
THE UNIVERSITY OF CHICAGO

USING FUNCTIONAL GENOMICS APPROACHES TO INVESTIGATE HUMAN

COMPLEX TRAITS AND DISEASES

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 HUMAN GENETICS

BY

LAUREN ELIZABETH BLAKE

CHICAGO, ILLINOIS

MARCH 2020



Copyright c© 2020 by Lauren Elizabeth Blake

All Rights Reserved

Freely available under a CC-BY 4.0 International license

https://creativecommons.org/licenses/by/4.0/


Table of Contents

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Using genetics to understand complex traits and diseases . . . . . . . . . . . 1
1.2 Study design challenges in comparative primate genomics . . . . . . . . . . . 2
1.3 Study design challenges in psychiatric genetics . . . . . . . . . . . . . . . . . 4
1.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 A COMPARISON OF GENE EXPRESSION AND DNA METHYLATION PAT-
TERNS ACROSS TISSUES AND SPECIES . . . . . . . . . . . . . . . . . . . . . 7
2.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.3.1 Study design and data collection . . . . . . . . . . . . . . . . . . . . 9
2.3.2 Gene expression varies more across tissues than across species . . . . 10
2.3.3 Putatively functional tissue-specific gene expression patterns . . . . . 12
2.3.4 Functional Analysis of Gene Regulatory Differences . . . . . . . . . . 16
2.3.5 Variation in DNA methylation across tissues and species . . . . . . . 20
2.3.6 Inter-species differences in gene expression and DNA methylation levels 22

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.4.1 A comparative catalog of tissue specific regulatory patterns . . . . . . 24
2.4.2 Consideration of study design and record keeping . . . . . . . . . . . 27

2.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.5.1 Sample Description . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.5.2 RNA library preparation and sequencing . . . . . . . . . . . . . . . . 29
2.5.3 Quantifying the number of RNA-seq reads from orthologous genes . . 29
2.5.4 Analysis of Technical Variables . . . . . . . . . . . . . . . . . . . . . 30
2.5.5 Differential expression analysis using a linear model-based framework 31
2.5.6 The impact of matched tissue samples on DE results . . . . . . . . . 32
2.5.7 BS-seq library preparation, sequencing, and mapping . . . . . . . . . 33
2.5.8 Identifying differentially methylated regions (DMRs) . . . . . . . . . 34
2.5.9 Calculating the average methylation levels of conserved promoters . . 35
2.5.10 Joint analysis of promoter DNA methylation and gene expression levels 35
2.5.11 Data and code availability . . . . . . . . . . . . . . . . . . . . . . . . 37

2.6 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
2.6.1 Author contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

iii



2.7 Supplementary Information . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.7.1 Supplemental Methods . . . . . . . . . . . . . . . . . . . . . . . . . . 38
2.7.2 Supplementary Text . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.8 Supplementary Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
2.9 Supplemental Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

3 A COMPARATIVE STUDY OF ENDODERM DIFFERENTIATION IN HUMANS
AND CHIMPANZEES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.3.1 Study design and data collection in the iPSC-based system . . . . . . 67
3.3.2 iPSCs-based system effectively models primate endoderm differentiation 71
3.3.3 Comparative assessment of gene expression changes during differentiation 72
3.3.4 Joint Bayesian analysis reveals conservation of temporal gene expres-

sion profiles . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.3.5 Reduced variation in gene expression levels at primitive streak . . . . 76

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
3.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

3.5.1 Human and chimpanzee iPSC panels . . . . . . . . . . . . . . . . . . 85
3.5.2 Endoderm Differentiation . . . . . . . . . . . . . . . . . . . . . . . . 86
3.5.3 Purity assessment using flow cytometry . . . . . . . . . . . . . . . . . 86
3.5.4 RNA extraction, library preparation, and sequencing . . . . . . . . . 89
3.5.5 Quantifying the number of RNA-seq reads from orthologous genes . . 89
3.5.6 Transformation and normalization of RNA-sequencing reads . . . . . 90
3.5.7 Data quality and analysis of technical factors . . . . . . . . . . . . . 91
3.5.8 A linear model based framework to perform pairwise differential ex-

pression analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
3.5.9 Combining technical replicates . . . . . . . . . . . . . . . . . . . . . . 94
3.5.10 Joint Bayesian analysis with Cormotif . . . . . . . . . . . . . . . . . 95
3.5.11 Global analysis of variation in gene expression levels . . . . . . . . . . 96
3.5.12 Gene-by-gene analysis of variation in gene expression levels and calcu-

lating the proportion of true positives . . . . . . . . . . . . . . . . . . 97
3.5.13 Estimating the proportion of genes that undergo a change in variation

in both species . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
3.5.14 Estimating the null hypothesis for the proportion of genes that undergo

a change in variation in both species . . . . . . . . . . . . . . . . . . 99
3.5.15 Ethics approval and consent to participate . . . . . . . . . . . . . . . 100
3.5.16 Data availability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
3.5.17 Funding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

3.6 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.6.1 Author contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

3.7 Supplementary Information . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

iv



3.7.1 Supplementary Methods . . . . . . . . . . . . . . . . . . . . . . . . . 101
3.7.2 Supplementary Text . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.8 Supplementary Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
3.9 Supplementary Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

4 INTEGRATING CLINICAL AND BIOLOGICAL DATA TO PREDICT TREAT-
MENT RESPONSE IN INDIVIDUALS WITH ANOREXIA NERVOSA. . . . . . 127
4.1 Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
4.2 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.2.1 The importance of predicting outcome for individuals with anorexia
nervosa (AN) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.2.2 Challenges for predicting outcomes in AN . . . . . . . . . . . . . . . 128
4.2.3 Gene expression levels as predictors of outcome . . . . . . . . . . . . 129

4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130
4.3.1 Study design and sample characteristics . . . . . . . . . . . . . . . . 130
4.3.2 Nutritional rehabilitation treatment induces significant biological changes130
4.3.3 Characterizing post-discharge outcomes . . . . . . . . . . . . . . . . . 132
4.3.4 Variation in gene expression levels does not robustly predict variation

in any outcome . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

4.4.1 Prioritize defining measurable, meaningful, and clinically actionable
outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

4.4.2 The importance of study design, including replication . . . . . . . . . 137
4.5 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

4.5.1 Participants and Ethics Approval . . . . . . . . . . . . . . . . . . . . 138
4.5.2 Clinical and Whole Blood Information . . . . . . . . . . . . . . . . . 138
4.5.3 Quantification, normalization, transformation, and QC of the RNA-

seq reads . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
4.5.4 Pairwise differential expression (DE) analysis and weighted gene co-

expression network (WGCNA) construction . . . . . . . . . . . . . . 139
4.5.5 Choice of outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
4.5.6 Attempts to build predictive models . . . . . . . . . . . . . . . . . . 140

4.6 Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
4.6.1 Author contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

4.7 Supplementary Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

5 CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142
5.0.1 Eating disorder genetics . . . . . . . . . . . . . . . . . . . . . . . . . 142
5.0.2 Progress on the use of genetics to understand the biological mecha-

nisms of eating disorders . . . . . . . . . . . . . . . . . . . . . . . . . 144
5.0.3 Challenges and possible solutions going forward . . . . . . . . . . . . 144
5.0.4 Progress on the integration of genetics in predictive models in individ-

uals with eating disorders . . . . . . . . . . . . . . . . . . . . . . . . 146
5.0.5 Challenges and possible solutions going forward . . . . . . . . . . . . 146

v



5.0.6 Final words . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

vi



List of Figures

2.1 Surveying gene expression and DNA methylation in diverse tissues across primates. 11
2.2 Tissue-specific DE genes (FDR = 0.01). . . . . . . . . . . . . . . . . . . . . . . 15
2.3 Tissue-specific DMRs (FDR = 0.01). . . . . . . . . . . . . . . . . . . . . . . . . 18
2.4 Intertissue DNA methylation and gene expression levels (FDR = 0.05 and FSR

= 0.05). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.5 Distributions of potential confounders across biological variables of interest. . . 52
2.6 Sample QC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.7 Correlation matrix of normalized log2(CPM) gene expression values from 12,184

genes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
2.8 Density function of DNA methylation levels across all species and tissues. . . . 55
2.9 Correlation matrix of smoothed DNA methylation levels from all orthologous CpGs. 56
2.10 Principal components analysis (PCA) in humans and chimpanzee hearts, kidneys,

and livers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
2.11 When comparing the methylation levels of human T-DMRs and of orthologous

regions in the same tissues, clustering is more highly correlated with tissue than
species. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

2.12 When comparing the methylation levels of chimpanzee T-DMRs and of ortholo-
gous regions in the same tissues, clustering is more highly correlated with tissue
than species. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

2.13 When comparing the methylation levels of rhesus macaque T-DMRs and of or-
thologous regions in the same tissues, clustering is more highly correlated with
tissue than species. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.14 Interspecies DNA methylation and gene expression levels (FDR = 0.05 and FSR
= 0.05), in humans and chimpanzees. . . . . . . . . . . . . . . . . . . . . . . . . 61

2.15 Interspecies DNA methylation and gene expression levels (FDR = 0.05 and FSR
= 0.05), in humans and rhesus macaques. . . . . . . . . . . . . . . . . . . . . . 62

3.1 Study design and quality control analyses. . . . . . . . . . . . . . . . . . . . . . 70
3.2 General patterns in the data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.3 Number of DE genes in pairwise analyses. . . . . . . . . . . . . . . . . . . . . . 74
3.4 High sharing of DE genes across species. . . . . . . . . . . . . . . . . . . . . . . 75
3.5 Gene expression motifs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76
3.6 Global reduction of variation in gene expression from the iPSCs to primitive

streak state. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.7 Conserved patterns of reduced variation in gene expression at primitive streak. . 106
3.8 RNA Integrity Number (RIN) scores across biological variables of interest. . . . 107
3.9 Principal components analysis (PCA) of normalized data. . . . . . . . . . . . . . 108
3.10 Purity gating information. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109
3.11 Clustering of fluorescence values. . . . . . . . . . . . . . . . . . . . . . . . . . . 110
3.12 Distribution of potential confounder variables by day and species. . . . . . . . . 111
3.13 Correlation matrices of normalized log2(CPM) gene expression values from 10,304

genes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

vii



3.14 Classifying genes into temporal profiles with Short time course expression miner
(STEM) based on TMM-normalized log2(CPM) expression values. . . . . . . . . 113

3.15 Assessing the robustness of Cormotif results. . . . . . . . . . . . . . . . . . . . . 114
3.16 Principal component analysis (PCA) of normalized, combined data (n = 40) . . 115
3.17 Assessing the variance of gene expression levels. . . . . . . . . . . . . . . . . . . 116
3.18 The number of interspecies DE genes using a pairwise, linear model-based ap-

proach (limma) is lowest in the primitive streak state. . . . . . . . . . . . . . . . 117
3.19 Reduced variation in gene expression at the primitive streak is maintained when

using a bootstrap method to calculate pi zero. . . . . . . . . . . . . . . . . . . . 118
3.20 The reduction of variation in gene expression is localized to the primitive streak. 119
3.21 The patterns of change of variation in gene expression are robust with respect to

a cutoff based on the number of genes. . . . . . . . . . . . . . . . . . . . . . . . 120
3.22 The patterns of change of variation in gene expression are robust with respect to

Pvalue cutoff in the chimpanzee samples. . . . . . . . . . . . . . . . . . . . . . 121
3.23 The patterns of change of variation in gene expression are robust with respect to

Pvalue cutoff in the human samples. . . . . . . . . . . . . . . . . . . . . . . . . 122
3.24 Assay of pluripotency for iPSC lines used in this study. . . . . . . . . . . . . . 123
3.25 Quality control for the iPSC lines used in this Study . . . . . . . . . . . . . . . 124

4.1 Study design and information about nutritional rehabilitation. . . . . . . . . . . 131
4.2 Biological samples at admission and discharge. . . . . . . . . . . . . . . . . . . . 132
4.3 AMA Discharge Status. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.4 Relationship between BMI at discharge and outcomes. . . . . . . . . . . . . . . 135

viii



List of Tables 1

2.1 Pairwise DE genes and DMRs. . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
2.2 Recorded variables of interest . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.3 Normalized gene expression levels. . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.4 Technical factors and matched individuals analysis. . . . . . . . . . . . . . . . . 63
2.5 Pairwise inter-tissue and interspecies differential expression statistics. . . . . . . 63
2.6 The most common pattern of inter-tissue gene expression differences is conserva-

tion between species is robust. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.7 Pairwise tissue-specific DE genes are conserved. . . . . . . . . . . . . . . . . . . 64
2.8 Possible functional interpretations of genes. . . . . . . . . . . . . . . . . . . . . 64
2.9 Group-by-tissue interactions found in Great Apes and in humans only. . . . . . 64
2.10 Summary information for pairwise T-DMRs and S-DMRs. . . . . . . . . . . . . 64
2.11 Pairwise T-DMRs and tissue-specific DMRs are conserved. . . . . . . . . . . . . 64
2.12 Percentage of genes in which gene expression differences might, at least in part,

be explained by DNA methylation levels. . . . . . . . . . . . . . . . . . . . . . . 64

3.1 Purity estimates for each of the 63 samples. . . . . . . . . . . . . . . . . . . . . 125
3.2 RNA Integrity Number (RIN) measured with a Bioanalyzer (Agilent) for each of

the 63 samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
3.3 TMM- and cyclic loess-normalized log2 counts per million for the 10,304 genes

analyzed in this study for each of the 63 samples. . . . . . . . . . . . . . . . . . 125
3.4 Biological and technical factors of interest, and the accompanying values for each

of the 63 samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
3.5 Information about the sharing of DE genes across species for a given transition

(e.g. day 0 to 1). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
3.6 Gene Ontology results. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
3.7 The number of interspecies DE genes under various conditions. . . . . . . . . . . 126
3.8 P-values from model comparisons for each recorded technical variable. . . . . . . 126
3.9 Distributions of P values from all F tests. . . . . . . . . . . . . . . . . . . . . . 126
3.10 100,000 pi zero values calculated from permuted P-values obtained from F tests

for reduced variation in gene expression levels. . . . . . . . . . . . . . . . . . . . 126
3.11 Log-likelihoods for Cormotif models using 7 and 8 correlation motifs. . . . . . . 126

4.1 Information about genes DE between admission and discharge. . . . . . . . . . 141

1. Note: Due to the large size of most of the tables, the tables have been provided in a supplementary
file accompanying the dissertation. In such cases, the page number provided directs the reader to a table’s
caption.

ix



ACKNOWLEDGMENTS

They say it takes a village to raise a child. In much the same way, it takes a village to

get a PhD. I am extremely grateful for my “village” of supporters, including my mentors,

collaborators, friends, and family.

I am very thankful to my advisor, Yoav Gilad. He has been extremely influential on me

as a scientist, teaching me how to creatively solve challenging problems in human genetics

with rigor and focus. His support along the path to graduation has been critical.

I am thankful to my committee members, Oni Basu, Marcelo Nobrega, and Matthew

Stephens. I am also grateful for the opportunity to work with top eating disorder specialists,

including Jennifer Wildes, Jessica Baker, and Cindy Bulik. This work would not have

been possible without the Human Genetics community in Cummings Life Science Center.

Additionally, I have enjoyed working with with Chris Porras, Dan Rice, Eric Friedlander,

and Roy Morgan on the Computational STEM Lab (CSL) outreach program.

Throughout my PhD, I have been financially supported by the Genetics and Regulation

Training Grant (T32GM007197) from the National Institutes of Health, the National Science

Foundation (Graduate Research Fellowship DGE-1144082 and Innovation Corps NSF Award

1735858), and the University of North Carolina Center of Excellence for Eating Disorders.

John Novembre also supported the CSL. Sue Levison started as my “grants person” and

evolved into a friend. Sue made sure that I didn’t run away during my first week of graduate

school, and has seen me all the way through graduation.

After about 2 weeks of my rotation in the Gilad lab, I knew that this was where I wanted

to do my thesis research. After 5 years, I am still confident that I made the right decision.

This feeling is in large part due to my fantastic labmates, past and present. In particular,

thank you to Nick Banovich, Seb Pott, Genevieve Housman, Kenneth Barr, Benjamin Fair,

Reem Elorbany, Katie Rhodes, Sidney Wang, Po-Young Tung, John Blischak, Ittai Eres,

Natalia Gonzales, Jonathan Burnett, Emily Davenport, and Samantha Thomas. Michelle

x



Ward has influenced my scientific thinking tremendously. Briana Mittleman was a fantastic

baymate, and I will miss the Duke corner of lab tremendously. I am also thankful to the

technicians in the lab, particularly Amy Mitrano, Marsha Myrthil, and Claudia Chavarria,

who also helped with my thesis work. I’d also like to thank my close collaborators, particu-

larly Julien Roux and Bryan Pavlovic, without whom Chapters 2 and 3 in this thesis would

not have been possible. Joyce Hsiao and Abhishek Sarkar also provided key statistical advice

for my work.

Thank you to my friends Unjin Lee, Charlie Lang, Marissa Pelot, Hillary Childs, Sierra

Smart, Sam Lohnes, Tatiana Birgisson, Robin Schwartzman, and Janet Scognamiglio. Mar-

cus Soliai and Aarti Venkat are best coffee buddies anyone could ask for. It is an honor to

call Manny Vazquez my friend and have gotten to collaborate with him. Finally, it would

be impossible to list all the ways that Bryce van de Geijn supported me during my Phd.

My family has been incredibly supportive. In particular, my grandparents, Nannie and

Papa, encouraged me via weekly phone calls throughout my Phd. Emily and Kate Blake are

both amazing people, and I am lucky to call them my sisters. Thank you to my Mom and

Dad, who have loved and encouraged me during my entire life.

xi



ABSTRACT

A primary aim of human genetics is to determine how genetic variation impacts phenotypic

variation, including in complex traits and diseases. Understanding this relationship will ulti-

mately allow us to understand the molecular basis of complex traits and better diagnose and

treat human diseases. To dissect this relationship, human geneticists have leveraged com-

parisons between humans and other primates, as well as between different groups of humans.

To maximize the utility of functional genomics studies within and between species, proper

study design is essential. In Chapters 2 and 3, I describe two primate comparative stud-

ies that highlight a variety of study design challenges and discuss potential solutions.These

studies demonstrate that adherence to key study design principles can facilitate biological

insight. In Chapter 4, I apply these principles to a new problem, distinguishing individuals

with eating disorders at high risk of rehospitalization from those with lower risk. In the final

chapter, I discuss lessons learned and suggest the next steps for using functional genomics

to study eating disorders.
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CHAPTER 1

INTRODUCTION

1.1 Using genetics to understand complex traits and diseases

The overarching goal of human genetics is to understand how genetic variation influences

phenotypes– including complex traits and diseases– within our species. One approach to

connect genotypic to phenotypic variation is to compare humans with non-human primates

[118]. This approach is particularly compelling given that human share over 99% of their

DNA sequence with chimpanzees [187, 157]. Efforts have been made to understand the

1%, that is to say the impact of these approximately 30 million single nucleotide polymor-

phisms (SNPs) differences [9, 187, 157, 167]. Importantly, the majority of these SNPs are

in the non-protein coding regions of the genome [118]. Overall this high degree of sequence

similarity led Mary Claire King and Greg Wilson to hypothesize that it is the way these

DNA sequences are regulated that leads to phenotypic differences [118]. Consequently, com-

parisons between humans and non-human primates can help to determine how these DNA

sequences function and to reveal the underlying mechanisms that act on or as a result of

sequence variation. This desire for for mechanistic understanding has inspired a number of

studies to compare gene regulation levels, epigenetic marks, protein levels, and various other

molecular phenotypes [14, 24, 159, 188, 187, 40, 91, 92, 93, 153, 189, 64, 213, 226]. These

efforts have resulted in large comparative genomic catalogs of similarities and differences in

gene regulation between humans and other primates. These catalogs have great potential

to help us better understand the evolutionary processes that led to adaptations in humans

[9, 23, 24, 39, 130, 188, 84, 108, 187, 112, 115, 122, 151, 153, 177], establish informed models

of the relative importance of changes in different molecular mechanisms to regulatory evolu-

tion [113, 214], and identify molecular pathways that may be functionally important in the

context of complex diseases [23, 24]. However, the genetic variants that drive phenotypic

1



diversity often have indirect effects on gene expression or protein levels [118]. It is therefore

essential to design comparative studies that allow us to isolate the variables of interest while

minimizing the effects of unwanted biological and technical differences. Yet, all too often,

various aspects of study design are overlooked, to the detriment of the field. In extreme cases,

poor study design leads to erroneous inference and incorrect interpretations [124, 220]. The

majority of the time, a poor study design limits the accuracy of the study and by extension,

the biological insight that can be drawn from it [23, 40, 155]. Compounding the issue is

that study design considerations are usually not explicitly discussed in comparative genomic

papers.

The majority of my work has focused on primate comparative genomics - an area which

presents many opportunities to discuss how an effective study design can affect the results of

a study and aid in its interpretation. In this Introduction, I focus on two principles critical

to identifying robust biological differences between species: minimizing confounders and

careful sample collection. However, the principles of study design that I will discuss extend

beyond primate comparative genomics to any study that makes comparisons between groups,

including case-control studies in humans.

1.2 Study design challenges in comparative primate genomics

Confounders and other potential biases. As the technology used in genomic studies has pro-

gressed, so too has our understanding of the widespread nature and impact of confounders

and other potential biases. Furthermore, using multiple species in functional genomic studies

has increased the difficulty of minimizing these confounders. For example, early compara-

tive studies using gene expression and DNA methylation microarrays often did not account

for the attenuation of hybridization caused by sequence mismatches, which differ between

species [39, 188, 76, 112]. More recently, common confounders of sequence-based compar-

ative studies include individual sampling schemes that are unbalanced across species, and
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sample processing steps that are segregated by species [23, 159, 40, 47, 124, 224]. Systemic

differences inherent to the samples, such as differences in material quality between species

[159, 155], also remain a concern. Similarly, a primate comparative framework brings forth

analytical challenges. For example, analyses that do not use orthologous sequences or ef-

fective normalization procedures can result in bias [23, 40, 155]. Yet, most comparative

genomic studies of humans and non-human primates that we are aware of, including previ-

ous studies from our own group [23, 40, 155], suffer from one or more of these weaknesses

and caveats. Very few people would disagree that it is important to use good study design.

However, the number of potential confounders are vast, including sex, date of death, age,

RNA concentration, RIN score, RNA extraction date, library concentration, index sequence,

sequencing pool, sequencing location, sequencing lane, total sequencing reads. Therefore, it

can be difficult to detect confounding factors and bias introduced during sample processing

or data analysis. Unfortunately, these factors are often neither accounted for nor discussed.

Sometimes, this can lead to erroneous conclusions, which could have major implications for

biological research. For example, a recent paper claimed that global gene expression levels

were driven by species rather than tissue type [124]. Upon re-analysis, it was uncovered

that the human and mouse samples used in the study were sequenced in different batches

[220].With this study design, the biological variable of interest (species) is confounded with

the technical variable of sequence batch. Therefore, it is unknown to what extent the tech-

nical variable drove the biological results reported in the original paper. Sorting out which

results were driven by biological, rather than technical differences, is often led to the reader.

Such a task can be quite challenging, as the comparative genomics field, and indeed, the

larger genomics community, lacks consensus regarding meta-data collection and study doc-

umentation, particularly around sample and study design reporting.

Opportunistic study collection. Sample type, size, and collection techniques are critical

study design considerations in comparative studies of primates. Until recently, flash frozen
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tissues were one of the only options for comparing primate biological material [81]. Because

of the difficulty of obtaining samples (both for logistic and ethical reasons), we could typ-

ically sample only a small number of individuals from each species. Consequently, some

primate comparative studies only have only a handful of individuals per species [24, 92, 153].

Particularly problematic is when there is only 1 individual per species, as individual and

tissue are confounded. Even when there are 3 or more individuals per species, tissues are

often subject to high environmental variances because the donors are in an uncontrolled en-

vironment, and also flash frozen and shipped post mortem [167]. The necessity of collecting

samples opportunistically, together with small sample sizes, can lead to incomplete power

to detect regulatory differences between species in any given study, and hence to relatively

large apparent differences between studies. Furthermore, it was nearly impossible to obtain

multiple tissue samples from the same individual. For example, to date, there have been no

published comparative studies in primates that have analyzed multiple tissues sampled from

the same individuals across multiple species in a balanced design [167]. Consequently, regu-

latory differences between tissues are always confounded with regulatory differences between

individuals [153]. In turn, relative measures of tissue-specific regulatory differences between

species are confounded with inter-tissue differences in regulatory variation within species.

