sition. It does not include chromosome positions that can be considered measure in units

(e.g., 300 bp).

• The very long telomeres in Sorex granarius (Soricidae, Eulipothyphla) contain riboso-

mal DNA.

• No evidence of linkage between 7q33-36 locus (OTSC2) and otosclerosis in seven British

Caucasian pedigrees.

• Failure to confirm allelic and haplotypic association between markers at the chromo-

some 6p22.3 dystrobrevin-binding protein 1 (DTNBP1) locus and schizophrenia.

NonNucleicAcidNonProteinChemical A chemical structure or a material that is not

a gene, a protein, an amino acid, a chromosome, or based on nucleic acids. It includes chemi-

cal elements, ions, isotopes, organophosphorus compounds, carbohydrates, lipids, pharmaco-

logical substances, and drugs. Drugs are recorded under this category, even when the drug’s

composition substances are unknown.

• Polychlorinated biphenyls (PCBs) were measured in the air and water over the Hudson

River Estuary during six intensive field campaigns from December 1999 to April 2001.

• The net H(+) production associated with Al and Fe transformations was 252 and

1meqm(-2)yr(-1) (on the lake area basis), respectively, reflecting fluxes of ionic, organic,

and particulate forms into and out of the lake and the pH gradient between the inlet

and outlet.

• Neonatal and adult microglia cross-present exogenous antigens.

Does not include food.
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Food Food or drink that is not a simple substance (e.g., salt, water) or an organism name

(e.g., wheat, pig, rice).

• The 2005 White House Conference on Aging: a new day for White House conferences

on aging and food for the future.

• When comparing highest versus lowest levels of intake in multivariable adjusted mod-

els, positive associations were observed for several beef / lamb and individual animal

protein items, including beef / lamb as a main dish (OR = 2.2, 95% CI: 1.0-4.5), reg-

ular hamburger (OR = 1.7, 95% CI: 1.2-2.4), whole eggs (OR = 1.6, 95% CI: 1.0-2.4),

butter (OR = 2.4, 95% CI: 1.6-3.5), and total dairy not including butter (OR = 2.6,

95% CI: 1.8-3.7).

• Digestion rate of legume carbohydrates and glycemic index of legume-based meals.

EnvironmentalFactor Environmental factor

• UV light, radiation . . .

Relationship Phrases that express or imply a relationship between objects.

• Mathematical, statistical, or logical relationships: correlation, causation, dependency,

equality, progression, significant difference, inverse . . .

• Comparisons: similarity, dissimilarity, commonality, increased risk

• Kinships: descendant, ancestor, sibling . . .

Process A general, organismal, cellular, or chemical process. This includes processes on

the organismal level involving whole tissues or groups of cells such as growth and patho-

genesis. It includes processes at the cell level or involving sub-cellular components (e.g.,

organelles), such as differentiation or apoptosis.
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• Caveolae are extremely stable elements of PECs and can be excluded from their cell

membrane only in response to the dramatic cell reconstruction observed in FSGS and

LGN.

• Thyroid hormone receptor-beta (TRbeta1) impairs cell proliferation by the transcrip-

tional inhibition of cyclins D1, E, and A2.

• The irreversible nature of mitotic entry is due to the activation of mitosis specific

kinases such as cdk1/cyclin B.

• Since wee1 keeps cdk1/cyclin B inactive during the S and G(2) phases, its activity

must be down-regulated for mitotic progression to occur.

MolecularProcess An activity or event at the chemical or molecular level, including

macromolecules like genes or proteins.

• Arsenic speciation of two specimens of Napoleon’s hair.

• Deficiency in recapitulation of stage-specific embryonic gene transcription in two-cell

stage cloned mouse embryos.

• Liposomes incorporating a Plasmodium amino acid sequence target heparan sulfate

binding sites in the liver.

• Digestion rate of legume carbohydrates and glycemic index of legume-based meals.

• Thyroid hormone receptor-beta (TRbeta1) impairs cell proliferation by the transcrip-

tional inhibition of cyclins D1, E, and A2.

• Differential intracellular distribution of DNA complexed with polyethylenimine (PEI)

and PEI-polyarginine PTD influences exogenous gene expression within live COS-7

cells.
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• The net H(+) production associated with Al and Fe transformations was 252 and

1meqm(-2)yr(-1) (on the lake area basis), respectively, reflecting fluxes of ionic, organic,

and particulate forms into and out of the lake and the pH gradient between the inlet

and outlet.

BiologicalProcess An interaction at the level of cellular components, cells, organs, or-

ganisms, or populations.

• Interactions of immune cells with bacterial cells, cell differentiation, cell death, apop-

tosis . . .

• Hormonal regulation, organ formation and growth, blood pressure regulation, immune

response . . .

• Digestion, circulation, breathing . . .

MedicalFinding Processes that can be considered a specific Medical-finding are to be

covered here. An objectively measured sign or symptom (patient-reported problem), or a

medical description or observation or finding related to the state of an organism, includ-

ing sign, symptom, laboratory or test result, syndrome, disease, neoplastic process, mental

dysfunction, behavioral dysfunction, or medical finding that is not a measure in units.

• Confirmatory factor analysis of the Epworth Sleepiness Scale (ESS) in patients with

obstructive sleep apnea.

• Alois Alzheimer (1864-1915) presented the first case of a patient with symptoms of a

disease that later would be called Alzheimer’s disease.

• Additionally, the high cholesterol levels found in atherosclerosis could modulate host

immunity.

• Thirty-eight patients with chronic heart failure, age 57+/-2 years, New York Heart

Association classification II-III, were assigned to either a high-intensity training group
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(n=15, age 53+/-2 years) exercised at 60% of sustained maximal inspiratory pres-

sure, or a low-intensity training group (n=23, age 59+/-2 years), exercised at 15% of

sustained maximal inspiratory pressure, three times per week for 10 weeks.

Does not include cellular, sub-cellular, molecular or chemical processes (e.g., apoptosis,

glycemic index).

MedicalProcedureOrDevice A laboratory, therapeutic, diagnostic procedure or method.

• Malignant hyperthermia as a complication of general anesthesia in the clinic of max-

illofacial surgery.

• Conventional X-ray exposures in a-p and axial projections and an MRI investigation

are considered standard parts of the surgical planning, and a CT examination is also

performed when bony defects are present.

• Two months later, during follow-up, a chest X-ray and computed tomography docu-

mented a coin lesion of the upper left lung, confirmed by positron emission tomography.

A human-made device, including mechanical, electric, or electronic devices.

• Tomorrow’s stethoscope: The hand-held ultrasound device?

• The effect of seat belt use on the cervical electromyogram response to whiplash-type

impacts.

• Evaluation of a digitally integrated, accelerometer-based activity monitor for the mea-

surement of activity in cats.

• CT

Does not include buildings or other construction or construction parts (e.g., a room), which

fall under the class Facility.
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QuantityOrMeasure A numeric value with measuring units, or a phrase expressing a

concept of quantity, such as score, dose, rate, size, length, weight, and related terms.

• Thirty-eight patients with chronic heart failure, age 57+/-2 years, New York Heart

Association classification II-III, were assigned to either a high-intensity training group

(n=15, age 53+/-2 years) exercised at 60% of sustained maximal inspiratory pres-

sure, or a low-intensity training group (n=23, age 59+/-2 years), exercised at 15% of

sustained maximal inspiratory pressure, three times per week for 10 weeks.

• High fever, shooting pain, inflammation in the throat, elevated blood sugar.

Facility A construction or part of a construction including buildings, bridges, towers, and

other man-made edifices.

• The 2005 White House Conference on Aging: A new day for White House conferences

on aging and food for the future.

• Effect of hospital volume on outcome of pancreaticoduodenectomy in Italy.

• The huge garbage dump site near the Hsin-Hai Bridge is likely the source of heavy

metal pollution.

Note that whole cities fall under Geographicallocation instead.

Journal This refers not to an individual copy of the journal, but to the journal as a

regularly published source of information. For an individual copy, or article in such a copy,

see Publication.

• Cell, PLoS Biology, Bioinformatics, Time, People.

If the context makes it not clear that the word relates to a journal name, the entity will be

classified as abstract concept instead.
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Publication A paper, manuscript, video, book, diary, note, message, report, letter, jour-

nal, etc.

Language Natural and artificial languages, such as English, Spanish, Hebrew, Turkish,

Swahili, Fortran, LISP, C++.

IntellectualProduct A patent, idea, concept, hypothesis. The outcome of a mental pro-

cess. This is not limited to something that might obtain IP-protection, but may include

theories, algorithms, conclusions, and the like.

MentalProcess Memory, emotions, thoughts, learning, cognition. Differs from Intellectual-

product in that the focus is on the process of thinking or feeling, not on the result of this

process.

ResearchActivity Investigation, measurement, validation, MMPI study, running gel, se-

quencing. Activities that are executed in the process of conducting research. This includes

large-scale operations such as clinical trials, as well as individual lab activities such as se-

quencing. Used instead of the more general Process, if it is clear that the process is a research

activity. The more specific MedicalProcedureOrDevice is applied if it is clear that the re-

search activity is conducted in a medical context. MentalProcess is applied if the activity is

a mental process instead.

• Confirmatory factor analysis of the Epworth Sleepiness Scale (ESS) in patients with

obstructive sleep apnea.

4.4 Discussion

Summary Named entity recognition, a central task of nearly any natural language pro-

cessing system, depends heavily on the size, quality, and consistency of an annotated corpus
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for training and benchmarking.

Research articles and free-text clinical notes represent a major source of biomedical infor-

mation. They also represent a formidable challenge for machine reading. In the ideal world,

well-structured data, such as diagnostic conclusions and procedures encoded with codes from

International Disease Classification, would be seamlessly merged with data extracted from

clinical notes and images. To arrive at this state of automated data and text processing, we

need to harvest human expertise via annotating high quality corpus.

In order to increase annotation quality, we designed a specialized ontology (NERO). The

NERO ontology aims at covering and disambiguating all entity types that might occur in

biomedical literature, including genes, proteins, and their interactions, processes, chemicals,

research entities, publication entities, and lexical representations of semantic ambiguous en-

tities.

Semantically Ambiguous Classes One main motivation for this project was to preserve

the semantic ambiguity introduced by the authors to prevent machine-learning applications

from learning arbitrary judgments introduced by annotators. This type of semantic ambigu-

ity is prevalent in our corpus–particularly ambiguity between genes and proteins. Not only

did GeneOrProtein represent the largest group of Named entities in our corpus, its classifier

performed best in the two initial machine learning experiments. We believe this type of

ambiguity could only be more likely in the clinical notes and other medical texts, as the time

constraints to complete those are more stringent.

Actions The discovery of etiological links between genetic variants and environmental fac-

tors to multiple diseases requires a clear understanding of the relationships between genetic
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variation, diseases, patient populations, and treatments.

This project is uniquely positioned to facilitate this task because not only did NERO

ontology cover diverse types of concepts, our annotated corpus included action terms rep-

resenting the relationships between Named entities. Our action annotations have moved

beyond interactions between proteins and genes(e.g., bind, inhibit, phosphorylate, encode),

into interactions involving genetic variants and environmental factors(e.g., associated with,

occur in presence of, trigger, lack).

Limitations One of the limitation of this study is that even though our NERO ontology

aimed to cover all entities of the biomedical research literature, we did not cover all levels of

granularity in classifying entities. A second limitation is that, while major concepts are well

annotated in our corpus, several concept types were not as well represented in our corpus.

This could limit the performances of algorithms developed to classify those specific Named

entity types.
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CHAPTER 5

CONCLUSION

Personalized and precision medicine is a global challenge that requires detailed understanding

of a person’s genetic, environmental, and lifestyle differences and could potentially modernize

biomedical research [127, 201]. It has the potential to accelerate the development of accurate

medical diagnosis, efficient therapeutic interventions and cost-effective preventive care. Such

a future requires a more accurate and precise disease classification system that properly

reflects advances in our understanding of molecular and environmental factors that contribute

to disease etiology.

The advances in genotyping and sequencing and the rise of data-intensive medical research

have created an unprecedented opportunity to modernize disease classification system that

integrate molecular, environmental, and phenotypic data into medical decision making. For

example, Consortia such as eMerge, i2b2, UK Biobank and BioBank Japan [276, 92] started

to conduct research in the health-care setting and demonstrated the feasibility of integrating

molecular information with medical histories and clinical findings. Ideally these projects

will expand in scope, encourage collaborations, and scale further to support well-powered

studies that forms the foundation for scientific consensus, benefiting various participants(e.g.

patients, clinicians, researchers and general public)

In the near future, these studies will lead us to a disease classification system that goes

beyond descriptive signs and symptoms and links directly to a deeper understanding of

intrinsic biology, disease trajectories, and treatments. Ultimately this classification system

will enable the selection of a subset of patients, based on their common biological basis, who

are most likely to benefit from a particular medical treatment, such as a drug, or surgical

procedure.With the development of an efficient way to continuously validate and incorporate

newly emerging biomedical findings, this new system can become a dynamic tool that truly

revolutionize patient care and modernize biomedical research

Unfortunately, current system for classifying diseases is actually inhibiting development
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of biomedical research. As I described in Chapter 3, multiple different diseases share com-

mon genetic and environmental causes, while diseases closely related in underlying biol-

ogy are classified as far apart. In addition, within one disease (e.g. cancer, autism, and

asthma), there can be many subtypes with distinct causes [315, 308, 260, 105, 312, 160, 203,

121, 47, 204, 13]. Current classification system primarily relies on a patient’s observable

symptoms[309]. At best, advanced taxonomies will include findings from lab or imaging

studies or even results from afflicted tissues and cells. However, none are designed to incor-

porate or harness rapidly emerging molecular data, socio-environmental factors, or related

patient characteristics.

Clinically, the failure to incorporate new and precise biological insights causes delayed

adoption of new practice guidelines and missed opportunities of effective treatment for spe-

cific subgroups. On the scientific side, premature classification and crude phenotyping trans-

late to lower power to detect true signal and higher cost and longer cycle to generate valid

scientific insight. This problem is accentuated by a lack of understanding on the environ-

mental effects on diseases. Blinded by significant environmental confounding and limited

in detecting genetic effects, studies with current classifications are more likely to waste

resources than to make meaningful findings. Therefore, by developing a more careful phe-

notyping scheme and a more focused approach before devoting large resources and time, we

can increase our chance for success.

Diagnosis is the foundation of medicine. Accurately and precisely defining a patient’s

condition does not guarantee successful care, but it is unequivocally the place to start. Indeed

today many tumor types are already molecularly defined. The International Classification

of Diseases for Oncology (ICD-O), for example, attempts to incorporate genomic profiles of

cancer samples. The WHO/IARC Classification of Tumours series also sought to integrate

data from genome screening and other molecular techniques. However, these are only isolated

examples of progress, mostly concentrated in cancer classification.

In Chapter 3 of this dissertation, I presented, to the best of our knowledge, the first
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study to classify diseases of multiple biological system based on genetic and environmental

common factors driving intrinsic biology. As demonstrated in Chapter 3 and by literature,

genetic influences on common diseases are most likely complex; each patient’s genetic variants

will affect his/her disease onset, trajectory, and response to therapeutic measures, while

environmental modulation will play a consequential role in these processes.

Although latest breakthroughs have concentrated in genomic studies due to the rapid

adoptions of genotyping and sequencing technology, the future may see new hypotheses and

tangible progress in understanding disease risk and progression from studying patient’s his-

tory of exposure to environmental agents, and psychological, social or behavioral information.

In Chapter 2 I described a series of studies that sought to delineate environmental effects

that could drive multiple diseases. As demonstrated by smoking [65, 324]and other life style

studies[152, 68, 9], environmental factors could be easier to manage for the prevention of

multiple diseases

Precision and personalized medicine by definition is rich phenotyping medicine. In Chap-

ter 4, I presented a digital phenotyping study attempting to connect multiple data types and

go beyond structured clinical data. It is likely that the increased functionality of EHRs and

the improved performance of digital tools will open the door to conduct both large cohort

studies on a wide range of diseases and targeted studies with moderate sizes focusing on

carefully teased out genetic and environmental effects.

If extensive molecular characterization of individuals becomes a routine medical proce-

dure, done before and after the appearance of any disease, it will allow data collection on

both diseased and healthy individuals at a vast scale. Future medicine will depend on the

successful creation of a system for acquiring and analyzing information of large numbers

of individuals relating the molecular profiles, health histories and therapies based on the

precise disease trajectories [153]. With the integration of vast and diverse molecular data

in medicine, the future may also see the development of “meta-phenotypes” that go beyond

single broad definition of disease and describe both healthy and sick patients. It is natural to
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conjecture that the molecular basis of these “meta-phenotypes” will stem from new forms of

GWAS, sequencing analysis, or other systems approaches using the molecular data collected

through regular patient care.

Simple pairwise comparisons of diseases will no longer be sufficient for diagnosis and

classification in the era of data-intensive medicine. A more scalable way to leverage these

data is to conduct multiple studies on disease subclusters with specific comorbidity patterns

to carefully tease out specific genetic and environmental determinants driving these disease

subclusters[264, 130, 29]. Thus, it may be more plausible to conduct cheaper and targeted

GWAS or sequencing analyses focusing on disease clusters with clear implication of genetic

effects and little environmental noise, or exposure studies of strong environmental influences

on disease subtypes regardless of genetic backgrounds [33, 262].

As we integrate many diverse data types into medical decision making, we become in-

creasingly vulnerable to the incompleteness of our understanding on diseases. We could

potentially underestimate the uncertainty when making medical decisions [190, 26]. The

larger scope and size of the absolute information may inflate our confidence; compared to

what we do know, what we do not know scales even faster.
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APPENDIX A

SUPPLEMENTAL INFORMATION FOR “QUANTIFYING

GENETIC AND ENVIRONMENTAL CONTRIBUTIONS

ACROSS MULTIPLE DISEASES”

A.1 Supplementary Note

A.1.1 Model Setup

Assume that m binary traits are observerd on n individuals. The data for ith individual

are yi, where yi = (yi1, . . . , yim), and i = 1, . . . , n. The observed value of each binary trait

(such as disease or no disease) is assumed to be determined by an underlying Gaussian latent

variable (called liability) represented by `ij for jth trait, j ∈ {1, . . . ,m}. For binary traits,

we fixed the threshold at t = 0. It is assumed that yij = 0 iff `ij ≤ 0 and yij = 1 iff `ij > 0.

that is

yij = I(`ij > 0) (A.1)

where I is the indicator function.

Define ` = (`i)|i=1,...,n as the nm-dimensional vector containing the `i’s. Following the

notations from [154], it is assumed that

`|b, c, a,R ∼ Nnm

(
Xb + Zcc + Zaa,R

)
, (A.2)

where b are the fixed effects , a are additive genetic effects, c are common environmental

effects, and expected (co)variances of residual R. If we assume phenotypes of different

individuals are conditionally independent given parametes, but allow correlation between
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residuals of phenotypes of the same individual. We can rewrite R as In ⊗Re, where

Re =

 σ2e,1 σe,12

σe,12 σ2e,2

 (A.3)

Incidence Matrices and Location Effects

Based on [265] we rewrite data y as y = (y1, . . . ,ym). For a bivariate model we can rewrite

the model for ` as:`y1
`y2

 =

X1 0

0 X2


b1

b2

+

Za1 0

0 Za2


a1

a2

+

Zc1 0

0 Zc2


c1

c2

+

e1

e2

 . (A.4)

This is the same as (A.2), where fixed effects b = [b′1,b
′
2]′, additive genetic effects a =

[a′1, a
′
2]′, common environmental effects c = [c′1, c

′
2]′, and corresponding matrices X, Za, Zc,

such that

X =

X1 0

0 X2

 ,Za =

Za1 0

0 Za2

Zc =

Zc1 0

0 Zc2

 (A.5)

Furthermore we assumed b1 is a vector of order p, a1 is a vector of order n, and c1 is a

vector of order s. Therefore X1 is a n× p matrix Za1 is a n× n matrix and Zc1 is a n× s

matrix. Given our model, we measured the same fixed effects for each trait( e.g. X1 = X2).

Similarly, this is also true for Za and Zc We further combined the location effects to vector

θ = [b′, c′, a′]′ and incidence matrices to W = [X,Za,Zc]
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Identifiability

In the multivariate Probit model, the parameters(θ) are not identifiable from the observed-

data [50]. This could be easily seen if we scale liability ` by a constant c > 0

c` = c(w′θ + e) (A.6)

= w′(cθ) + ce

Therefore, for binary data y will have the same value given θ, e and given cθ, ce. [44]

proposed that identifiability could be managed by restricting the covariance matrix to be a

correlation matrix. Let D = diag(d1, d2), dj > 0 and define

θj = dj θ̃j (A.7)

Re = DR̃eD
′

Follow the same rationale as (A.6), we have Pr(yi|w′θ,Re) = Pr(yi|w′θ̃, R̃e). If we let

D = diag(σ̃−1e,1 , σ̃
−1
e,2) (A.8)

R̃e =

 σ̃2e,1 σ̃e,12

σ̃e,12 σ̃2e,2

 (A.9)

(A.10)

then we have

Re =

 σ̃2e,1σ̃
−2
e,1 σ̃e,12/σ̃e,1σ̃e,2

σ̃e,12/σ̃e,1σ̃e,2 σ̃2e,2σ̃
−2
e,2

 =

1 r

r 1

 (A.11)

where r ∈ [−1, 1].
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A.1.2 Prior distribution

Starting with location effects, for the vector b, follwing [108] we have

b|B ∼ Nmp(0,B) (A.12)

where B = Impσ
2
b is the prior (co)variance matrix for the fixed effects with default value

σ2b = 1e10.

We assumed additive genetic effects follows,

a|G ∼ Nmn(0,G⊗A) (A.13)

where A is the additive genetic relationship matrix of order n×n, and G is a m×m matrix

, whose elements are the additive genetic (co)variance componenets. For bivariate model,

we have

G =

 σ2a,1 σa,12

σa,12 σ2a,2

 (A.14)

where the genetic correlation between traits, ρa,12 = σa,12/(σa,1σa,2).

Similarly, We assumed common environment effects follows,

c|Rc ∼ Nms(0,Rc ⊗ Is) (A.15)

where Rc is a m × m matrix , whose elements are the common environment (co)variance

componenets. For bivariate model, we have

Rc =

 σ2c,1 σc,12

σc,12 σ2c,2

 (A.16)
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The m-dimensional inverted Wishart distribtutions are assigned as prior for each of the

Rc and G covariance matrices, with the respective densitites being

G ∼IWm(νa,V
−1
a )) (A.17)

Rc ∼IWm(νc,V
−1
c )) (A.18)

p(G|νa, Va) ∝|G|−
1
2 (νa+m+1) exp[−1

2
tr(G−1V−1a )] (A.19)

p(Rc|νc, Vc) ∝|Rc|−
1
2 (νc+m+1) exp[−1

2
tr(RC

−1V−1c )] (A.20)

where Va and νa are the prior sum of squares and prior degrees of freedom for additive

genetic (co)variance matrix. And Vc and νc are the prior sum of squares and prior degree’s

of freedom for common environment (co)variance matrix

If we do not fixed Re as an identity matrix and allow it to be a correlation matrix with

the form

Re =

1 r

r 1

 (A.21)

Following [174], r following a prior distribution

p(r|νe) ∝ (1− r2)−
1
2 (νe+m+1), |r| < 1 (A.22)

This is equivalent to the prior of Re follows

p(Re|νe) ∝ |Re|−
1
2 (νe+m+1)I(Re,jk : Re,jk = 1(j = k), |Re,jk| < 1(j 6= k) and Re is pos.def)

(A.23)
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A.1.3 Joint Posterior Density

To simplify notations, we let

Ω =(b, a, c,G,Rc, t) (A.24)

p(Ω) =p(b)p(a|G)p(G)p(c|Rc)p(Rc)p(t) (A.25)

Augmenting with the liability ` we have

p(Ω, `|y) ∝p(y|Ω, `)p(Ω, `) (A.26)

=p(y|`, t)p(Ω, `)

=p(y|`, t)p(`|θ)p(Ω)

The probability that a given data point falls in a given category. given the liability and

the thresholds (p(y|`, t)) is completed specified. For binary trait this is [I(`ij ≤ 0)I(yij =

0) + I(`ij > 0)I(yij = 1)]. Combined with p(`|θ) from (A.2), we have

p(Ω, `|y) ∝
n∏
i=1

[ m∏
j=1

[I(`ij ≤ 0)I(yij = 0) + I(`ij > 0)I(yij = 1)]
]

(A.27)

×
n∏
i=1

[
(2π)−

m
2 |R|−

1
2 exp({−1

2
(`i −w′iθ)′R−1(`i −w′iθ)})

]
×p(b)p(a|G)p(G)p(c|Rc)p(Rc)p(t)

A.1.4 Fully Conditional Posterior Distributions

Liabilities

Given the model with threshold t, we have

p(`|θ,y) ∝ p(y|`, t)p(`|θ) (A.28)
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For binary trait with threshold fixed at 0 and conditionally on both the parameters and on

data yi, `i follows a truncated multivariate normal distribution:

`i|θ,yi ∝ Nn(w′iθ,R)

 m∏
j=1

[I(`ij ≤ 0)I(yij = 0) + I(`ij > 0)I(yij = 1)]

 (A.29)

Since we assumed liabilities of the binary traits are conditionally independent, given

parameters. Given the model with θ and t, we have

Pr(yij = k|θ, t) = Pr(lij > tk|θ) =
c∑

k=1

I(yij = k)[Φ(tk −w′ijθ)− Φ(tk−1 −w′ijθ)] (A.30)

Where Φ and φ is the CDF and PDF of a standard normal variate. For binary triats, t = 0,

this reduces to

Pr(yij = 1|θ) =Φ(−(0−w′ijθ)) = Φ(w′ijθ) (A.31)

Pr(yij = 0|θ) =Φ(−w′ijθ)

Conditionally on both the parameters and on data yij , lij follows a truncated normal distri-

bution That is for yij = 1:

Pr(`ij |θ, yij = 1) =
φ(w′ijθ, 1)

Φ(w′ijθ)
I(lij > 0) (A.32)

Similarly for yij = 0, we have:

Pr(`ij |θ, yij = 0) =
φ(w′ijθ, 1)

Φ(−w′ijθ)
I(lij ≤ 0) (A.33)
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Location Effects

The location effects(θ = [b, a, c]) and the residuals (e) are assumed to come from a multi-

variate normal distribution:



b

a

c

e


∼ N





0

0

0

0


,



B 0 0 0

0 G⊗A 0 0

0 0 Rc ⊗ Is 0

0 0 0 Re ⊗ In




(A.34)

MCMCglmm [108] implemented a block sampler according to [88], θ then can be sampled

as a complete block by first solving the equations:

θ̃ = C−1W′R−1(`−Wθ∗ − e∗) (A.35)

where C is the mixed model coefficient matrix:

C = W′R−1W +


B−1 0 0

0 G−1 ⊗A−1 0

0 0 Rc−1⊗ Is

 (A.36)

and θ∗ and e∗ are random draws from the multivariate normal distributions:

θ∗ ∼N




0

0

0




B 0 0

0 G⊗A 0

0 0 Rc ⊗ Is


 (A.37)

e∗ ∼N (0,Re ⊗ In) (A.38)

Then θ̃+ θ∗ gives a realisation from the probability distribution: Pr(θ|`,W,Re,Rc,G,A)
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Dispersion Matrices

Here we continue with the fully conditional posterior distributions of the dispersion matrices.

Starting with the genetic covariance matrix, from the joint posterior (A.27), we have:

p(G|Ω,y) ∝ p(a|G)p(G) (A.39)

From (A.13) we have

p(a|G) ∝ |G|−
n
2 exp

[
−1

2

n∑
i

a′i[G⊗A]−1ai

]
(A.40)

where ai = [ai1, · · · , aim]. Combining with (A.19) we have

p(G|Ω,y) ∝p(a|G)p(G) (A.41)

∝|G|−
n
2 exp

[
−1

2

n∑
i

a′i[G⊗A]−1ai

]
× |G|−

1
2 (νa+m+1) exp[−1

2
tr(G−1V−1a )]

Since a scalar is equal to the trace of itself, or a = tr(a) (where a is a scalar), which allows

us to write
∑n
i a′i[G ⊗ A]−1ai as tr(

∑n
i a′i[G ⊗ A]−1ai) In addition, the trace operator

is invariant under cyclic permutation, or tr(AB) = tr(BA), which allows us to rotate our

newly formed trace so that

tr

[
n∑
i

a′i[G⊗A]−1ai

]
=tr

[
n∑
i

a′iai[G⊗A]−1
]

= tr

[
(
n∑
i

a′iai)[G⊗A]−1
]

(A.42)

=tr
(
Sa[G⊗A]−1

)
= tr

(
G−1[Sa ⊗A−1]

)
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where Sa stands for the sums of squares matrix of a. Together with the fact that the

determinant of a product is the product of the determinants, or|AB| = |A||B|, we have

p(G|Ω,y) ∝|G|−
n
2 exp

[
−1

2

n∑
i

a′i[G⊗A]−1ai

]
× |G|−

1
2 (νa+m+1) exp[−1

2
tr(G−1V−1a )]

(A.43)

=|G|−
n
2 |G|−

1
2 (νa+m+1) exp

[
−1

2
tr
(
G−1[Sa ⊗A−1]

)]
exp

[
−1

2
tr(G−1V−1a )

]
=|G|−

νa+n+m+1
2 exp

[
−1

2
tr
(
G−1[Sa ⊗A−1]

)
− 1

2
tr(G−1V−1a )

]
=|G|−

νa+n+m+1
2 exp

[
−1

2
tr
(
G−1[Sa ⊗A−1] + G−1V−1a

)]
=|G|−

νa+n+m+1
2 exp

[
−1

2
tr
(
G−1[Sa ⊗A−1 + V−1a ]

)]

which indicates that p(G|Ω,y) follows a scaled inverse Wishart distribution:

p(G|Ω,y) = IWm

(
(Sa ⊗A−1 + V−1a )−1, νa + n

)
(A.44)

Similarly, common environmental covariance matrix also follows a scaled inverse Wishart

distribution:

p(Rc|Ω,y) = IWm

(
(Sc + V−1c )−1, νc + s

)
(A.45)

where Sc =
∑s
i c′ici

For Re, as a correlation matrix, based on the algorithm provided by [15] we have

p(Re|Ω,y) ∝|Re|−
νe+n+m+1

2 exp

[
−1

2
tr
(
R−1e Se

)]
(A.46)

p(Re|Ω,y) =IWm

(
S−1e , νe + n

)

where Se =
∑n
i e′iei and ei = `i −w′iθ.
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A.1.5 Variance Partition

Here we focused on the estimations of three variance components, additive genetic (co)variance

matrix G, common environment (co)variance matrix Rc and unique environment (co)variance

matrix Re. We have

G =

 σ2a,1 σa,12

σa,12 σ2a,2

 ,Rc =

 σ2c,1 σc,12

σc,12 σ2c,2

 , and Re =

1 r

r 1

 (A.47)

where σa,12 is the additive genetic variance that influences both traits, σc,12 is the common

environment variance that influences both traits, and r is the unique environment variance

that influences both traits. The narrow-sense heritability of trait j on the liability scaleof

trait j is

h2j =
σ2a,j

σ2a,j + σ2c,j + 1
(A.48)

Shared variance

The genetic correlation between traits is defined as ρa,12 = σa,12/(σa,1σa,2). And ρ2a,12 is

the proportion of covariability in the total variability of two traits, where

ρ2a,12 = (
σa,12
σa,1σa,2

)2 =
|σa,12|
σ2a,1

|σa,12|
σ2a,2

(A.49)

If we consider prop1 =
|σa,12|
σ2a,1

as the proportion of the shared genetic variance for trait 1

and prop2 =
|σa,12|
σ2a,2

as the proportion of the shared genetic variance for trait 2, the genetic

correlation ρa,12 could be thought of as their geometric mean,
√
prop1 × prop2. Similarly we

can calculate proportion of shared variance for common environment variance and unique

environment variance.
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Co-heritability

According to [74], the liability is measured on the scale of the standard deviation of its

distribution
√
VP,j , therefore we have heritability as follows:

h2j =
Va,j
VP,j

=
Va,j

Va,j + Vc,j + Ve,j
(A.50)

Because of the identification, we choose to fix σ2e,j = 1. Therefore we have

h2j =
Va,j/Ve,j
VP,j/Ve,j

=
σ2a,j

σ2P,j
=

σ2a,j

σ2a,j + σ2c,j + 1
(A.51)

Extending the notion of heritability on the liability scale, coheritability of two diseases i and

j should be measured on the scale of the product of the two standard deviations
√
VP,i

√
VP,j

cohij =
Cova,ij√
VP,i

√
VP,j

=
Cova,ij/

√
Ve,i
√
Ve,j√

VP,i/Ve,i

√
VP,j/Ve,j

=
σa,ij

σP,iσP,j
= ρa,ijhihj (A.52)

h2j =
Va,j
VP,j

=
cov(aj , pj)√
VP,j

√
VP,j

=
cov(aj , aj + cj + ej)√

VP,j
√
VP,j

=
cov(aj , aj)√
VP,j

√
VP,j

=
V ar(aj , aj)√
VP,j

√
VP,j

(A.53)

cohij =
cov(ai, pj)√
VP,i

√
VP,j

=
cov(ai, aj + cj + ej)√

VP,i
√
VP,j

=
cov(ai, aj)√
VP,i

√
VP,j

(A.54)

cohij represents how much effect does the genetic factor of one trait has on the other trait.

co-hij =
cov(ai, pj)

cov(pi, pj)
=

cov(ai, aj)

cov(ai, aj) + cov(ei, ej)
(A.55)
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co-hij represents how much effect does genetic factor on the covariance of two traits. Her-

itability reflects the degree to which the genes transmitted from the parents determine the

trait of their children. cohij represents the degree to which the genes transmitted from the

parents that determine one trait that can also determine the second trait. And co-hij repre-

sents the degree to which the genes transmitted from the parents determine the covariance

of two traits.
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A.2 Supplementary Figures
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(a)

(b)                                                           (c)

Common couple environment

Common sibling environment Unique Environment

Figure A.1: Testing dependence of heritability estimates on age of onset; heri-
tability distributions, sorted by biological system.
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Figure A.1 Continued (A) Histograms and density plots of heritability estimates by

biological system. (B) Heritability estimate vs. disease age of onset for biological system

with more than 3 diseases, linear fits indicated by solid lines.
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Figure A.2: Environmental effects estimates.
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Figure A.2 Continued (A) Common couple environment effects. (B) Common Sibling

environment effects. (C) Unique environment effects. Bar color in the bar plots indicates

biological systems associated with each disease, consistent throughout all figures.
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Figure A.3: Positive correlations between phenotypic and genetic correlations
(A) and phenotypic and environmental correlations (B).
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Figure A.3 Continued Positive correlations between phenotypic and genetic

correlations (A) and phenotypic and environmental correlations (B).
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Figure A.4: Classification trees: ICD9 vs phenotypic correlations. (A) A classifi-
cation of diseases that corresponds to a subset of ICD9 taxonomy. (B) Disease classification
constructed from phenotypic correlations between diseases; distances between diseases were
calculated as 1—correlation.
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Figure A.5: Estimates of age-related increase in disease liability for seven late-
onset conditions (aneurysm, atherosclerosis , benign colon neoplasm, cataract,
cerebrovascular disease, keratosis , and osteoarthritis). Error bars show one standard
deviation, and LOcally WEighted Scatter-plot Smoother (LOWESS) curve fits are shown
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A.3 Supplementary Tables
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Table A.1: Acronyms, biological systems, prevalence percentages and standard errors for 149 studied diseases
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Disease Acronym System
Age	of	
Onset