1.3 Study design challenges in psychiatric genetics

Unfortunately, these study design challenges are not limited to the field of primate compara-

tive genomics. For example, these are issues in psychiatric genetics and are highly prevalent

in the nascent field of eating disorders genomics.

Confounders and other potential biases. When performing eating disorder studies, compli-

cations with the phenotype lend itself to confounders and other potential biases. Like other

psychiatric disorders, the way that eating disorders are diagnosed is inherently subjective,

even if clinicians use the same criteria [22, 143]. For example, AN diagnoses comprise of qual-
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itative criteria, such as over-concern with shape and weight and fear of becoming overweight

[5]. While there are attempts to measure these aspects, it is not difficult. Consequently,

there was an emphasis on introducing more quantitative measures, such as body mass index

(BMI) to the diagnosis [54]. However, these types of quantitative measures are also inher-

ently tricky for psychiatric disorders. For example, in AN, it is unknown whether BMI is only

a consequence of AN or plays a role in furthering the disorder [54]. In case-control studies

of individuals with anorexia nervosa (AN), disease state is confounded with BMI [62, 215].

This confounding complicates analysis and interpretation of results. For example, when a

SNP is associated with AN cases, is the SNP associated with a specific AN behavior (and if

so, which one) or with BMI? Even within cases, clinical variables can be confounded, includ-

ing medication types, age of diagnosis, and number of rehospitalizations [117]. In addition

to the large number of biological variables, there are also technical considerations, such as

RIN score and batch. As discussed earlier, the larger genomics community lacks consensus

regarding meta-data collection and study documentation. This area has also been discussed

in the eating disorder field but have not been widely acted upon [103].

Opportunistic study collection. Similar to primates, tissues from humans are collected op-

portunistically. For many complex psychiatric trait, it is difficult to link genetic variation or

gene regulatory differences, to phenotypes. While gene regulation in the brain is a logical

place to start, it is difficult to access brains from living patients and a brain bank for eating

disorders has only recently been established [58]. Moreover, the brain is extremely hetero-

geneous. Consequently, it is difficult to identify which brain regions are the most relevant

to study [221]. Moreover, while recent research suggests tissues besides the brain may be

relevant to disease state in AN [63, 102, 215], it is hard to decide which tissue to study. Blood

is relatively easy to collect from individuals with eating disorders, but the clinical utility of

whole blood is unknown [117]. Since individuals are collected opportunistically, collecting

large sample sizes, particularly in longitudinal studies are difficult. Furthermore, individuals
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are almost always recruited during a state of illness, so it can be difficult to predict patient

trajectory and therefore the outcomes represented in the cohort [75]. This issue is com-

pounded by the fact that many eating-disorder phenotypes, including treatment outcomes,

are nebulous [114].Indeed, although the field of eating disorder genomics faces many of the

same obstacles as primate comparative genomics and psychiatric genomics more generally,

it also presents a unique set of challenges.

1.4 Conclusion

Much of my thesis work has been devoted to addressing these challenges of potential bi-

ases and opportunistic study collection. In Chapters 2 and 3, I present examples of how

to approach these challenges in gene regulatory studies across primates. Furthermore, I

demonstrate that adherence to these key study design principles helps elucidate biological

insight. In Chapter 4, I apply these lessons learned in a new context: comparing individuals

with eating disorders at high risk of rehospitalization versus those with lower risk. In the

final chapter, I discuss opportunities and challenges when using functional genomics to study

eating disorders.
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CHAPTER 2

A COMPARISON OF GENE EXPRESSION AND DNA

METHYLATION PATTERNS ACROSS TISSUES AND

SPECIES

2.1 Abstract1

Previously published comparative functional genomic data sets from primates using frozen

tissue samples, including many data sets from our own group, were often collected and ana-

lyzed using non-optimal study designs and analysis approaches. In addition, when samples

from multiple tissues were studied in a comparative framework, individual and tissue were

confounded. We designed a multi-tissue comparative study of gene expression and DNA

methylation in primates that minimizes confounding effects, by using a balanced design

with respect to species, tissues, and individuals. We also developed a comparative analysis

pipeline that minimizes biases due to sequence divergence. Thus, we present the most com-

prehensive catalog of similarities and differences in gene expression and methylation levels

between livers, kidneys, hearts, and lungs, in humans, chimpanzees, and rhesus macaques.

We estimate that overall, only between 7 to 11% (depending on the tissue) of inter-species

differences in gene expression levels can be accounted for by corresponding differences in pro-

moter DNA methylation. However, gene expression divergence in conserved tissue-specific

genes can be explained by corresponding inter-species methylation changes more often. Fi-

nally, we show that genes whose tissue-specific regulatory patterns are consistent with the

action of natural selection are highly connected in both gene regulatory and protein-protein

interaction networks.

1. Citation for chapter: Blake LE*, Roux J*, Hernando-Herraez I, Banovich NE, Garcia-Perez R, Hsiao
CJ, Eres I, Chavarria C, Marques-Bonet T, Gilad Y. A comparison of gene expression and DNA methylation
patterns across tissues and species. Accepted, Genome Research. * denotes equal contribution.
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2.2 Introduction

Gene regulatory differences between humans and other primates are hypothesized to un-

derlie human-specific traits [118]. Over the past decade, dozens of comparative genomic

studies focused on characterizing mRNA expression level differences between primates in a

large number of tissues (e.g., [14, 24, 159, 188, 111]), typically focusing on differences be-

tween humans and other primates. A few studies have also characterized inter-primate

differences in regulatory mechanisms and phenotypes other than gene expression levels,

such as DNA methylation levels, chromatin modifications and accessibility, and protein

expression levels [40, 91, 92, 93, 153, 189, 208, 213, 226]. These studies often construct

catalogs of gene expression levels and other mechanisms. These catalogs have been use-

ful to better understand the evolutionary processes that led to adaptations in humans

[9, 23, 24, 39, 42, 188, 84, 108, 111, 112, 115, 122, 151, 153, 177] and ancestral or de-

rived phenotypes that may be relevant to human diseases [127, 167]. One caveat that is

shared among practically all comparative studies in primates is related to difficulty in ob-

taining multiple tissue samples from the same individual. To date, there have been no

published comparative studies in primates that have analyzed multiple tissues sampled from

the same individuals across multiple species in a balanced design [167]. As a result, regula-

tory differences between tissues are always confounded with regulatory differences between

individuals [24, 159, 46, 153]. In turn, catalogs from these studies can not be used to compare

tissue-specific regulatory differences between species to inter-tissue differences in regulatory

variation within species (see Discussion in [153]). Our group and others often use previously

published catalogs of comparative data in primates in our different studies. While we do

not expect previously observed patterns to be erroneous, we are aware that data on gene-

specific inter-species regulatory differences, and especially data that pertain to comparisons

of divergence across tissues, may be inaccurate for the reasons we discussed above. We thus

designed the current study to produce a new comprehensive catalog of comparative gene
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expression and DNA methylation data from humans, chimpanzees, and rhesus macaques,

attempting to minimize possible confounders. The goal of our study is not to challenge

previous conclusions or document specific differences between the current and previous data.

Instead, we aim to provide a new and more accurate comparative catalog of inter-tissue

and inter-species differences in gene regulation between humans and other primates, with

substantial sample and study design documentation. Overall, we believe that this catalog

can be useful for many future applications and can serve as a new benchmark for regulatory

divergence in primates.

2.3 Results

2.3.1 Study design and data collection

To comparatively study gene expression levels and DNA methylation patterns in primates,

we collected primary heart, kidney, liver and lung tissue samples from four human, four

chimpanzee, and four rhesus macaque individuals (Figure 2.1A, Table 2.2A). From these

48 samples, we harvested RNA and DNA in parallel (Methods). After confirming that the

RNA from all samples was of acceptable quality (Table 2.2B; Figure 2.5), we performed

RNA-sequencing to obtain estimates of gene expression levels. Additional details about the

donors, tissue samples, sample processing, and sequencing information can be found in the

Methods and Table 2.2. We estimated gene expression levels using an approach designed

to prevent biases driven by sequence divergence across the species (similar to the approach

of [21]). Briefly, we first mapped RNA-sequencing reads to each species’ respective genome,

and to compare gene expression levels across species, we only calculated the number of reads

mapping to exons that can be classified as clear orthologs across all three species (Table

2.2B). We excluded data from genes that were lowly expressed in over half of the samples as

well as data from one human heart sample that was an obvious outlier, probably due to a
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sample swap (Figure 2.6). We normalized the distribution of gene expression levels to remove

systematic expression differences between species (maximizing the number of genes with

invariant expression levels across species corresponds to our null hypothesis; see Methods).

Through this process, we obtained TMM- and cyclic loess-normalized log2 counts per million

(CPM) values for 12,184 orthologous genes to be used in downstream analyses (Table 2.3).

Elements of study design, including sample processing, have previously been shown to impact

gene expression data [220]. Consequently, we tested the relationship between a large number

of technical factors recorded throughout our experiments and the biological variables of

interest in our study, namely tissue and species (Methods, Supplemental Materials, Table

2.4A-B). We found that there were no technical confounders with tissue but two technical

factors were confounded with species: time postmortem until collection and RNA extraction

date (Figure 2.5B-C). Due to the opportunistic nature of sample collection, these confounders

are practically impossible to avoid in comparative studies in primates (especially apes). We

discuss possible implications of these confounders throughout the paper.

2.3.2 Gene expression varies more across tissues than across species

We first examined broad patterns in the gene expression data. A principal component anal-

ysis (PCA) indicated that, as expected [15, 159, 140], the primary sources of gene expression

variation are tissue (Figure 2.1B, regression of PC1 by tissue = 0.81; P <10-14; regression of

PC2 by tissue = 0.70; P <10-10; Tables 2.2A-B and 2.4A-B), followed by species (regression

of PC2 by species = 0.27; P <10-3; Tables 2.2A-B and 2.4A-B). This pattern is also sup-

ported by a clustering analysis based on the correlation matrix of pairwise gene expression

estimates across samples (Figure 2.7). We then confirmed that, globally, gene expression

levels across tissues from the same individual are more highly correlated than gene expres-

sion levels across tissues from different individuals (Figure 2.6C). This observation supports

the intuitive notion that collecting and analyzing multiple tissues from the same individual
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is highly desirable in functional genomics studies. We sought further explicit evidence that a

study design incorporated balanced collection of multiple tissues from the same individuals

is more effective. To do so, we used data from the GTEx Consortium [87] for lung and

heart. We first identified differentially expressed (DE) genes between lung and heart using

all of the available GTEx data; we designated these classifications, which are based on hun-

dreds of samples, as the “truth” (Supplemental Materials; Table 2.4E). Next, we repeatedly

identified DE genes between lung and heart using GTEx data from randomly chosen sets

of just 4 samples from each tissue, and compared the results to DE genes identified from

an equivalent analysis of sets of 4 samples from each tissue, in which the tissue samples

originated from the same donor. Compared to the “true classification” based on the entire

GTEx dataset, DE analyses using data from samples of tissues that are matched for donors

result in a higher ratio of true positives to false positives than analyses using samples from

tissues that are unmatched for donors (P = 0.03; Table 2.4F). Given the small number of

false positives in both datasets, study design is unlikely to impact large-scale, highly robust

trends across species. However, this study design choice is particularly important if one is

interested in individual genes (as demonstrated by an example in Figure 2.1C).

2.3.3 Putatively functional tissue-specific gene expression patterns

To analyze the pairwise regulatory differences across tissues and species, we used the frame-

work of a linear model (see Methods). We first identified (at FDR = 1%) 3,695 to 7,027

(depending on the comparison we considered) differences in gene expression levels between

tissues, within each species (Table 2.1A; Table 2.5). Overall, the patterns of inter-tissue dif-

ferences in gene expression levels are similar in the three species, significantly more so than

expected by chance alone (P <10-16, hypergeometric distribution; Supplemental Materials;

Table 2.6). A range of 17 to 26% of inter-tissue DE genes have conserved inter-tissue ex-

pression patterns in all three species (Table 2.6). Regardless of species, we found the fewest
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inter-tissue DE genes when we considered the contrast between liver and kidney, and the

largest number of DE genes between liver and either heart or lung (Table 2.1A; Table 2.5B).

Unfortunately, since our data were produced from bulk RNA-sequencing, we were unable

to determine the impact of cell composition on the number of inter-tissue DE genes. We

used the same framework of linear modeling to identify gene expression differences between

species, within each tissue (Table 2.5A). Depending on the tissue and species we considered,

we identified between 805 to 4,098 inter-species DE genes (at FDR = 1%; Table 2.1A, Ta-

ble 2.5C). As expected given the known phylogeny of the three species, within each tissue,

we classified far fewer DE genes between humans and chimpanzees than between either of

these species and rhesus macaques (Table 2.5B). It is a common notion that genes with

tissue-specific expression patterns may underlie tissue-specific functions. Previous catalogs

of such patterns in primates were always confounded by the effect of individual variation

(because each tissue was sampled from a different individual). To classify tissue-specific

genes using our data, we focused on genes that are either up-regulated or down-regulated

in a single tissue relative to the other three tissues (within one or more species). We define

such genes as having a “tissue-specific” expression pattern, acknowledging that this defi-

nition may only be relevant in the context of the four tissues we considered here. Using

this approach and considering the human data across all tissue comparisons, we identified

5,284 genes with tissue-specific expression patterns (FDR 1%, Figure 2.2). By performing

similar analyses using the chimpanzee and rhesus macaque data, we found that the degree

of conservation of tissue-specific expression patterns is higher than expected by chance (P

<10-16; Figure 2.2). This observation is robust with respect to the statistical cutoffs we

used to classify tissue-specific expression patterns (Table 2.7), indicating that many of these

conserved tissue-specific regulatory patterns are likely of functional significance. To broadly

analyze the biological function of genes with conserved tissue-specific expression, we per-

formed a Gene Ontology enrichment analysis (GO, see Supplemental Materials). We found
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these genes are indeed highly enriched with functional annotations that are relevant to the

corresponding tissue (Table 2.8A-D, 2.9). For example, genes with conserved heart-specific

expression patterns were enriched in GO categories related to muscle filament sliding (e.g.

ACTA1, MYL2 ) and cardiac muscle contraction (e.g. MYBPC3, TNNI3 ).
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2.3.4 Functional Analysis of Gene Regulatory Differences

We sought further evidence that the classification of genes with conserved tissue specific

expression patterns is meaningful. To do so, we considered transcription co-expression net-

works [194, 225] based on GTEx data from heart and lung [156]. We found that genes with

conserved tissue specific expression patterns are more likely to appear as nodes in the net-

works than genes without tissue-specific expression patterns, or genes whose tissue-specific

expression patterns are not conserved (P <10-5). When we only considered genes that do

appear as nodes in the network, we found that genes with conserved tissue specific expres-

sion patterns are more likely to be classified as hubs in the networks than genes without

tissue-specific expression patterns, or genes whose tissue-specific expression patterns is not

conserved (P <0.007). Motivated by these findings, we focused on gene expression patterns

that are consistent with the action of natural selection (as described in [24]; see Supplemental

Materials and Table 2.8E). We found that genes whose expression patterns are consistent

with the action of either stabilizing or directional selection (top 10%; Table 2.8F) have more

interactions with other genes in the network than genes whose expression patterns are not

consistent with the action of natural selection (bottom 10%; P <0.05 for all comparisons;

Figure 2.2E). This observation is fairly robust with respect to percentile cutoff (Table 2.8F).

We repeated a similar analysis by using protein-protein interaction data from the Human

Protein Atlas [125, 201, 204, 223] in all four tissues. We again found that genes whose expres-

sion patterns are consistent with selection have more annotated protein-protein interactions

(P <0.05 in all 8 comparisons, Figure 2.2F; Table 8G). These interaction results suggest

that functionally important genes are carefully regulated. Furthermore, this tight regulation

occurs at both the gene expression and protein levels in primates.
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Table 2.1A 
 
DE between 
tissues 
(within 
species) 

Heart-
Kidney 

Heart-
Liver 

Heart-
Lung 

Kidney-
Liver 

Kidney-
Lung 

Liver-
Lung 

Human 4224 4776 4037 4248 3695 4701 
Chimpanzee 4971 6295 5365 4625 4623 6247 
Rhesus 
macaque 

5980 6933 6814 5126 5721 7027 

DE between 
species 

Heart Kidney Liver Lung   

Human vs. 
Chimpanzee 

2195 799 1364 805   

Human vs. 
Rhesus 
Macaque 

4098 2347 2868 2833   

Chimpanzee 
vs. Rhesus 
Macaque 

2781 2286 3139 1917   

Table 2.1B 
 
Tissue DMRs 
(within species) 

Heart-
Kidney 

Heart-
Liver 

Heart-
Lung 

Kidney-
Liver 

Kidney-
Lung 

Liver-
Lung 

Human 30291 
(1.7%) 

22561 
(1.3%) 

14208 
(0.8%) 

17910 
(1.1%) 

16521 
(1.0%) 

12842 
(0.8%) 

Chimpanzee 17699 
(1.1%) 

28767 
(1.7%) 

8524 
(0.5%) 

23847 
(1.4%) 

12076 
(0.7%) 

22107 
(1.3%) 

Rhesus macaque 23023 
(1.5%) 

41280 
(2.7%) 

7026 
(0.5%) 

35910 
(2.4%) 

15889 
(1.1%) 

32636 
(2.1%) 

Species DMRs Heart Kidney Liver Lung   
Human vs. 
Chimpanzee 

14504 
(1.1%) 

10667 
(0.8%) 

9476 
(0.8%) 

8617 
(0.7%) 

  

Human vs. Rhesus 
Macaque 

25539 
(5.3%) 

21292 
(4.5%) 

21639 
(4.5%) 

17696 
(3.9%) 

  

Table 2.1: Pairwise DE genes and DMRs. (A) Pairwise differentially expressed (DE)
genes at FDR 1%. (B) Pairwise differentially methylated regions (DMRs) in autosomal
chromosomes, percentage out of total pairwise methylated regions)
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2.3.5 Variation in DNA methylation across tissues and species

As we mentioned above, we collected both RNA and DNA from each sample in our study.

We used the DNA samples to study DNA methylation patterns through low-coverage whole

genome bisulfite sequencing (BS-seq). The bisulfite conversion reaction efficiency was higher

than 99.4% for all samples (Table 2.2C). Following sequencing, we mapped the high-quality

BS-seq reads to in silico bisulfite-converted genomes of the corresponding species and re-

moved duplicate reads. We were able to measure methylation level in 12.5M to 22.9M

CpG sites per sample, with a minimum coverage of two sequencing reads per site (Table

2.2C). We estimated local methylation levels by smoothing the data across nearby CpG sites

(see Supplemental Materials; Figure 2.8; [131]). To facilitate a comparison of methylation

levels across species, we annotated 10.5M orthologous CpGs in the human and chimpanzee

genomes, as well as a smaller set of 2.4M orthologous CpGs in all three primate genomes (Ta-

ble 2.2C-E). To identify differences in methylation levels between tissues and species we again

employed a linear model framework (Methods). Focusing on methylation patterns across tis-

sues within species, we identified between 7,026 to 41,280 differentially methylated regions

between tissues, within species (T-DMRs), depending on the pairwise tissue comparisons we

considered (Table 2.1B; Table 2.10A; [37]). Pairwise comparisons between hearts and lungs

showed the lowest number of DMRs, regardless of species (7,026 in rhesus macaques, 8,524

in chimpanzees, 14,208 in humans), while comparisons involving heart and liver showed the

largest number of DMRs (22,561 in humans, 28,767 in chimpanzee and 41,280 in rhesus

macaques; Table 2.1B). We found that human T-DMRs overlapped genic and regulatory

features significantly more than expected by chance. In particular, there is an enrichment of

T-DMRs in intergenic regions, introns, 5’UTRs, 3’UTRs, and active enhancers (as defined by

[148]; P <0.04 for all tests; Table 2.10B). We found strong evidence for T-DMR conservation

across all three species (P <10-16 across all comparisons; Table 2.11A). Though this level of

conservation is higher than expected by chance, we recognize that in each tissue comparison
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we performed, we had incomplete power to identify T-DMRs and so the true conservation

of T-DMR is expected to be even higher. To sidestep this challenge and compare T-DMRs

across species more effectively, we considered methylation data from all T-DMR orthologous

regions that were classified as such in at least one species. When we performed hierarchical

clustering using orthologous DNA methylation data from these T-DMRs, the data clustered

first by tissue than by species (Figure 2.11). This trend is robust with respect to the species

used to initially locate T-DMRs (Figure 2.11-12). Thus, our results suggest that in general,

inter-tissue methylation differences within a species tend to be conserved, consistent with

the observations of previous studies [92, 93, 134, 142, 153]. We next focused specifically

on tissue-specific DMRs, as these may contribute to tissue-specific function. In contrast to

differences in methylation between any pair of tissues, a tissue-specific DMR is defined as

having a similar methylation level in three of the tissues we considered, but a significantly

different methylation level in the remaining tissue. We found that there were more DMRs

specific to liver (3,278 to 11,433 DMRs depending on the species) than to kidney (2,300

to 3,957 DMRs), heart (1,597 to 2,969 DMRs), or lung (453 to 5,018 DMRs, Figure 2.3;

Table 2.11B). Tissue-specific DMRs are highly conserved regardless of the comparisons we

made (P <10-13 for all comparisons, at least 25% bp overlap was required to be consid-

ered shared). In all four tissues, over 59% of conserved DMRs are hypo-methylated in a

tissue-specific manner. We evaluated the overlap between tissue-specific DMRs and genomic

regions marked with H3K27ac, a mark often associated with active gene expression [198]. We

found that conserved hypo-methylated tissue-specific DMRs were annotated with H3K27ac

more frequently than tissue-specific DMRs identified only in humans (P <0.001, difference

of proportions test; Table 2.11C; Supplemental Materials). We then asked about the po-

tential impact of these conserved hypo-methylated tissue-specific DMRs on the expression

of nearby genes. We found that genes with the closest TSSs to conserved tissue-specific

DMRs are highly enriched with relevant functional annotations in hearts and livers (the
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tissues with the largest numbers of conserved hypo-methylated tissue-specific DMRs; Figure

2.3E-F, Table 2.11D) [196]. For example, conserved heart-specific DMRs are closest to genes

in cardiovascular-related pathways, including ventricular cardiac muscle cell development,

canonical Wnt signaling pathway, and ERK5 cascade. Overall, these observations suggest

that conserved tissue-specific DMRs are likely to underlie tissue-specific gene regulation in

primates.

2.3.6 Inter-species differences in gene expression and DNA methylation

levels

Our comparative catalog can be used to identify DNA methylation differences that could

potentially explain gene expression differences across species and tissues. To do so, we first

identified the 7,725 orthologous genes with expression data and corresponding promoter

DNA methylation data in humans and chimpanzees, and the 4,155 orthologous genes with

the same information for all three species. We then determined to what extent divergence

in DNA methylation levels could potentially underlie interspecies differences in gene expres-

sion by comparing the gene expression effect size associated with species before and after

accounting for methylation levels. To determine significant effect size differences, we applied

adaptive shrinkage [171], a flexible Empirical Bayes approach for estimating false discovery

rate (Methods). We note that this mediation approach does not consider the possibility

that a third, unobserved event, may be causally responsible for both the methylation and

expression patterns. Considering differentially expressed genes between humans and chim-

panzees (in at least one tissue), we found that between 11% and 25% of genes (depending

on tissue) showed a difference in the effect of species on gene expression levels once average

promoter methylation levels were accounted for (significant difference in effect size classified

at FSR 5% and are represented by red in Figure 2.14; Table 2.12A). As a control analysis,

we considered only the genes that were not originally classified as differentially expressed
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between humans and chimpanzees, and found that the difference in the effect size of species

on gene expression levels was reduced in less than 1% of genes once methylation data were

accounted for (FSR 5%, Figure 2.14; Table 2.12A); thus, our approach is well calibrated.

We applied the same approach to the human and rhesus macaque data, and found that the

percentage of genes for which gene expression differences could potentially be explained by

methylation differences ranges from 21% in the lung to 40% in the liver (Figure 2.15; Table

2.12B). This observation may reflect the more extreme gene expression differences between

humans and rhesus macaques than between humans and chimpanzees (prior to accounting

for DNA methylation levels, P <0.003 in all tissues, t-test comparing the absolute values

of the effect sizes for both groups of DE genes;). Next, we examined the genes in which

DNA methylation differences may underlie inter-tissue gene expression differences (example

in Figure 2.4A-C). Using adaptive shrinkage, we found that 7-25% of inter-tissue gene ex-

pression differences could potentially be explained by DNA methylation differences across

tissues (FSR 5%; Table 2.12C-E). When we performed the control analysis and considered

only data from genes that were not differentially expressed between tissues, less than 1% of

effect sizes differed once we accounted for the methylation data (Figure 2.4F; Table 2.12C-

E). Finally, we focused on regulatory patterns that are most likely to be functional; namely,

conserved inter-tissue gene regulatory differences. These differences were more likely to be

explained by variation in methylation levels than non-conserved inter-tissue gene expression

differences (minimum difference is 7%, P <0.005 for all comparisons; at FDR <5% and FSR

<5%; Figure 2.4E-4F; Table 2.12C-E). This observation is robust with respect to the FDR

and FSR cutoff used (Table 2.12C-E). Indeed, the correlation between methylation and gene

expression data is higher for genes with conserved inter-tissue expression patterns compared

to genes whose expression patterns were not conserved (Figures 2.1E-1F). One way to main-

tain conserved inter-tissue expression differences could be through DNA methylation level

differences. We compared the genes whose variation in inter-tissue gene expression can po-
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tentially be explained by variation in DNA methylation levels (assuming no independent

effect on an unobserved factor) to all genes with conserved inter-tissue expression differences

(13-19% of genes across all pairwise tissue comparisons, Table 2.12C). We found that these

genes are enriched for essential tissue functions (Supplemental Table 2.12F). For example,

the heart genes are enriched for cardiac and smooth muscle contraction, whereas those in

liver are enriched for regulation of cholesterol transport and hormone secretion (Figure 2.4G,

Table 2.12F). These observations suggest that DNA methylation levels may mark or even

drive differences in the expression levels in functionally relevant genes.

2.4 Discussion

2.4.1 A comparative catalog of tissue specific regulatory patterns

We designed a comparative study of gene regulation in humans, chimpanzees, and rhesus

macaques that minimized confounding effects and bias. Consistent with previous studies,

we found a high degree of conservation in gene expression levels when we considered the

same tissue across species [16, 159, 81, 124, 176]. We also found evidence for conservation of

tissue-specific DMRs. Our observations are qualitatively consistent with those of previous

studies that mostly used microarrays to measure methylation levels [92, 153, 202], however,

the high resolution of our sequence-based DMR data allowed us to examine a much larger

number of CpG sites. Thus, we were able to show that while DNA methylation can poten-

tially explain a modest proportion of expression differences between tissues [153], it is more

likely to play a role in underlying conserved tissue-specific gene expression levels. We created

and made available the most comprehensive, and likely most accurate comparative catalog

of gene expression and methylation levels in humans, chimpanzees, and rhesus macaques.

Comparative functional genomic studies in primates, including from our own lab, often are

not designed to test for specific hypotheses. Rather, many of these comparative genome-
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Figure 2.4: Intertissue DNA methylation and gene expression levels (FDR =
0.05 and FSR = 0.05). A-C. A representative example of the PRKACA gene in which
the variation of methylation levels (A) may explain the differences in (B) gene expression
levels between human heart and kidney. (C) The residuals of normalized gene expression
levels after regressing out methylation levels. (D-F). Tissue effect sizes before and after
controlling for DNA methylation levels in intertissue DE and non-DE genes, separately.
Genes in red are significant at s-value <0.05. Effect size differences in (D) conserved DE
genes in human heart relative to human kidney, (E) non-conserved DE genes in human heart
relative to human kidney and (F) non-DE genes in human heart and human kidney.
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Figure 2.4, continued. (G) The conserved DE genes are enriched for heart-related
function. (H) Variation in DNA methylation is more likely to explain variation in

conserved DE genes than non-conserved DE genes.

scale studies aim to build catalogs of similarities and differences in gene regulation between

humans and other primates. These catalogs have been shown to be quite useful; for exam-

ple, they can be used to identify inter-species regulatory changes that have likely evolved

under natural selection [9, 23, 24, 39, 42, 188, 84, 108, 111, 112, 115, 122, 151, 153, 177],

and thereby help us better understand the evolutionary processes that led to adaptations in

humans. These catalogs are also used to establish informed models of the relative impor-

tance of changes in different molecular mechanisms to regulatory evolution [113, 214], and

to inform us about ancestral or derived phenotypes that may be relevant to human diseases

[127, 81]. Ultimately, comparative catalogs of gene regulatory phenotypes are used to de-

velop and test specific hypotheses regarding the connection between inter-species regulatory

changes and physiological, anatomical, and cognitive phenotypic difference between species.

In this study, we used a comparative catalog to identify species-specific and, in particular,

tissue specific regulatory patterns, as these genes are often drug targets [59] and are likely

important for the evolution of human traits [24]. We showed that genes with conserved
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tissue-specific regulatory patterns have more regulatory interactions and protein-protein in-

teractions than genes whose regulatory patterns are not conserved or are not tissue-specific.

These patterns became even more pronounced when we focused on genes whose expression

patterns are consistent with the action of natural selection. Put together, these observa-

tions consistently support the inference that when genes perform an important function

that needs to be carefully regulated, evolution can act on multiple levels of the regulatory

cascade in primates. Focusing on species-specific patterns of tissue-specific gene regulation,

our observations can help formulate specific functional hypotheses regarding human-specific

adaptations. For example, genes with tissue-specific gene regulation identified in humans

only are enriched for GO pathways that may contribute to human-specific features, includ-

ing the sodium ion import across plasma membrane in kidneys (e.g. SLC9A3 and TRPM4 ),

the glycogen biosynthetic process in livers (e.g. PGM1 and AKT1 ), and paraxial mesoderm

morphogenesis in lungs (e.g. MST1R and MAP9 ).

2.4.2 Consideration of study design and record keeping

Regardless of the model system used and the types of data that are collected, study design

considerations are always critical. Perhaps because comparative studies in primates typically

rely on opportunistic sample collection, there are no recognized study design standards that

are kept and consistently reported in most existing studies (including many earlier studies

from our own group). We thus believe that it is worthwhile to explicitly discuss a few im-

portant considerations regarding study design and the recording of meta-data. Without a

balanced study design, it would have been impossible to independently estimate the effects

of individual, tissue, and species on our data. Because the sources of confounding factors

are difficult to predict in advance, we strongly recommend that samples are collected us-

ing a balanced design with respect to as many parameters as possible. These include the

distribution of tissue samples per individual, the number of individuals from each species,
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sex, age range, cause of death and collection time (in the case of post-mortem tissues), or

sample collection and cell culturing (in the case of iPSC-based models). All steps of sample

processing (RNA extraction, library, etc.) should be done in batches that are randomized

or balanced with respect to species, tissue, and any other variables of interest. Most impor-

tantly, all sample processing steps should be recorded in a sample history file that includes

anything that happened to any sample. We have documented many of these steps in Ta-

ble 2.2A-E. This documentation can help provide evidence that a phenomenon is driven by

biological rather than technical factors. It may also benefit future studies by facilitating

effective meta-analysis of multiple data sets, which would help to address the problems of

tissue availability and small sample sizes. We believe that, moving forward, it should be a

requirement that these meta-data are available with every published comparative genomic

data set.

2.5 Methods

2.5.1 Sample Description

We collected heart, kidney (cortex), liver and lung tissues from four individual donors in

human (Homo sapiens, all of reported Caucasian ethnicity), chimpanzee (Pan troglodytes),

and Indian rhesus macaque (Macaca mulatta), for a total of 48 samples (3 species * 4 tissues

* 4 individuals; Figure 2.1A). The choice of these particular tissues was guided by their

relative homogeneity with respect to cellular composition (e.g. [10]), which do not change

substantially across primate species. In contrast, other tissues, such as brain subparts, differ

substantially in cellular composition across primates [35], which could potentially confound

the analyses. Human samples were obtained from the National Disease Research Interchange

(IRB protocol 14378B). Non-human samples were obtained from several sources, including

the Yerkes primate center and the Southwest Foundation for Biomedical Research, under
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IACUC protocol 71619. When possible, samples were collected from adult individuals whose

cause of death was unrelated to the tissues studied.

2.5.2 RNA library preparation and sequencing

In total, we prepared 48 unstranded RNA-sequencing libraries as previously described [52,

199]. Twenty-four barcoded adapters were used to multiplex different samples on two pools

of libraries. RNA-sequencing libraries were sequenced on 26 lanes on 4 different flow-cells

on an Illumina HiSeq 2500 sequencer in either the Gilad lab or at the University of Chicago

Genomics Facility (50bp single end reads, Table 2.2; Supplemental Materials).

2.5.3 Quantifying the number of RNA-seq reads from orthologous genes

We used FastQC (version 0.10.0; http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc) to

generate read quality report and TrimGalore (version 0.2.8), a wrapper based on cutadapt

(version 1.2.1)[32], to trim adaptor sequences from RNA-seq reads. We trimmed using a

stringency of 3, and to cut the low-quality ends of reads, using a quality threshold (Phred

score) of 20. Reads shorter than 20 nt after trimming were eliminated before mapping (Table

2.2). For each sample, we used TopHat2 (version 2.0.8b) [116] to map the reads to the correct

species’ genome: human reads to the hg19 genome, chimpanzee reads to the panTro3 genome,

and the rhesus macaque reads to the rheMac2 genome (Supplemental Materials). Expression

level estimates may be biased across the species due to factors such as mRNA transcript size

and different genome annotation qualities. To circumvent these issues, we only retained reads

that mapped to a set of 30,030 Ensembl gene orthologous metaexons available for each of the

3 genomes, as described and used previously [23, 25, 82]. We defined the number of reads

mapped to orthologous genes as the sum of the reads mapping to the orthologous metaexons

of each gene. We quantified gene expression levels using the program coverageBed from

the BEDtools suite and then performed TMM and cyclic loess normalization (Supplemental
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Materials). The reason we are using hg19 is that this is still, by far, the dominant genome

build in the community. In particular, all 3 releases of GTEx use hg19 and only a fraction of

the 1000 genome data are available in GRCh38 coordinates. Second, to demonstrate that the

results we report would not change much if we used the GRCh38 build, we leveraged the fact

that differential expression analysis compares gene expression levels from groups of samples

(e.g. human liver samples to human lung samples). Therefore, we compared the ranks of the

normalized gene expression levels in the 15 human samples mapped using hg19 to the same

samples mapped to GRCh38. The correlations of these ranks were extremely high (median

Pearson’s correlation = 0.96). These strong correlations suggest that our general conclusions

and indeed, many genes we identified as DE would remain if we had used the GRCh38 build.

2.5.4 Analysis of Technical Variables

To assess whether the study’s biological variables of interest, tissue and species– were con-

founded with the study’s recorded sample and technical variables, we used an approach

described in [21]. For the 12 RNA-seq related technical variables that were the most highly

correlated with tissue or species, we assessed which technical variables constitute the “best

set” of independent variables to be included in a linear model for gene expression levels.

Because of the partial correlations between the variables, we applied lasso regression using

the package glmnet [80]. Before performing the analysis, we also protected our variables

of interest, tissue and species, in the model for each gene. We summarized each technical

variable’s influence across the genes by counting the number of times each technical variable

was included in the “best set” of the gene models. We found that none of the technical

variables appeared in more than 25% of the best sets (i.e. more than 25% of the gene mod-

els). Therefore, we chose not to include these technical variables in our model for testing

differential expression. Finally, during our analysis of technical factors, we discovered that

RNA extraction date was confounded with species. In 2012, we extracted RNA from the

30



chimpanzee samples on March 8, from the human samples on three days between March

12-29, and from the rhesus samples on March 6. To test the relationship between the date of

RNA extraction and gene expression PCs in humans, we performed individual linear models

on PCs 1-5 using RNA extraction date as a predictor. None of the models were statistically

significant at FDR 10%, suggesting that tissue type is more highly associated with gene

expression levels than RNA extraction date.

2.5.5 Differential expression analysis using a linear model-based framework

To perform differential expression analysis, we used the same approach as in [21]. We applied

a linear model-based empirical Bayes method [180, 181] that accounts for the mean-variance

relationship of the RNA-seq read counts, using weights specific to both genes and samples

[121]. To be considered a “tissue-specific DE gene” under our stringent definition, the gene

must be in the same direction and statistically significant in all pairwise comparisons includ-

ing the given tissue but not significant in any comparison without that tissue. For example,

for a gene to be classified as having heart-specific upregulation in a given species, the gene

needed to be upregulated (a significant, positive effect size) in heart versus liver, heart versus

lung, heart versus kidney, but not significantly different between the liver versus lung, liver

versus kidney, or kidney versus lung, in the same species. Under the more lenient definition

of tissue-specific DE genes, we compared the gene expression level of one tissue to the mean

of the other three tissues. To do so, we grouped the three tissues together and again used

the limma+voom framework to identify significant differences in one tissue versus the group

of the other tissues. To identify inter-species differences in gene expression patterns across

tissues within species (tissue-by-species interactions), we used the limma+voom framework

and looked for the significance of tissue-by-group interactions. In one analysis, the groups

were Great Ape versus Rhesus macaque and in another analysis, the groups were Human

versus non-human primates. To minimize the number of interactions, we compared one tis-
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sue relative to a group of the other 3 tissues (e.g. Great Ape versus rhesus macaque heart

versus non-heart). Significant tissue-specific interactions were detected using the adaptive

shrinkage method, ashr [171]. Specifically, for each test, we input the regression estimates

from limma to ashr: regression coefficients, posterior standard errors, and posterior degrees

of freedom. We used the default settings in ashr to calculate the shrunken regression coef-

ficients (called the “Posterior Mean” in ashr), false discovery rate (FDR or also known as

q-value), and false sign rate (FSR or also known as s-value: the probability that sign of the

estimated effect size is wrong in either direction). We assigned directionality based on the

sign of the posterior mean and determined significance based on the false sign rate.

2.5.6 The impact of matched tissue samples on DE results

To determine the impact of matched tissue samples on DE results, we compared intertissue

DE analysis results when using tissues from the same or different individuals in GTEx v7

data [87]. We first subset the GTEx raw gene expression counts data to only individuals

for which there was gene count information in the heart and lung tissues, for genes included

in all 3 tissues. (There were the most GTEx samples in heart and lung; we decided to

focus on these samples). Furthermore, to minimize the number of confounders needed in the

linear model, we decided to only analyze individuals of the same sex and whose samples were

sequenced on the same platform (sex = 1 and platform = 1 from the GTEx documentation).

We then normalized the data and performed DE analysis using a voom+limma pipeline. In

the linear model, we included tissue and 3 GTEx-provided covariates (covariates 1 and 2 and

inferred covariate 1 from the covariate file for each tissue) as fixed effects and individual as a

random effect. We chose to renormalize the raw counts data rather than use the normalized

counts from GTEx because the voom+limma pipeline requires raw counts to assign voom

weights. We considered the output of the intertissue DE analysis for all individuals (DE

versus non-DE genes at FDR 5%) as the “ground truth”. To evaluate the impact of our
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study design, we then subset the gene expression information to the individuals for which

there is information in all 3 tissues. We obtained gene expression level information from 4

randomly selected individuals and used the voom+limma pipeline to identify intertissue DE

genes. Next, we compared the list of DE genes from this analysis to the “ground truth”

list. We performed this downsampling procedure for tissues from the same 4 individuals

as well as different 4 individuals 10 times each and compared the number of true and false

positives from the tests. For the analysis with 8 different individuals, there were no repeated

individuals, so we did not use the “duplicateCorrelation” function in voom.

2.5.7 BS-seq library preparation, sequencing, and mapping

We prepared a total of 48 whole-genome BS-seq libraries from extracted DNA as previ-

ously described [12, 200]. We aligned the trimmed reads to the human (hg19, February

2009), chimpanzee (panTro3, October 2010), or rhesus macaque (rheMac2, January 2006)

genomes, and to the lambda phage genome using the Bismark aligner (version 0.8.1)[210].

We estimated the percentage of methylation at an individual cytosine site by the ratio of

the number of cytosines (unconverted) found in mapped reads at this position, to the total

number of reads covering this position (sequenced as cytosine or thymine, i.e., converted or

unconverted) using the methylation extractor tool from Bismark (version 0.8.1). We addi-

tionally collapsed information from both DNA strands (because CpG methylation status is

highly symmetrical on opposite strands [77]) to achieve better precision in methylation esti-

mates across the genome. To obtain CpGs that mapped to multiple species, the chimpanzee

and rhesus macaque CpG sites were mapped to human coordinates (hg19) using chain files

from ftp://hgdownload.cse.ucsc.edu/goldenPath/hg19/liftOver/ and the liftOver tool from

the same website. These files had previously been filtered for paralogous regions and repeats,

but we also removed positions that were not remapped to their original position when we

mapped from human back to their original genome. Chimpanzee and rhesus macaque CpG
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sites were mapped to human, even if their orthologous positions were not a CpG site in

human.

2.5.8 Identifying differentially methylated regions (DMRs)

We were interested in identifying regions exhibiting consistent differences between pairs of

tissues or pairs of species, taking biological variation into account. To identify DMRs we used

the linear model-based framework in the Bioconductor package bsseq (version 0.10.0)[88].

For a given pairwise comparison (e.g., human liver vs. human heart), the bsseq package

produces a signal-to-noise statistic for each CpG site similar to a t-test statistic, assuming

that methylation levels in each condition have equal variance. As recommended by the

authors of the package, we used a low-frequency mean correction to improve the marginal

distribution of the t-statistics. Similar to previous studies using this methodology, a t-

statistics cutoff of -4.6,4.6 was used for significance, [88]. DMRs were defined as regions

containing at least three consecutive significant CpGs, an average methylation difference of

10% between conditions, and at least one CpG every 300 bp [88]. We used BEDTools (version

2.26.0) [160] to calculate the number of overlapping DMRs across tissues and/or species [37].

We required overlapping DMRs to have a minimum base pair overlap of at least 25%, unless

otherwise stated. To be considered a tissue-specific DMR, the region was required to be a

significant tDMR in 1 tissue compared to the other 3 tissues pairwise (in the same direction)

but not a significant tDMR across any of the other 3 tissues in pairwise comparisons. We

again used BEDTools to ensure a minimum base pair overlap of at least 25%. Once the

tissue-specific DMRs were identified within a species, we then classified them as species-

specific or conserved. To be considered conserved (across humans and chimpanzees or all

three species), the tissue-specific DMR had to be significant in all species in the comparison

and have a minimum base pair overlap of the tDMR of at least 25%.
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2.5.9 Calculating the average methylation levels of conserved promoters

To calculate the DNA methylation levels of orthologous CpGs around the transcription start

site (TSS) of orthologous genes, we first had to determine the orthologous TSSs. We began

with the 12,184 orthologous genes in our RNA-seq analysis. Of these, we found that 11,131

of these orthologous genes had an hg19 RefSeq TSS annotation. We used liftOver to find

orthologous sites in the chimpanzees and rhesus macaque genomes in 9,682 of those 11,131

genes. We then determined which of the hg19 RefSeq TSS annotations were closest to the

first hg19 orthologous exon, and repeated this process with the other two species and their

respective genomes. We found that 9,604/9,682 of the closest TSS annotations in humans

at the same liftOver coordinates in the other two species. We then calculated the distance

between the first orthologous exon to the TSS site in all 3 species individually. To minimize

this difference between the 3 species, we filtered all genes with a maximum distance difference

across the species of larger than 2,500 bp. (For reference, the 75th percentile of the maximum

difference in distance was 2,078 bp.) 7,263 autosomal genes remained after this filtering step.

4,155 genes had at least 2 orthologous CpGs 250 bp upstream and 250 bp downstream of the

orthologous TSS. We chose a 250 bp window around the TSS based on DNA methylation

levels around the promoter in [12] and calculated the average of orthologous CpGs within

this window for the 4,155 genes. Using the same method but in humans and chimpanzees

only, we found and calculated the average of orthologous CpGs within this window for 7,725

genes.

2.5.10 Joint analysis of promoter DNA methylation and gene expression

levels

To determine whether DNA methylation may underlie interspecies differences in gene ex-

pression levels, we used a joint analysis method as described below. For each gene, we

analyzed the gene expression levels, along with the accompanying average methylation level
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250 bp upstream and downstream of the TSS (found above). For a given tissue, we first

determined the effect of species on gene expression levels using a linear model, with species

and RIN score as fixed effects (Model 1). Next, we parameterized a linear model attempting

to predict expression levels exclusively from methylation levels. We refer to these residuals

as “methylation-corrected” gene expression values. We then used these values to again de-

termine the effect of species, this time on gene expression levels corrected for methylation,

using a linear model with species and RIN score as fixed effects (Model 2). To determine

the contribution of DNA methylation levels to inter-species differences in gene expression,

we computed the difference in the species effect size between Model 1 and Model 2 for each

gene, as well as the standard error of the difference. Large effect size differences between

Models 1 and 2 for a given gene suggest that methylation status may be a significant driver

of DE. To assess the significance of this difference, we used adaptive shrinkage (ashr) [171]

to compute the posterior mean of the differences in the effect sizes, using vashr, with the de-

grees of freedom equal to the number of samples in the linear model minus 2. The shrunken

variances from vashr were used in the ashr posterior mean computation. From this proce-

dure, we obtained the number of genes where species has a significant difference in effect

sizes before and after regressing out methylation. We assessed significance using the s-value

statistic (false sign rate, FSR [171]). Using the s-values, rather than the q-values, not only

takes significance into account but also has the added benefit of assessing our confidence

in the direction of the effect. We performed the above analysis separately for inter-species

DE genes and non-DE genes, and in each tissue individually. We identified inter-species DE

genes in our tissue of interest as those with a significant species term in the model of species

and RIN score as fixed effects. We assessed significance of DE genes at FDR 5%, unless

otherwise noted. We also applied the same analysis framework to determine whether DNA

methylation may underlie inter-tissue differences in gene expression levels. For the inter-

tissue DE genes and non-DE genes, we replaced “species” with “tissue” as a fixed effect in
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models 1 and 2. We assessed significance with various FDR and FSR thresholds, as specified

in the text.

2.5.11 Data and code availability

All raw and processed sequencing data generated in this study have been submitted to the

NCBI’s Gene Expression Omnibus (GEO; http://www.ncbi.nlm.nih.gov/geo) using GEO

Series accession number GSE112356. Data and scripts used in this paper are available

at https://github.com/Lauren-Blake/Reg Evo Primates. The results of our scripts can be

viewed at https://lauren-blake.github.io/Regulatory Evol/analysis/.
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2.7 Supplementary Information

2.7.1 Supplemental Methods

RNA library preparation and sequencing A relatively small percentage of reads could not be

assigned to any sample because their adaptor sequence did not match any of the adaptors

used in the study. Therefore, we ran in-house Perl scripts to recover those reads that dif-

fered at a single position. Because of a calibration issue with the Gilad lab Illumina HiSeq

sequencer, the first and the third flow-cell of the study (16 lanes) yielded a low number of

reads. However, this problem did not affect the quality of the reads, so we kept these lanes

for the analysis.

Quantifying the number of RNA-seq reads from orthologous genes When mapping to the

species’ genome, we allowed for up to two mismatches in each read and kept only reads

that mapped uniquely. Tophat2 uses unmapped reads to perform gapped alignments to the
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genome and discover new exon-exon junction sites. For this step, we disabled the coverage-

based search, and only 1 mismatch was allowed in the anchor region of the reads (>=8

nt). The minimum intron length was set to 70 nt and the maximum to 50000 nt. This

yielded from 28,544,039 (R1H) to 72,808,273 (R4Li) mapped reads across samples (mean =

46,514,692 reads). Mapping rates were between 71% and 94%. We performed all downstream

analyses in R (versions 3.1.1, 3.2.2, or 3.4.3) unless otherwise stated.

RNA-seq data transformation and normalization We calculated the log2-transformed

counts per million (CPM) from the raw gene counts of each sample using edgeR [165].