All	Patient
Preval
ence

Prevale
nce	SE

Total	
Study

Prevale
nce	in	

SE	in	
Study

Parent
s	in	

Prevale
nce	in	

SE	in	
Parent

Childre
n	in	

Prevalen
ce	in	

SE	in	
Children

Brain	Damage BRAIND CNS 10 781369 0.52% 4.2E-06 5737 1.19% 0.016% 3314 1.28% 0.016% 2423 1.08% 0.015%
Disorder	of	the	Vestibular	
System DVS CNS 25 1432063 0.95% 5.7E-06 12356 2.57% 0.023% 10782 4.18% 0.029% 1574 0.70% 0.012%
Epilepsy	Related	Disorders EPILEPSY CNS 4 937933 0.62% 4.6E-06 8345 1.73% 0.019% 3097 1.20% 0.016% 5248 2.35% 0.022%
Extrapyramidal	Abnormal	
Movement	Disorders EAM CNS 15 1201840 0.80% 5.2E-06 9372 1.95% 0.020% 7151 2.77% 0.024% 2221 0.99% 0.014%
Ocular	Musculoskeletal	
Disorder OMD CNS 1 1646327 1.09% 6.1E-06 10069 2.09% 0.021% 6369 2.47% 0.022% 3700 1.65% 0.018%
Aneurysm ANEURYSM Cardiovascular 36 933165 0.62% 4.6E-06 5347 1.11% 0.015% 4895 1.90% 0.020% 452 0.20% 0.006%
Atherosclerosis ATHRSLS Cardiovascular 43 6134419 4.06% 1.2E-05 32595 6.77% 0.036% 31564 12.24% 0.047% 1031 0.46% 0.010%
Cardiac	Dysrhythmia CARDYS Cardiovascular 19 6749062 4.47% 1.2E-05 43391 9.01% 0.041% 35054 13.59% 0.049% 8337 3.73% 0.027%
Cardiomyopathy CARDMYO Cardiovascular 32 1015249 0.67% 4.8E-06 5436 1.13% 0.015% 4788 1.86% 0.019% 648 0.29% 0.008%
Cerebrovascular	Disease CEREBVAS Cardiovascular 34 4201911 2.78% 9.6E-06 22844 4.74% 0.031% 20673 8.01% 0.039% 2171 0.97% 0.014%
General	Hypertension HYPTEN Cardiovascular 31 26193165 17.33% 2.2E-05 142283 29.54% 0.066% 1E+05 50.71% 0.072% 11471 5.13% 0.032%
Non-Rheumatic	Heart	Disease NONRHHD Cardiovascular 25 4513115 2.99% 9.9E-06 29734 6.17% 0.035% 25291 9.80% 0.043% 4443 1.99% 0.020%
Peripheral	Vascular	Disease PERIVAS Cardiovascular 32 2846560 1.88% 7.9E-06 17417 3.62% 0.027% 15530 6.02% 0.034% 1887 0.84% 0.013%
Cardiac	Congenital	Anomaly CARCONG Development 0 862287 0.57% 4.4E-06 4844 1.01% 0.014% 3016 1.17% 0.015% 1828 0.82% 0.013%
Oro-Facial	Congenital	Anomaly OFCONG Development 0 1332387 0.88% 5.5E-06 15151 3.15% 0.025% 1265 0.49% 0.010% 13886 6.21% 0.035%
Appendiceal	Disease APPEND Development 9 560036 0.37% 3.5E-06 5243 1.09% 0.015% 2584 1.00% 0.014% 2659 1.19% 0.016%
Esophageal	Disease ESOPHD Development 4 11623811 7.69% 1.6E-05 80534 16.72% 0.054% 63315 24.54% 0.062% 17219 7.70% 0.038%
Functional	Digestive	Disorder DIGEST Digestive 2 7738872 5.12% 1.3E-05 52203 10.84% 0.045% 37011 14.35% 0.051% 15192 6.79% 0.036%
Gastrointestinal	Ulcer GASTROULC Digestive 23 1190903 0.79% 5.2E-06 9305 1.93% 0.020% 7510 2.91% 0.024% 1795 0.80% 0.013%
Rectal	Anal	Disorder RECTANAL Digestive 7 1401511 0.93% 5.6E-06 12456 2.59% 0.023% 8925 3.46% 0.026% 3531 1.58% 0.018%
Goiter GOITER Endocrine 21 2453163 1.62% 7.4E-06 20030 4.16% 0.029% 15759 6.11% 0.035% 4271 1.91% 0.020%
Thyrotoxicosis THYRODTOX Endocrine 21 1005843 0.67% 4.7E-06 8910 1.85% 0.019% 6705 2.60% 0.023% 2205 0.99% 0.014%
Type	II	Diabetes	Mellitus DM2 Endocrine 31 9943788 6.58% 1.4E-05 53720 11.15% 0.045% 48206 18.69% 0.056% 5514 2.47% 0.022%
Acquired	Coagulation	Defect ACQCOAG Hematologic 19 550859 0.36% 3.5E-06 4268 0.89% 0.014% 3324 1.29% 0.016% 944 0.42% 0.009%
Pernicious	or	B12	Deficiency	
Anemia B12DEF Hematologic 25 1243817 0.82% 5.3E-06 7886 1.64% 0.018% 6479 2.51% 0.023% 1407 0.63% 0.011%
Biliary	Tract	Disease BILLARY Hematologic 20 3472467 2.30% 8.7E-06 29647 6.16% 0.035% 22120 8.57% 0.040% 7527 3.37% 0.026%
Chronic	Liver	Disease CHRLIVER Hepatic 27 1654780 1.10% 6.1E-06 13154 2.73% 0.023% 11544 4.47% 0.030% 1610 0.72% 0.012%
Allergic	Rhinitis ALLGRHIN Immune 3 16282209 10.78% 1.8E-05 106606 22.13% 0.060% 61707 23.92% 0.061% 44899 20.07% 0.058%
Asthma ASTHMA Immune 2 9455688 6.26% 1.4E-05 52764 10.95% 0.045% 28680 11.12% 0.045% 24084 10.77% 0.045%
Atopic	Contact	Dermatitis DERM Immune 1 14336386 9.49% 1.7E-05 103205 21.43% 0.059% 62729 24.32% 0.062% 40476 18.10% 0.055%
Chronic	Sinusitis CHRSINUS Immune 4 7150277 4.73% 1.2E-05 59361 12.32% 0.047% 38603 14.96% 0.051% 20758 9.28% 0.042%
Crohns	Disease CROHNS Immune 15 435641 0.29% 3.1E-06 3485 0.72% 0.012% 2151 0.83% 0.013% 1334 0.60% 0.011%
Chronic	Tonsillitis	Adenoiditis TONSADEN Immune 2 1742103 1.15% 6.2E-06 10865 2.26% 0.021% 1990 0.77% 0.013% 8875 3.97% 0.028%
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Cystitis	Urethritis CYSURETH Immune 11 2132075 1.41% 6.9E-06 19675 4.08% 0.029% 11259 4.36% 0.029% 8416 3.76% 0.027%
Esophagitis ESOPHI Immune 16 1558769 1.03% 5.9E-06 14594 3.03% 0.025% 11617 4.50% 0.030% 2977 1.33% 0.017%
Eye	Inflammation EYEINFM Immune 5 6867051 4.54% 1.2E-05 57174 11.87% 0.047% 36358 14.09% 0.050% 20816 9.31% 0.042%
Fasciitis FASCI Immune 19 3340464 2.21% 8.6E-06 33397 6.93% 0.037% 29209 11.32% 0.046% 4188 1.87% 0.020%
Food	Allergy FOODALL Immune 0 661417 0.44% 3.9E-06 3730 0.77% 0.013% 2042 0.79% 0.013% 1688 0.75% 0.012%
Gastritis	Duodenitis GASDUO Immune 12 5083925 3.36% 1.1E-05 42044 8.73% 0.041% 30230 11.72% 0.046% 11814 5.28% 0.032%
IBS IBS Immune 16 1903806 1.26% 6.5E-06 18069 3.75% 0.027% 11409 4.42% 0.030% 6660 2.98% 0.024%
Inflammatory	Spondylopathies INFMSPON Immune 26 716012 0.47% 4.0E-06 6111 1.27% 0.016% 5333 2.07% 0.021% 778 0.35% 0.008%
Lupus	Erythematosus LUPUS Immune 22 378480 0.25% 2.9E-06 2883 0.60% 0.011% 2234 0.87% 0.013% 649 0.29% 0.008%
Lymphatic	Disorder LYMPHD Immune 3 1060131 0.70% 4.9E-06 8347 1.73% 0.019% 4599 1.78% 0.019% 3748 1.68% 0.018%
Osteoarthritis OSTARTH Immune 36 10204522 6.75% 1.5E-05 76703 15.92% 0.053% 72296 28.02% 0.065% 4407 1.97% 0.020%
Osteomyelitis OSTMYEL Immune 12 1059798 0.70% 4.9E-06 8555 1.78% 0.019% 5135 1.99% 0.020% 3420 1.53% 0.018%
Pleuritis PLEUI Immune 20 1855863 1.23% 6.4E-06 10835 2.25% 0.021% 8220 3.19% 0.025% 2615 1.17% 0.015%
Psoriasis	Related	Disorders PSORIAS Immune 8 1625758 1.08% 6.0E-06 12858 2.67% 0.023% 7955 3.08% 0.025% 4903 2.19% 0.021%
Rheumatic	Heart	Disease RHHD Immune 25 1130316 0.75% 5.0E-06 6845 1.42% 0.017% 5794 2.25% 0.021% 1051 0.47% 0.010%
Rheumatoid	Arthritis	Related	
Conditions RA Immune 23 1380829 0.91% 5.6E-06 9897 2.05% 0.020% 8452 3.28% 0.026% 1445 0.65% 0.012%
Secondary	Arthropathy 2NDARTHR Immune 23 794542 0.53% 4.2E-06 6316 1.31% 0.016% 5239 2.03% 0.020% 1077 0.48% 0.010%
Thyroiditis THYRODI Immune 16 845338 0.56% 4.4E-06 7595 1.58% 0.018% 5616 2.18% 0.021% 1979 0.88% 0.013%
Type	I	Diabetes	Mellitus DM1 Immune 17 1822886 1.21% 6.4E-06 10711 2.22% 0.021% 8689 3.37% 0.026% 2022 0.90% 0.014%
Ulcerative	Colitis ULCCOL Immune 20 522581 0.35% 3.4E-06 4148 0.86% 0.013% 2964 1.15% 0.015% 1184 0.53% 0.010%
Upper	Respiratory	
Inflammation UPRESP Immune 0 4511399 2.99% 9.9E-06 33089 6.87% 0.036% 21492 8.33% 0.040% 11597 5.18% 0.032%
Arthropod-Borne	Diseases ARTHROPOD Infectious	Disease 6 310003 0.21% 2.6E-06 2423 0.50% 0.010% 1666 0.65% 0.012% 757 0.34% 0.008%
Cellulitis CELLUI Infectious	Disease 5 9165144 6.07% 1.4E-05 71010 14.74% 0.051% 43709 16.94% 0.054% 27301 12.21% 0.047%
Chronic	Upper	Respiratory	
Infection CHRUPRESP Infectious	Disease 1 2883109 1.91% 8.0E-06 20521 4.26% 0.029% 13280 5.15% 0.032% 7241 3.24% 0.026%
Ear	Infection EARINF Infectious	Disease 0 16090384 10.65% 1.8E-05 72674 15.09% 0.052% 39334 15.25% 0.052% 33340 14.91% 0.051%
Eye	Infection EYEINF Infectious	Disease 0 8006448 5.30% 1.3E-05 53095 11.02% 0.045% 29276 11.35% 0.046% 23819 10.65% 0.044%
Fungal	Infection FUNGINF Infectious	Disease 2 9524283 6.30% 1.4E-05 68836 14.29% 0.050% 41720 16.17% 0.053% 27116 12.12% 0.047%
Gastrointestinal	Infection GASTROINF Infectious	Disease 0 2810029 1.86% 7.9E-06 16104 3.34% 0.026% 8426 3.27% 0.026% 7678 3.43% 0.026%
General	Bacterial	Infection BACTINF Infectious	Disease 4 704538 0.47% 4.0E-06 4645 0.96% 0.014% 2663 1.03% 0.015% 1982 0.89% 0.014%
General	Viral	Infection VIRINF Infectious	Disease 0 8453411 5.59% 1.3E-05 37702 7.83% 0.039% 14966 5.80% 0.034% 22736 10.16% 0.044%
Herpes	Simplex HERPSX Infectious	Disease 5 1734639 1.15% 6.2E-06 13706 2.85% 0.024% 6939 2.69% 0.023% 6767 3.03% 0.025%
Herpes	Zoster HERPZOS Infectious	Disease 18 1506363 1.00% 5.8E-06 13362 2.77% 0.024% 10659 4.13% 0.029% 2703 1.21% 0.016%
Infestation INFESTA Infectious	Disease 3 549056 0.36% 3.5E-06 3905 0.81% 0.013% 1498 0.58% 0.011% 2407 1.08% 0.015%
Influenza FLU Infectious	Disease 2 3917728 2.59% 9.3E-06 23166 4.81% 0.031% 11764 4.56% 0.030% 11402 5.10% 0.032%
Kidney	Infection KIDNEYINF Infectious	Disease 8 752345 0.50% 4.1E-06 7098 1.47% 0.017% 3354 1.30% 0.016% 3744 1.67% 0.018%
Pneumonia PNEUMO Infectious	Disease 1 1102652 0.73% 5.0E-06 5654 1.17% 0.016% 3950 1.53% 0.018% 1704 0.76% 0.013%
STI STI Infectious	Disease 17 500652 0.33% 3.4E-06 5100 1.06% 0.015% 1100 0.43% 0.009% 4000 1.79% 0.019%
Septicemia SEPSIS Infectious	Disease 16 862110 0.57% 4.4E-06 4486 0.93% 0.014% 3242 1.26% 0.016% 1244 0.56% 0.011%
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Skin	Infection SKININF Infectious	Disease 0 1776635 1.18% 6.3E-06 15350 3.19% 0.025% 8494 3.29% 0.026% 6856 3.07% 0.025%
UTI UTI Infectious	Disease 6 12538001 8.30% 1.6E-05 98197 20.39% 0.058% 59412 23.03% 0.061% 38785 17.34% 0.055%
Viral	Hepatitis	B HEPAB Infectious	Disease 22 155890 0.10% 1.9E-06 977 0.20% 0.006% 765 0.30% 0.008% 212 0.09% 0.004%
Viral	Warts	HPV HPV Infectious	Disease 7 5695793 3.77% 1.1E-05 55223 11.47% 0.046% 24426 9.47% 0.042% 30797 13.77% 0.050%
Acne ACNE Integumentary 12 5490739 3.63% 1.1E-05 60005 12.46% 0.048% 9638 3.74% 0.027% 50367 22.52% 0.060%
Alopecia ALOPE Integumentary 13 1066362 0.71% 4.9E-06 9330 1.94% 0.020% 5366 2.08% 0.021% 3964 1.77% 0.019%
Carbuncle	Furuncle CARBFUR Integumentary 5 708165 0.47% 4.0E-06 6299 1.31% 0.016% 3308 1.28% 0.016% 2991 1.34% 0.017%
Chronic	Pruritus CHRPRUR Integumentary 7 1568834 1.04% 5.9E-06 11797 2.45% 0.022% 8099 3.14% 0.025% 3698 1.65% 0.018%
Dyschromia DYSCHROM Integumentary 15 2888863 1.91% 8.0E-06 24653 5.12% 0.032% 20300 7.87% 0.039% 4353 1.95% 0.020%
Hair	Related	Disease HAIRD Integumentary 5 1857982 1.23% 6.4E-06 18554 3.85% 0.028% 8585 3.33% 0.026% 9969 4.46% 0.030%
Keratosis KERATO Integumentary 37 8695184 5.75% 1.4E-05 77326 16.05% 0.053% 75200 29.15% 0.065% 2126 0.95% 0.014%
Nail	Disease NAILD Integumentary 12 2888074 1.91% 8.0E-06 22506 4.67% 0.030% 14584 5.65% 0.033% 7922 3.54% 0.027%
Oral	Soft	Tissue	Disease ORALSOFT Integumentary 2 1602926 1.06% 6.0E-06 13679 2.84% 0.024% 8241 3.19% 0.025% 5438 2.43% 0.022%
Photodermatitis PHOTODERM Integumentary 18 1777430 1.18% 6.3E-06 15544 3.23% 0.025% 13036 5.05% 0.032% 2508 1.12% 0.015%
Rosacea ROSACEA Integumentary 19 1600896 1.06% 6.0E-06 15983 3.32% 0.026% 13076 5.07% 0.032% 2907 1.30% 0.016%
Seborrheic	Dermatitis SEBDERM Integumentary 0 1693162 1.12% 6.1E-06 13907 2.89% 0.024% 9300 3.60% 0.027% 4607 2.06% 0.020%
Electrolyte	Acid-Base	Balance	
Disorder ELECTROBAL Metabolic 21 4063752 2.69% 9.4E-06 27615 5.73% 0.033% 22043 8.54% 0.040% 5572 2.49% 0.022%
Gout	Related	Crystal	
Arthropathies GOUT Metabolic 33 1782424 1.18% 6.3E-06 12483 2.59% 0.023% 11795 4.57% 0.030% 688 0.31% 0.008%
Malnutrition MALNUTR Metabolic 12 535412 0.35% 3.5E-06 3220 0.67% 0.012% 2132 0.83% 0.013% 1088 0.49% 0.010%
Metabolic	Syndrome	X METAX Metabolic 18 708817 0.47% 4.0E-06 6020 1.25% 0.016% 4925 1.91% 0.020% 1095 0.49% 0.010%
Mixed	Hyperlipidemia HYPLIPD Metabolic 32 5624619 3.72% 1.1E-05 41601 8.64% 0.040% 38811 15.04% 0.052% 2790 1.25% 0.016%
Obesity OBESE Metabolic 15 5949861 3.94% 1.1E-05 34522 7.17% 0.037% 27009 10.47% 0.044% 7513 3.36% 0.026%
Overweight OVERWEIGH Metabolic 9 862453 0.57% 4.4E-06 4761 0.99% 0.014% 3668 1.42% 0.017% 1093 0.49% 0.010%
Vitamin	Deficiency VITAMIND Metabolic 25 5716437 3.78% 1.1E-05 40787 8.47% 0.040% 35293 13.68% 0.050% 5494 2.46% 0.022%
Abnormal	Spine	Curvature SPINCURV Musculoskeletal 10 1575373 1.04% 5.9E-06 10669 2.22% 0.021% 5375 2.08% 0.021% 5294 2.37% 0.022%
General	Osteochondropathy OSTCHON Musculoskeletal 8 527122 0.35% 3.4E-06 2641 0.55% 0.011% 1339 0.52% 0.010% 1302 0.58% 0.011%
General	Spondylosis	Spine	
Disorder SPONSPIN Musculoskeletal 21 12240293 8.10% 1.6E-05 91397 18.98% 0.056% 76732 29.74% 0.066% 14665 6.56% 0.036%
Hernia HERNIA Musculoskeletal 14 3967915 2.63% 9.3E-06 31371 6.51% 0.036% 27264 10.57% 0.044% 4107 1.84% 0.019%
Jaw	Disease JAWD Musculoskeletal 14 1141076 0.76% 5.0E-06 12533 2.60% 0.023% 7132 2.76% 0.024% 5401 2.41% 0.022%
Muscle	Ligament	Disorder MUSCLIGM Musculoskeletal 15 18273947 12.09% 1.9E-05 142750 29.64% 0.066% 1E+05 42.05% 0.071% 34279 15.33% 0.052%
Spinal	Stenosis SPINSTE Musculoskeletal 33 2635810 1.74% 7.6E-06 19395 4.03% 0.028% 18070 7.00% 0.037% 1325 0.59% 0.011%
Synovium	Tendon	Bursa	
Disorder SYNTEND Musculoskeletal 15 5882310 3.89% 1.1E-05 56901 11.81% 0.047% 45019 17.45% 0.055% 11882 5.31% 0.032%
Benign	Bone	Connective	Tissue	
Neoplasm BENBONCON Neoplastic	Process 12 770259 0.51% 4.2E-06 7908 1.64% 0.018% 6196 2.40% 0.022% 1712 0.77% 0.013%
Benign	Colon	Neoplasm BENCOLON Neoplastic	Process 40 5932996 3.93% 1.1E-05 67588 14.03% 0.050% 66012 25.59% 0.063% 1576 0.70% 0.012%
Benign	Digestive	Neoplasm BENDIG Neoplastic	Process 28 933173 0.62% 4.6E-06 9363 1.94% 0.020% 8328 3.23% 0.025% 1035 0.46% 0.010%
Benign	Skin	Neoplasm BENSKIN Neoplastic	Process 13 10148339 6.72% 1.5E-05 98600 20.47% 0.058% 68690 26.63% 0.064% 29910 13.37% 0.049%
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Benign	Uterine	Neoplasm BENUTER Neoplastic	Process 29 2646498 1.75% 7.7E-06 22596 4.69% 0.030% 21164 8.20% 0.040% 1432 0.64% 0.011%
Cervical	Cancer CERVCAN Neoplastic	Process 19 1309702 0.87% 5.4E-06 16455 3.42% 0.026% 3861 1.50% 0.017% 12594 5.63% 0.033%
Hemangioma	Lymphangioma HEMLYM Neoplastic	Process 5 1572112 1.04% 5.9E-06 14494 3.01% 0.025% 12771 4.95% 0.031% 1723 0.77% 0.013%
Lipoma LIPOMA Neoplastic	Process 22 1137779 0.75% 5.0E-06 11342 2.35% 0.022% 9696 3.76% 0.027% 1646 0.74% 0.012%
Non-Melanoma	Skin	Cancer NONMELANONeoplastic	Process 18 8199192 5.43% 1.3E-05 74838 15.54% 0.052% 59277 22.98% 0.061% 15561 6.96% 0.037%
ADHD ADHD Neuropsychiatric 6 3343232 2.21% 8.6E-06 25141 5.22% 0.032% 4343 1.68% 0.019% 20798 9.30% 0.042%
Adjustment	Disorder ADJM Neuropsychiatric 8 4473730 2.96% 9.9E-06 36570 7.59% 0.038% 20527 7.96% 0.039% 16043 7.17% 0.037%
Anxiety	Phobic	Disorder GAD Neuropsychiatric 13 9519463 6.30% 1.4E-05 68428 14.21% 0.050% 36980 14.33% 0.050% 31448 14.06% 0.050%
Autism ASD Neuropsychiatric 2 166877 0.11% 1.9E-06 1263 0.26% 0.007% 42 0.02% 0.002% 1221 0.55% 0.011%
Bipolar	Disorder BIP Neuropsychiatric 14 1282267 0.85% 5.4E-06 12215 2.54% 0.023% 4508 1.75% 0.019% 7707 3.45% 0.026%
Depression MDD Neuropsychiatric 15 5732901 3.79% 1.1E-05 49650 10.31% 0.044% 26466 10.26% 0.044% 23184 10.36% 0.044%
Eating	Disorder EATD Neuropsychiatric 1 239351 0.16% 2.3E-06 2708 0.56% 0.011% 678 0.26% 0.007% 2030 0.91% 0.014%
Migraine MIGRAINE Neuropsychiatric 14 4455036 2.95% 9.9E-06 35091 7.29% 0.037% 19967 7.74% 0.039% 15124 6.76% 0.036%
Mood	Disorder MOODD Neuropsychiatric 10 921174 0.61% 4.5E-06 7940 1.65% 0.018% 2970 1.15% 0.015% 4970 2.22% 0.021%
OCD OCD Neuropsychiatric 9 338155 0.22% 2.8E-06 3679 0.76% 0.013% 940 0.36% 0.009% 2739 1.22% 0.016%
PTSD PTSD Neuropsychiatric 12 490913 0.32% 3.3E-06 3594 0.75% 0.012% 1848 0.72% 0.012% 1746 0.78% 0.013%
Personality	Disorder PERSON Neuropsychiatric 12 234341 0.16% 2.3E-06 2565 0.53% 0.010% 876 0.34% 0.008% 1689 0.76% 0.012%
Schizophrenia	Related	
Psychosis SCHZ Neuropsychiatric 16 831426 0.55% 4.3E-06 6476 1.34% 0.017% 2759 1.07% 0.015% 3717 1.66% 0.018%
Sleep	Disorder SLEEPD Neuropsychiatric 9 1088261 0.72% 4.9E-06 8670 1.80% 0.019% 6492 2.52% 0.023% 2178 0.97% 0.014%
Substance	Abuse SUBABUS Neuropsychiatric 18 6759671 4.47% 1.2E-05 47048 9.77% 0.043% 24798 9.61% 0.042% 22250 9.95% 0.043%
Cataract CATARACT Ophthalmological 48 6736189 4.46% 1.2E-05 36763 7.63% 0.038% 35772 13.87% 0.050% 991 0.44% 0.010%
Conjunctival	Disorders CONJUN Ophthalmological 13 1420548 0.94% 5.6E-06 12757 2.65% 0.023% 10614 4.11% 0.029% 2143 0.96% 0.014%
Corneal	Disorders CORNEAL Ophthalmological 16 2242583 1.48% 7.1E-06 21465 4.46% 0.030% 13381 5.19% 0.032% 8084 3.61% 0.027%
Glaucoma GLAUCOMA Ophthalmological 29 4363946 2.89% 9.8E-06 27955 5.80% 0.034% 25044 9.71% 0.043% 2911 1.30% 0.016%
Optic	Neuritis	Neuropathy OPTNEURO Ophthalmological 13 491822 0.33% 3.3E-06 3837 0.80% 0.013% 2854 1.11% 0.015% 983 0.44% 0.010%
Refraction	Accomodation	
Disorders REFRACC Ophthalmological 9 465344 0.31% 3.2E-06 3532 0.73% 0.012% 2553 0.99% 0.014% 979 0.44% 0.010%
Vitreous	Body	Disorder VTRBODY Ophthalmological 29 2809479 1.86% 7.9E-06 23192 4.82% 0.031% 21122 8.19% 0.040% 2070 0.93% 0.014%
Eustachian	Tube	Disorder EUSTUBE Otic 1 3050373 2.02% 8.2E-06 22506 4.67% 0.030% 15435 5.98% 0.034% 7071 3.16% 0.025%
External	Ear	Disorders EXTEAR Otic 2 4675491 3.09% 1.0E-05 33771 7.01% 0.037% 22820 8.85% 0.041% 10951 4.90% 0.031%
General	Ear	Disorder GENEAR Otic 1 4058482 2.69% 9.4E-06 23953 4.97% 0.031% 14867 5.76% 0.034% 9086 4.06% 0.028%
Hearing	Loss HEARING Otic 3 4844481 3.21% 1.0E-05 37084 7.70% 0.038% 30677 11.89% 0.047% 6407 2.86% 0.024%