We then filtered out lowly expressed genes, keeping only genes with an expression level of

log2(CPM) >1.5 in at least 24 of the 48 samples [166]. We normalized the original read counts

using the weighted trimmed mean of M-values algorithm (TMM) [166]. This process helped

us to account for differences in the read counts at the extremes of the distributions. We then

calculated the TMM-normalized log2-transformed (CPM) values for each of the genes. Af-

ter performing normalization, we performed principal components analysis (PCA) using the

TMM-normalized log2-transformed (CPM) values of all genes, 1 human heart sample (H1H)

clustered with the human livers rather than the hearts. After performing SNP calling on the

RNA-seq data (see section below), we found that the SNPs in sample H1H matched those

from the other tissues from this individual. We removed this sample (H1H) from the list of

the original gene counts. We again filtered for lowly expressed genes keeping only genes with

an expression level of log2(CPM) >1.5 in at least 24 of the 47 samples. We also wanted to

allow for small differences in the distributions of gene expression across tissues. Therefore, on

the 12,184 remaining genes, we performed a TMM normalization and then performed a cyclic

loess normalization with the function normalizeCyclicLoess from the R/Bioconductor pack-

age limma [11, 164]. To run PCA, we used the R function prcomp. For hierarchical clustering,

we used unsupervised agglomerative clustering on the correlation matrix of the gene expres-

sion data. In this transformation and normalization process, we were interested in the impact
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of sample-specific biases in GC content on the gene expression counts. Therefore, we used the

WASP pipeline [205] to obtain expected GC-normalized counts. Specifically, we filtered the

genes with lowly expressed counts so that only genes with the log2-transformed counts per

million (CPM) >-5.5 in at least 2 of the 4 samples in each species-tissue pair (e.g. 2/4 chim-

panzee hearts) remained. For each of the 16,616 genes that remained, we summed the read

depth (raw counts) of the 4 samples in each tissue-species pair. We used the WASP pipeline

[205] (https://github.com/bmvdgeijn/WASP/blob/master/CHT/update total depth.py) to

obtain expected read counts, adjusted for read depth and GC content. The GC content

for each of the orthologous metaexons was previously calculated as part of [82]. For each

tissue-species pair, the adjusted raw counts and the actual raw counts were highly correlated

(¿ 0.98). Therefore, we did not adjust for read depth or GC content in our RNA-sequencing

data.

SNP calling in the RNA-seq and BS-seq data We called single nucleotide variants on

RNA-seq data from each tissue and sample using standard hard filtering parameters accord-

ing to GATK recommendations [206]. Briefly, duplicated reads were removed using Picard

MarkDuplicates (http://broadinstitute.github.io/picard). Reads were then subjected to lo-

cal realignment, base-score recalibration, and candidate-variant calling using the IndelRe-

aligner, TableRecalibration, and HaplotypeCaller tools from GATK [137]. We required a

base quality score >20. We only considered variants that were observed in at least four of

the samples. We used the same method for the BS-seq data. Through this process, we found

that 2 groups of samples had been mislabeled during sequencing: the sample labelled R3Li

was actually R2Li, and R3Lu was actually R2Lu.

Analysis of Technical Variables We recorded variables related to the samples (e.g. sex),

variables specific to gene expression (e.g. RNA-seq flow cell number), and variables related

to methylation levels (e.g. number of CpG sites covered) (Table 2.2). Briefly, we determined

which of our recorded technical variables were significant predictors for each of the gene
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expression PCs 1-5 using individual linear models for each of the gene expression variables

(FDR ¡ 10% for each test). The significant technical variables were then tested against our

biological variables of interest, tissue and species, again with individual linear models. For

the numerical technical variables, we quantified the strength of these associations using the P

values from analysis of variance (ANOVA), and used a Chi-squared test (using Monte Carlo

simulated P values) for the categorical technical variables (significance at FDR <10%). We

repeated the same analysis for methylation data, testing the associations between methyla-

tion PCs 1-5 and sample information.

Differential expression analysis using a linear model-based framework We implemented

linear model-based framework using the R packages limma and voom [121, 180, 181]. This

pipeline has previously been shown to perform well with at least 3 samples per condition

[162, 185]. We hypothesized that RNA quality may be impacted by postmortem time prior

to collection. According to the documentation that we received from the different sites, all

of the rhesus macaque samples were collected earlier than all of the chimpanzee samples.

These differences could impact RNA quality. Hence, we used RIN score as a proxy for RNA

quality, and included RIN score in the linear models. In the linear models, species, tissue,

RIN score, and species-by-tissue interaction terms were modeled as fixed effects. Individual

was modeled as a random effect. We used contrast tests in limma to identify genes that were

differentially expressed between tissues within each species and across species in the same

tissue. We corrected for multiple testing with the Benjamini and Hochberg false discovery

rate (FDR) [18]. Genes were considered significantly DE at FDR-adjusted P values <0.01,

unless otherwise stated.

Comparing the rank of tissue-specific DE genes in our dataset to the Genotype-Tissue Ex-

pression (GTEx) Project To benchmark the conserved tissue-specific DE genes, we compared

the rank of the gene expression level in our data to the rank of the gene expression level in

the GTEx v6 heart, liver, lung, and kidney tissue data [87]. After this comparison, we looked
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for enrichment of genes with a given rank. To do so, we used the R package topGO [1], with

the same implementation as in [26]. This implementation included the use of Fisher’s Exact

Test, with topGO’s weight01 algorithm (which takes into account the correlation among GO

categories within the graph structure of the program). We then repeated this process for

the tissue-specific DE genes identified in humans only.

The expected overlap and significance of the observed overlap We used the process from

[153], based on the hypergeometric distribution, to assess the expected overlap of the con-

served DE genes and significance of the observed number of conserved DE genes. This

process relies on comparing a population proportion to a sample proportion. We first asked

about the overlap of DE genes in humans and chimpanzees. To be conservative, in the case

of the human and chimpanzee overlap, we assigned the species with the greater number of

genes in the direction of interest as the population and the other species as the sample. To

assess the expected overlap in upregulated human and chimpanzee genes in a given tissue,

we used the P value from the hypergeometric distribution with the following parameters:

m is the total number of DE genes in the population, n is the total number of upregulated

genes in a population minus m, q is the observed overlap of upregulated DE genes (between

the humans and chimpanzees), and k is the total number of upregulated DE genes in the

sample, all within the given tissue. The “expected overlap” is the value at which the max-

imum likelihood estimate for which m, n, and k occurs. We then repeated this process for

the upregulated and downregulated DE genes, in all 4 tissues separately. To obtain the same

statistics for the tissue-specific DE genes, we used only the tissue-specific DE genes, and

calculated n as the total number of genes upregulated in the tissue of interest compared to

the other three tissues in the population minus the number of tissue-specific DE genes in

the population. To calculate these statistics for all 3 species, we used this framework to ask

whether the observed overlap between all three species was significant relative to the overlap

of the human and chimpanzee DE genes. In the same manner, we used the hypergeomet-
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ric distribution to assess the expected overlap and significance of the number of conserved

tDMRs (tissue differentially methylated regions) and conserved tissue-specific DMRs.

The overlap between DE genes and previously defined networks

To find gene expression patterns that are consistent with the action of natural selection,

for each significant DE gene, we determined the within-species variance of all 3 species and

found the average of the 3 variances. We then ranked the genes by the mean variances. For

the co-transcription network analysis, we used the shared TE-TE networks for the heart and

lung as well as the heart specific network from the supplementary materials in [172]. We

downloaded the list of protein-protein interactions in the heart, kidney, liver, and lung from

the Human Protein Atlas [204]. For the interactions analyses, we counted the number of

interactions for each gene in the co-transcription networks or the protein-protein interactions

list, in the appropriate tissue.

BS-seq library preparation, sequencing, and mapping To assess the efficiency of the con-

version reaction [27], we spiked the extracted DNA with unmethylated lambda phage DNA.

For each sample, we prepared at least two libraries, with independent PCR amplifications

to minimize PCR duplication rates. The BS-seq libraries were sequenced on 111 lanes on

17 flow-cells on an Illumina HiSeq 2500 sequencer in the Gilad lab or at the University of

Chicago Genomics Facility (Table 2.2). Reads were single-end and 49 to 59 bp. The distri-

bution of libraries of technical replicates over the flow-cells is described in Table 2.2. Similar

to RNA-seq data, we used FastQC to generate quality reports. TrimGalore (version 0.2.8)

was used to trim adapter sequences incorporated in the BS-seq reads, using a stringency of

3, and to cut the low-quality ends of reads, using a quality threshold of 20. We eliminated

reads shorter than 15 bp post-trimming. We aligned the trimmed reads to the human (hg19,

February 2009), chimpanzee (panTro3, October 2010), or rhesus macaque (rheMac2, Jan-

uary 2006) genomes, and to the lambda phage genome using the Bismark aligner (version

0.8.1)[210]. The Bismark aligner maps reads to in-silico converted (G to A and C to T)
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genome sequences using Bowtie (version 1.0.0). This aligner was shown to perform well on

benchmark studies [18, 163, 203]. We permitted one mismatch in the seed of the alignment,

and by default Bismark reports only uniquely mapped reads. Across technical replicates,

mapping rates ranged from 49% to 82% (median 76%; Table 2.2). We applied the Bismark

deduplication script to each technical replicate to remove reads mapped to the same starting

genomic position, which likely arise through PCR amplification of the same DNA fragments

during library preparation [27]. Across technical replicates, the duplication rates ranged

from 2.8% to 44% (median 11%; Table 2.2). To determine the bisulfite conversion efficiency,

we calculated the conversion rate at cytosines from the spiked-in lambda phage DNA (for

which coverage ranged from 12x to 107x). We found this rate to be at least 99.4% across

technical replicates (Table 2.2), increasing confidence in our data. After combining all tech-

nical replicates, the average genome-wide coverage, calculated at CpG sites shared across

the three species, ranged from 1.7 to 5.7 per sample (median of 4), corresponding to 12M to

23M CpG sites with a coverage of at least 2 (median 19M; Table 2.2).

Methylation level estimate smoothing Since methylation data from BS-sequencing is typ-

ically lower coverage than methylation array data, we first applied a smoothing procedure

on raw methylation levels for each sample.It has previously been shown that this procedure

increases the precision of low-coverage BS-seq data, and yields methylation estimates that

are in excellent agreement with high-coverage BS-seq data without smoothing [88]. To per-

form the smoothing, we used the BSmooth method (as implemented in the Bioconductor

package bsseq, version 0.10.0) [88]– with the default parameters for smoothing– at least 70

CpG sites with methylation data in a smoothing window of at least 1 kb. We had 17.6M

human-chimpanzee orthologous CpGs and 7.5M CpGs orthologous across all 3 species. Next,

we filtered the orthologous CpGs based on coverage to increase confidence in our data. We

eliminated sites with >10x coverage, as the relative sparsity of the data suggests that these

reads were likely mapped to repeated regions. For each CpG site in each species/tissue
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combination, we required an average of 2x coverage and that at least 2 out of 4 individuals

had a coverage >= 2x. After filtering based on coverage, we had 2.4M autosomal CpGs

orthologous in all three species (10.5 million in humans and chimpanzees only).

Identifying differentially methylated regions (DMRs) For a given pairwise comparison

(e.g., human liver vs. human heart), the bsseq package produces a signal-to-noise statistic

for each CpG site similar to a t-test statistic, assuming that methylation levels in each

condition have equal variance. As recommended by the authors of the package, we used

a low-frequency mean correction to improve the marginal distribution of the t-statistics.

Similar to previous studies using this methodology, a t-statistics cutoff of -4.6,4.6 was used

for significance [88].

Overlap of tissue-specific DMRs with regulatory regions We extracted the coordinates of

the following features from GENCODE annotation (release 19)[89]: exons, first exons, CDS,

3’ and 5’ UTRs, introns, intergenic regions, promoters (2 kb around the TSS [66, 226]) and

proximal promoters (250 nt around the TSS [49]) of all genes, or only of protein coding

genes. We downloaded coordinates of the CpG islands from the UCSC Genome Browser

[109]. CpG islands (identified as segments of the genome with %G andC >50%, length >200

nt, and a ratio of observed over expected number of CG dinucleotides based on number of

Gs and Cs in the segment >0.6). CpG island shores were defined as 2 kb regions flanking

CpG islands, and CpG islands shelves were defined as 2 kb regions outside of CpG islands

shores [56]. To test the overlap of tissue-DMRs with enhancers, we used the set of tissue-

specific enhancers defined by the FANTOM consortium using CAGE-seq data on primary

tissues [148]. To control for the potential effects of CpG density and region length in these

analyses, we generated 100 sets of randomly located control regions matching the length

and CpG densities of the DMRs in the studied set. We calculated the overlap of tissue-

specific DMRs with H3K27ac in the left ventricle of the heart, kidney, liver, and lung adult

tissues from the Epigenome Roadmap (The Roadmap Epigenomics Consortium 2015). We
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used the consolidated broad peak data for the left ventricle, liver, and lung (available from

http://egg2.wustl.edu/roadmap/data/byFileType/peaks/consolidated/broadPeak/). Since

a consolidated version was not available for the kidneys, we used unconsolidated kidney

sample numbered 153 (available from http://egg2.wustl.edu/roadmap/data). We used BED-

Tools (version 2.26.0) [160] to calculate the number of tDMRs that overlap an H3K27ac

mark.

2.7.2 Supplementary Text

Assessing the impact of technical variables on gene expression levels and methylation levels

We tested the relationship between our technical factors and biological variables of interest,

namely tissue and species (see Methods). Through this process, we discovered that RNA

extraction date was confounded with species (Figure 2.5B). In subsequent analysis with only

the human samples (as humans were the only species with samples processed on multiple

days), we found that the RNA extraction date did not highly correlate with tissue (Methods,

Figure 2.5C). Given our particular interest in tissue differences, we do not think that differ-

ences in RNA extraction date had a larger impact on variation in gene expression levels than

tissue type. Furthermore, the time of tissue collection post mortem is also confounded with

species (Table 2.2A). These differences could impact RNA quality, which can be approxi-

mated by RIN score. Indeed, RIN scores were typically higher in rhesus macaques than the

other species (Table 2.2B; Figure 2.5A). As a result, we included RIN score as a covariate

when modeling gene expression levels. The RNA quality may have impacted the number of

differentially expressed (DE) genes identified between tissues. This pairwise DE was higher

in rhesus macaque than in chimpanzee and human across FDR cutoffs (Table 2.6B). This

finding is potentially due to the higher sample quality, and therefore lower gene expression

level variance, in rhesus macaques. We also tested for associations between technical factors

and biological variables of interest in the BS-seq data. Most of the significant associations
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were related to DNA methylation levels (e.g. number of orthologous CpGs sites with low

methylation, mean methylation level at orthologous CpGs) across species and tissues. We

expect the DNA methylation level densities to vary somewhat across tissues [153] and there-

fore, these inter-tissue differences are likely biological rather than technical. Additionally,

we found a slightly higher overall methylation level in human, compared to chimpanzee and

macaque samples (average in humans = 0.664, in chimpanzees = 0.646, in rhesus macaques

= 0.626; Figure 2.8), which persisted in the raw, unsmoothed data (Figure 2.8A). The dis-

tribution of methylation levels could potentially be biased by CpG to TpG homozygous or

heterozygous SNPs, which are erroneously inferred as unmethylated CpG sites. If the rate

of such SNPs was higher in the studied chimpanzee or macaque individuals compared to

human (with respect to their respective reference genome), we could observe differences be-

tween species. Since we had performed SNP calling on our RNA-seq dataset, we retained

only CpG sites located in orthologous exons, and excluded sites with C to T SNPs in any of

the samples. However, we still observed differences between species (Figure 2.8C). Moreover,

higher methylation rates in humans compared to chimpanzees were previously reported (but

rarely discussed) in a diverse set of tissues, using various technologies to measure methylation

[83, 93, 161, 142]. Therefore, this result may be driven by biases when mapping to different

species’ genomes. The coverage on the lambda phage genome was statistically significant

(FDR <10-10). However, further analysis showed that this trend was driven by some low

values in the chimpanzee samples, rather than the rhesus macaques (Table 2.2D). Indeed,

there is no difference in this factor across the human and the rhesus macaque samples (P

= 0.15, Student’s t-test). Therefore, we do not think that coverage on the lambda phage

genome can account for the differences in DNA methylation between the Great Apes and

the rhesus macaque samples (Figure 2.1D). We found evidence for a dependent relationship

between species and lane number (Chi squared test, FDR= 10-13). Since these lanes were

spread across multiple flowcells, we do not think that lane substantially contributed to the
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variance in DNA methylation levels. We also found evidence for a dependent relationship

between tissue and library preparation date (Chi squared test, FDR = 0.006). Since the

correlation was modest (Pearson’s correlation = -0.22) and most tissues within a species

had libraries made on multiple days, we chose not to correct for this variable. Finally, we

note that sample age has previously been shown to impact methylation status in a subset

of genes [57, 100]. DNA methylation levels were weakly positively correlated with age (age

quantile relative to the species’ average lifespan; Pearson correlation’s = 0.18). However, in

our factor analysis, this relationship was non-significant (FDR >10%). Therefore, we did

not correct for this variable.

Tissue-specific expression patterns We asked whether the tissue-specific expression pat-

terns we found in a sample of four individuals from each species are indeed indicative of

regulatory patterns in a larger population. To examine this, we again considered human

GTEx data from the same four tissues we included in our study (see Methods). Because the

sample size of the GTEx data is much larger than in our study, the quantity we compared

between our data and that from GTEx is the normalized gene expression ranks in the four

tissues. For example, in both our and the GTEx data, troponin T2 (TNNT2 ) shows the

highest expression in the heart (rank 1) and the lowest expression in the liver (rank 4). Using

this approach, we found that 428 (62%) of the 687 genes with a tissue-specific expression

pattern exclusively in our human data have the same tissue-based ranked expression in the

GTEx data. This observation suggests that tissue-specific expression patterns found in just

four individuals are quite often not representative of the regulatory patterns in the larger

population. In contrast, however, we found that 1,530 (88%) of the 1,739 genes with a

conserved tissue-specific expression pattern based on our data have the same tissue-based

ranked expression in the GTEx data. Thus, conserved differential expression significantly

increases the confidence of classifying tissue-specific expression patterns in a larger human

population (P <1016, difference of proportions test).
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Adaptive shrinkage and false sign rate to identify tissue-specific genes We investigated

to what extent our ability to detect tissue-specific genes could be substantially impacted

by differences in effect sizes across the species (Table 2.7). Therefore, we tested the use of

an adaptive shrinkage method [171] to identify genes with a small effect size but consistent

direction of effect in each species and used the accompanying false sign rate (FSR) instead of

FDR thresholds. The percentage overlap was relatively robust to threshold method (Table

2.7). We found that this method increases both the total number of tissue-specific differ-

ences and the species-specific differences. However, it also increases the number of conserved

tissue-specific gene expression differences in humans and chimpanzees relative to those in

chimpanzees and rhesus macaques (Table 2.7), more closely reflecting established phyloge-

netic relationships.

Identifying inter-species differences between tissues Since our data contained multiple

tissues and species, we identified genes with interspecies differences between tissues (tissue-

by-species interactions). These tissue-by-species interactions are potentially informative for

Great Ape evolution (when the contribution of species on gene expression in a given tissue is

different between Great Apes and rhesus) and the evolution of human-specific mechanisms in

tissues (when the effect of species on gene expression in a given tissue is different between hu-

mans and a group containing chimpanzees and rhesus macaques). Using a linear-model based

framework, we modeled these differences with tissue-by-species interaction terms (Methods).

We found 664 total significant interactions in the Great Ape versus rhesus macaque com-

parison and 91 in the human versus chimpanzee and rhesus macaque (FDR 1%; Table 2.9).

Given our sample size and the small effect sizes of these interactions, we are probably un-

derpowered to detect such interactions. To address this, we employed an adaptive shrinkage

method [171] to identify genes with a small effect size but consistent direction of effect in

each species and used the accompanying false sign rate (FSR) instead of FDR thresholds.

This method was used to identify cases where the observed sign of the effect across tissues
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was different between species. After applying this method, we found 1,006 Great Ape-by-

tissue interactions and 257 human-by-tissue interactions (FSR = 1%; Table 2.9). Potentially

the most interesting class of tissue-by-species interaction is when species impacts one tissue

differently than the other three tissues. Therefore, we used ASH to find 799 Great Ape-

by-tissue interactions and 249 human-by-tissue interactions only present in one tissue (FSR

= 1%; Table 2.9). We defined tissue-by-species specific interactions as interactions with an

effect size sign different from the signs of the other interactions (e.g. a positive sign when

all other signs are 0 or negative). Unsurprisingly, even after accounting for small effect sizes,

there were more tissue-by-species interactions for Great Apes versus rhesus macaques than

human-specific ones.

Promoter DNA methylation quality To check our promoter DNA methylation levels in

the humans and chimpanzees, we subset the DNA methylation promoter data to the 3

human and chimpanzee tissues tested in a previous study from our lab [153]. Consistent

with this previous study, PC1 was more highly correlated with tissue than species and PC2

was more highly correlated with species than tissue (Figure 2.10A). Even in this subset of

the data, there was more clear separation between tissues in the gene expression levels than

the promoter DNA methylation data for these genes (Figure 2.10B).

Identification of differentially methylated regions across species (S-DMRs)

Using the same method to identify DMRs across tissues, we then identified thousands

of DMRs across species (sDMRs). We found the lowest number of sDMRs on autosomal

chromosomes in lungs (8617 DMRs between human and chimpanzees, 17696 DMRs be-

tween humans and rhesus macaques, and 15544 between chimpanzees and rhesus macaques)

and highest total number in hearts (14504 DMRs between human and chimpanzees, 25539

DMRs between humans and rhesus macaques, and 15544 between chimpanzees and rhesus

macaques, Table 2.1B). Similar to the pairwise DE analysis across species, the number of

DMRs between species are consistent with known phylogenetic relationships. However, un-

50



like in the pairwise DE analysis across species, the number of S-DMRs is sometimes higher

than the number of pairwise T-DMRs. For example, there are more lung S-DMRs than

human heart-lung DMRs. This trend is somewhat unexpected given the gene expression

data, but consistent with clustering pattern of the methylation data (Figure 2.1D).
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2.8 Supplementary Figures
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(“all”). Within a given tissue, gene expression levels are most highly correlated (“different
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Figure 2.8: Density function of DNA methylation levels across all species and
tissues. (A) Using raw methylation estimates at the subset of orthologous CpG sites
showing a read coverage of at least 5 and no more than 10 in each sample. (B) Using
smoothed methylation estimates at all orthologous CpG sites across the three species. (C)
Using orthologous CpG sites located in orthologous exons, and excluding sites with C to T
SNPs in any of the samples.
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Figure 2.9: Correlation matrix of smoothed DNA methylation levels from all
orthologous CpGs.
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expression levels in the same genes from (A).
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7A. 7B.

7C. 7D.

7E. 7F.

Figure 2.11: When comparing the methylation levels of human T-DMRs and of
orthologous regions in the same tissues, clustering is more highly correlated with
tissue than species. Clustering based on human (A) heart-kidney T-DMRs, (B) heart-liver
T-DMRs, (C) heart-lung T-DMRs, (D) kidney-liver T-DMRs, (E) kidney-lung T-DMRs, and
(F) liver-lung T-DMRs.
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8A. 8B.

8C. 8D.

8E. 8F.

Figure 2.12: When comparing the methylation levels of chimpanzee T-DMRs and
of orthologous regions in the same tissues, clustering is more highly correlated
with tissue than species. Clustering based on chimpanzee (A) heart-kidney T-DMRs,
(B) heart-liver T-DMRs, (C) heart-lung T-DMRs, (D) kidney-liver T-DMRs, (E) kidney-
lung T-DMRs, and (F) liver-lung T-DMRs.
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9A. 9B.

9C. 9D.

9E. 9F.

Figure 2.13: When comparing the methylation levels of rhesus macaque T-DMRs
and of orthologous regions in the same tissues, clustering is more highly corre-
lated with tissue than species. Clustering based on rhesus macaques (A) heart-kidney
T-DMRs, (B) heart-liver T-DMRs, (C) heart-lung T-DMRs, (D) kidney-liver T-DMRs, (E)
kidney-lung T-DMRs, and (F) liver-lung T-DMRs.
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Figure 2.14: Interspecies DNA methylation and gene expression levels (FDR =
0.05 and FSR = 0.05), in humans and chimpanzees. Difference in species effect size
before and after accounting for DNA methylation levels in genes (A) DE and (B) non-DE in
the human and chimpanzee heart, (C) DE and (D) non-DE in the human and chimpanzee
kidney, (E) DE and (F) non-DE in the human and chimpanzee liver, (G) DE and (H) non-
DE in the human and chimpanzee lung. (I) The percentage of genes for which the evidence
for inter-species differences in gene expression levels is reduced after correcting for DNA
methylation levels in humans and chimpanzees.
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Figure 2.15: Interspecies DNA methylation and gene expression levels (FDR =
0.05 and FSR = 0.05), in humans and rhesus macaques. The same analysis as Figure
2.14, except in humans and rhesus macaques, rather than humans and chimpanzees.
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2.9 Supplemental Tables

Table 2.2: Recorded variables of interest. Variables of interest related to (A) samples,
(B) RNA and (C-E) DNA methylation preparation, processing and sequencing.

Table 2.3: Normalized gene expression levels. TMM- and cyclic loess-normalized log2
counts per million (CPM) values for 12,184 orthologous genes to be used in downstream
analyses.

Table 2.4: Technical factors and matched individuals analysis. A-B. Results from
gene expression levels. (A) Benjamini-Hochberg adjusted P values from from regression
models with gene expression level PCs 1-5 as response variables and recorded biological and
technical variables as explanatory variables. (B) Benjamini-Hochberg adjusted P values from
regression models with species and tissue as the response variables and technical factors of
interest as the explanatory variables. C-D. Results from global smoothed DNA methylation
levels. (C) Benjamini-Hochberg adjusted P values from from regression models with DNA
methylation level PCs 1-5 as response variables and recorded biological and technical vari-
ables as explanatory variables. (D) Benjamini-Hochberg adjusted P values from regression
models with species and tissue as the response variables and technical factors of interest as
the explanatory variables. E-F. DE in matched versus unmatched donors. (E) Individuals
and genes. (F) Number of true versus false positive genes in subset data.

Table 2.5: Pairwise inter-tissue and interspecies differential expression statistics.
(A) Differential expression statistics from limma and ash for each pairwise comparison. This
includes the Gene name, ENSG gene ID (Gene), log2 fold change (logFC), average expres-
sion level (AveExpr), t-statistic (t), P value (P.value), q-value (adj.P.Val), log-odds (B), an
estimate of standard error before adaptive shrinkage (sebetahat), local false sign rate (lfsr),
local false discovery rate using estimates from adaptive shrinkage (lfdr), q-value based on
the values estimated by adaptive shrinkage (qvalue), s-value based on the values estimated
by the adaptive shrinkage (svalue), an adaptive shrinkage-based estimate of beta (beta est),
and an adaptive shrinkage-based estimate of the standard error (se est) in each pairwise
comparison. (B) Number of pairwise inter-tissue and inter-species DE genes at different
FDR and false sign rate (FSR) thresholds. FSR is calculated using an adaptive shrinkage
method. (C) Number of genes where at least 2 samples have log2(CPM) greater than 1.5
(out of 12,184 genes).

Table 2.6: The most common pattern of inter-tissue gene expression differences
is conservation between species is robust. The observed overlap in the number of
pairwise inter-tissue DE genes.

63



Table 2.7: Pairwise tissue-specific DE genes are conserved. The number of tissue-
specific genes using a stringent definition (see Methods) across various thresholds.

Table 2.8: Possible functional interpretations of genes. Gene Ontology (GO) results
for conserved genes that were upregulated or downregulated only in one tissue. Results
in the (A) heart, (B) kidney, (C) liver, and (D) lung. Within each table, columns A-F
represent enriched GO categories that are upregulated or downregulated only in one tissue at
a less stringent definition and G-K are at a more stringent definition. (E) Average variance
in interindividual gene expression levels. (F) Results from transcription co-transcription
networks. (G) Results from overlap with PPI.

Table 2.9: Group-by-tissue interactions found in Great Apes and in humans only.
(A) Number of interactions across FDR and FSR thresholds. (B) GO enrichments.

Table 2.10: Summary information for pairwise T-DMRs and S-DMRs. (A) Number
of pairwise T-DMRs and S-DMRs (t-statistic greater than 4.6 or less than negative 4.6). (B)
Overlap of T-DMRs with annotated regions, relative to 100 sets of random regions of the
same length and CpG density as the T-DMRs.

Table 2.11: Pairwise T-DMRs and tissue-specific DMRs are conserved. (A) Con-
served pairwise T-DMRs and (B) conserved tissue-specific DMRs.(C) Percentage overlap
with H3K27Ac. (D) Gene Ontology results.

Table 2.12: Percentage of genes in which gene expression differences might, at least
in part, be explained by DNA methylation levels. A-B. Percentages for interspecies
DE and non-DE genes in (A) humans and chimpanzees and (B) humans and rhesus macaques.
C-E. Percentages for inter-tissue conserved DE, non-conserved DE, and non-DE genes in (C)
humans, (D) chimpanzees and (E) rhesus macaques. (F) Gene Ontology results.
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CHAPTER 3

A COMPARATIVE STUDY OF ENDODERM

DIFFERENTIATION IN HUMANS AND CHIMPANZEES

3.1 Abstract1

There is substantial interest in the evolutionary forces that shaped the regulatory framework

in early human development. Progress in this area has been slow because it is difficult to

obtain relevant biological samples. Inducible pluripotent stem cells (iPSCs) may provide

the ability to establish in vitro models of early human and non-human primate developmen-

tal stages. Using matched iPSC panels from humans and chimpanzees, we comparatively

characterize gene regulatory changes through a four-day timecourse differentiation of iPSCs

into primary streak, endoderm progenitors, and definitive endoderm. As might be expected,

we find that differentiation stage is the major driver of variation in gene expression levels,

followed by species. We identify thousands of differentially expressed genes between humans

and chimpanzees in each differentiation stage. Yet, when we consider gene-specific dynamic

regulatory trajectories throughout the timecourse, we find that at least 75% of genes, in-

cluding nearly all known endoderm developmental markers, have similar trajectories in the

two species. Interestingly, we observe a marked reduction of both intra- and inter-species

variation in gene expression levels in primitive streak samples compared to the iPSCs, with

a recovery of regulatory variation in endoderm progenitors. The reduction of variation in

gene expression levels at a specific developmental stage, paired with overall high degree of

conservation of temporal gene regulation, is consistent with the dynamics of a conserved

developmental process.

1. Citation for chapter: Blake LE*, Thomas SM*, Blischak JD, Hsiao CJ, Chavarria C, Myrthil C, Gilad
Y, Pavlovic BJ. 2017. A comparative study of endoderm differentiation in humans and chimpanzees. Genome
Biology 19(1):162. * denotes equal contribution.

65



3.2 Introduction

Differences in gene regulation between humans and other primates likely underlie the molec-

ular basis for many human-specific traits [118]. For example, it has been hypothesized that

human-specific gene expression patterns in the brain might underlie functional, developmen-

tal, and perhaps cognitive differences between humans and other apes [151, 219]. Providing

a measure of support for this notion, a recent comparative study that explored the tempo-

ral dynamics of gene regulation found potential differences in the timing of gene expression

in the developing brain across primates [183]. The authors argued that such differences

might be related to inter-species differences in the timing of developmental processes. Other

comparative studies of gene regulatory phenotypes in primates have resulted in important

insights into the evolution of gene expression levels and the traits they are associated with

[167]. Yet, we are also finding that comparative studies of gene expression patterns alone–

without additional context or perturbation– provide relatively little insight into adaptive

phenotypes. To a large degree, the challenge is that comparative studies in primates are

extremely restricted because we only have access to a few types of cell lines and to a limited

collection of frozen tissues [167]. Frozen post-mortem tissues are not optimal templates for

many functional genomic assays; as a result, we lack datasets that survey multiple dimen-

sions of gene regulatory mechanisms and phenotypes from the same individuals [23, 167].

Moreover, because it is rare to collect a large number of tissue samples from the same donor

(particularly in non-human primates), we have never had the opportunity to study cross-

species, population-level patterns of gene regulation in multiple tissues or cell types derived

from the same genotype (same donor) in non human apes. Recent technological develop-

ments in the generation and differentiation of induced pluripotent stem cells (iPSCs) now

provide a renewable, staged and experimentally pliable source of terminally differentiated

cells. Utilizing timecourse differentiation protocols, we can examine the context dependent

nature of gene regulation, as well as the temporal roles of gene expression as different cell
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types and developmental states are established [128]. This approach seems promising, and

indeed, a handful of recent studies have been successful in utilizing iPSCs from humans and

chimpanzees to characterize the uniquely human aspects of craniofacial development [158]

and cortex development [144, 152]. Primate iPSC panels are a particularly attractive system

for comparative studies of early development. Based on studies in model organisms, we

expect differentiation into a germ layer in a mammalian system to be extremely conserved

[227]. We thus set out to ask whether we can recapitulate a conserved early developmental

gene regulatory trajectory in human and chimpanzee iPSC-derived cell lineages. Our ratio-

nale is that if we can demonstrate the fidelity of the iPSC model in this context, it would

provide support for the notion that the iPSC system can be a useful tool for future compar-

ative studies of dynamic biological processes. To this end, we chose to differentiate iPSCs

from human and chimpanzee into the endoderm germ layer; from which essential structures

in the respiratory and digestive tracts are ultimately derived. These structures include the

liver, the pancreas, and the gall bladder, the lung, the thyroid, the bladder, the prostate,

most of the pharynx and the lining of the auditory canals and the larynx [227]. Using this

system, we found evidence to support developmental canalization of gene regulation in both

species, 24 hours after differentiation from an iPSC state.

3.3 Results

3.3.1 Study design and data collection in the iPSC-based system

To perform a comparative study of differentiated cells, we used a panel of 6 human and 4

chimpanzee iPSC lines previously derived and characterized by our lab [50, 81]. We dif-

ferentiated the iPSCs into definitive endoderm, a process that was completed over 3 days

[128], and included replicates of cell lines that were independently differentiated (see Meth-

ods; Figure 3.1A). We performed the differentiations in two batches, with equal numbers
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of human and chimpanzee samples in each batch. We harvested RNA from iPSCs (day 0)

prior to differentiation and subsequently every 24 hours to capture intermediate cell popula-

tions corresponding to primitive streak (day 1), endoderm progenitors (day 2), and definitive

endoderm (day 3). Overall, we collected a total of 32 human samples and 32 chimpanzee

samples (Figure 3.1A). We confirmed that RNA from all samples was of high quality (Table

3.1; Figure 3.8) and subjected the RNA to sequencing to estimate gene expression levels.

Detailed descriptions of all individual donors, iPSC lines, sample processing and quality,

and sequencing yield, can be found in the Methods section and Tables 3.2A-B. To estimate

gene expression levels, we mapped reads to the corresponding genome (hg19 for humans and

panTro3 for chimpanzees) and discarded reads that did not map uniquely [116]. We then

mapped the reads to a list of previously described metaexons across 30,030 Ensembl genes

with one-to-one orthology between human and chimpanzee [23, 25]. We eliminated genes

that were lowly expressed in either species, removed data from one clear outlier sample (H1B

at Day 0; Figure 3.9A), and normalized the read counts (see Methods; Figures 3.9B-C) to

obtain TMM- and cyclic loess-normalized log2 counts per million (CPM) values for 10,304

orthologous genes (Figure 3.2A). These normalized gene expression values were used in all

downstream analyses. Beyond the gene expression data we collected, in the second batch,

we assessed the purity of the cell cultures at each day of the timecourse using flow cytometry

with a panel of six canonical markers. These markers correspond to the cell types we ex-

pected in the different stages of differentiation (Figure 3.1B; Figures 3.10A-B). We assessed

purity of the samples in the first batch of differentiation as well, but due to a technical

problem with the antibodies, those values are not informative. Overall, the FACS-based

estimated purity levels for the sample in the second batch are high and consistent across

species in days 0 and 1 (<0.79 and <0.66, respectively; Figures 3.1B, 3.10, 3.11; Table 3.3).

In days 2 and 3, however, purity levels were considerably lower in the human than in the

chimpanzee samples (Figures 3.1B, 3.10, 3.11; Table 3.3). On the one hand, this inter-species
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difference in purity in the later stages of the time course limits the insight we can draw from

this comparative study, as we discuss throughout the paper. On the other hand, because our

main focus is to confirm that this early developmental process is conserved in the two species,

the observation of strong conservation, which we discuss below, is robust with respect to this

inter-species technical difference in purity.
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Figure 3.1: Study design and quality control analyses. (A) Study design. Samples
from four chimpanzees and six humans were studied at four time points during endoderm
development. We included two technical replicates from each of the chimpanzees and two
technical replicates for two of the six humans. iPSC induced pluripotent stem cell, PS
primitive streak, EP endoderm progenitor, DE definitive endoderm. (B) Purity analysis.
Cell type composition at each day based on FACS analysis (see Methods), estimated by k-
means clustering. (C) Heat map of normalized log2(CPM) as a measure of expression levels
of TFs that are known to be highly expressed in one or more stages in the differentiation to
endoderm. Generally, samples from the same day, regardless of species, cluster together.
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3.3.2 iPSCs-based system effectively models primate endoderm

differentiation

Given the potential impact of study design properties on gene expression data and subse-

quent conclusions [220], as a first step of our analysis, we confirmed that none of our recorded

variables related to sample processing (apart from sample purity, as stated above) were con-

founded with our main variables of interest, namely day and species (see Methods; Table

3.4A-D; Figures 3.9C and 3.12). Once we were confident that our study design provided an

effective data set for addressing our biological questions of interest, we performed a global

survey of the gene expression data using principal component analysis. This analysis indi-

cated that the primary sources of gene expression variation are differentiation day (Figure

3.2A; Table 3.4A-E; regression of PC1 by differentiation day, P <10-15), followed by species

(regression of PC2 by species, P <10-15). This observation was also supported by cluster-

ing analysis based on the correlation matrix of pairwise comparisons of the gene expression

levels (Figure 3.13). After characterizing global gene expression patterns, we focused on

the expression of specific transcription factors with known roles in developmental pathways

(Figure 3.1C) and other previously known lineage specific markers [55, 128, 197]. Consistent

with the results of our FACS analysis, we observed that the temporal trajectory of expression

levels of known lineage specific markers and transcription factors further supported the as-

sumed differentiation stages in each day (e.g. primitive steak-specific markers had increased

expression on day 1, Figure 3.2B). The lineage specific markers and transcription factors

were expressed at comparable levels in humans and chimpanzees at the relevant time points,

consistent with previous literature [128, 197], and further supporting the validity of our in

vitro system (Figure 3.14A).
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Figure 3.2: General patterns in the data. (A) Normalized log2(CPM) expression
measurements for all genes projected onto the axes of the first two PCs. Color indicates day.
Shape represents species. PC1 is highly correlated with differentiation day (r=.92). PC2 is
highly correlated with species (r=0.93). (B) Box plots of normalized expression values for
genes with known roles in endoderm development.

3.3.3 Comparative assessment of gene expression changes during

differentiation

To identify gene expression differences between humans and chimpanzees throughout the

timecourse, we used the framework of linear models (see Methods). We first assessed how

many genes were differentially expressed (DE) between species at each time point indepen-

dently. Using this approach, we classified thousands of genes as DE between the species (at

FDR of 5% 4475 to 5077 genes are classified as inter-species DE at different times points;

Figure 3.3A; Table 3.5A-D). Even at a fixed FDR cutoff, nearly half of the genes that were

classified as DE between the species at any single time point were found to be DE in all time

points (2269 genes). Nearly a third of genes whose expression was measured in our exper-

iment were not classified as DE between the species at any time point (2862 genes, 28%).

We proceeded to consider temporal expression patterns within species. When analyzing ex-

pression changes across consecutive time points, we had more power to detect temporal gene
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expression differences in chimpanzee compared to humans (Figures 3.3B-C and 3.4; Table

3.6A-F), especially with respect to the transition between endoderm progenitors (day 2),

and definitive endoderm samples (day 3). This property is likely related to the inter-species

difference in purity of samples from these days, as discussed earlier. When we accounted for

incomplete power (see Methods), we found a remarkably consistent pattern whereby 77% of

DE genes between iPSCs and primitive streak in humans are also DE between these states in

chimpanzees; similarly, 77% of DE genes between primitive streak and endoderm progenitors

in humans are also DE between these states in chimpanzees; and 80% of DE genes between

endoderm progenitors and definitive endoderm in humans are also DE between these states

in chimpanzees (Table 3.7). As might be expected from these observations, we found that

the relationship between day and gene expression was largely independent of species (Figure

3.3D; Table 3.8A-C).

3.3.4 Joint Bayesian analysis reveals conservation of temporal gene

expression profiles

In an attempt to further overcome issues of incomplete power affecting these original nave

pairwise DE comparisons, and to account for dependency in data from different time points,

we utilized a Bayesian clustering approach implemented by Cormotif [217]. This joint mod-

eling technique leverages expression information shared across time points to identify the

most common temporal expression patterns (referred to as “correlation motifs”). We iden-

tified diverse expression patterns that emerge as differentiation progresses in both species

(Figure 3.5; Table 3.9A) as well as a set of 3789 genes whose expression is not significantly

altered throughout the timecourse (8004 genes could be reliably classified into a motif, Table

3.9A; Figure 3.15A). This analysis revealed further evidence for conserved gene expression

patterns, as 75% of genes assigned were assigned to motifs with the same or similar temporal

regulatory trajectories in both species (Figure 3.5). Further, when we excluded data from
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Figure 3.3: Number of DE genes in pairwise analyses. Venn diagrams of. (A) DE
genes at each day, (B) DE genes between consecutive time points in humans, (C) DE genes
between consecutive time points in chimpanzees, (D) genes with a significant species-by-time
point interaction effect at each day (DE was classified at FDR of 5% in all cases).

the definitive endoderm samples, where we suspect that a particularly large inter-species

difference in sample purity has increased gene expression variance between the species, we

assigned 85% of genes to motifs with the same temporal trajectories across species. These

observations are robust with respect to the number of correlation motifs, the method used

to combine data from technical replicates, which days were included in the pairwise com-

parisons, and the inclusion of all 10,304 genes in the analysis (Figures 3.15B-D and 3.16).

Our observations are also robust with respect to the overall approach used to estimate and

compare gene expression trajectories (Figure 3.14B). We found two correlation motifs with

a potential marked difference between the species at a given stage (motif 4 with 187 genes

and motif 7 with 686 genes). In both of these motifs, data from the earliest time points were
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Figure 3.4: High sharing of DE genes across species. A circos diagram with the number
of shared, human-specific, and chimpanzee-specific DE genes across time points. There is a
high degree of sharing of DE genes (yellow ribbon), particularly from day 0 to 1 and day 1
to 2.

conserved but gene regulation in the final stage (day 2 to 3) differed between the species.

The genes in these motifs were enriched for Gene Ontology (GO) annotations related to ani-

mal organ development (e.g. NRTN, PITX2, RDH10 ), anatomical structure morphogenesis

(ARHGDIA, EHD2, SERPINE1 ), regulation of developmental process (FLRT3, LOXL2,

SEMA7A), and regulation of cell differentiation (DIXDC1, ENC1, IRF1 ; Table 3.9B) [1].

These four GO annotations were not enriched in other similarly sized motifs or group of

motifs (Table 3.9C-E) [1, 222]. Unfortunately, due to interspecies differences in purity at

the later days, we cannot definitively determine whether these enrichments are driven by

biological or technical differences.
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Figure 3.5: Gene expression motifs. Correlation motifs based on the probability of
differential expression across days for each species with the number of genes assigned to each
correlation motif. The shading of each box represents the posterior probability that a gene
is DE between two time points in a given species. Each row (“correlation motif”) represents
the most prevalent expression patterns. Out of 10,304 genes, 8004 were assigned to one
correlation motif in this model.

3.3.5 Reduced variation in gene expression levels at primitive streak

We next turned our attention to differences in the magnitude of variation in gene expression

levels across time points, within and between species. Previous studies reported that varia-

tion in gene expression levels between individuals was lower in iPSCs than in differentiated
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cells ([13, 87] and Figure 3.17A). We were thus interested in gene expression variation during

iPSC differentiation in our comparative system. We first compared within-species expres-

sion variation for all 10,304 orthologous genes across time points. We found a reduction in

inter-individual variation of gene expression levels as the human samples differentiated from

iPSCs to primitive streak (P <10-15, Figure 3.6). We also detected this pattern when we

considered the chimpanzee samples (P <10-15, Figure 3.6), but the effect size in chimpanzee

is much smaller. We did not identify similar reduction in variation in gene expression levels

in any other transition during the timecourse in either species (P >0.5 for testing the null of

no change in variance of gene expression from day 1 to 2 and from day 2 to 3 in each species).

As mentioned above, the purity of the samples in days 2 and 3 is lower than that of samples

in days 0 and 1, though we only successfully measured the purity values for the samples

that were processed in the second batch. We accounted for the measured purity values by

regressing them out of the gene expression data. As might be expected, accounting for the

purity values resulted in different patterns observed for the data from days 2-3. Yet, the

reduction in variation from day 0 to 1 persisted in both species even after we accounted to

the purity values (Figure 3.17B). We turned our attention to regulatory divergence between

species. The overall human-chimpanzee divergence in gene expression levels was also slightly

reduced as samples differentiated from iPSCs to primitive streak (Mann-Whitney U Test, P

= 0.04; Figure 3.17C), but not in any other transition during the timecourse. Furthermore,

while we classified 504 genes as DE between humans and chimpanzees exclusively in iPSCs

(of a total of 4,475 DE genes in iPSCs, FDR = 5%; Figure 3.3A; Table 3.10), we found

only 279 genes that were DE exclusively in primitive streak samples (from a total of 4,408

DE genes for the primitive streak; Figure 3.3A; Table 3.10). The number of genes that

are DE between the species exclusively in endoderm progenitors and definitive endoderm

samples is higher (at FDR of 5%, 402 and 934, respectively; Figure 3.3A; Table 3.10). The

observation of a smaller number of genes that are DE exclusively in primitive streak samples
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compared with iPSCs is robust with respect to normalization method, purity of the samples,

FDR cutoff, and differentiation batch (Table 3.10; Figures 3.9C, 3.17C and 3.18). While the

difference in divergence and the number of DE genes between these differentiated states is

modest, and could potentially be explained by a number of non-biological factors (including

the differences in purity in the later day), this observation was intriguing to us.

Figure 3.6: Global reduction of variation in gene expression from the iPSCs to
primitive streak state. Box plot of the log2 variance of expression levels for each gene.
Variation in gene expression levels are significantly reduced from iPSCs to primitive streak
(P <10-15 in both species) but not in subsequent time points (P >0.5 in both species).

We thus focused on the transition between iPSCs to primitive streak in both species.

The recorded technical factors (including purity for these states) are highly similar across

biological conditions in days 0 and 1, and therefore are not likely to explain this observation

(Table 3.11). We thus proceeded to analyze the trajectory of variation in expression level

78



on an individual gene basis. In this analysis, we were particularly interested to address

whether the individual genes that undergo a change in variation of expression levels are

shared across species. An observation of excess sharing could not be explained by inter-

species differences in technical factors and hence would provide substantial support to the

notion of conserved reduction of regulatory variation as the samples begin their differentiation

process. We used F tests to identify genes whose within-species variation in expression levels

differs across time points (see Methods). Distributions of P values from all tests can be

found in Figures 3.7A-B and Table 3.12A-B, which indicate that for a large number of genes,

within-species variation in expression levels were reduced exclusively in primitive streak

samples. Indeed, while we did not have much power to detect differences in variation of

individual gene expression levels between states (due to the small number of individuals

in each species), we observed a clear excess of small P values when we tested the null

hypothesis that there was no reduction in gene expression levels from day 0 to 1. Using

Storey’s approach [192] to account for incomplete power, we estimated that within-species

variation in expression levels was reduced as the samples differentiate from iPSCs to primitive

streak in 83% and 27% of human and chimpanzee genes, respectively (Figures 3.7A-B).

This result was robust with respect to the method used to calculate the proportion of true

positives [191] (Figure 3.19). We did not observe reduced variation of gene expression in

any other differentiation state in our data (Figures 3.7 and 3.20A). We next asked about the

overlap of genes with reduced variation in primitive streak samples across the two species.

Specifically, we asked whether human genes with lower within-species variation in expression

levels in primitive streak are more likely to show the same pattern in chimpanzee genes. For

this analysis, we again used the Storey approach [192] to estimate the proportion of true

positive tests in one species, conditional on the observation of reduced variation in the other

species (see Methods). We estimated that 47% of genes whose variation in expression level is

reduced in human primitive streak samples showed a similar pattern in chimpanzees (under

79



a permuted null we expect 27%, P <10-4, Figure 3.7C; Table 3.13). When we condition on

observing a reduction of variation in chimpanzees, the overlap with humans was 84% (under

a permuted null we expect 83%, P = 0.38; Figure 3.7D). This high value was not unexpected

because of the initial large proportion of human genes with a clear signature of reduced

variation in primitive streak. Because any technical differences that are confounded with

species would contribute to increased inter-species differences, these observations support,

yet probably underestimate, the degree of high conservation of regulatory patterns in humans

and chimpanzees. Using a similar approach to account for incomplete power, we also found

a marked overlap of genes whose expression underwent a significant increase in variation

throughout the transition from primitive streak to endoderm progenitors (Figures 3.7E-F;

Figure 3.20B). All our observations were robust to a wide range of statistical cutoffs used to

classify genes whose within-species variation changes across the differentiation states (Figures

3.21-3.16). In particular, because these are reports of conserved patterns, they are likely to

underestimate the degree of conservation given technical differences between the species,

including the difference in purity of the samples in days 2 and 3. Finally, we sought to

provide insight into the potential functional consequences of our observations. Interestingly,

genes that show reduction of variation in gene expression levels in both species are enriched

for GO annotations [1] related to development, including neuroepithelial cell differentiation

(e.g. MYCL, NODAL, CDH2 ), cell migration during gastrulation (FGF8, MIXL1 ), and

trophectodermal cell differentiation (CNOT3, EOMES, SP3 ; Table 3.14). Moreover, we

found that null mutation in mouse orthologs [179] of the primate genes with shared reduction

of expression variation in our study were more highly associated with embryonic lethality

than null mutation in mouse orthologs of primate genes that did not show that pattern (41%

versus 28%, P <10-4).
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3.4 Discussion

Our results indicate a strongly conserved temporal expression profile across species during

early differentiation. We observed a large number of genes with similar expression profiles

across species. Indeed, we found that DE genes between differentiation states are shared

between the two species far beyond what expected by chance alone. When we jointly an-

alyzed data from the entire timecourse, nearly all the gene expression trajectory motifs we

identified, including 75% of all genes assigned to a motif, are shared across the two species

(Figure 3.5). Still, our observations likely underestimated the proportion of shared regula-

tory patterns due to incomplete power. Our finding that regulatory trajectories throughout

endoderm differentiation are generally highly conserved in these two species was expected.