Tympanic	Membrane	Disorders TYMPMEM Otic 2 540569 0.36% 3.5E-06 3470 0.72% 0.012% 1703 0.66% 0.012% 1767 0.79% 0.013%
Cranial	Nerve	Disorder CRANNERV PNS 4 1055892 0.70% 4.9E-06 8249 1.71% 0.019% 6266 2.43% 0.022% 1983 0.89% 0.014%
Nerve	Root	Plexus	Disorders NERVROOT PNS 19 593366 0.39% 3.6E-06 5112 1.06% 0.015% 3997 1.55% 0.018% 1115 0.50% 0.010%
Peripheral	Nerve	Disorder PERINERV PNS 27 4225977 2.80% 9.6E-06 37149 7.71% 0.038% 32469 12.59% 0.048% 4680 2.09% 0.021%
Breast	Disorder BREAST Reproductive 20 6715958 4.44% 1.2E-05 56919 11.82% 0.047% 46449 18.01% 0.055% 10470 4.68% 0.030%
Disease	of	the	Female	
Reproductive	Organs FEMALEREP Reproductive 16 15932733 10.54% 1.8E-05 118069 24.51% 0.062% 69025 26.76% 0.064% 49044 21.93% 0.060%
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Deviated	Nasal	Septum DEVNASAL Respiratory 9 981185 0.65% 4.7E-06 9010 1.87% 0.020% 5540 2.15% 0.021% 3470 1.55% 0.018%
Emphysema	COPD COPD Respiratory 15 2212557 1.46% 7.0E-06 11195 2.32% 0.022% 9331 3.62% 0.027% 1864 0.83% 0.013%
Sleep	Apnea SLEEPAPN Respiratory 20 3585952 2.37% 8.9E-06 29760 6.18% 0.035% 26948 10.45% 0.044% 2812 1.26% 0.016%
Bladder	Disorder BLADDER Urinary 14 1178825 0.78% 5.1E-06 9510 1.97% 0.020% 7696 2.98% 0.025% 1814 0.81% 0.013%
Urinary	Calculus URINARY Urinary 22 2758952 1.83% 7.8E-06 23853 4.95% 0.031% 18941 7.34% 0.038% 4912 2.20% 0.021%
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Table A.2: Heritability and preventability estimates and standard deviations for 149 studied diseases
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Disease Acronym
Selected	
Model h2	

h2		Before	
Adjustment

h2	SD Couple Couple	SD Sibling Sibling	SD Unique Unique	SD

Brain	Damage BRAIND GC 0.226 0.214 0.031 0.091 0.029 - - 0.695 0.039
Disorder	of	the	Vestibular	
System DVS GCS 0.295 0.279 0.024 0.104 0.014 0.103 0.046 0.514 0.050
Epilepsy	Related	Disorders EPILEPSY GC 0.541 0.512 0.019 0.249 0.020 - - 0.239 0.026
Extrapyramidal	Abnormal	
Movement	Disorders EAM GCS 0.262 0.248 0.025 0.117 0.018 0.012 0.014 0.624 0.034
Ocular	Musculoskeletal	
Disorder OMD GCS 0.357 0.338 0.021 0.211 0.015 0.200 0.024 0.251 0.024
Aneurysm ANEURYSM GCS 0.695 0.658 0.018 0.212 0.017 0.000 0.000 0.129 0.010
Atherosclerosis ATHRSLS GCS 0.406 0.384 0.022 0.205 0.007 0.196 0.028 0.214 0.020
Cardiac	Dysrhythmia CARDYS GCS 0.240 0.227 0.011 0.144 0.006 0.018 0.014 0.610 0.018
Cardiomyopathy CARDMYO GCS 0.604 0.572 0.022 0.210 0.018 0.000 0.000 0.218 0.007
Cerebrovascular	Disease CEREBVAS GCS 0.217 0.205 0.021 0.161 0.009 0.125 0.046 0.509 0.048
General	Hypertension HYPTEN GCS 0.462 0.438 0.009 0.195 0.004 0.020 0.013 0.347 0.015
Non-Rheumatic	Heart	Disease NONRHHD GCS 0.344 0.326 0.014 0.190 0.008 0.102 0.027 0.382 0.029
Peripheral	Vascular	Disease PERIVAS GCS 0.253 0.239 0.022 0.152 0.010 0.128 0.042 0.481 0.041
Cardiac	Congenital	Anomaly CARCONG GCS 0.393 0.372 0.028 0.226 0.020 0.216 0.034 0.186 0.014
Oro-Facial	Congenital	Anomaly OFCONG GCS 0.440 0.416 0.027 0.205 0.017 0.258 0.017 0.120 0.008
Appendiceal	Disease APPEND GCS 0.260 0.246 0.027 0.138 0.028 0.000 0.000 0.616 0.036
Esophageal	Disease ESOPHD GC 0.292 0.277 0.008 0.130 0.005 - - 0.593 0.009
Functional	Digestive	Disorder DIGEST GCS 0.203 0.192 0.009 0.119 0.007 0.019 0.013 0.670 0.016
Gastrointestinal	Ulcer GASTROULC GC 0.306 0.289 0.026 0.141 0.015 - - 0.570 0.030
Rectal	Anal	Disorder RECTANAL GCS 0.078 0.074 0.022 0.083 0.014 0.001 0.001 0.842 0.026
Goiter GOITER GCS 0.408 0.386 0.017 0.145 0.012 0.054 0.026 0.415 0.032
Thyrotoxicosis THYRODTOX GCS 0.405 0.384 0.023 0.226 0.016 0.134 0.031 0.256 0.024
Type	II	Diabetes	Mellitus DM2 GCS 0.561 0.532 0.010 0.283 0.005 0.112 0.013 0.074 0.006
Acquired	Coagulation	Defect ACQCOAG GCS 0.642 0.608 0.019 0.233 0.017 0.000 0.000 0.158 0.014
Pernicious	or	B12	Deficiency	
Anemia B12DEF GC 0.652 0.617 0.013 0.303 0.012 - - 0.080 0.004
Biliary	Tract	Disease BILLARY GCS 0.219 0.207 0.013 0.101 0.009 0.083 0.021 0.608 0.024
Chronic	Liver	Disease CHRLIVER GCS 0.363 0.344 0.025 0.158 0.011 0.248 0.031 0.250 0.025
Allergic	Rhinitis ALLGRHIN GCS 0.445 0.421 0.006 0.203 0.005 0.008 0.006 0.368 0.009
Asthma ASTHMA GCS 0.457 0.433 0.008 0.151 0.007 0.009 0.007 0.407 0.012
Atopic	Contact	Dermatitis DERM GCS 0.202 0.191 0.006 0.108 0.005 0.006 0.005 0.694 0.009
Chronic	Sinusitis CHRSINUS GCS 0.523 0.495 0.008 0.249 0.006 0.036 0.010 0.220 0.015
Chronic	Tonsillitis	Adenoiditis TONSADEN GCS 0.330 0.312 0.021 0.213 0.034 0.007 0.008 0.468 0.039
Crohns CROHNS GCS 0.574 0.544 0.028 0.181 0.027 0.003 0.004 0.272 0.029
Cystitis	Urethritis CYSURETH GCS 0.313 0.296 0.015 0.173 0.014 0.003 0.003 0.528 0.020
Esophagitis ESOPHI GCS 0.364 0.345 0.019 0.201 0.011 0.117 0.030 0.337 0.033