Yet, our observation that a large number of genes are associated with conserved reduced

regulatory variation in a specific transition state is a somewhat surprising property. Indeed,

in our opinion, the most significant finding of this study is the observation that regulatory

variation is reduced in both humans and chimpanzees as the cell cultures differentiate from

iPSCs to primitive streak. We found a marked overlap between the species in the specific

genes that experience this reduction of regulatory variance, indicating high degree of conser-

vation in this process. Before we discuss the potential implications of our observations, we

will first discuss a few considerations regarding the iPSC based differentiation models. We

argue that the use of iPSC models allows for greater control and transparency of compara-

tive studies in primates, including a better appreciation of caveats that have always affected

such studies but were typically cryptic. For more than a decade, comparative genomics in

primates has relied on the use of frozen tissues. An implicit assumption underlying the use

of these tissues has been that they faithfully reflect interspecies gene regulatory similarities

and differences. Yet, we know that gene regulation in these tissues was likely impacted by

non-genetic factors, such as the individual’s diet, age, and cause of death. In addition, it

is nearly impossible to stage frozen tissues with respect to cellular composition. In fact,
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in practically all studies of comparative data from frozen tissues, cellular composition was

not even measured. Indeed, comparative studies of gene expression in primate frozen tissue

samples, including those by our own group, simply assumed that most observed patterns are

driven by genetic control. In contrast to frozen tissues, the primate iPSC-based differenti-

ation model allows us to minimize the impact of non-genetic (e.g. environmental) factors.

We can also control to a large extent the cellular composition of the samples, and more im-

portantly, we can measure and account for differences in cellular composition. Comparative

experiments with iPSC-based differentiation are certainly not flawless, but they allow us to

more explicitly characterize, and often account for, confounding factors than it was possible

with frozen tissue samples. In the case of the current study, we used human and chimpanzee

iPSC lines that were generated, and differentiated, using the same protocols. We made con-

siderable efforts to balance the majority of sample processing properties related to our study

design with respect to species and time point. For example, the two differentiation batches

we used included multiple human and chimpanzee lines (which we also balanced with respect

to gender). Admittedly, in vitro differentiation protocols are not identical to natural devel-

opmental signaling and natural cell-driven developmental processes may be overridden by

our administered media conditions. Moreover, although we used an identical differentiation

protocol across the entire experiment, we observed a wide distribution of cell purity across

samples, with a marked difference between the species in the purity of cultures form days 2

and 3. The fact that we are able to measure and discuss purity and cellular composition as

a potential flaw in our study is an advantageous property of the iPSC-based differentiation

system. At present, we cannot exclude the possibility that the observed differences in cellular

heterogeneity across time points may have driven the observation of reduced regulatory vari-

ation exclusively in primitive streak samples. In our opinion, however, this is unlikely, though

our arguments are mostly circumstantial and we will not be able to provide a definitive an-

swer without additional single cell experiments (which will be the scope of a future study).
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Our intuition is based on the following properties: First, the iPSC cultures are the most

homogenous in our experiment and we nevertheless observe a reduction of variation in gene

expression levels in day 1 samples. Second, the conclusion of high sharing and similarities

between species should be robust (conservative, in fact) with respect to technical differences

between species, including in purity. Third, when we account for the purity values measured

for the second batch of samples, the relative expression patterns remain similar. That said,

to provide definitive answer, we will revisit these questions with an experimental design that

involves single cell data from the same comparative differentiation trajectory. Single cell

RNA sequencing data will also be able to shed light on our observation that gene regulation

in definitive endoderm (day 3), unlike earlier days, does not indicate strong conservation

between the species. In definitive endoderm samples, we observed the largest number of

DE genes across species, the smallest number of DE genes between two consecutive time

points in humans, and the lowest overlap in DE genes between time points. Unlike in the

human samples, the chimpanzees had a relatively consistent number of DE genes between

any two consecutive time points. Some of these observations might be explained by the cell

purity difference between species. It should be noted that the effect sizes for the reduction

in variation from day 0 to 1 are small in the chimpanzee samples and that the P value

distributions do appear quite different across species. These differences, however, do not

invalidate our finding that there is a significant overlap of genes that undergo a reduction

of variation in gene expression levels in both species. If the reduction of variation in gene

expression levels were spurious within each species, then we would not expect a statistically

significant overlap of such genes. The observation of reduced regulatory variation is rather

unusual in general, partly due to the unusual design of our study. Indeed, only few com-

parative studies have been designed to allow one to measure changes in variation over time.

One such example, from a completely different context, can be found in a previous study in

which monocytes from humans, chimpanzees, and rhesus macaques, which were stimulated
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with lipopolysaccharide (LPS) to mimic infection [17]. When comparing gene expression in

LPS-stimulated monocytes to that of non-stimulated cells, the authors found a reduction

of inter-species variation in gene expression levels in a number of key transcription factors

involved in the regulation of TLR4-dependent pathways. In our study, we found enrichment

for genes in developmental pathways among genes with conserved reduction of expression

variation. This observation is consistent with the notion [211] that developmental pathways

need to be tightly regulated in general. This notion is also supported by deep conservation

and lethality upon disruption seen in many of these genes. Null mutations in mouse or-

thologs of over 40% of the genes with conserved reduced regulatory variation at primitive

streak are associated with embryonic lethality. For example, Xenopus laevis embryos with

null mutations in the ortholog of human MIXL1 exhibit abnormalities in primitive streak

and node formation [168]. Similarly, homozygous null MIXL1 mice have abnormal mesoen-

doderm development and do not survive to birth [90]. EOMES homozygous null mice lack

trophoectoderm outgrowth [169] and do not properly form the definitive endoderm [3]. This

mutation is lethal early in gestation. Overall, regulation of these genes is likely to be finely

tuned at early development. Indeed, reduced regulatory variation early in the endoderm dif-

ferentiation process may be driven by the property of canalization during development. The

theory of canalization posits that developmental processes end in a finite number of states

despite minor environmental perturbations [178, 211, 212]. Canalization is fundamentally

linked to evolutionary states [212], and thus phenotypic robustness; therefore, even when

reduced variation in gene expression levels is observed in cell culture, the explanation of

canalization is intuitively appealing considering the discrete nature of cell types in an adult

animal. Our results suggest that stages subsequent to primitive streak may follow a more

relaxed transcriptional regulation with higher influence of individual genotypes. Our obser-

vations may be consistent with activation of deeply conserved regulatory programs at the

initial stages of gastrulation followed by processes less affected by evolutionary constraint
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and therefore potentially more amenable to adaptation. In other words, our results supports

the expectation that gastrulation is a highly canalized and conserved process in humans

and chimpanzees.More generally, we believe that despite limitations to studying compar-

ative development using iPSC models, which we have discussed, this system provides the

opportunity to study previously unappreciated aspects of primate biology.

3.5 Methods

3.5.1 Human and chimpanzee iPSC panels

In this study, we include four chimpanzee iPSC lines (2 males, 2 females) from a previously

described panel [81] and six human lines (3 males, 3 females) [50] matched for cell type of

origin, reprogramming method, culture conditions and closely matched to passage number

(median passage was within 1 passage across species and differentiation batches). We evalu-

ated iPSC lines for pluripotency measures, differentiation potential, lack of integrations and

normal karyotypes as described previously [50, 81] (Figures 3.24-3.25). We identified one

human individual (H5) that tested positive for episomal vector sequence (Figure 3.25). This

individual was not an obvious outlier in any of our data (Figures 3.1B-C and 3.2), thus we

choose to include it in our study. Original chimpanzee fibroblast samples for generation of

iPSC lines were obtained from the Yerkes Primate Center under protocol 006-12. Human

fibroblasts samples for generation of iPSC lines were collected under University of Chicago

IRB protocol 11-0524. Feeder free iPSC cultures were initially maintained on Growth Factor

Reduced Matrigel using Essential 8 Medium (E8) as previously described. After 10 pas-

sages in E8, all cell lines were transitioned to iDEAL feeder free medium that was prepared

in house as specified previously [133]. Cell culture was conducted at 37C, 5% CO2, and

atmospheric O2.
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3.5.2 Endoderm Differentiation

To produce definitive endoderm and intermediate cell types, we followed a recently published

three-day protocol that systematically identified and targeted pathways involved in cell fate

decisions, at critical junctures in endoderm development [128] with minimal modification. At

12 hours prior to initiating differentiation, iPSC lines at 70-90% confluence were seeded at a

density of 50,000 cells/cm2. Basal medial for differentiations consisted of 50/50 IMDM/F12

basal media supplemented with 0.5 mg/mL human albumin, 0.7 g/mL Insulin, 15 g/mL

holo-Transferrin, 1% v/v chemically defined lipid concentrate, and 450 uM 1-thioglycerol

(MTG). For differentiation, basal media was supplemented with the following: day 0 to

day 1 (Primitive streak induction) media included 100 ng/mL Activin A, 50 nM PI-103

(PI3K inhibitor), 2 nM CHIR99021 (Wnt agonist), days 1 to 2 (total of 2 media changes)

media included 100 ng/mL Activin A and 250 nM LDN-193189 (BMP inhibitor). Two

independent differentiation batches were performed, resulting in replicates for a subset of

individuals (Table 3.2). Each chimpanzee was replicated, while only two humans individuals

were replicated across the two batches. Replicates were sex-balanced both within and across

species. Cell culture was conducted at 37C, 5% CO2, and atmospheric O2.

3.5.3 Purity assessment using flow cytometry

Cells were dissociated using an EDTA based cell release solution, centrifuged at 200 x g

for 5 minutes at 4C and washed with PBS. Subsequently, 0.5-1 million cells were fixed and

permeabilized using the Foxp3 / Transcription Factor Staining Buffer Set from eBioscience.

Cells were fixed at 4C for 30 minutes before washing once using FACS buffer (autoMACS

Running Buffer, Miltenyi Biotech). 150,000 cells were transferred to BRAND lipoGrade 96

well immunostaining plates and centrifuged at 200 x g for 5 minutes at 4C. Cells were rinsed

in FACS buffer then resuspended in the staining solution. A single master mix containing

1X Permeabilization buffer (eBioscience), BD Horizon Brilliant Stain Buffer and antibodies
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was prepared and 30 uL of this mix was added to each well containing cells. In order to

estimate purity for each day of the timecourse, we utilized a mixture of six different directly

labeled antibodies: OCT3/4 (BV421 labeled clone 3A2A20, Biolegend), SOX2 (PerCP-Cy5.5

labeled clone O30-678, BDbio), SOX17 (Alexa 488 labeled clone P7-969, BDbio), EOMES

(PE-Cy7 labeled clone WD1928, eBioscience), CKIT (APC labeled clone 104D2, Biolegend),

CXCR4 (BV605 labeled clone 12G5, Biolegend). All antibodies were used at the manu-

facturer recommended dilution except CKIT and CXCR4, which was used at 1/10 of the

manufacturer specified concentration (15 ng of each antibody in final volume of 30 uL per

staining). We found that the manufacturer recommended dilution produced acceptable re-

sults for live cells, however, upon fixing, we observed nonspecific binding by all populations.

Thus we determined the optimal antibody titer to maximize the separation between iPSCs

(biological negative) and Day 3 definitive endoderm. We found this optimal concentration

to be in concordance with that quantity specified by a previous publication using the same

antibody clone from a different manufacturer [48]. Cells were stained for 1 hour at 4C and

subsequently washed 3x using a solution of BD Horizon Brilliant Stain Buffer containing 1X

Permeabilization buffer, on the final wash cells were resuspended in 100 uL FACS buffer for

acquisition on a BD LSR II flow cytometer. After data acquisition compensation, we used

the program FlowJo (http://docs.flowjo.com/d2/credits-2/) to determine scaling. To do so,

we used data from single stained compensation beads (Life Technologies) that were stained

and collected in parallel. Live, intact, single cells were gated based on FSC and SSC channels

as previously described [128]. Day 0 iPSC purity was estimated by dual positive OCT3/4

and SOX2 [135] as well as negative staining for EOMES. Day 1 primitive streak purity was

estimated primarily based on EOMES Positive staining [71, 197] but also negative staining

for SOX17. Day 2 endoderm progenitor purity was quantified by positive staining for SOX17

expression [209] (CKIT could also be used, as its level peaks at day 2) and negative staining

for CXCR4. Finally, day 3 definitive endoderm purity was estimated by double staining for
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CKIT and CXCR4 [48]. For all time points, cells were stained with the full complement of

markers; initial gates were defined using fluorescence intensity levels of an iPSC line as a

biological negative control for days 1, 2, and 3. For day 0 (iPSCs), a definitive endoderm

time point was used to quantify the biological negative for OCT3/4 and SOX2 fluorescence

intensity. All iPSC lines regardless of species were at comparable fluorescence intensity lev-

els, so we choose a representative chimp and human line to use as our standard for defining

and refining all gates. Fully resolving all time points simultaneously required us to define

high and low staining gates, which were determined using the time points for that marker’s

maximum and minimum fluorescence intensities. All gates were refined using the same two

representative chimpanzee and human lines as used for determining biological negatives, re-

sulting in one universal gating scheme that was applied to both species and all time points.

A complete gating scheme is outlined in Figure 3.10A, with the final purity results for the

second batch of differentiation in Table 3.3. The samples in the first differentiation batch

demonstrated hallmarks of improper fixing (highly nonspecific staining of antibodies, most

notably for surface markers CXCR4 and CKIT), thus we were unable to determine reliable

purity estimates for the first differentiation batch. Purity was also determined using k-means

clustering of minimally preprocessed flow cytometry data. After applying the same live, in-

tact, single cell gating scheme used above, we exported compensated fluorescence channel

values for processing in R. First, we visually inspected population separation by performing

Principal Components Analysis (PCA) on compensated fluorescence channel values. We

randomly sampled 1000 cells from each individual at each day, resulting in a total of 4000

randomly sampled cells per individual and 31,000 cells overall (no data was collected for indi-

vidual H4 at day 3). To assign cells to a specific developmental day, we performed K-means

clustering using K = 4 on a correlation matrix representing pairwise correlations between all

31,000 single cells. Four relatively well separated populations were visible after projection

onto the first three principal components (Figure 3.11, top panel) and cluster assignment on
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the reduced data is shown in Figure 3.11, middle and bottom panels. We estimated cellular

composition at each day by using the PCA to match clusters to a day assignment (Figure

3.1B).

3.5.4 RNA extraction, library preparation, and sequencing

We collected RNA from iPSCs (day 0) prior to adding day 1 media, and then every 24 hours

during the differentiation timecourse for a total of 4 time points representing intermediate

cell populations from iPSCs to definitive endoderm (Figure 3.13B). We extracted the RNA

using the ZR-Duet DNA/RNA MiniPrep kit (Zymo) with the addition of an on column

DNAse I treatment step prior to RNA elution. We used non-strand specific, polyA capture

to generate RNA-seq libraries according to the Illumina TruSeq protocol. To estimate the

RNA concentration and quality, we used the Agilent 2100 Bioanalyzer (Table 3.1; Figure

3.8). We added barcoded adaptors (Illumina TruSeq RNA Sample Preparation Kit v2) and

sequenced the 50 base pair single-end RNA-seq libraries on the Illumina HiSeq 4000 at the

Functional Genomics Core at University of Chicago on two flowcells (Table 3.2). To minimize

the introduction of biases due to batch processing, we chose the RNA extraction batches,

library preparation batches, sequencing pools, adaptor names, and flowcells in a manner

that maximally partitioned the biological variables of interest (day, species, cell line; Table

3.2A and 3.4). We generated a minimum of 14,424,520 raw reads per sample. We used

FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/) to confirm that the

reads were high quality.

3.5.5 Quantifying the number of RNA-seq reads from orthologous genes

We mapped human reads to the hg19 genome and chimpanzee reads to panTro3 using

TopHat2 (version 2.0.11) [116], allowing for up to two mismatches in each read. We kept

on only reads that mapped uniquely. To prevent biases in expression level estimates due to
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differences in mRNA transcript size and the relatively poor annotation of the chimpanzee

genome, we only kept reads that mapped to a list of orthologous metaexons across 30,030

Ensembl genes available for the hg19 and panTro3 genomes as described previously [23].

Gene expression levels were quantified using the feature counts function in SubRead 1.4.4

[123]. For one sample (C2B at Day 0), the number of raw reads was approximately double

the second highest number of raw reads. Therefore, we subsampled the raw reads to ap-

proximately the same number of raw reads as the second highest sample. We performed all

downstream processing and analysis steps in R (version 3.2.2) unless otherwise stated.

3.5.6 Transformation and normalization of RNA-sequencing reads

After receiving the raw gene counts, we calculated the log2-transformed counts per mil-

lion (CPM) for each sample using edgeR [165]. To filter for the lowly expressed genes,

we kept only genes with an expression level of log2(CPM) >1.5 in at least 16 samples per

species [166]. For the remaining genes, we normalized the original read counts using the

weighted trimmed mean of M-values algorithm (TMM) [166] to account for differences in

the read counts at the extremes of the distribution and calculated the TMM-normalized

log2-transformed CPM. When we performed principal components analysis (PCA) using the

TMM-normalized log2-transformed log2(CPM) values, we found one outlier (H1B at Day 0,

Figure 3.9A). We removed this sample from the list of original gene counts. We filtered for

the lowly expressed genes by retaining genes with an expression level of log2(CPM) >1.5

in at least 15 human samples and at least 16 chimpanzee samples. 10,304 genes remained.

We performed TMM-normalization and then performed a cyclic loess normalization with

the function normalizeCyclicLoess from the R/Bioconductor package limma [11, 164]. We

found that the TMM-normalized log2(CPM) values were highly correlated with the TMM-

and cyclic loess-normalized log2(CPM) values (r >0.99 in the 63 samples; Figure 3.9B). We

used the TMM- and cyclic loess-normalized log2(CPM) expression values in all downstream
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analysis unless otherwise stated. We calculated normalized log2-transformed RPKM values

by using the function rpkm with normalized library sizes from the package edgeR [165] (Fig-

ure 3.9C). We measured the “gene lengths” as the sum of the lengths of the orthologous

exons and were also used in [81]. This method of calculating RPKM was highly correlated

with a method in which we subtracted log2(gene length in kbp) from the TMM- and cyclic

loess-normalized log2(CPM) values (r >0.97).

3.5.7 Data quality and analysis of technical factors

To assess the data quality, we performed Principal Components Analysis (PCA) on the

normalized log2(CPM) values from above (Figure 3.2A). Principal component (PC) 1 was

highly associated with day and PC2 was highly associated with species (r >0.92 for each,

Figure 3.2A; Table 3.4A-B). We sought to determine if the study’s biological variables of

interest were confounded with any of the study’s recorded technical aspects (Table 3.4C-D).

First, we calculated which of our 35 recorded technical factors were statistically significant

predictors of PCs 1-5 with individual linear models for each technical factor. The 19 statis-

tically significant predictors (FDR cutoff of 10% assessed on the 5x35 matrix) were carried

to the second stage. In this stage, we determined which technical factors were associated

specifically with either day or species, with individual linear models for each technical fac-

tor. We quantified these associations using the P values from analysis of variance (ANOVA)

for the numerical technical factors and from Chi-squared test (using Monte Carlo simulated

P values) for the categorical technical factors. Statistical significance was determined by

Benjamini-Hochberg adjusted P value <10% (assessed on the 2x19 matrix). A variable for

cell line include a species but not a day component and was tested in this pipeline. They

were found to each be confounded with species (B.H. adj. P value <10-4) but not day (B.H.

adj. P value >0.9), thereby increasing the confidence in our pipeline. We note that when

all sequencing pools (mastermixes) were considered together, there was a relationship be-
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tween adaptor sequence and day (Chi-squared test, Benjamini-Hochberg adjusted P = 0.01);

however, this relationship is substantially weaker when “adaptor sequence” and “day” were

tested in each of the 4 sequencing pools separately (B.H. adj. P >0.9 in each test). Our

most highly dependent variables with day or species were related to properties inherent to

the iPSC model, including harvest density and day (B.H. adj. P = 0.02), harvest density

and species (B.H. adj. P = 0.03), harvest time and day (B.H. adj. P = 0.01) (Table 3.4D;

Figure 3.12). During this analysis, we observed that the purity estimates were relatively

similar across days and between species until the final day (Figures 3.1B and 3.10C; Table

3.5). Therefore, it was important to explore how the variance for a given technical factor was

partitioned across the biological variables of interest (e.g. across the days, species, and day-

by-species interactions). For each recorded technical variable, we created a reduced model

and a full model. The reduced model contained only species and day as fixed effects and the

technical factor as the response variable. The full model had the same response variable but

contained species, day, and a species-by-day interaction as fixed effects. We then compared

the two models and reported the significance (Table 3.12). The exact tools used to compare

the two models were data-dependent (Table 3.2 and columns 1-2 in Table 3.12). For numer-

ical data (24 technical factors), we constructed the full and reduced normal general linear

models for each technical factor. We compared the models using ANOVA, and extracted

the P value directly from ANOVA. For categorical data with 2 levels (3 technical factors),

we constructed the two general linear models from the binomial family. We used ANOVA

to compare the models and extracted the deviance along with its degrees of freedom. Based

on the deviance, we calculated the Chi-Squared statistic and associated P value. 8 technical

factors (such as RNA extraction data) contained categorical data with more than two levels.

We modeled this data type with multinomial logistic regression with the R/Bioconductor

package nnet [146] and used ANOVA to obtain the likelihood ratio statistic and associated

P value. We performed this process for each technical factor using data from days 0 and 1
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as well as from days 0 to 3 (Table 3.12).

3.5.8 A linear model based framework to perform pairwise differential

expression analysis

Differential expression was estimated using a linear model based empirical Bayes method

implemented in the R package limma [180, 181]. In order to use a linear modeling approach

with RNA-seq read counts, we calculated weights that account for the mean-variance re-

lationship of the count data using the function voom from the limma package [121]. This

limma and voom pipeline has previously been shown to perform well with n >3 biologi-

cal replicates/condition [162, 185]. For all pairwise differential expression comparisons, the

species, day, and a species-by-day interaction were modeled as fixed effects, and individual

as a random effect. Individual (cell line) rather than differentiation batch was modeled as

a random effect because when using a linear model, individual was most highly correlated

with PCs 2 and 3, whereas batch was most highly correlated with PC 10. Since our recorded

technical factors were not confounded with our biological variables of interest and did not

contribute significantly to the first five principle components of variation (Table 3.4A-E),

we did not include any other covariates. We used contrast tests in limma to find genes

that were differentially expressed (DE) by species at each day (Table 3.5), DE between days

for each species (Table 3.6), and significant day-by-species interactions for days 1-3 (Table

3.10). For each pairwise DE test, we corrected for multiple testing with the Benjamini and

Hochberg false discovery rate [18] and genes with an FDR-adjusted P values <0.05 were

considered DE unless otherwise stated in the text. To find the number of shared DE genes

in consecutive time points in each species (Figure 3.4), we used a two P value cutoff system.

To be “shared” across species for a given pair of time points (e.g. day 0 to 1), a gene must

have an FDR-adjusted P value <0.01 in one species and an FDR-adjusted P-value <0.05

in the other species [18]. To estimate the percentage of DE genes in chimpanzees given the

93



observation in humans, we divided the number of genes with an FDR-adjusted P value <0.01

in chimpanzees over the number of genes with an FDR-adjusted P value <0.05 in humans.