Supplementary	Table	2.	Heritability	and	preventability	estimates	and	standard	deviations	for	149	studied	diseases
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Eye	Inflammation EYEINFM GCS 0.292 0.276 0.009 0.148 0.007 0.061 0.010 0.515 0.012
Fasciitis FASCI GCS 0.350 0.331 0.014 0.132 0.007 0.089 0.026 0.448 0.028
Food	Allergy FOODALL GC 0.599 0.567 0.021 0.315 0.021 - 0.000 0.118 0.007
Gastritis	Duodenitis GASDUO GCS 0.288 0.273 0.010 0.188 0.007 0.002 0.003 0.537 0.013
IBS IBS GCS 0.287 0.272 0.015 0.164 0.013 0.015 0.014 0.548 0.021
Inflammatory	Spondylopathies INFMSPON GC 0.646 0.612 0.016 0.269 0.015 - - 0.119 0.009
Lupus	Erythematosus LUPUS GC 0.660 0.625 0.027 0.252 0.027 - - 0.123 0.007
Lymphatic	Disorder LYMPHD GCS 0.215 0.204 0.027 0.149 0.021 0.144 0.028 0.504 0.038
Osteoarthritis OSTARTH GCS 0.256 0.242 0.012 0.134 0.005 0.009 0.012 0.615 0.017
Osteomyelitis OSTMYEL GCS 0.220 0.208 0.023 0.154 0.019 0.000 0.000 0.638 0.030
Pleuritis PLEUI GCS 0.184 0.174 0.024 0.115 0.015 0.002 0.003 0.709 0.029
Psoriasis	Related	Disorders PSORIAS GCS 0.304 0.288 0.019 0.082 0.016 0.009 0.011 0.621 0.028
Rheumatic	Heart	Disease RHHD GC 0.554 0.524 0.017 0.288 0.013 - - 0.188 0.016
Rheumatoid	Arthritis	Related	
Conditions RA GCS 0.486 0.460 0.027 0.226 0.014 0.068 0.031 0.247 0.022
Secondary	Arthropathy 2NDARTHR GCS 0.629 0.596 0.017 0.241 0.016 0.006 0.007 0.158 0.014
Thyroiditis THYRODI GC 0.635 0.601 0.015 0.261 0.014 - - 0.138 0.011
Type	I	Diabetes	Mellitus DM1 GCS 0.531 0.503 0.020 0.244 0.012 0.127 0.023 0.126 0.011
Ulcerative	Colitis ULCCOL GCS 0.471 0.446 0.033 0.160 0.024 0.136 0.039 0.258 0.019
Upper	Respiratory	
Inflammation UPRESP GCS 0.287 0.272 0.011 0.148 0.009 0.006 0.007 0.574 0.015
Arthropod-Borne	Diseases ARTHROPOD GCS 0.639 0.605 0.023 0.307 0.022 0.000 0.000 0.088 0.006
Cellulitis CELLUI GCS 0.226 0.214 0.007 0.130 0.006 0.000 0.000 0.656 0.009
Chronic	Upper	Respiratory	
Infection CHRUPRESP GCS 0.464 0.439 0.013 0.229 0.010 0.064 0.017 0.268 0.020
Ear	Infection EARINF GCS 0.244 0.231 0.007 0.131 0.006 0.011 0.008 0.626 0.011
Eye	Infection EYEINF GCS 0.200 0.189 0.009 0.114 0.007 0.031 0.010 0.665 0.013
Fungal	Infection FUNGINF GCS 0.211 0.200 0.007 0.144 0.006 0.000 0.000 0.656 0.009
Gastrointestinal	Infection GASTROINF GCS 0.295 0.279 0.016 0.188 0.014 0.066 0.021 0.467 0.029
General	Bacterial	Infection BACTINF GCS 0.409 0.387 0.032 0.240 0.024 0.140 0.035 0.232 0.022
General	Viral	Infection VIRINF GC 0.267 0.253 0.010 0.206 0.010 - - 0.541 0.014
Herpes	Simplex HERPSX GCS 0.188 0.178 0.018 0.208 0.016 0.000 0.000 0.614 0.025
Herpes	Zoster HERPZOS GCS 0.127 0.120 0.023 0.097 0.013 0.000 0.000 0.783 0.027
Infestation INFESTA GCS 0.463 0.438 0.019 0.457 0.019 0.000 0.000 0.105 0.007
Influenza FLU GCS 0.412 0.390 0.013 0.291 0.011 0.054 0.015 0.265 0.020
Kidney	Infection KIDNEYINF GC 0.221 0.209 0.028 0.157 0.026 - - 0.633 0.040
Pneumonia PNEUMO GCS 0.391 0.370 0.030 0.226 0.019 0.143 0.037 0.261 0.030
STI STI GC 0.519 0.491 0.022 0.365 0.021 0.000 0.000 0.144 0.013
Septicemia SEPSIS GCS 0.391 0.371 0.033 0.186 0.020 0.287 0.035 0.157 0.012
Skin	Infection SKININF GCS 0.243 0.230 0.016 0.138 0.015 0.004 0.005 0.629 0.022
UTI UTI GCS 0.227 0.215 0.007 0.139 0.005 0.022 0.010 0.624 0.011
Viral	Hepatitis	B HEPAB GC 0.540 0.512 0.040 0.329 0.036 - - 0.159 0.017
Viral	Warts	HPV HPV GCS 0.289 0.274 0.009 0.176 0.008 0.029 0.009 0.521 0.012
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Acne ACNE GCS 0.501 0.474 0.010 0.195 0.015 0.080 0.008 0.250 0.018
Alopecia ALOPE GCS 0.321 0.304 0.023 0.122 0.025 0.047 0.025 0.526 0.037
Carbuncle	Furuncle CARBFUR GC 0.424 0.402 0.024 0.288 0.019 0.000 0.000 0.310 0.029
Chronic	Pruritus CHRPRUR GCS 0.227 0.215 0.023 0.150 0.015 0.051 0.030 0.584 0.035
Dyschromia DYSCHROM GCS 0.430 0.407 0.014 0.330 0.007 0.114 0.016 0.148 0.010
Hair	Related	Disease HAIRD GC 0.238 0.225 0.013 0.102 0.015 - - 0.672 0.021
Keratosis KERATO GCS 0.344 0.326 0.015 0.320 0.004 0.092 0.025 0.262 0.023
Nail	Disease NAILD GC 0.325 0.308 0.014 0.157 0.010 - - 0.535 0.018
Oral	Soft	Tissue	Disease ORALSOFT GCS 0.113 0.107 0.020 0.091 0.016 0.060 0.027 0.742 0.031
Photodermatitis PHOTODERM GCS 0.516 0.488 0.008 0.462 0.007 0.000 0.000 0.049 0.002
Rosacea ROSACEA GCS 0.397 0.376 0.019 0.188 0.011 0.079 0.031 0.357 0.029
Seborrheic	Dermatitis SEBDERM GCS 0.372 0.352 0.018 0.140 0.013 0.044 0.026 0.465 0.033
Electrolyte	Acid-Base	Balance	
Disorder ELECTROBAL GCS 0.288 0.273 0.014 0.155 0.009 0.048 0.027 0.524 0.030
Gout	Related	Crystal	
Arthropathies GOUT GC 0.490 0.464 0.023 0.175 0.014 - - 0.361 0.027
Malnutrition MALNUTR GC 0.539 0.511 0.023 0.318 0.021 - - 0.171 0.014
Metabolic	Syndrome	X METAX GC 0.630 0.596 0.014 0.332 0.013 - - 0.071 0.004
Mixed	Hyperlipidemia HYPLIPD GC 0.610 0.577 0.005 0.387 0.005 - - 0.036 0.002
Obesity OBESE GCS 0.640 0.606 0.007 0.293 0.006 0.000 0.000 0.101 0.007
Overweight OVERWEIGH GCS 0.576 0.546 0.016 0.329 0.015 0.000 0.000 0.125 0.006
Vitamin	Deficiency VITAMIND GCS 0.629 0.596 0.007 0.323 0.005 0.000 0.000 0.081 0.006
Abnormal	Spine	Curvature SPINCURV GCS 0.328 0.311 0.018 0.194 0.019 0.005 0.006 0.491 0.026
General	Osteochondropathy OSTCHON GCS 0.491 0.465 0.029 0.243 0.031 0.000 0.000 0.292 0.029
General	Spondylosis	Spine	
Disorder SPONSPIN GCS 0.325 0.308 0.008 0.154 0.005 0.037 0.012 0.502 0.014
Hernia HERNIA GCS 0.173 0.164 0.014 0.084 0.008 0.003 0.004 0.749 0.017
Jaw	Disease JAWD GC 0.205 0.194 0.018 0.086 0.019 - - 0.720 0.027
Muscle	Ligament	Disorder MUSCLIGM GCS 0.268 0.254 0.006 0.148 0.004 0.001 0.001 0.597 0.008
Spinal	Stenosis SPINSTE GCS 0.343 0.324 0.023 0.121 0.009 0.181 0.034 0.374 0.030
Synovium	Tendon	Bursa	
Disorder SYNTEND GCS 0.180 0.171 0.009 0.111 0.006 0.030 0.014 0.688 0.016
Benign	Bone	Connective	Tissue	
Neoplasm BENBONCON GC 0.218 0.206 0.027 0.109 0.017 - - 0.685 0.031
Benign	Colon	Neoplasm BENCOLON GCS 0.173 0.164 0.019 0.171 0.005 0.217 0.040 0.448 0.042
Benign	Digestive	Neoplasm BENDIG GC 0.506 0.479 0.031 0.186 0.015 - - 0.335 0.036
Benign	Skin	Neoplasm BENSKIN GCS 0.547 0.518 0.007 0.312 0.004 0.036 0.008 0.135 0.009
Benign	Uterine	Neoplasm BENUTER GCS 0.162 0.154 0.029 0.352 0.035 0.262 0.044 0.232 0.018
Cervical	Cancer CERVCAN GCS 0.238 0.225 0.021 0.345 0.036 0.060 0.017 0.370 0.037
Hemangioma	Lymphangioma HEMLYM GCS 0.377 0.357 0.023 0.279 0.010 0.000 0.000 0.364 0.026
Lipoma LIPOMA GCS 0.038 0.036 0.027 0.071 0.014 0.137 0.048 0.756 0.051
Non-Melanoma	Skin	Cancer NONMELANO GCS 0.520 0.493 0.008 0.291 0.005 0.033 0.012 0.183 0.016
ADHD ADHD GC 0.763 0.723 0.009 0.200 0.009 - - 0.077 0.007
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Adjustment	Disorder ADJM GCS 0.561 0.531 0.006 0.422 0.006 0.000 0.000 0.047 0.004
Anxiety	Phobic	Disorder GAD GCS 0.432 0.409 0.007 0.240 0.006 0.001 0.002 0.349 0.010
Autism ASD GCS 0.924 0.875 0.006 0.000 0.000 0.000 0.000 0.125 0.006
Bipolar	Disorder BIP GCS 0.676 0.640 0.011 0.269 0.011 0.000 0.000 0.091 0.007
Depression MDD GC 0.579 0.548 0.006 0.362 0.006 0.001 0.001 0.089 0.008
Eating	Disorder EATD GC 0.569 0.539 0.031 0.317 0.034 - - 0.144 0.012
Migraine MIGRAINE GCS 0.374 0.354 0.010 0.108 0.010 0.003 0.004 0.534 0.015
Mood	Disorder MOODD GCS 0.521 0.493 0.021 0.302 0.018 0.028 0.019 0.176 0.014
OCD OCD GC 0.657 0.622 0.023 0.267 0.023 - - 0.111 0.007
PTSD PTSD GC 0.577 0.546 0.021 0.325 0.021 - - 0.128 0.009
Personality	Disorder PERSON GCS 0.520 0.492 0.028 0.394 0.028 0.000 0.000 0.114 0.007
Schizophrenia	Related	
Psychosis SCHZ GCS 0.562 0.532 0.022 0.253 0.020 0.025 0.020 0.189 0.019
Sleep	Disorder SLEEPD GCS 0.380 0.360 0.025 0.223 0.015 0.148 0.031 0.269 0.028
Substance	Abuse SUBABUS GCS 0.422 0.399 0.010 0.341 0.007 0.026 0.011 0.234 0.016
Cataract CATARACT GCS 0.310 0.293 0.024 0.332 0.006 0.203 0.028 0.172 0.015
Conjunctival	Disorders CONJUN GCS 0.346 0.328 0.022 0.150 0.012 0.164 0.030 0.358 0.034
Corneal	Disorders CORNEAL GCS 0.317 0.300 0.014 0.182 0.011 0.078 0.017 0.439 0.022
Glaucoma GLAUCOMA GCS 0.698 0.661 0.008 0.215 0.006 0.000 0.000 0.124 0.007
Optic	Neuritis	Neuropathy OPTNEURO GC 0.593 0.562 0.017 0.323 0.017 - - 0.115 0.007
Refraction	Accomodation	
Disorders REFRACC GC 0.611 0.579 0.015 0.384 0.015 - - 0.037 0.001
Vitreous	Body	Disorder VTRBODY GCS 0.484 0.458 0.015 0.206 0.008 0.218 0.019 0.119 0.010
Eustachian	Tube	Disorder EUSTUBE GCS 0.274 0.260 0.014 0.126 0.010 0.003 0.003 0.612 0.018
External	Ear	Disorders EXTEAR GCS 0.272 0.257 0.012 0.106 0.008 0.054 0.016 0.582 0.019
General	Ear	Disorder GENEAR GCS 0.243 0.230 0.013 0.103 0.010 0.015 0.013 0.652 0.020
Hearing	Loss HEARING GCS 0.217 0.206 0.012 0.095 0.007 0.054 0.023 0.645 0.025

Tympanic	Membrane	Disorders TYMPMEM GCS 0.298 0.283 0.040 0.131 0.040 0.000 0.000 0.586 0.057
Cranial	Nerve	Disorder CRANNERV GCS 0.249 0.236 0.027 0.112 0.018 0.096 0.037 0.557 0.041
Nerve	Root	Plexus	Disorders NERVROOT GCS 0.656 0.621 0.014 0.314 0.014 0.000 0.000 0.065 0.004
Peripheral	Nerve	Disorder PERINERV GCS 0.213 0.201 0.014 0.111 0.007 0.000 0.000 0.688 0.016
Breast	Disorder BREAST GCS 0.166 0.157 0.010 0.091 0.012 0.001 0.001 0.752 0.015
Disease	of	the	Female	
Reproductive	Organs FEMALEREP GCS 0.235 0.223 0.009 0.138 0.018 0.080 0.011 0.560 0.022
Deviated	Nasal	Septum DEVNASAL GC 0.489 0.463 0.019 0.255 0.017 - - 0.282 0.027
Emphysema	COPD COPD GCS 0.534 0.506 0.019 0.281 0.011 0.122 0.021 0.091 0.006
Sleep	Apnea SLEEPAPN GCS 0.474 0.449 0.015 0.209 0.008 0.000 0.000 0.343 0.017
Bladder	Disorder BLADDER GC 0.223 0.211 0.027 0.131 0.015 - - 0.657 0.031
Urinary	Calculus URINARY GCS 0.357 0.338 0.015 0.103 0.009 0.052 0.027 0.507 0.032
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Table A.3: Heritability estimates compared to published twin/family studies. Bold font indicates the two estimates’
95% confidence intervals do not overlap with each other

Disease Family h2

Adjusted

Family

h2 SD

Reference

h2

Reference

h2 SD

Reference

Disorder of the Vestibular System 0.295 0.024 0.31 0.042 [226]

Epilepsy Related Disorders 0.541 0.019 0.7 0.08 [151]

Aneurysm 0.695 0.018 0.77 0.045 [143]

Cardiac Dysrhythmia 0.24 0.011 0.27 0.07 [226]

Cerebrovascular Disease 0.217 0.021 0.23 0.01 [199]

General Hypertension 0.462 0.009 0.37 0.09 [297]

Non-Rheumatic Heart Disease 0.344 0.014 0.29 0.037 [226]

Peripheral Vascular Disease 0.253 0.022 0.58 0.035 [301]

Appendiceal Disease 0.26 0.027 0.2 0.1 [245]

Esophageal Disease 0.292 0.008 0.256 0.044 [226]

Goiter 0.408 0.017 0.317 0.06 [227]

Type II Diabetes Mellitus 0.561 0.01 0.46 0.1 [310]

Biliary Tract Disease 0.219 0.013 0.42 0.1575 [257]

Chronic Liver Disease 0.363 0.025 0.52 0.11 [177]

Continued on next page
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Table A.3 – continued from previous page

Disease Family h2

Adjusted

Family

h2 SD

Reference

h2

Reference

h2 SD

Reference

Allergic Rhinitis 0.445 0.006 0.551 0.07 [226]

Asthma 0.457 0.008 0.535 0.048 [226]

Atopic Contact Dermatitis 0.202 0.006 0.86 0.045 [140]

Chronic Sinusitis 0.523 0.008 0.33 0.1 [12]

Chronic Tonsillitis Adenoiditis 0.33 0.021 0.33 0.1 [226]

Crohn’s Disease 0.574 0.028 0.786 0.143 [42]

Cystitis Urethritis 0.313 0.015 0.399 0.072 [226]

Esophagitis 0.364 0.019 0.145 0.04 [4]

Food Allergy 0.599 0.021 0.63 0.041 [226]

IBS 0.287 0.015 0.217 0.043 [226]

Inflammatory Spondylopathies 0.646 0.016 0.97 0.025 [32]

Lupus Erythematosus 0.66 0.027 0.66 0.11 [164]

Osteoarthritis 0.256 0.012 0.332 0.121 [226]

Psoriasis Related Disorders 0.304 0.019 0.571 0.078 [226]

Rheumatoid Arthritis Related Conditions 0.486 0.027 0.53 0.065 [183]

Type I Diabetes Mellitus 0.531 0.02 0.496 0.125 [226]

Continued on next page
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Table A.3 – continued from previous page

Disease Family h2

Adjusted

Family

h2 SD

Reference

h2

Reference

h2 SD

Reference

Ulcerative Colitis 0.471 0.033 0.62 0.042 [289]

Ear Infection 0.244 0.007 0.49 0.05 [239]

Viral Hepatitis B 0.54 0.04 0.503 0.1185 [131]

Acne 0.501 0.01 0.81 0.04 [17]

Alopecia 0.321 0.023 0.81 0.02 [113]

Rosacea 0.397 0.019 0.46 0.05 [3]

Electrolyte Acid-Base Balance Disorder 0.288 0.014 0.319 0.026 [226]

Gout Related Crystal Arthropathies 0.49 0.023 0.469 0.08 [158]

Obesity 0.64 0.007 0.631 0.013 [226]

Abnormal Spine Curvature 0.328 0.018 0.38 0.04 [103]

Spinal Stenosis 0.343 0.023 0.669 0.05 [19]

Cervical Cancer 0.238 0.021 0.22 0.03 [54]

Non-Melanoma Skin Cancer 0.52 0.008 0.43 0.08 [197]

ADHD 0.763 0.009 0.71 0.029 [206]

Anxiety Phobic Disorder 0.432 0.007 0.49 0.026 [226]

Autism 0.924 0.006 0.775 0.0675 [284]

Continued on next page
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Table A.3 – continued from previous page

Disease Family h2

Adjusted

Family

h2 SD

Reference

h2

Reference

h2 SD

Reference

Bipolar Disorder 0.676 0.011 0.678 0.02 [226]

Depression 0.579 0.006 0.402 0.016 [226]

Eating Disorder 0.569 0.031 0.56 0.2 [34]

Migraine 0.374 0.01 0.415 0.026 [226]

Mood Disorder 0.521 0.021 0.609 0.086 [226]

OCD 0.657 0.023 0.448 0.026 [226]

PTSD 0.577 0.021 0.46 0.08 [253]

Personality Disorder 0.52 0.028 0.622 0.052 [226]

Schizophrenia Related Psychosis 0.562 0.022 0.643 0.013 [226]

Sleep Disorder 0.38 0.025 0.345 0.026 [226]

Substance Abuse 0.422 0.01 0.408 0.051 [226]

Cataract 0.31 0.024 0.356 0.07 [252]

Glaucoma 0.698 0.008 0.665 0.03 [252]

Optic Neuritis Neuropathy 0.593 0.017 0.52 0.31 [252]

Refraction Accommodation Disorders 0.611 0.015 0.58 0.13 [252]

Hearing Loss 0.217 0.012 0.25 0.045 [194]

Continued on next page
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Table A.3 – continued from previous page

Disease Family h2

Adjusted

Family

h2 SD

Reference

h2

Reference

h2 SD

Reference

Emphysema COPD 0.534 0.019 0.63 0.08 [136]

Sleep Apnea 0.474 0.015 0.37 0.04 [221]

Urinary Calculus 0.357 0.015 0.52 0.05 [133]
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Table A.4: Genetic, environmental and phenotypic correlations of pairwise analysis for 29 complex diseases
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Disease1 Disease2 rg rg		SD re re		SD rp rp		SD
ADHD Adjustment	Disorder 0.358 0.013 0.192 0.020 0.291 0.005
ADHD Anxiety	Phobic	Disorder 0.447 0.012 0.226 0.017 0.334 0.004
ADHD Bipolar	Disorder 0.368 0.013 0.343 0.025 0.358 0.006
ADHD Depression 0.421 0.011 0.274 0.019 0.361 0.004
ADHD Migraine 0.216 0.017 0.044 0.020 0.127 0.005
ADHD Mood	Disorder 0.401 0.019 0.244 0.028 0.331 0.007

ADHD
Schizophrenia	Related	
Psychosis 0.223 0.020 0.222 0.033 0.218 0.009

ADHD Substance	Abuse 0.250 0.015 0.246 0.020 0.235 0.005
Benign	Skin	Neoplasm ADHD 0.215 0.010 -0.116 0.015 0.089 0.005
Non-Melanoma	Skin	Cancer ADHD 0.217 0.010 -0.121 0.016 0.082 0.005
Allergic	Rhinitis ADHD 0.216 0.012 0.027 0.016 0.130 0.004
Asthma ADHD 0.156 0.014 0.055 0.019 0.109 0.005
Atopic	Contact	Dermatitis ADHD 0.221 0.019 0.019 0.015 0.091 0.005
Chronic	Sinusitis ADHD 0.174 0.012 0.041 0.020 0.120 0.005
Cystitis	Urethritis ADHD 0.123 0.019 0.064 0.020 0.085 0.007
Esophagitis ADHD 0.161 0.023 0.029 0.028 0.093 0.008
Eye	Inflammation ADHD 0.156 0.016 0.009 0.016 0.074 0.005
Fasciitis ADHD 0.104 0.019 0.022 0.025 0.060 0.007
Gastritis	Duodenitis ADHD 0.117 0.018 0.093 0.020 0.094 0.006
IBS ADHD 0.203 0.022 0.018 0.023 0.098 0.007
Lymphatic	Disorder ADHD 0.100 0.033 0.038 0.031 0.056 0.009
Osteoarthritis ADHD 0.200 0.018 0.042 0.020 0.103 0.007
Psoriasis	Related	Disorders ADHD 0.101 0.025 -0.010 0.031 0.042 0.008
Type	I	Diabetes	Mellitus ADHD -0.054 0.019 -0.008 0.031 -0.035 0.012
Upper	Respiratory	
Inflammation ADHD 0.221 0.018 0.014 0.019 0.104 0.006
Cardiac	Dysrhythmia ADHD 0.107 0.018 0.081 0.018 0.081 0.006
General	Hypertension ADHD 0.007 0.013 0.151 0.023 0.064 0.005
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Non-Rheumatic	Heart	
Disease ADHD 0.054 0.016 0.032 0.020 0.040 0.007
Adjustment	Disorder Anxiety	Phobic	Disorder 0.592 0.012 0.211 0.010 0.385 0.003
Adjustment	Disorder Bipolar	Disorder 0.394 0.012 0.240 0.015 0.327 0.006
Adjustment	Disorder Depression 0.671 0.010 0.242 0.009 0.450 0.003
Adjustment	Disorder Migraine 0.210 0.017 0.108 0.014 0.150 0.005
Adjustment	Disorder Mood	Disorder 0.444 0.020 0.222 0.019 0.335 0.006

Adjustment	Disorder
Schizophrenia	Related	
Psychosis 0.314 0.018 0.199 0.019 0.259 0.007

Adjustment	Disorder Substance	Abuse 0.353 0.014 0.111 0.012 0.222 0.004
Benign	Skin	Neoplasm Adjustment	Disorder 0.186 0.013 0.035 0.015 0.114 0.004
Non-Melanoma	Skin	Cancer Adjustment	Disorder 0.178 0.014 0.022 0.014 0.101 0.004
Allergic	Rhinitis Adjustment	Disorder 0.141 0.013 0.065 0.011 0.100 0.004
Asthma Adjustment	Disorder 0.164 0.013 0.066 0.012 0.112 0.004
Atopic	Contact	Dermatitis Adjustment	Disorder 0.207 0.017 0.060 0.010 0.103 0.004
Chronic	Sinusitis Adjustment	Disorder 0.162 0.012 0.060 0.014 0.112 0.004
Cystitis	Urethritis Adjustment	Disorder 0.128 0.022 0.089 0.016 0.102 0.005
Esophagitis Adjustment	Disorder 0.182 0.023 0.039 0.019 0.099 0.006
Eye	Inflammation Adjustment	Disorder 0.185 0.016 0.047 0.011 0.098 0.004
Fasciitis Adjustment	Disorder 0.179 0.020 0.032 0.015 0.092 0.005
Gastritis	Duodenitis Adjustment	Disorder 0.145 0.021 0.093 0.014 0.110 0.004
IBS Adjustment	Disorder 0.286 0.023 0.062 0.015 0.143 0.006
Lymphatic	Disorder Adjustment	Disorder 0.118 0.033 0.057 0.020 0.074 0.008
Osteoarthritis Adjustment	Disorder 0.192 0.020 0.087 0.012 0.120 0.004
Psoriasis	Related	Disorders Adjustment	Disorder 0.105 0.024 0.025 0.017 0.055 0.007
Type	I	Diabetes	Mellitus Adjustment	Disorder 0.031 0.018 0.034 0.018 0.032 0.007
Upper	Respiratory	
Inflammation Adjustment	Disorder 0.198 0.021 0.076 0.015 0.120 0.005
Cardiac	Dysrhythmia Adjustment	Disorder 0.181 0.022 0.086 0.014 0.115 0.005
General	Hypertension Adjustment	Disorder -0.068 0.012 0.142 0.012 0.041 0.004
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Non-Rheumatic	Heart	
Disease Adjustment	Disorder 0.051 0.022 0.073 0.017 0.062 0.006
Anxiety	Phobic	Disorder Bipolar	Disorder 0.598 0.016 0.393 0.018 0.487 0.004
Anxiety	Phobic	Disorder Depression 0.738 0.011 0.425 0.010 0.570 0.003
Anxiety	Phobic	Disorder Migraine 0.374 0.017 0.133 0.012 0.224 0.004
Anxiety	Phobic	Disorder Mood	Disorder 0.599 0.022 0.371 0.018 0.470 0.005

Anxiety	Phobic	Disorder
Schizophrenia	Related	
Psychosis 0.441 0.026 0.429 0.024 0.432 0.006

Anxiety	Phobic	Disorder Substance	Abuse 0.513 0.015 0.263 0.010 0.363 0.003
Benign	Skin	Neoplasm Anxiety	Phobic	Disorder 0.166 0.012 0.042 0.010 0.099 0.003
Non-Melanoma	Skin	Cancer Anxiety	Phobic	Disorder 0.179 0.014 0.021 0.011 0.092 0.003
Allergic	Rhinitis Anxiety	Phobic	Disorder 0.258 0.012 0.109 0.008 0.171 0.003
Asthma Anxiety	Phobic	Disorder 0.273 0.014 0.096 0.010 0.170 0.004
Atopic	Contact	Dermatitis Anxiety	Phobic	Disorder 0.245 0.018 0.085 0.008 0.127 0.003
Chronic	Sinusitis Anxiety	Phobic	Disorder 0.252 0.013 0.111 0.010 0.174 0.003
Cystitis	Urethritis Anxiety	Phobic	Disorder 0.209 0.023 0.112 0.013 0.146 0.005
Esophagitis Anxiety	Phobic	Disorder 0.287 0.026 0.122 0.016 0.182 0.005
Eye	Inflammation Anxiety	Phobic	Disorder 0.150 0.017 0.077 0.009 0.101 0.004
Fasciitis Anxiety	Phobic	Disorder 0.168 0.020 0.076 0.013 0.109 0.005
Gastritis	Duodenitis Anxiety	Phobic	Disorder 0.289 0.019 0.200 0.010 0.228 0.003
IBS Anxiety	Phobic	Disorder 0.386 0.024 0.209 0.013 0.265 0.005
Lymphatic	Disorder Anxiety	Phobic	Disorder 0.211 0.036 0.085 0.017 0.120 0.007
Osteoarthritis Anxiety	Phobic	Disorder 0.218 0.018 0.140 0.009 0.162 0.003
Psoriasis	Related	Disorders Anxiety	Phobic	Disorder 0.151 0.024 0.018 0.015 0.064 0.006
Type	I	Diabetes	Mellitus Anxiety	Phobic	Disorder 0.028 0.023 0.058 0.019 0.044 0.006
Upper	Respiratory	
Inflammation Anxiety	Phobic	Disorder 0.324 0.019 0.087 0.011 0.165 0.004
Cardiac	Dysrhythmia Anxiety	Phobic	Disorder 0.270 0.022 0.191 0.010 0.211 0.004
General	Hypertension Anxiety	Phobic	Disorder 0.103 0.013 0.216 0.010 0.168 0.003
Non-Rheumatic	Heart	
Disease Anxiety	Phobic	Disorder 0.110 0.021 0.163 0.013 0.143 0.004
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Bipolar	Disorder Depression 0.711 0.012 0.499 0.018 0.622 0.004
Bipolar	Disorder Migraine 0.284 0.022 0.134 0.022 0.199 0.007
Bipolar	Disorder Mood	Disorder 0.681 0.018 0.613 0.022 0.644 0.005

Bipolar	Disorder
Schizophrenia	Related	
Psychosis 0.698 0.019 0.625 0.026 0.664 0.005

Bipolar	Disorder Substance	Abuse 0.490 0.021 0.444 0.024 0.456 0.005
Benign	Skin	Neoplasm Bipolar	Disorder 0.023 0.015 0.006 0.020 0.016 0.006
Non-Melanoma	Skin	Cancer Bipolar	Disorder 0.026 0.015 0.024 0.020 0.025 0.006
Allergic	Rhinitis Bipolar	Disorder 0.127 0.016 0.056 0.018 0.091 0.006
Asthma Bipolar	Disorder 0.231 0.018 0.104 0.021 0.169 0.006
Atopic	Contact	Dermatitis Bipolar	Disorder 0.093 0.022 0.120 0.017 0.097 0.005
Chronic	Sinusitis Bipolar	Disorder 0.170 0.016 0.083 0.022 0.131 0.005
Cystitis	Urethritis Bipolar	Disorder 0.177 0.026 0.124 0.024 0.140 0.008
Esophagitis Bipolar	Disorder 0.212 0.029 0.097 0.029 0.146 0.008
Eye	Inflammation Bipolar	Disorder 0.063 0.023 0.066 0.020 0.060 0.006
Fasciitis Bipolar	Disorder 0.071 0.023 0.097 0.022 0.080 0.008
Gastritis	Duodenitis Bipolar	Disorder 0.258 0.025 0.162 0.021 0.191 0.006
IBS Bipolar	Disorder 0.282 0.028 0.130 0.024 0.183 0.008
Lymphatic	Disorder Bipolar	Disorder 0.004 0.039 0.151 0.029 0.082 0.010
Osteoarthritis Bipolar	Disorder 0.236 0.023 0.088 0.019 0.139 0.006
Psoriasis	Related	Disorders Bipolar	Disorder 0.061 0.030 0.046 0.029 0.050 0.009
Type	I	Diabetes	Mellitus Bipolar	Disorder 0.079 0.021 0.150 0.030 0.108 0.010
Upper	Respiratory	
Inflammation Bipolar	Disorder 0.155 0.025 0.118 0.022 0.125 0.007
Cardiac	Dysrhythmia Bipolar	Disorder 0.228 0.032 0.201 0.024 0.193 0.007
General	Hypertension Bipolar	Disorder 0.126 0.017 0.199 0.021 0.156 0.006
Non-Rheumatic	Heart	
Disease Bipolar	Disorder 0.094 0.023 0.108 0.024 0.096 0.008
Depression Migraine 0.337 0.016 0.125 0.014 0.216 0.004
Depression Mood	Disorder 0.642 0.019 0.428 0.020 0.539 0.005
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Depression
Schizophrenia	Related	
Psychosis 0.511 0.017 0.495 0.020 0.503 0.005

Depression Substance	Abuse 0.435 0.014 0.331 0.013 0.376 0.004
Benign	Skin	Neoplasm Depression 0.141 0.009 -0.008 0.010 0.072 0.004
Non-Melanoma	Skin	Cancer Depression 0.119 0.011 0.009 0.012 0.066 0.004
Allergic	Rhinitis Depression 0.137 0.012 0.108 0.011 0.121 0.003
Asthma Depression 0.266 0.012 0.081 0.012 0.170 0.004
Atopic	Contact	Dermatitis Depression 0.163 0.016 0.093 0.009 0.108 0.003
Chronic	Sinusitis Depression 0.205 0.011 0.101 0.012 0.155 0.004
Cystitis	Urethritis Depression 0.181 0.021 0.114 0.015 0.137 0.005
Esophagitis Depression 0.199 0.022 0.129 0.019 0.156 0.006
Eye	Inflammation Depression 0.131 0.017 0.053 0.013 0.081 0.004
Fasciitis Depression 0.143 0.018 0.062 0.014 0.095 0.004
Gastritis	Duodenitis Depression 0.219 0.019 0.191 0.013 0.194 0.004
IBS Depression 0.342 0.023 0.142 0.015 0.214 0.005
Lymphatic	Disorder Depression 0.115 0.035 0.111 0.021 0.105 0.007
Osteoarthritis Depression 0.232 0.019 0.143 0.012 0.168 0.004
Psoriasis	Related	Disorders Depression 0.152 0.023 -0.004 0.017 0.058 0.006
Type	I	Diabetes	Mellitus Depression 0.091 0.019 0.116 0.021 0.103 0.007
Upper	Respiratory	
Inflammation Depression 0.264 0.021 0.080 0.013 0.148 0.005
Cardiac	Dysrhythmia Depression 0.269 0.020 0.137 0.012 0.175 0.004
General	Hypertension Depression 0.048 0.012 0.220 0.013 0.135 0.003
Non-Rheumatic	Heart	
Disease Depression 0.041 0.017 0.179 0.014 0.115 0.004
Migraine Mood	Disorder 0.276 0.027 0.137 0.020 0.193 0.007

Migraine
Schizophrenia	Related	
Psychosis 0.221 0.032 0.162 0.026 0.185 0.008

Migraine Substance	Abuse 0.218 0.020 0.074 0.012 0.128 0.005
Benign	Skin	Neoplasm Migraine 0.132 0.015 0.080 0.012 0.101 0.004
Non-Melanoma	Skin	Cancer Migraine 0.136 0.017 0.060 0.013 0.091 0.004
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Allergic	Rhinitis Migraine 0.346 0.017 0.092 0.011 0.189 0.004
Asthma Migraine 0.370 0.018 0.043 0.013 0.171 0.004
Atopic	Contact	Dermatitis Migraine 0.282 0.022 0.063 0.008 0.119 0.004
Chronic	Sinusitis Migraine 0.334 0.017 0.157 0.012 0.229 0.004
Cystitis	Urethritis Migraine 0.209 0.029 0.096 0.015 0.132 0.005
Esophagitis Migraine 0.365 0.031 0.057 0.018 0.163 0.006
Eye	Inflammation Migraine 0.234 0.021 0.074 0.011 0.124 0.004
Fasciitis Migraine 0.253 0.028 0.034 0.015 0.109 0.005
Gastritis	Duodenitis Migraine 0.423 0.024 0.123 0.011 0.215 0.004
IBS Migraine 0.478 0.030 0.084 0.015 0.206 0.005
Lymphatic	Disorder Migraine 0.372 0.055 0.011 0.021 0.102 0.008
Osteoarthritis Migraine 0.414 0.028 0.060 0.013 0.163 0.004
Psoriasis	Related	Disorders Migraine 0.156 0.030 0.017 0.016 0.061 0.007
Type	I	Diabetes	Mellitus Migraine 0.148 0.029 -0.082 0.026 0.016 0.008
Upper	Respiratory	
Inflammation Migraine 0.372 0.025 0.130 0.013 0.205 0.005
Cardiac	Dysrhythmia Migraine 0.335 0.030 0.113 0.012 0.174 0.005
General	Hypertension Migraine 0.201 0.018 0.074 0.012 0.124 0.004
Non-Rheumatic	Heart	
Disease Migraine 0.273 0.028 0.082 0.015 0.146 0.005

Mood	Disorder
Schizophrenia	Related	
Psychosis 0.625 0.030 0.465 0.033 0.547 0.007