3.5.9 Combining technical replicates

Some analyses did not allow us to model technical replicates explicitly, and treating them

as biological replicates would introduce bias in the data. Therefore, we combined technical

replicates for the same individual, when available. We calculated the average of the normal-

ized log2(CPM) values for each cell line at each time point. For day 0, 1 human cell line had a

pair of technical replicates that were averaged together. For days 1-3, 2 human cell lines had

technical replicates that were averaged. We were able to average technical replicates for each

of the four chimpanzee cell lines at each time point. After this process, 6 human data points

and 4 chimpanzee data points per day remained, for a total of 40 data points. When we

performed principal components analysis (PCA) using these 40 data points, the results were

similar to the PCA plot including all the technical replicates (Figure 3.16A)– PC1 was still

correlated with day and PC2 was correlated with species (Table 3.4E). We visually inspected

the PCA plot for the distinct clustering of data points with averaged technical replicates and

single replicates in the humans, and this potential pattern was not present, increasing our

confidence that this process did not introduce bias into the data. We found that the ex-

pression values for the 40 samples were robust with respect to the method used to combine

the technical replicates. The post-normalization method described above was strongly cor-

related with a pre-normalization method to combine technical replicates (r >0.99 for the

10,304 genes included in the main analysis; Figure 3.16B). In our pre-normalization method

of combining the technical replicates, we summed the raw counts of technical replicates at

each time point (for a total 40 data points) and performed the normalization steps described

in the “Transformation and normalization of RNA-sequencing reads” section.
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3.5.10 Joint Bayesian analysis with Cormotif

To cluster genes by their temporal gene expression patterns, we used the R/Bioconductor

package Cormotif (version 1.22.0), a method that jointly models multiple pairwise differential

expression tests [217]. Unlike other available methods in this class, the Cormotif framework

allows for data-set specific differential expression patterns. To identify patterns in expression

over time (called “correlation motifs”), expression levels from days 1-3 were compared to

those to the previous day for each gene in each species. Since the program does not allow

for the explicit modeling of technical replicates (unlike the voom and limma method above),

we first ran the program with the expression values averaged across technical replicates.

For more information on this process, see the Methods section on “Combining technical

replicates”. To use Cormotif, we were required to specify the number of correlation motifs

to model. We determined a reasonable range by investigating both the Bayesian information

criterion (BIC) and Akaike information criterion (AIC). We observed that the BIC and AIC

were minimized across many seeds when 7 or 8 correlation motifs were modeled, respectively

(Table 3.15; Figure 3.15A). Thus we further explored models with 7 and 8 correlation motifs.

Because Cormotif is not deterministic, we ran Cormotif 100 times and recorded the seed

that produced the model with the largest log likelihood (Table 3.15). The best model

(the seed with the greatest log likelihood) with 7 correlation motifs is displayed in Figure

3.15B, and the best model with 8 correlation motifs is featured in Figure 3.5. We selected

the model with 8 correlation motifs to be the primary figure because it had a large log

likelihood and all motifs contained more than 100 genes. It should be noted, however, that

the two models had very similar correlation motifs (expression patterns). We were initially

conservative when assigning a gene to a specific correlation motif. Following the advice

of the Cormotif authors [217], a gene must have a posterior likelihood estimate of 0.5 to

be called DE between time points and >0.5 to be considered not DE (Table 3.9A). We

also used this assignment criteria when using Cormotif to compare expression levels using
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different combination methods (Figure 3.15C) and to compare all time points to day 0 (Figure

3.15D). For a trajectory to be defined as DE, the trajectory in humans and chimpanzees

needed similar posterior probabilities of differential expression at each comparison along the

trajectory. Using topGO [1], we tested for enrichment of Gene Ontology (GO) biological

processes enrichment analysis on various combinations of correlation motifs (Table 3.9B-

D). To test for significance, we used the same parameters as [26]. This included the use

of Fisher’s Exact Test, with topGO’s weight01 algorithm to account for the correlation

among GO categories in its graph structure. Categories with P value <0.01 were considered

significant. To determine the categories enriched in Motif 4+7 group only, we ensured that

these categories were not significant in any other group (P <0.01; Table 3.9B-D). To test this

in a more rigorous way, we then compared the enriched categories for Motif 4 and 7 group

given the genes in the two other groups (Table 3.9E) using the compareCluster function in

the R package clusterProfiler [222]. We used a q value cutoff of 0.05 [18] and set the size of

genes annotated by Ontology term for testing parameter between 3 and 3000.

3.5.11 Global analysis of variation in gene expression levels

We calculated the variance in gene expression level for each gene in each species. Since the

largest theoretical range of a variance is from 0 to infinity, we performed a log2 transformation

to each variance value (Figure 3.6). For the analysis with LCLs and the 4 tissues, we used

normalized gene expression data from the GTEx Portal (release V6p; gene expression data

is in RPKM) from lymphoblastoid cell lines and 4 additional tissues [87]. Three of the

four tissues are derived from the endoderm germ layer, liver, lung, and pancreas. The

heart tissue is mesoderm-derived, for comparison. We identified all of the genes that were

expressed and passed GTEx’s filtering criteria (n = 17,542 genes) as well as the individuals

that had contributed samples to all 5 tissues (n = 6). We then calculated and plotted the

log2 variance of the normalized gene expression using the same pipeline as before (Figure
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3.17B). For samples with associated purity values (n = 30), we calculated the effect of purity

gene expression levels. We regressed out effect of purity on gene expression levels on a gene-

by-gene basis using the linear model function in R in each species independently. We then

calculated the log2 variance of these residuals for each gene. We shifted the log2 variances

for these residuals so that the median at day 0 for each species = 1. For samples without

purity values (n = 32), we calculated the log2 variance of the gene expression levels for each

gene, and scaled the values so that the median at day 0 for each species = 1. For each gene

at each day for each species, we averaged the scaled log2 variances of the residuals and the

log2 variances of the gene expression levels (Figure 3.17B). We then performed a one-sided

t-test between the distribution of log2(variances in gene expression) from day 0 and day 1 in

each species, with the alternative hypothesis that the variation was greater in day 0 than day

1. We compared the effect sizes of interspecies DE genes with a one-sided Mann-Whitney

U test on magnitudes of effect sizes (Figure 3.17C). We tested the null that there was no

change in log2 fold change in gene expression across the species from day 0 to day 1, with

the alternative hypothesis that the average magnitude of effect of DE genes (FDR = 5%)

was greater in day 0 than day 1.

3.5.12 Gene-by-gene analysis of variation in gene expression levels and

calculating the proportion of true positives

To determine if there was an enrichment of genes undergoing changes in variation one species,

we used an F test to compare two variances in R (var.test command) for each gene using

the averaged log2(CPM) expression values of technical replicates. In these tests, the null

hypothesis was no change of variance in the gene expression levels between days and the

alternative hypothesis was a reduction in variation of gene expression levels between two

time points (a one-sided test). We calculated the P values for the F statistics from each test

and plotted the densities using ggplot2 [218]. If a P value distribution appeared to be even
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slightly skewed towards small P values, we used the R package qvalue to determine pi zero,

the true proportion of null statistics from a given P value distribution [192]. Its complement,

pi 1, is considered the proportion of significant tests from a P value distribution. We used

this process to analyze the reduction in variation in each species from days 0 to 1, 1 to 2, 2

to 3, and 0 to 2 (Figures 3.7A-B).

Afterwards, we used the same procedure (F tests) to test the alternative hypothesis that

the variation of gene expression increased between two time points. We determined o and 1

in the same manner as above to analyze the increase in variation in each species from days

0 to 1, 1 to 2, 2 to 3, and 0 to 2 (Figures 3.7A-B).

3.5.13 Estimating the proportion of genes that undergo a change in

variation in both species

We then estimated the true proportion of significant genes shared across species for a given

set of time points. Rather than take the intersection of the significant genes (for which

we would be underpowered), we adopted a method from Storey and Tibshirani 2003 [192].

This method was recently implemented by Banovich et al. 2016 to determine the sharing of

quantitative trait loci (QTLs) from different cell types [13, 192]. Using the P value distribu-

tions generated in the previous section, we subset the genes in species 2 conditioned on its

F statistic significance in species 1 (unadjusted P value <0.05). To test for an enrichment of

small P values, we used the P values from species 2 to determine o using the same process

as the previous section (Figures 3.7C-F, 3.20). We then repeated this process for other P

value cutoffs, including 0.01 and 0.10 (Figures 3.22-3.23). To determine robustness with

respect to the number of genes considered significant in species 1, we calculated o for species

2 conditioned on 100 genes with the lowest P values in species 1. This process was repeated

for the top 101 to all 10,304 genes (Figure 3.21).
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3.5.14 Estimating the null hypothesis for the proportion of genes that

undergo a change in variation in both species

To determine the null hypothesis for the 1 based on conditioning, we performed permuta-

tion tests. First, we combined the unadjusted P values from the F test for a reduction in

variation from days 0 to 1 in chimpanzees (species 1) and humans (species 2). We used the

randomizeMatrix function in the R package picante [110] to permute the P values of species

1 and then merged this P value distribution with the P value distribution from species 2.

We then determined pi zero in species 1 conditioned on its P value significance in species 2

(unadjusted P value <0.05). We repeated this process a total of 100,000 times and found the

complement of the 100,000 values (Table 3.14). We defined the permuted null hypothesis as

the mean 1 value. We then repeated this process, with humans as species 1 and chimpanzees

as species 2. For the enrichment analysis, we classified the genes with a reduced variation

of gene expression in both species using a 2 P value cutoff in the results of the F tests (P

<0.05 in one species and P <0.10 in the other species). We chose this method because

names of the overlapping genes can not be determined by Storey’s approach [192]. As de-

scribed in the Methods section, “Joint Bayesian Analysis with Cormotif”, we performed the

enrichment analysis using topGO with a significance of P <0.01 [1]. To determine the genes

associated with embryonic lethality response to perturbation, we entered our list of genes

into the Mouse Genome Database at the Mouse Genome Informatics website provided by the

Jackson Laboratory (http://www.informatics.jax.org/batch, [20, 69, 179]) and selected the

“Mammalian Phenotype” option. With this output, we eliminated any feature type that was

not a protein coding gene and those genes without an associated phenotype. For each gene

list, we calculated how many genes contained at least one of the following terms: “embryonic

lethality”, “prenatal lethality” or “lethality throughout fetal growth and development”.
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3.5.15 Ethics approval and consent to participate

Human fibroblasts samples for generation of iPSC lines were collected under University of

Chicago IRB protocol 11-0524. Informed consent to participate in the study was obtained

from all human participants. The original chimpanzee fibroblast samples for generation of

iPSC lines were obtained from Yerkes Primate Research Center of Emory University under

protocol 006-12, in full accordance with IACUC protocols [81]. All experimental methods

comply with the Helsinki Declaration.

3.5.16 Data availability

The datasets generated during the current study are available in NCBI’s Gene Expression

Omnibus [68] repository (GEO Series accession number GSE98411). All of our analyses using

R and the subsequent results can be viewed at https://lauren-blake.github.io/Endoderm TC/analysis/.

The GTEx Vp6 dataset is available at the GTEx portal, https://www.gtexportal.org/home/datasets

[87]. Data regarding genes associated with embryonic lethality response to perturbation

is provided by the Mouse Genome Database at the Mouse Genome Informatics website,

http://www.informatics.jax.org/batch.
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3.7 Supplementary Information

3.7.1 Supplementary Methods

A correlation-based method designed for short time-series gene expression studies

In order to classify gene expression trajectories across species, we used a Java program

specifically designed for time course microarray data with a small number of time points

called Short Time-series Expression Miner (STEM)[70, 182]. We used TMM-normalized

log2(CPM) expression values averaged across technical replicates (n = 40) because it was

unclear how we could both model expression with replicates and still use the program to

complete analyses related to the overlapping trajectories across species. We note that the

main paper used TMM- and cyclic loess- normalized log2 CPM data, but the two datasets are
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highly correlated (r >0.99). Per the STEM manual’s suggestion for removing gene expression

trajectories driven solely by technical noise, we prefiltered our set of 10,304 orthologous

genes using a minimum difference of at least one log2 fold change between the minimum and

maximum values (not necessarily across consecutive days). We also filtered out the genes

that were in the bottom quantile of the within-species correlations. We chose a quantile cutoff

rather than a value cutoff for each species because the chimpanzee samples were generally

more highly correlated than the human samples. To ensure that the same genes were used

for analysis, filtering was done outside of STEM using a custom R script and the union of the

gene passing filtering criteria in either species was utilized (i.e., a gene only needed to pass

inclusion criteria in one of the two species to be considered for further analysis). 3940 genes

remained post-filtering and were used to first run the chimpanzee and human expression data

separately (1 run each). Using the Clustering Method option, we used the “STEM Clustering

Method” and selected the options Maximum Number of Model Profiles = 125 and Maximum

Unit Change in Model Profiles between the Time Points = 2. The former was selected so that

we could still maintain a reasonable number of profiles (maximum of 125) and the number

of significant model profiles was relatively robust to the maximums unit change in model

profiles between time points. Since we had previously filtered the data, when we reached the

filtering stage in the program, we selected values in the STEM program that would not cause

any new genes to be removed. Specifically, we used the following options: Maximum Number

of Missing Values = 0, Minimum Expression Change = 0, Minimum Correlation between

Repeats = -1. We also normalized the data so that the first time point had a gene expression

level of 0 and all subsequent values would be log2 fold changes relative to the first time point.

We used the STEM package to calculate the correlation of each gene to each model profile

and to assign each gene to the model profile with which it had the highest correlation. We

noticed during early runs of this program using expression values from either species that

there were many highly correlated model profiles which we felt would still be well represented
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but be more interpretable if they were combined into a single profile. Therefore, we selected

the option to collapse highly correlated model profiles into a single representative model

profile. After each of our 3260 genes were assigned to model profiles, we used the package to

determine the significance of the number of genes assigned to each profile by a permutation

test. We therefore set options Maximum Correlation = 0.9, Number of Candidate Model

Profiles = 1,000,000, Number of Permutations per Gene = All permutations and Significance

Level = 0.05 with Correction Method = Bonferroni for the assignment and test of significance

steps. Through this process, we acquired the lists of all model profiles with at least 1 gene

assigned to it, the gene names assigned to each model profile, and which model profiles

were significant in each species. We used the “overlap” option in STEM to determine which

profiles were significant in both species or only significant in one species. To find genes that

were significantly enriched in correlated clusters, the compare option was used within STEM

using a maximum uncorrected intersection P value of 0.005 and only considering profile

intersections of at least 20 genes.

3.7.2 Supplementary Text

Joint Bayesian analysis provides relatively consistent estimates of the conservation of gene

expression patterns

As stated in the main text, the joint modeling technique Cormotif [217] leveraged expres-

sion information shared across time points to identify the most common temporal expression

patterns. In the main paper, we estimated the degree of conservation of trajectories based

on a model with 8 correlation motifs to be 75%. When we choose the most likely model

with 7 correlation motifs instead of 8 and used the same process to calculate the estimate

as in the main text, this percentage rose slightly to 80% (Figure 3.15B). We also calculated

the degree of conservation of gene expression trajectories using all 10,304 genes. We did

so by using other values generated by Cormotif, the posterior probabilities of differential
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expression (DE) for every gene at each state transition in each species (e.g. the posterior

probability of a given gene being DE in human samples between days 0 and 1). We calcu-

lated the percentage of genes with similar posterior probabilities of differential expression

(<0.20) across species at each comparison along the trajectory (e.g. a difference of <0.20

between the posterior probabilities of DE in the human and chimpanzee samples from days

0 to 1, as well as from day 1 to 2 and from day 2 to 3). The results suggested relatively

strong conservation of gene expression trajectories across species, as 67% of the 10,304 genes

tested had similar posterior probabilities of DE across species at all three comparisons. This

percentage was similar (71%) when we calculated this estimate with 7 correlation motifs in-

stead of 8. Overall, our estimates of the degree of conservation using analysis from Cormotif

were relatively consistent (range: 67%-80%).

The estimates of the conservation of gene expression patterns are relatively consistent

when using a joint Bayesian method and a correlation-based method

The joint modeling approach Cormotif allowed us to utilize the multiple data point struc-

ture of our data. There are also some limitations to this method, however. For example,

genes are grouped based on the probability that they are DE but the approach does not

take into account directionality. Therefore, genes with increased and decreased expression

could theoretically be included in the same correlation motif. Furthermore, Cormotif ulti-

mately relies on pairwise comparisons, albeit among all data points. To address some of

these considerations, and to ensure that our results are robust we used an additional ap-

proach to analyze the data. We utilized an approach specifically designed to group genes

with similar expression patterns for time-series studies with 8 or fewer time points, called

Short Time-series Expression Miner (STEM) [70]. After filtering genes that only showed

small changes in expression as recommended by the program (see Supplementary Methods),

3940 genes with relatively large changes in gene expression levels over the timecourse re-

mained for analysis. In the human samples, 3260 of these genes clustered into 9 significant
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model profiles (Figure 3.14B). (There were an additional 20 profiles that did not contain

enough genes to reach significance.) 2846 were clustered into 6 significant model profiles in

the chimpanzees (Figure 3.14B). (There were 24 additional non-significant profiles for the

chimpanzee samples.) All of the significant chimpanzee profiles are also significant profiles

using human samples, highlighting the similarities of gene expression trajectories across the

species. Supporting our assessment of the high degree of conservation, the 3 significant

human profiles that did not reach significance using chimpanzee samples nevertheless con-

tained the same ranking (by number of genes) in each species. To determine the proportion

of genes with conserved trajectories for this method, we analyzed all genes assigned to the

same cluster (1685 genes). We then identified an additional 1020 genes in similar clusters

(mean profile correlation = 0.73, see Supplementary methods below). Using this approach,

we discovered 2705 genes (or 69% of the 3940 genes analyzed) with the same or a highly

correlated trajectory across species. This high degree of conservation across the timecourse

is very similar to the estimates provided by the joint Bayesian method. We found that

the STEM clustering frequently assigned known regulators or markers of the differentiation

process to the same cluster. This increased our confidence in the results, as we had a prior

expectation that these markers would be assigned to the same or similar profiles for both

species. For example, EOMES and MIXL1, transcription factors essential for endoderm

formation, are assigned to the same clusters across species (Figure 3.14A). Furthermore, of

all the developmental regulators and markers examined (a total of 34 gathered from litera-

ture) the majority (70%) are assigned to the same cluster in both species, and an additional

20% assigned to highly similar profiles (correlation = 0.70). Most of these 34 genes (61%)

are assigned to just two profiles, suggesting that these profiles are likely the representative

trajectories for developmental progression and drivers of endoderm specification.
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Figure 3.7: Conserved patterns of reduced variation in gene expression at primitive
streak. We plotted the P value distributions of F tests of the null hypothesis that there is
no reduction in variation in gene expression levels as samples progress along the time course
in human (A) and chimpanzee (B) samples. Pi zero is the estimated proportion of null tests
in each distribution. In the next four panels, we plotted the P value distribution for the
same test, but included only genes whose variation was classified as reduced between states
in the other species; thus in (C) we plotted P value distributions of F tests in chimpanzees
only for genes who variation was classified as reduced (P <0.05) in humans and in (D) we
did the reverse. In (E) (chimpanzee conditional on human) and (F) (human conditional on
chimpanzee), we plotted the P value distributions of F tests of the null hypothesis that there
is increase in variation in gene expression levels as the samples progress from day 1 to 2.
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3.8 Supplementary Figures