Mood	Disorder Substance	Abuse 0.443 0.030 0.357 0.024 0.394 0.006
Benign	Skin	Neoplasm Mood	Disorder 0.047 0.019 0.049 0.020 0.048 0.006
Non-Melanoma	Skin	Cancer Mood	Disorder 0.029 0.023 0.051 0.024 0.040 0.007
Allergic	Rhinitis Mood	Disorder 0.114 0.021 0.088 0.019 0.099 0.005
Asthma Mood	Disorder 0.237 0.023 0.052 0.024 0.138 0.007
Atopic	Contact	Dermatitis Mood	Disorder 0.150 0.032 0.070 0.017 0.091 0.006
Chronic	Sinusitis Mood	Disorder 0.207 0.022 0.084 0.021 0.144 0.006
Cystitis	Urethritis Mood	Disorder 0.185 0.034 0.100 0.024 0.130 0.010
Esophagitis Mood	Disorder 0.168 0.034 0.131 0.029 0.145 0.010
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Eye	Inflammation Mood	Disorder 0.100 0.027 0.056 0.019 0.070 0.007
Fasciitis Mood	Disorder 0.103 0.032 0.054 0.025 0.073 0.008
Gastritis	Duodenitis Mood	Disorder 0.230 0.033 0.160 0.022 0.181 0.007
IBS Mood	Disorder 0.256 0.041 0.127 0.026 0.170 0.008
Lymphatic	Disorder Mood	Disorder 0.152 0.047 0.097 0.029 0.111 0.012
Osteoarthritis Mood	Disorder 0.194 0.028 0.100 0.019 0.129 0.008
Psoriasis	Related	Disorders Mood	Disorder 0.170 0.047 -0.011 0.034 0.057 0.011
Type	I	Diabetes	Mellitus Mood	Disorder 0.115 0.029 0.078 0.029 0.097 0.013
Upper	Respiratory	
Inflammation Mood	Disorder 0.227 0.031 0.105 0.021 0.147 0.008
Cardiac	Dysrhythmia Mood	Disorder 0.184 0.030 0.236 0.019 0.209 0.007
General	Hypertension Mood	Disorder 0.052 0.028 0.245 0.026 0.154 0.007
Non-Rheumatic	Heart	
Disease Mood	Disorder 0.032 0.034 0.187 0.029 0.123 0.010
Schizophrenia	Related	
Psychosis Substance	Abuse 0.332 0.019 0.503 0.018 0.422 0.006

Benign	Skin	Neoplasm
Schizophrenia	Related	
Psychosis -0.008 0.020 0.013 0.022 0.002 0.007

Non-Melanoma	Skin	Cancer
Schizophrenia	Related	
Psychosis -0.023 0.023 0.043 0.026 0.010 0.008

Allergic	Rhinitis
Schizophrenia	Related	
Psychosis 0.056 0.020 0.073 0.020 0.065 0.007

Asthma
Schizophrenia	Related	
Psychosis 0.248 0.026 0.050 0.025 0.144 0.007

Atopic	Contact	Dermatitis
Schizophrenia	Related	
Psychosis 0.105 0.033 0.091 0.019 0.089 0.006

Chronic	Sinusitis
Schizophrenia	Related	
Psychosis 0.043 0.022 0.169 0.025 0.104 0.007

Cystitis	Urethritis
Schizophrenia	Related	
Psychosis 0.192 0.042 0.052 0.033 0.106 0.010
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Esophagitis
Schizophrenia	Related	
Psychosis 0.196 0.045 0.116 0.036 0.148 0.010

Eye	Inflammation
Schizophrenia	Related	
Psychosis 0.073 0.029 0.064 0.021 0.065 0.008

Fasciitis
Schizophrenia	Related	
Psychosis 0.031 0.036 0.085 0.030 0.061 0.010

Gastritis	Duodenitis
Schizophrenia	Related	
Psychosis 0.171 0.034 0.220 0.024 0.194 0.008

IBS
Schizophrenia	Related	
Psychosis 0.125 0.045 0.142 0.027 0.140 0.011

Lymphatic	Disorder
Schizophrenia	Related	
Psychosis 0.231 0.056 0.083 0.037 0.128 0.013

Osteoarthritis
Schizophrenia	Related	
Psychosis 0.159 0.033 0.136 0.021 0.138 0.008

Psoriasis	Related	Disorders
Schizophrenia	Related	
Psychosis 0.019 0.041 0.082 0.031 0.054 0.011

Type	I	Diabetes	Mellitus
Schizophrenia	Related	
Psychosis 0.215 0.026 0.184 0.032 0.200 0.011

Upper	Respiratory	
Inflammation

Schizophrenia	Related	
Psychosis 0.059 0.033 0.164 0.024 0.118 0.008

Cardiac	Dysrhythmia
Schizophrenia	Related	
Psychosis 0.224 0.038 0.332 0.024 0.282 0.008

General	Hypertension
Schizophrenia	Related	
Psychosis 0.169 0.026 0.260 0.026 0.216 0.007

Non-Rheumatic	Heart	
Disease

Schizophrenia	Related	
Psychosis 0.153 0.036 0.208 0.027 0.181 0.009

Benign	Skin	Neoplasm Substance	Abuse -0.071 0.016 -0.002 0.013 -0.033 0.004
Non-Melanoma	Skin	Cancer Substance	Abuse -0.039 0.017 0.016 0.014 -0.008 0.003
Allergic	Rhinitis Substance	Abuse -0.007 0.015 0.040 0.010 0.021 0.003
Asthma Substance	Abuse 0.183 0.015 0.096 0.011 0.132 0.004
Atopic	Contact	Dermatitis Substance	Abuse 0.044 0.020 0.066 0.009 0.058 0.003
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Chronic	Sinusitis Substance	Abuse 0.108 0.015 0.079 0.012 0.091 0.004
Cystitis	Urethritis Substance	Abuse 0.103 0.023 0.104 0.014 0.103 0.006
Esophagitis Substance	Abuse 0.159 0.025 0.123 0.016 0.136 0.006
Eye	Inflammation Substance	Abuse -0.043 0.022 0.084 0.011 0.041 0.004
Fasciitis Substance	Abuse -0.021 0.024 0.012 0.015 0.000 0.005
Gastritis	Duodenitis Substance	Abuse 0.175 0.022 0.188 0.012 0.182 0.004
IBS Substance	Abuse 0.146 0.027 0.076 0.015 0.098 0.006
Lymphatic	Disorder Substance	Abuse 0.132 0.043 0.091 0.021 0.101 0.007
Osteoarthritis Substance	Abuse 0.228 0.023 0.077 0.011 0.123 0.004
Psoriasis	Related	Disorders Substance	Abuse 0.100 0.028 0.037 0.017 0.058 0.006
Type	I	Diabetes	Mellitus Substance	Abuse 0.051 0.022 0.068 0.020 0.060 0.007
Upper	Respiratory	
Inflammation Substance	Abuse 0.090 0.023 0.091 0.013 0.090 0.005
Cardiac	Dysrhythmia Substance	Abuse 0.172 0.023 0.175 0.012 0.171 0.005
General	Hypertension Substance	Abuse 0.076 0.016 0.211 0.012 0.154 0.004
Non-Rheumatic	Heart	
Disease Substance	Abuse 0.016 0.025 0.165 0.015 0.111 0.005
Benign	Skin	Neoplasm Non-Melanoma	Skin	Cancer 0.781 0.008 0.583 0.008 0.681 0.002
Allergic	Rhinitis Benign	Skin	Neoplasm 0.224 0.010 0.063 0.009 0.137 0.003
Asthma Benign	Skin	Neoplasm 0.071 0.012 0.049 0.011 0.059 0.004
Atopic	Contact	Dermatitis Benign	Skin	Neoplasm 0.365 0.015 0.125 0.008 0.193 0.003
Chronic	Sinusitis Benign	Skin	Neoplasm 0.196 0.012 0.045 0.012 0.122 0.003
Cystitis	Urethritis Benign	Skin	Neoplasm 0.122 0.020 0.059 0.015 0.082 0.005
Esophagitis Benign	Skin	Neoplasm 0.224 0.020 0.024 0.016 0.108 0.005
Eye	Inflammation Benign	Skin	Neoplasm 0.302 0.013 0.059 0.009 0.150 0.003
Fasciitis Benign	Skin	Neoplasm 0.205 0.016 0.068 0.012 0.123 0.004
Gastritis	Duodenitis Benign	Skin	Neoplasm 0.103 0.018 0.076 0.011 0.084 0.003
IBS Benign	Skin	Neoplasm 0.334 0.022 0.008 0.015 0.131 0.005
Lymphatic	Disorder Benign	Skin	Neoplasm 0.144 0.032 0.056 0.018 0.082 0.006
Osteoarthritis Benign	Skin	Neoplasm 0.164 0.017 0.084 0.010 0.109 0.003
Psoriasis	Related	Disorders Benign	Skin	Neoplasm 0.232 0.023 0.056 0.015 0.122 0.005
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Type	I	Diabetes	Mellitus Benign	Skin	Neoplasm -0.154 0.019 0.076 0.020 -0.041 0.006
Upper	Respiratory	
Inflammation Benign	Skin	Neoplasm 0.280 0.018 0.043 0.012 0.131 0.004
Cardiac	Dysrhythmia Benign	Skin	Neoplasm 0.163 0.019 0.053 0.011 0.088 0.003
General	Hypertension Benign	Skin	Neoplasm -0.132 0.011 0.167 0.011 0.023 0.003
Non-Rheumatic	Heart	
Disease Benign	Skin	Neoplasm 0.158 0.016 0.052 0.011 0.095 0.004
Allergic	Rhinitis Non-Melanoma	Skin	Cancer 0.220 0.011 0.039 0.010 0.121 0.003
Asthma Non-Melanoma	Skin	Cancer 0.046 0.014 0.051 0.012 0.049 0.004
Atopic	Contact	Dermatitis Non-Melanoma	Skin	Cancer 0.287 0.015 0.179 0.008 0.202 0.003
Chronic	Sinusitis Non-Melanoma	Skin	Cancer 0.164 0.012 0.052 0.012 0.107 0.004
Cystitis	Urethritis Non-Melanoma	Skin	Cancer 0.186 0.023 0.028 0.016 0.087 0.005
Esophagitis Non-Melanoma	Skin	Cancer 0.168 0.025 0.045 0.019 0.095 0.005
Eye	Inflammation Non-Melanoma	Skin	Cancer 0.221 0.016 0.078 0.010 0.129 0.003
Fasciitis Non-Melanoma	Skin	Cancer 0.189 0.022 0.054 0.015 0.108 0.003
Gastritis	Duodenitis Non-Melanoma	Skin	Cancer 0.109 0.018 0.065 0.012 0.079 0.004
IBS Non-Melanoma	Skin	Cancer 0.245 0.025 0.035 0.015 0.109 0.005
Lymphatic	Disorder Non-Melanoma	Skin	Cancer 0.210 0.040 0.028 0.019 0.083 0.006
Osteoarthritis Non-Melanoma	Skin	Cancer 0.159 0.019 0.080 0.011 0.105 0.003
Psoriasis	Related	Disorders Non-Melanoma	Skin	Cancer 0.173 0.025 0.110 0.017 0.131 0.006
Type	I	Diabetes	Mellitus Non-Melanoma	Skin	Cancer -0.122 0.020 0.043 0.022 -0.041 0.006
Upper	Respiratory	
Inflammation Non-Melanoma	Skin	Cancer 0.240 0.020 0.045 0.013 0.115 0.004
Cardiac	Dysrhythmia Non-Melanoma	Skin	Cancer 0.108 0.021 0.080 0.011 0.086 0.004
General	Hypertension Non-Melanoma	Skin	Cancer -0.113 0.014 0.145 0.012 0.025 0.003
Non-Rheumatic	Heart	
Disease Non-Melanoma	Skin	Cancer 0.145 0.020 0.051 0.015 0.088 0.004
Allergic	Rhinitis Asthma 0.493 0.011 0.345 0.008 0.407 0.003
Allergic	Rhinitis Atopic	Contact	Dermatitis 0.434 0.016 0.128 0.006 0.210 0.003
Allergic	Rhinitis Chronic	Sinusitis 0.479 0.010 0.368 0.009 0.418 0.003
Allergic	Rhinitis Cystitis	Urethritis 0.328 0.021 0.027 0.012 0.132 0.005
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Allergic	Rhinitis Esophagitis 0.346 0.024 0.061 0.015 0.169 0.005
Allergic	Rhinitis Eye	Inflammation 0.376 0.015 0.110 0.008 0.200 0.003
Allergic	Rhinitis Fasciitis 0.315 0.018 0.064 0.010 0.157 0.004
Allergic	Rhinitis Gastritis	Duodenitis 0.440 0.017 0.064 0.009 0.191 0.003
Allergic	Rhinitis IBS 0.451 0.023 0.066 0.012 0.194 0.005
Allergic	Rhinitis Lymphatic	Disorder 0.289 0.035 0.035 0.015 0.108 0.006
Allergic	Rhinitis Osteoarthritis 0.359 0.018 0.075 0.008 0.165 0.003
Allergic	Rhinitis Psoriasis	Related	Disorders 0.133 0.025 0.042 0.014 0.073 0.005
Allergic	Rhinitis Type	I	Diabetes	Mellitus 0.089 0.020 -0.059 0.018 0.009 0.006

Allergic	Rhinitis
Upper	Respiratory	
Inflammation 0.481 0.019 0.280 0.010 0.344 0.003

Cardiac	Dysrhythmia Allergic	Rhinitis 0.156 0.019 0.068 0.009 0.094 0.004
General	Hypertension Allergic	Rhinitis 0.210 0.011 0.080 0.009 0.136 0.003
Non-Rheumatic	Heart	
Disease Allergic	Rhinitis 0.259 0.018 0.035 0.011 0.118 0.004
Asthma Atopic	Contact	Dermatitis 0.326 0.017 0.085 0.008 0.151 0.003
Asthma Chronic	Sinusitis 0.358 0.012 0.212 0.011 0.279 0.003
Asthma Cystitis	Urethritis 0.228 0.024 0.020 0.015 0.095 0.005
Asthma Esophagitis 0.328 0.026 0.084 0.017 0.179 0.005
Asthma Eye	Inflammation 0.214 0.017 0.086 0.009 0.129 0.004
Asthma Fasciitis 0.233 0.021 0.073 0.015 0.133 0.005
Asthma Gastritis	Duodenitis 0.383 0.020 0.091 0.011 0.190 0.004
Asthma IBS 0.392 0.027 0.029 0.015 0.152 0.005
Asthma Lymphatic	Disorder 0.346 0.044 0.041 0.017 0.128 0.007
Asthma Osteoarthritis 0.335 0.020 0.122 0.011 0.188 0.004
Asthma Psoriasis	Related	Disorders 0.136 0.029 0.019 0.016 0.060 0.006
Asthma Type	I	Diabetes	Mellitus 0.215 0.022 0.008 0.021 0.104 0.006

Asthma
Upper	Respiratory	
Inflammation 0.370 0.021 0.205 0.011 0.258 0.004

Cardiac	Dysrhythmia Asthma 0.311 0.023 0.110 0.012 0.170 0.004
General	Hypertension Asthma 0.263 0.014 0.101 0.011 0.172 0.003
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Non-Rheumatic	Heart	
Disease Asthma 0.239 0.022 0.107 0.013 0.155 0.005
Atopic	Contact	Dermatitis Chronic	Sinusitis 0.337 0.018 0.091 0.009 0.161 0.003
Atopic	Contact	Dermatitis Cystitis	Urethritis 0.256 0.029 0.077 0.010 0.118 0.004
Atopic	Contact	Dermatitis Esophagitis 0.268 0.034 0.064 0.013 0.116 0.005
Atopic	Contact	Dermatitis Eye	Inflammation 0.398 0.024 0.102 0.007 0.169 0.003
Atopic	Contact	Dermatitis Fasciitis 0.380 0.027 0.059 0.009 0.139 0.004
Atopic	Contact	Dermatitis Gastritis	Duodenitis 0.364 0.025 0.067 0.008 0.134 0.003
Atopic	Contact	Dermatitis IBS 0.398 0.035 0.070 0.011 0.143 0.004
Atopic	Contact	Dermatitis Lymphatic	Disorder 0.324 0.047 0.072 0.013 0.122 0.006
Atopic	Contact	Dermatitis Osteoarthritis 0.350 0.024 0.096 0.008 0.151 0.003
Atopic	Contact	Dermatitis Psoriasis	Related	Disorders 0.355 0.029 0.237 0.011 0.263 0.005
Atopic	Contact	Dermatitis Type	I	Diabetes	Mellitus 0.066 0.028 0.022 0.015 0.034 0.006

Atopic	Contact	Dermatitis
Upper	Respiratory	
Inflammation 0.372 0.028 0.087 0.009 0.151 0.004

Cardiac	Dysrhythmia Atopic	Contact	Dermatitis 0.303 0.030 0.052 0.009 0.104 0.004
General	Hypertension Atopic	Contact	Dermatitis 0.143 0.016 0.073 0.008 0.090 0.003
Non-Rheumatic	Heart	
Disease Atopic	Contact	Dermatitis 0.159 0.028 0.068 0.010 0.090 0.004
Chronic	Sinusitis Cystitis	Urethritis 0.215 0.021 0.056 0.014 0.115 0.005
Chronic	Sinusitis Esophagitis 0.330 0.022 0.074 0.017 0.180 0.005
Chronic	Sinusitis Eye	Inflammation 0.261 0.016 0.106 0.010 0.161 0.004
Chronic	Sinusitis Fasciitis 0.280 0.020 0.055 0.014 0.145 0.005
Chronic	Sinusitis Gastritis	Duodenitis 0.378 0.018 0.106 0.012 0.203 0.004
Chronic	Sinusitis IBS 0.391 0.022 0.077 0.013 0.188 0.005
Chronic	Sinusitis Lymphatic	Disorder 0.327 0.037 0.069 0.019 0.148 0.007
Chronic	Sinusitis Osteoarthritis 0.389 0.020 0.081 0.012 0.185 0.004
Chronic	Sinusitis Psoriasis	Related	Disorders 0.145 0.024 0.016 0.017 0.065 0.006
Chronic	Sinusitis Type	I	Diabetes	Mellitus 0.114 0.020 0.024 0.021 0.069 0.006

Chronic	Sinusitis
Upper	Respiratory	
Inflammation 0.563 0.019 0.409 0.011 0.454 0.004
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Cardiac	Dysrhythmia Chronic	Sinusitis 0.293 0.022 0.088 0.012 0.153 0.004
General	Hypertension Chronic	Sinusitis 0.201 0.013 0.100 0.012 0.147 0.003
Non-Rheumatic	Heart	
Disease Chronic	Sinusitis 0.217 0.019 0.080 0.015 0.134 0.004
Cystitis	Urethritis Esophagitis 0.269 0.038 0.071 0.021 0.135 0.008
Cystitis	Urethritis Eye	Inflammation 0.140 0.030 0.071 0.012 0.091 0.005
Cystitis	Urethritis Fasciitis 0.151 0.036 0.050 0.018 0.081 0.005
Cystitis	Urethritis Gastritis	Duodenitis 0.311 0.035 0.114 0.016 0.169 0.005
Cystitis	Urethritis IBS 0.344 0.042 0.102 0.018 0.171 0.007
Cystitis	Urethritis Lymphatic	Disorder 0.214 0.065 0.044 0.023 0.085 0.009
Cystitis	Urethritis Osteoarthritis 0.158 0.037 0.095 0.015 0.112 0.005
Cystitis	Urethritis Psoriasis	Related	Disorders 0.052 0.038 0.037 0.020 0.041 0.008
Cystitis	Urethritis Type	I	Diabetes	Mellitus 0.066 0.038 0.078 0.027 0.072 0.009

Cystitis	Urethritis
Upper	Respiratory	
Inflammation 0.273 0.033 0.058 0.015 0.119 0.006

Cardiac	Dysrhythmia Cystitis	Urethritis 0.184 0.037 0.086 0.014 0.111 0.006
General	Hypertension Cystitis	Urethritis 0.156 0.021 0.067 0.014 0.099 0.005
Non-Rheumatic	Heart	
Disease Cystitis	Urethritis 0.213 0.037 0.073 0.019 0.117 0.007
Esophagitis Eye	Inflammation 0.243 0.028 0.044 0.014 0.106 0.005
Esophagitis Fasciitis 0.256 0.039 0.056 0.021 0.123 0.006
Esophagitis Gastritis	Duodenitis 0.679 0.031 0.622 0.014 0.637 0.003
Esophagitis IBS 0.404 0.045 0.242 0.022 0.290 0.006
Esophagitis Lymphatic	Disorder 0.275 0.054 0.051 0.024 0.112 0.010
Esophagitis Osteoarthritis 0.398 0.033 0.074 0.014 0.167 0.005
Esophagitis Psoriasis	Related	Disorders 0.090 0.042 0.053 0.022 0.065 0.009
Esophagitis Type	I	Diabetes	Mellitus 0.162 0.042 0.007 0.033 0.071 0.009

Esophagitis
Upper	Respiratory	
Inflammation 0.347 0.038 0.101 0.018 0.176 0.006

Cardiac	Dysrhythmia Esophagitis 0.423 0.039 0.064 0.016 0.165 0.006
General	Hypertension Esophagitis 0.289 0.026 0.060 0.019 0.151 0.005
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Non-Rheumatic	Heart	
Disease Esophagitis 0.352 0.039 0.087 0.021 0.175 0.006
Eye	Inflammation Fasciitis 0.271 0.025 0.039 0.012 0.109 0.005
Eye	Inflammation Gastritis	Duodenitis 0.276 0.024 0.068 0.010 0.125 0.004
Eye	Inflammation IBS 0.286 0.031 0.067 0.013 0.126 0.005
Eye	Inflammation Lymphatic	Disorder 0.152 0.039 0.066 0.014 0.086 0.007
Eye	Inflammation Osteoarthritis 0.192 0.026 0.088 0.010 0.115 0.004
Eye	Inflammation Psoriasis	Related	Disorders 0.224 0.033 0.040 0.015 0.091 0.006
Eye	Inflammation Type	I	Diabetes	Mellitus 0.007 0.031 0.094 0.020 0.060 0.007

Eye	Inflammation
Upper	Respiratory	
Inflammation 0.313 0.026 0.091 0.011 0.152 0.004

Cardiac	Dysrhythmia Eye	Inflammation 0.184 0.025 0.061 0.009 0.091 0.004
General	Hypertension Eye	Inflammation 0.074 0.016 0.069 0.010 0.070 0.004
Non-Rheumatic	Heart	
Disease Eye	Inflammation 0.218 0.028 0.050 0.013 0.100 0.005
Fasciitis Gastritis	Duodenitis 0.258 0.029 0.079 0.013 0.132 0.004
Fasciitis IBS 0.301 0.034 0.044 0.016 0.121 0.006
Fasciitis Lymphatic	Disorder 0.177 0.046 0.073 0.020 0.099 0.008
Fasciitis Osteoarthritis 0.489 0.031 0.162 0.013 0.254 0.004
Fasciitis Psoriasis	Related	Disorders 0.209 0.036 0.010 0.019 0.072 0.007
Fasciitis Type	I	Diabetes	Mellitus 0.098 0.033 0.085 0.025 0.089 0.007

Fasciitis
Upper	Respiratory	
Inflammation 0.327 0.031 0.044 0.013 0.129 0.005

Cardiac	Dysrhythmia Fasciitis 0.157 0.035 0.061 0.014 0.086 0.005
General	Hypertension Fasciitis 0.113 0.021 0.122 0.013 0.118 0.004
Non-Rheumatic	Heart	
Disease Fasciitis 0.087 0.033 0.079 0.017 0.081 0.005
Gastritis	Duodenitis IBS 0.508 0.034 0.322 0.013 0.371 0.005
Gastritis	Duodenitis Lymphatic	Disorder 0.376 0.043 0.059 0.014 0.134 0.007
Gastritis	Duodenitis Osteoarthritis 0.457 0.030 0.116 0.011 0.204 0.004
Gastritis	Duodenitis Psoriasis	Related	Disorders 0.155 0.041 0.037 0.017 0.070 0.007
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Gastritis	Duodenitis Type	I	Diabetes	Mellitus 0.200 0.034 0.114 0.022 0.142 0.006

Gastritis	Duodenitis
Upper	Respiratory	
Inflammation 0.450 0.029 0.100 0.012 0.195 0.005

Cardiac	Dysrhythmia Gastritis	Duodenitis 0.450 0.030 0.131 0.011 0.210 0.004
General	Hypertension Gastritis	Duodenitis 0.427 0.020 0.094 0.011 0.207 0.004
Non-Rheumatic	Heart	
Disease Gastritis	Duodenitis 0.456 0.027 0.114 0.012 0.216 0.004
IBS Lymphatic	Disorder 0.329 0.053 0.040 0.019 0.108 0.009
IBS Osteoarthritis 0.402 0.038 0.075 0.014 0.158 0.005
IBS Psoriasis	Related	Disorders 0.228 0.052 0.023 0.021 0.080 0.008
IBS Type	I	Diabetes	Mellitus 0.062 0.041 -0.004 0.025 0.007 0.011

IBS
Upper	Respiratory	
Inflammation 0.389 0.037 0.078 0.015 0.162 0.006

Cardiac	Dysrhythmia IBS 0.298 0.038 0.093 0.014 0.142 0.006
General	Hypertension IBS 0.188 0.027 0.040 0.016 0.089 0.005
Non-Rheumatic	Heart	
Disease IBS 0.311 0.033 0.064 0.016 0.137 0.006
Lymphatic	Disorder Osteoarthritis 0.332 0.056 0.111 0.017 0.160 0.007
Lymphatic	Disorder Psoriasis	Related	Disorders 0.129 0.040 0.045 0.020 0.065 0.011
Lymphatic	Disorder Type	I	Diabetes	Mellitus 0.188 0.052 0.133 0.028 0.143 0.011

Lymphatic	Disorder
Upper	Respiratory	
Inflammation 0.339 0.056 0.078 0.019 0.140 0.008

Cardiac	Dysrhythmia Lymphatic	Disorder 0.318 0.052 0.096 0.015 0.142 0.007
General	Hypertension Lymphatic	Disorder 0.226 0.038 0.092 0.018 0.128 0.007
Non-Rheumatic	Heart	
Disease Lymphatic	Disorder 0.338 0.056 0.068 0.021 0.137 0.008
Osteoarthritis Psoriasis	Related	Disorders 0.126 0.036 0.121 0.014 0.122 0.006
Osteoarthritis Type	I	Diabetes	Mellitus 0.231 0.037 0.097 0.022 0.139 0.006

Osteoarthritis
Upper	Respiratory	
Inflammation 0.412 0.028 0.084 0.011 0.168 0.004

Cardiac	Dysrhythmia Osteoarthritis 0.362 0.032 0.124 0.010 0.180 0.004
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General	Hypertension Osteoarthritis 0.404 0.022 0.152 0.010 0.231 0.003
Non-Rheumatic	Heart	
Disease Osteoarthritis 0.278 0.037 0.106 0.015 0.153 0.004
Psoriasis	Related	Disorders Type	I	Diabetes	Mellitus 0.161 0.037 -0.051 0.027 0.031 0.010

Psoriasis	Related	Disorders
Upper	Respiratory	
Inflammation 0.161 0.035 0.037 0.015 0.072 0.007

Cardiac	Dysrhythmia Psoriasis	Related	Disorders 0.061 0.041 0.062 0.017 0.061 0.006
General	Hypertension Psoriasis	Related	Disorders 0.075 0.027 0.078 0.017 0.076 0.006
Non-Rheumatic	Heart	
Disease Psoriasis	Related	Disorders 0.103 0.039 0.060 0.019 0.073 0.007

Type	I	Diabetes	Mellitus
Upper	Respiratory	
Inflammation 0.113 0.032 0.014 0.023 0.051 0.008

Cardiac	Dysrhythmia Type	I	Diabetes	Mellitus 0.233 0.032 0.167 0.019 0.182 0.007
General	Hypertension Type	I	Diabetes	Mellitus 0.467 0.021 0.361 0.020 0.410 0.005
Non-Rheumatic	Heart	
Disease Type	I	Diabetes	Mellitus 0.192 0.029 0.186 0.022 0.185 0.006

Cardiac	Dysrhythmia
Upper	Respiratory	
Inflammation 0.319 0.031 0.094 0.012 0.149 0.005

General	Hypertension
Upper	Respiratory	
Inflammation 0.156 0.020 0.109 0.011 0.124 0.004

Non-Rheumatic	Heart	
Disease

Upper	Respiratory	
Inflammation 0.231 0.033 0.106 0.014 0.143 0.005

Cardiac	Dysrhythmia General	Hypertension 0.378 0.022 0.251 0.010 0.284 0.003

Cardiac	Dysrhythmia
Non-Rheumatic	Heart	
Disease 0.558 0.029 0.457 0.012 0.482 0.004

General	Hypertension
Non-Rheumatic	Heart	
Disease 0.400 0.021 0.277 0.013 0.321 0.004
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Table A.5: Genetic correlation estimates compared to published GWAS studies. Bold font indicates the two
estimates’ 95% confidence intervals do not overlap with each other

Diease1 Diesase2 Family

rg (SD)

GWAS

rg (SE)

GWAS

Study

ADHD Bipolar Disorder 0.37(0.01) 0.25(0.06) [7]

ADHD Depression 0.42(0.01) 0.48(0.1) [7]

ADHD Migraine 0.21(0.02) 0.26(0.05) [7]

ADHD Schizophrenia / Related

Psychosis

0.22(0.02) 0.22(0.05) [7]

ADHD Type I Diabetes Mellitus -0.05(0.02) -0.04(0.13) [35]

ADHD Non-Rheumatic Heart Dis-

ease

0.05(0.02) 0.22(0.08) [7]

Bipolar Disorder Depression 0.71(0.01) 0.47(0.05) [52]

Bipolar Disorder Migraine 0.28(0.02) -0.02(0.03) [7]

Bipolar Disorder Schizophrenia / Related

Psychosis

0.70(0.02) 0.68(0.02) [7]

Bipolar Disorder Type I Diabetes Mellitus 0.08(0.02) 0.01(0.09) [35]

Continued on next page
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Table A.5 – continued from previous page

Diease1 Diesase2 Family

rg (SD)

GWAS

rg (SE)

GWAS

Study

Bipolar Disorder Non-Rheumatic Heart Dis-

ease

0.09(0.02) -0.11(0.07) [35]

Depression Migraine 0.34(0.02) 0.21(0.05) [7]

Depression Schizophrenia / Related

Psychosis

0.51(0.02) 0.51(0.07) [35]

Depression Type I Diabetes Mellitus 0.09(0.02) -0.05(0.11) [35]

Depression Non-Rheumatic Heart Dis-

ease

0.04(0.02) 0.03(0.12) [35]

Migraine Schizophrenia / Related

Psychosis

0.22(0.03) -0.09(0.03) [7]

Migraine Non-Rheumatic Heart Dis-

ease

0.27(0.03) 0.05(0.06) [7]

Schizophrenia / Related

Psychosis

Type I Diabetes Mellitus 0.21(0.03) -0.04(0.04) [35]

Schizophrenia / Related

Psychosis

Non-Rheumatic Heart Dis-

ease

0.15(0.04) -0.0(0.04) [35]

Continued on next page
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Table A.5 – continued from previous page

Diease1 Diesase2 Family

rg (SD)

GWAS

rg (SE)

GWAS

Study

Non-Rheumatic Heart Dis-

ease

Type I Diabetes Mellitus 0.19(0.03) 0.15(0.09) [35]

Allergic Rhinitis Asthma 0.49(0.01) 0.85(0.1) [175]

Allergic Rhinitis Osteoarthritis 0.36(0.02) 0.39(0.12) [175]

Allergic Rhinitis General Hypertension 0.21(0.01) 0.23(0.08) [175]

Allergic Rhinitis Non-Rheumatic Heart Dis-

ease

0.26(0.02) -0.04(0.13) [175]

Asthma Osteoarthritis 0.33(0.02) 0.35(0.09) [175]

Asthma General Hypertension 0.26(0.01) 0.27(0.06) [175]

Asthma Non-Rheumatic Heart Dis-

ease

0.24(0.02) 0.29(0.07) [175]

Osteoarthritis General Hypertension 0.40(0.02) 0.22(0.06) [175]

Osteoarthritis Non-Rheumatic Heart Dis-

ease

0.28(0.04) 0.31(0.11) [175]

General Hypertension Non-Rheumatic Heart Dis-

ease

0.40(0.02) 0.53(0.07) [175]
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Table A.6: Heritability estimates compared to published GWAS studies. Bold
font indicates the two estimates’ 95% confidence intervals do not overlap with each other

Disease Family h2

Adjusted

Family

h2 SD

GWAS

h2

GWAS

Refer-

ence

Epilepsy Related Disorders 0.541 0.019 0.32 [266]

Cardiac Dysrhythmia 0.24 0.011 0.058 [259]

Cerebrovascular Disease 0.217 0.021 0.09 [199]

General Hypertension 0.462 0.009 0.32 [199]

Goiter 0.408 0.017 0.056 [227]

Type II Diabetes Mellitus 0.561 0.01 0.35 [199]

Biliary Tract Disease 0.219 0.013 0.063 [173]

Asthma 0.457 0.008 0.106 [193]

Atopic Contact Dermatitis 0.202 0.006 0.149 [281]

Crohn’s Disease 0.574 0.028 0.284 [178]

Inflammatory Spondylopathies 0.646 0.016 0.237 [214]

Lupus Erythematosus 0.66 0.027 0.414 [325]

Rheumatoid Arthritis Related

Conditions

0.486 0.027 0.161 [213]

Ulcerative Colitis 0.471 0.033 0.263 [172]

Alopecia 0.321 0.023 0.39 [1]

Gout Related Crystal

Arthropathies

0.49 0.023 0.41 [45]

ADHD 0.763 0.009 0.257 [202]

Autism 0.924 0.006 0.462 [236]

Bipolar Disorder 0.676 0.011 0.432 [230]

Continued on next page

204



Table A.6 – continued from previous page

Disease Family h2

Adjusted

Family

h2 SD

GWAS

h2

GWAS

Refer-

ence

Depression 0.579 0.006 0.175 [185]

Eating Disorder 0.569 0.031 0.559 [325]

Migraine 0.374 0.01 0.146 [101]

OCD 0.657 0.023 0.14 [61]

PTSD 0.577 0.021 0.062 [272]

Personality Disorder 0.52 0.028 0.55 [285]

Schizophrenia Related Psychosis 0.562 0.022 0.454 [255]

Glaucoma 0.698 0.008 0.06 [268]

Refraction Accommodation Dis-

orders

0.611 0.015 0.12 [75]

Hearing Loss 0.217 0.012 0.05 [163]

Emphysema COPD 0.534 0.019 0.377 [326]

Urinary Calculus 0.357 0.015 0.048 [211]

15-17 18-24 25+ 15+
Total 11,410,194 13,649,432 10,392,677 35,452,303
Biological 10,301,224 12,434,801 9,680,661 32,416,686
Adopted 303,205 325,272 220,020 848,497
Step 805,765 889,359 491,996 2,187,120
Biological % 90.3% 91.1% 93.1% 91.4%

Table A.7: Children by household type and age from U.S. Census 2010

205



Household 2007 2008 2009 2010 2011
Two parents 52,153 51,785 51,835 51,823 51,456
Both biological 46,681 46,427 46,364 46,438 46,405
Biological % 89.5% 89.7% 89.4% 89.6% 90.2%

Table A.8: Children under 18 by household type from Current Population Survey 2007-2011
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Mark Jenkins, Löıc Le Marchand, Li Li, Noralene M. Lindor, Stephanie L. Schmit,
Stephen N. Thibodeau, Michael O. Woods, Thorunn Rafnar, Julius Gudmunds-
son, Simon N. Stacey, Kari Stefansson, Patrick Sulem, Y. Ann Chen, Jonathan P.
Tyrer, David C. Christiani, Yongyue Wei, Hongbing Shen, Zhibin Hu, Xiao-Ou Shu,
Kouya Shiraishi, Atsushi Takahashi, Yohan Bossé, Ma’en Obeidat, David Nickle, Wim
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[139] A. Irgens, K. Krüger, A. H. Skorve, and L. M. Irgens. Birth defects and paternal
occupational exposure. Hypotheses tested in a record linkage based dataset. Acta
Obstetricia Et Gynecologica Scandinavica, 79(6):465–470, June 2000.
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