Day 0 Day 1 Day 2 Day 3
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Figure 3.8: RNA Integrity Number (RIN) scores across biological variables of
interest. RNA quality was not confounded with day, species, or batch (Benjamini-Hochberg
adjusted Pvalue > 0.10 for individual linear models). Each point represents one sample.
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Figure 3.9: Principal components analysis (PCA) of normalized data. A. Prior
to the removal of one outlier sample (H1B at day 0). PC1 separates the data from H1B
at day 0 from all other samples. B. PCA of the TMM-normalized log2-transformed CPM.
PC1 separates the samples by time point (day). PC2 separates the human and chimpanzee
samples. C. PCA of the library-size normalized log2 reads per kilobase of transcription per
million mapped reads (RPKM). PC1 is strongly correlated with cell state (day). PC2 is
strongly associated with species.
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Figure 3.10: Purity gating information. A. Gating example for human (H5B) and chim-
panzee (C4B) timecourses. Dead cells, debris and doublets were removed prior to analysis
of fluorescent markers using SSC and FSC gates as shown to the left of each panel. B.
Summary of purity gating scheme. Minimal florescence is expected for the markers in black.
C. Box plot of purity estimates by day and species.
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Figure 3.11: Clustering of fluorescence values. Compensated fluorescence values pro-
jected onto the axes of the first three principal components. For plotting, we randomly
sampled 400 cells from each individual (total of 1600 cells per species) from each day sepa-
rately in humans (left panel) and chimpanzee (right panel). Thus each plot is a composite of
all days and all individuals, for a given species. The same set of 1600 cells is used through-
out the three panels and only the coloring indicating harvest day or cluster assignment is
changed.
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Figure 3.12: Distribution of potential confounder variables by day and species. A.
Harvest densities for each sample by day and species. B. Harvest times for each sample by
day and species. For more information about harvest densities or times.
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Figure 3.13: Correlation matrices of normalized log2(CPM) gene expression values
from 10,304 genes. A. Heat map of the Spearman’s correlation matrix of normalized
log2(CPM) gene expression values from 10,304 genes. Each square represents the Spearman’s
correlation of the normalized expression values between two samples. Samples from the same
day tend to be more highly correlated (dark blue) than samples from different differentiation
days (light blue). B. Heat map of the Pearson’s correlation matrix of normalized gene
expression values from 10,304 genes. The results are similar to A.
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Figure 3.14: Classifying genes into temporal profiles with Short time course ex-
pression miner (STEM) based on TMM-normalized log2(CPM) expression val-
ues. A. Temporal profiles for 16 known critical regulators or markers of the differentiation
process. Chimpanzee time course is shown using a solid line while the human time course
is shown using a dashed line. Expression is averaged and scaled by mean centering in order
to demonstrate magnitude differences at higher resolution. B. Temporal profiles determined
significant for either chimpanzee or human using STEM. Only genes that were assigned to
the same cluster in both species were plotted (grey lines). The colored lines indicate the
canonical model profile as defined by STEM. Colors indicate cluster assignment and are the
same as used in A. Expression across the time course is averaged and scaled (constraining
the data to fall between 1 and -1 by dividing by the absolute value of the most extreme value
observed throughout the time course) for each gene.
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Figure 3.15: Assessing the robustness of Cormotif results. The shading of each box
represents the posterior probability that a gene is DE between two time points in a given
species. Each row (”correlation motif”) represents the most prevalent expression patterns
along the trajectory. The Bayesian information criterion (BIC) and Akaike information
criterion (AIC) are goodness-of-fit measurements for the number of motifs in a model (for a
given seed). A. The BIC and AIC for models from seed 12345 allowing for 5 to 10 correlation
motifs. These plots highlight that the BIC and/or AIC was often minimized in models with
7 and 8 correlation motifs. B. The predominant expression patterns from a model with 7
correlation motifs (seed 4, see Methods for information about seed selection). The degree of
conservation across species calculated using this model is slightly higher than the estimate
from Figure 3.5 (80%, see Supplementary Information). C. The 8 correlation motifs and
number of genes assigned to the correlation motifs when using a pre-normalization method
to combine technical replicates (seed 66). The predominant expression patterns and the
number of genes assigned to each expression patterns are similar to Figure 3.5. D. The 8
correlation motifs and number of genes assigned to the correlation motifs when the data
points are compared to day 0 rather than the previous day (seed 66). Here, we also observed
similar expression trajectories across species (particularly motifs 1, 3, 4, 6, 7, 8).
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Figure 3.16: Principal component analysis (PCA) of normalized, combined data
(n = 40) A. PCA of the normalized data after averaging the log2(CPM) gene expression
values across technical replicates (n = 40 data points). PC1 is highly correlated with time
point (day) and PC2 is highly correlated with species. B. PCA of the normalized data after
combining the gene counts of technical replicates prior to normalization (n = 40 data points).
Note that this plot produces similar results to A.
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Figure 3.17: Assessing the variance of gene expression levels. A. Boxplot of the
log2 variances of normalized RPKM gene expression levels from lymphoblastoid cell lines
(LCLs) and 4 tissues collected by the GTEx Consortium. The distribution of variance of
gene expression levels in LCLs are similar to those of the 4 GTEx tissues. B. Box plot of the
scaled and averaged log2 variances of gene expression levels for each gene. For samples with
associated purity values (n = 30), we regressed out the effect of purity and then calculated
the log2 variance of the residuals for each gene. We shifted the log2 variances of these
residuals (n = 30) to match the scales of the log2 variances of gene expression levels in
samples without purity values (n = 32) independently and then averaged the values for each
gene. The log2 variance values are lowest at the primitive streak (day 1). C. Distributions
of effect sizes of differentially expressed (DE) genes between species across days. Box plot
of the absolute value of the log fold change (Absolute logFC) in gene expression between
species, at each day. The effect sizes are lowest at the primitive streak (day 1), though the
overall effect size is quite modest.
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Figure 3.18: The number of interspecies DE genes using a pairwise, linear model-
based approach (limma) is lowest in the primitive streak state. A. Venn diagram
of all DE genes across species at 1% FDR. B. Venn diagram of all DE genes across species
at 10% FDR. C. Venn diagram of all DE genes across species at 5% FDR using normalized
RPKM values. D. Venn diagram of all DE genes across species at 5% FDR with the samples
from differentiation batch 1 (n = 31). E. Venn diagram of all DE genes across species at 5%
FDR with the samples from differentiation batch 2 (n = 32). F. Venn diagram of all DE
genes across species at 5% FDR with only the samples for which we determined purity (n
= 30). G. Venn diagram of all DE genes across species at 5% FDR with 24 samples. Each
comparison group contained the samples with the 3 highest purity estimates pairs (e.g. 3
human samples at day 0, 3 chimpanzee samples at day 0, etc.). H. Venn diagram of all DE
genes across species at 5% FDR with 24 samples. These samples had the 3 lowest purity
estimates for each of the 8 day-species pairs. I. Venn diagram of all DE genes across species
with a global correction at 5% FDR. This global correction approach combines the Pvalues
from all contrasts into one vector (our study contained 13 contrasts) and then applies a
Pvalue correction on this single vector.
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Figure 3.19: Reduced variation in gene expression at the primitive streak is main-
tained when using a bootstrap method to calculate pi zero. Results from F tests
against the null hypothesis that there was no reduction in variation in gene expression levels
(day 1 versus 0, 2 versus 1, 3 versus 2, and 3 versus 1) in the chimpanzee (A) and human
(B) samples. In both plots, the largest proportion of genes with reduced variation occurred
at the primitive streak state.
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Figure 3.20: The reduction of variation in gene expression is localized to the
primitive streak. A. Pvalue distributions from F tests against the null hypothesis that
there was no reduction in variation in gene expression levels as the samples progress along
the time course. Each plot shows the Pvalue distribution from F tests for all genes from
a given species (orange for chimpanzee and blue for human) and from only genes in that
species for which reduced variation was detected in the other species (P< 0.05, white). B.
Same as (A) except the results from F tests against the null hypothesis that there was no
increase in gene expression levels (increased in day 1 compared to 0, 3 compared to 1, 3
compared to 2).
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Figure 3.21: The patterns of change of variation in gene expression are robust with
respect to a cutoff based on the number of genes. Pvalue distributions of F tests
against the null hypothesis that there was no reduction in variation in gene expression levels
as the samples progress along the time course in human (A) and chimpanzee (B) samples. In
each test, Only the N genes whose variation was classified as reduced between states in other
species were included. pi zero is the estimated proportion of null tests in each distribution.
We then plotted the Pvalue distributions of F tests against the null hypothesis that there
was no increase in variation in gene expression levels as the samples progress along the time
course in human (C) and chimpanzee (D) samples. Again, only the N genes whose variation
was classified as reduced between states in other species were included.
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Figure 3.22: The patterns of change of variation in gene expression are robust
with respect to Pvalue cutoff in the chimpanzee samples. Pi zero is the estimated
proportion of null tests in each distribution. A. Pvalue distributions from F tests against
the null hypothesis that there was no reduction in variation in gene expression levels as the
samples progress along the time course for all genes from the chimpanzee samples (orange)
and the genes in chimpanzees that were significant in the human samples (white, P< 0.01
on top, P< 0.1 on bottom row). Pi zero in the Days 1 to 2 test could not be computed in
the top row. B. Pvalue distributions of F tests against the null hypothesis that there was no
increase in variation in gene expression levels as the samples progress along the time course
for all genes from the chimpanzee samples (orange) and the genes in chimpanzees that were
significant in the human samples (white, P< 0.01 on top, P< 0.1 on bottom).
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Figure 3.23: The patterns of change of variation in gene expression are robust with
respect to Pvalue cutoff in the human samples. Pi zero is the estimated proportion
of null tests in each distribution. A. We plotted the Pvalue distributions of F tests against
the null hypothesis that there was no reduction in variation in gene expression levels as the
samples progress along the time course for all genes from the human samples (blue) and the
genes in humans that were significant in the chimpanzee samples (white, P< 0.01 on top,
P< 0.1 on bottom row). B. Next, we plotted the Pvalue distributions of F tests against
the null hypothesis that there was no increase in variation in gene expression levels as the
samples progress along the time course for all genes from the human samples (blue) and the
genes in humans that were significant in the chimpanzee samples (white, P< 0.01 on top,
P< 0.1 on bottom).
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Figure 3.24: Assay of pluripotency for iPSC lines used in this study. A. Immunocy-
tochemistry (ICC) staining of spontaneously differentiated embryoid bodies for chimpanzee
iPSC lines. B. Immunocytochemistry (ICC) staining of spontaneously differentiated embry-
oid bodies for human iPSC lines, antibodies identifying celltypes derived from the three germ
layers as indicated.Scale bar: 200 uM.
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Figure 3.25: Quality control for the iPSC lines used in this Study. A. Karyotypes
for human and chimpanzee iPSC lines. We identified additional bands in the p-arms of one
chromosome 13 homolog and one chromosome 18 homolog for chimpanzee iPSC line C3.
Thus we tested the source fibroblast line (C3 FB) to determine that these polymorphisms
were normal polymorphisms and not formed de novo as a result of reprogramming. B. PCR
gel to test for exogenous episomal reprogramming vectors in all iPSC lines used for this study.
Pos indicates positive controls,Neg is a negative control. Human line H5 demonstrates a clear
positive result for reprogramming plasmid.
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3.9 Supplementary Tables

Table 3.1: Purity estimates for each of the 63 samples. Column 1 contains the Sample
ID and Day. Column 2 contains the purity estimate. Samples without purity estimates were
assigned an “NA” designation.

Table 3.2: RNA Integrity Number (RIN) measured with a Bioanalyzer (Agilent)
for each of the 63 samples. Column 1 contains the Sample ID and Day. Column 2 contains
the RIN score. Samples without RIN scores are annotated with an “NA” designation.

Table 3.3: TMM- and cyclic loess-normalized log2 counts per million for the
10,304 genes analyzed in this study for each of the 63 samples. Column 1 provides
the Ensembl gene name. Row 1 contains the Sample ID and Day (to the left and right of
the hyphen, respectively).

Table 3.4: Biological and technical factors of interest, and the accompanying val-
ues for each of the 63 samples. (A) This file contains sample information (including
identifiers and demographics), experimental details, nucleic acid extraction information, li-
brary preparation information, sequencing information, and quality metrics. Row 1 contains
the type of information. Row 2 contains a description of the variable, including units of
measurement, if applicable. Row 3 lists the variable name. Rows 4-66 provide the values for
each variable for the 63 samples. Row 67 contains information for the outlier sample, H1B.
(B) A glossary of the technical factors and their definitions for this study.

Table 3.5: Information about the sharing of DE genes across species for a given
transition (e.g. day 0 to 1). Column 1 lists the days which were tested for DE genes in
each species. The “pval” refers to the Bonferroni-Hochberg adjusted p-value.

Table 3.6: Gene Ontology results. GO when comparing the two most divergent expression
patterns, motifs 4 and 7 from Figure 3.5, to the 10,304 genes studied. The output is from the
Panther database testing for an overrepresentation of genes in given GO biological process
categories, using the Bonferroni correction for multiple testing.
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Table 3.7: The number of interspecies DE genes under various conditions. Column
1 lists the number of samples and FDR cutoff. All tests used TMM- and cyclic loess-
normalized log2(CPM) unless otherwise stated. Columns 2-10 list the total number of DE
genes and day-specific DE genes at each day. The same voom+limma pipeline was used to
generate all DE statistics (see Methods).

Table 3.8: P-values from model comparisons for each recorded technical variable.
Column 1 lists the technical variables. The technical factor type in Column 2 corresponds to
the data type (1 = categorical variable with more than two levels, 2 = categorical variable
with two levels, 3 = numerical variable), which impacted the model type (Methods). P-
values were generated for models of the technical factors from days 0-1 (Column 3) and from
days 0-3 (Column 4). Non-significant P-values in all of the day 0-1 tests and most of the
day 0-3 tests suggests that variation was relatively well distributed between the days and
between the species.

Table 3.9: Distributions of P values from all F tests. (A) P-value distributions from
F tests of reduced variation from day 0 to 1, 1 to 2, 2 to 3, 1 to 3 in each species. (B) P-value
distributions from F tests of increased variation from day 0 to 1, 1 to 2, 2 to 3, 1 to 3 in
each species.

Table 3.10: 100,000 pi zero values calculated from permuted P-values obtained
from F tests for reduced variation in gene expression levels. Column 1 contains 0
estimates for the chimpanzee samples conditioned on significance in human samples based
on permutations (mean = 0.274, standard deviation = 0.046). Column 2 is the same data
type but was calculated using human samples conditioned on significance in chimpanzees
(mean = 0.825, standard deviation = 0.050).

Table 3.11: Log-likelihoods for Cormotif models using 7 and 8 correlation motifs.
Columns 1 and 2, respectively; seeds 1-100 were used to generate both lists.
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CHAPTER 4

INTEGRATING CLINICAL AND BIOLOGICAL DATA TO

PREDICT TREATMENT RESPONSE IN INDIVIDUALS

WITH ANOREXIA NERVOSA.

4.1 Abstract1

Maintenance and recovery after hospitalization for anorexia nervosa (AN) is challenging,

and up to 45% of patients are rehospitalized. Better predictions of outcomes post-discharge–

specifically for those at risk for poor outcomes, which are less studied than who does well–

could enable earlier and more personalized interventions. To develop predictive models, we

used clinical, demographic, and biological information that was available in 29 females with

AN at hospital admission, discharge, and 3 timepoints post-discharge from the UNC Eating

Disorder Unit. We could not robustly predict body mass index (BMI), change in BMI, or

rehospitalization at any time point. Based on these analyses, we suggest a new framework

for predicting treatment response in individuals with anorexia nervosa.

Our findings concerning clinical outcome also point to new areas for research. Consistent

with previous findings, BMI at discharge is well correlated with BMI post-discharge. Un-

expectedly, we found that BMI at discharge showed minimal correlations with rate of BMI

change, and this effect was replicated in an independent cohort. These results suggest that

change in BMI may play an important role in rehospitalization, in a way that is distinct

from absolute BMI.

1. Citation for chapter: Lauren E Blake, Rachel Guerra, Christopher Hubel, Laura M. Thorton, Tae Kim,
Yuxin Zou, Patrick F. Sullivan, Cynthia M. Bulik, Jessica H. Baker. Integrating clinical and biological data
to predict treatment response in individuals with anorexia nervosa. Manuscript in prep.
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4.2 Introduction

4.2.1 The importance of predicting outcome for individuals with anorexia

nervosa (AN)

Anorexia nervosa (AN) is a heritable eating disorder, in which symptoms include low body

weight and an extreme fear of gaining weight [5, 6, 72, 97]. Individuals with AN at extremely

low body weights (e.g. ¡ 75% of ideal body weight) are often hospitalized in specialized units

for nutritional rehabilitation [5, 85]. After refeeding and weight gain in the hospital, these

individuals are discharged to lower levels of care [5, 41]. Maintenance and recovery after

hospitalization for AN is challenging, and up to 45% of patients are rehospitalized [43,

186]. Rehospitalization generally occurs within 18 months of discharge [186]. Underscoring

the severity and chronicity of disorder, over 20% exhibit a severe and enduring course of

AN [67, 104]. Better predictions of outcome post-hospital discharge could enable earlier

and more personalized interventions [74]. In particular, understanding those with poor

outcomes, who are less studied than individuals that do well, is important [67, 78, 79]. In

particular, prediction is a critical step in determining earlier interventions and developing

more personalized therapies for AN.

4.2.2 Challenges for predicting outcomes in AN

While prediction has important clinical implications, building robust predictive models of

AN outcome has been extremely difficult. One challenge is that the field lacks consensus on

which outcome(s) to predict. For example, AN symptoms or diagnosis criteria are frequently

used [67, 73]. Post-discharge BMI has also been studied [107], but the clinical utility of

BMI in AN is somewhat uncertain [129]. Other studies have attempted to predict “weight

relapse”, but since there is no consensus definition for weight relapse [114], this endpoint is

difficult to study in a reproducible way. Few studies have focused on rehospitalization as
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an endpoint [43]. Additionally, behavioral, social, and psychological factors vary in their

ability to predict AN outcomes [126]. The lack of subjective predictors has led to the

investigation of objective predictors of outcome in individuals with AN [19, 136]. Most

studies incorporating biological information have focused on weight or hormone levels during

hospitalization [19, 30]. Hormone levels– including leptin, ghrelin, and insulin-like growth

factor-1– are not consistently associated with outcome [98, 150, 190, 193, 207]. Whether

studies use subjective and objective predictors, most have very small sample sizes (generally

<50 individuals) and do not attempt to replicate in another dataset [43, 95, 186]. Both of

these factors likely contribute to the lack of reproducibility of these predictors [38].

4.2.3 Gene expression levels as predictors of outcome

Other psychiatric subfields have explored genome-wide measures, including gene expression

levels, as objective predictors for disorder diagnosis and treatment [31, 44, 99, 106]. Gene

expression levels are tested as biomarkers because they are quantitative, relatively unbiased,

and relatively easy to obtain [139]. For an AN cohort, blood-based measurements are partic-

ularly attractive, as blood is drawn at admission, at discharge, and during hospitalization as

part of the standard of care. Gene expression levels assessed from blood in individuals with

AN at admission and discharge was tested in a pilot study [117]. We investigated gene expres-

sion levels in whole blood as candidate biomarkers for outcomes within 1 year post-discharge.

To develop predictive models, we obtained clinical, demographic, and biological information

from 29 females with AN at admission, discharge, and 3 timepoints post-discharge from the

Eating Disorder Unit (EDU) at the University of North Carolina. Unfortunately, we could

not predict BMI, change in BMI, or rehospitalization at any time point in a replicable man-

ner. However, we do demonstrate a low correlation between discharge BMI and change in

BMI post-discharge, which we replicated in an independent cohort. This result has strong

implications for the definition of outcome in predictive models. Overall, the results of this

129



pilot investigation will inform the design of future studies predicting AN patient outcomes.

4.3 Results

4.3.1 Study design and sample characteristics

We performed a longitudinal study of individuals with AN (females over 15 years of age)

hospitalized in the EDU (Figure 1A; Methods). We collected information at 5 time points:

admission, discharge, 3 months post-discharge, 7 months post-discharge, and 12 months post-

discharge (Figure 1B). At EDU admission, we collected extensive clinical and demographic

information, as well as whole blood samples from 55 individuals (Figure 1B; Methods).

Within 24 hours of collection, whole blood samples were sent for laboratory analysis, includ-

ing complete blood count (CBC), metabolic panel, and RNA-sequencing (Methods). Each

individual underwent inpatient treatment at the EDU for at least 7 days (Figure 1B) [117].

At discharge, we again collected clinical information and a whole blood sample (Figure 1A).

At 3, 7, and 12 months post-discharge, we collected clinical information, including weight,

eating disorder severity, and treatment status (Figure 1A, 1C-D). Additional collection and

patient information can be found in the Methods.

4.3.2 Nutritional rehabilitation treatment induces significant biological

changes

We sought to characterize the variation in clinical and gene expression measurements across

our patients and timepoints. The majority of patients gained weight during hospitalization,

and weight gain increased with time spent in the EDU (Figure 2A). This change was also

reflected in the global survey of gene expression variation (Figure 2B; Methods). When we

performed a principal component analysis (PCA), we found that the first principal compo-

nent (PC) was correlated with RIN score (Figure 2B; regression of PC1 by RIN, Pearson’s
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BMI at 3 months post-discharge
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A)

C) D)

B)

Variable Mean/SD (Range) or Frequency 
Age 25.2 / 8.3 (15-50) 
Age of AN onset 16.4 / 5.1 (9-41) 
Number of previous hospitalizations 1.5 / 2.8 (0-13) 
AN subtype Restricting = 64%, Binge/purge = 34%, 

EDNOS = 2% 
Weight (lbs) 90.7 / 13.1 (54-121) 
BMI at admission 15.1 / 1.8 (10-18) 
Days on EDU 30.5/17.2 (7-78) 
Discharged against medical advice 
(AMA)? 

No = 80%, Yes = 20%  

Figure 4.1: Study design and information about nutritional rehabilitation. (A)
Study design and outcomes measured. (B) Selected sample information taken during hospi-
talization. (C) BMI at 3-months post discharge (D) Change in BMI/month from discharge
over the next 3 months.

r = 0.34). PC2 is correlated with time, as well as age of admission and 5 of the CBC mea-

sures (regression of PC2 by time, r = 0.23 and r = 0.24-0.37, respectively). This indicates

that sample quality, including cell type heterogeneity, is a major factor for gene expression
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variation in our data.

We used a linear model framework to identify gene expression changes between admission

and discharge (Methods). We classified 551 genes as differentially expressed (DE) between

timepoints (at FDR of 5%; Table 4.1). Using Gene Ontology (GO), we found that many

of these genes are enriched in metabolic pathways. When we included weight change as

a covariate, only 8% of these genes remain DE, suggesting a strong genomic response to

nutritional rehabilitation and, potentially, subsequent weight gain.

A) B)

Figure 4.2: Biological samples at admission and discharge. (A) Patient weight gain is
highly correlated with number of days in the EDU. The blue line is a best-fit linear regression
line. Grey shading is the 95% confidence interval. (B) A global survey of gene expression
variation (n = 43 individuals in the 3 months post-discharge).

4.3.3 Characterizing post-discharge outcomes

We then sought to understand the impact of clinical variation on patient outcome. We

considered three metrics for post-discharge outcome: BMI, change in BMI/month, and re-

hospitalization (Figure 1C-D, Methods). Most individuals in our study continued to increase
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in BMI post-discharge, particularly in the first 7 months post-discharge (84%, 79%, and 75%,

at 3-, 7-, and 12-months post-discharge, respectively). The average change in BMI/month

were also positive. Unsurprisingly, a larger percentage of individuals were rehospitalized due

to eating disorder symptoms later in the time-course than the first 3 months (15-31%).

We next focused on outcomes forindividuals that discharged against medical advice

(AMA), a group of particular interest to AN clinicians. Interestingly, individuals gained

similar amounts of weight in the hospital regardless of AMA discharge status. However, in-

dividuals that discharged AMA were more likely to lose weight in the next 3 months than

individuals that did not discharge AMA (P <0.05, Figure 3).
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Figure 4.3: AMA Discharge Status Individuals that discharged AMA were more likely
to lose weight over the next 3 months than individuals that did not discharge AMA..
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4.3.4 Variation in gene expression levels does not robustly predict

variation in any outcome

Finally, we sought to predict patient outcome based on clinical and gene expression data.

We implemented a support vector machine-based model from machine learning to predict

individual outcomes using gene expression profiles [2].Our model contained 1000 genes that

the expression levels were most highly associated with, along with 8 additional clinical and

technical variables (Methods). Due to extreme physiological changes during nutritional

rehabilitation (Figure 2A), we included only discharge gene expression levels. We would

ideally have accounted for overfitting by building the predictive model on our data set and

then validated this model on a data set collected independently. However, we were unable

to acquire an analogous data set with gene expression levels and outcomes post-discharge.

Therefore, we initially focused onBMI 3 months post-discharge. Specifically, we constructed

a model using 29 individuals for which we had data from each time point. We then tested

the model on an additional 12 individuals from our study with missing data at later time

points (Figure 1A). Using this strategy, we were unable to reliably predict BMI 3 months

post discharge (R <0). We repeated this process using change in BMI/month over the first 3

months post-discharge, and also could not predict this outcome. We attribute these results

to a small sample size.

In a model without gene expression levels, BMI at discharge was a significant predictor

for BMI 3 months post-discharge (Figure 4A), but not change in BMI/month over the same

time period (Figure 4B). When we investigated this trend further, we found that BMI at

discharge is lowly correlated with rate of BMI change (r = 0.19, 0.10, -0.05, respectively, P

>0.29 for each time point). This pattern could not be explained by rehospitalization status

(Figures 4B-C). This low correlation replicated in an independent cohort of individuals with

AN treated at the University of Pittsburgh Medical Center (Methods, P >0.35). Overall,

these results suggest that discharge BMI alone could be used to predict BMI range post-
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discharge, but can not be used to determine whether an individual will increase or decrease

in BMI post-discharge.
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Figure 4.4: Relationship between BMI at discharge and outcomes. (A) Consistent
with previous findings, BMI at discharge is well correlated with BMI post-discharge (Pear-
son’s r = 0.60, 0.53, 0.41 for 3-, 7- and 12-months post-discharge, respectively, P <0.01 for
each). (B) BMI at discharge is lowly correlated with BMI change/month (r = 0.19, 0.10,
-0.05, respectively, P >0.29 for 3-, 7-, and 12-months post-discharge), which replicated in
an independent cohort from the University of Pittsburgh. (C) As expected, the increase
in BMI/month is greater in individuals that were not rehospitalized within 3 months than
those people that were rehospitalized.

4.4 Discussion

Over 20% of individuals hospitalized with AN are re-hospitalized within 1 year [43]. This

cycle creates a “revolving door” phenomenon in care that is financially and psychologically

burdensome for patients and families. Many studies have identified differences in clinical and

biological factors that are associated with differences in outcomes [79, 94, 119]. Therefore,

a natural next step is predicting post-discharge outcome. Indeed, robust prediction is ex-

tremely important for earlier and more targeted intervention. In addition, predictive models
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could help determine the level of care needed after hospital discharge and be used to educate

patients and families about their personal risk for a given outcome.

Despite its potential to impact patient care, developing robust predictive models of AN

outcome has proven exceptionally difficult. This lack of robustness could be driven by

challenges with outcome (response variables), predictor variables, or study design. Therefore,

our original goal was to identify genes whose expression levels were predictive of outcome

within 1 year of hospital discharge. While we failed to meet this objective, this pilot study

highlights key considerations for future AN outcome prediction studies.

4.4.1 Prioritize defining measurable, meaningful, and clinically actionable

outcomes

A response variable should be measurable, meaningful and clinically actionable. For example,

in the field of cardiology, there is a calculator for the 10-year risk of heart attack [86]. In

AN, AN diagnosis, weight, or BMI post-discharge are used [79]. Although BMI can be easily

measured, the meaning is less clear [147].For BMI post-discharge to be used as an outcome,

first a reproducible relationship between BMI and AN severity should be established.

Recognizing that change in BMI might be more important than absolute BMI, other

studies have attempted to predict “weight relapse”. However, there is no consistent definition

of weight relapse in the field [114]. Rather than pick a definition of weight relapse, we decided

to predict change in BMI/month. Admittedly, this value can be easily calculated but its

implications are currently unknown.

There is some literature to suggest change in weight is meaningful. For example, prelim-

inary work suggests that a rapid increase in weight post-discharge is more highly correlated

with BMI after 1 year [132]. Consistent with previous studies [28, 138], BMI at discharge is

significantly associated with BMI post-discharge but not change in BMI/month (Figure 4).

These results suggest that we can currently predict the approximate BMI of an individual
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post-discharge, but not whether patients will increase or decrease weight over time. This is

a subtle but important distinction because it means that factors that predict post-discharge

BMI (such as discharge BMI) may not predict the direction of change in BMI. Future studies

that set out to predict BMI post-discharge should also attempt to predict change in BMI

post-discharge.

An outcome that may be clinically actionable is risk of rehospitalization [43, 95, 186].

Rehospitalization is a clearly-defined endpoint. Furthermore, earlier and more frequent in-

tervention at lower levels of care could help prevent rehospitalization. While higher risk of

rehospitalization may be clinically actionable, more research needs to be done to assess the

reproducibility of rehospitalization risk. This work is particularly important in the United

States, due to the influence of health insurance plans on whether an individual with AN

enters inpatient treatment. To decrease the influence of insurance on outcome, one area to

explore could be the risk of a particular eating disorder related symptoms, such as body

mineral density or the risk for a cardiac incident [74, 105, 141, 175].

4.4.2 The importance of study design, including replication

Even if we are able to find an appropriate outcome, current sizes of AN studies make it

difficult to establish robust relationships between predictors and outcomes. Therefore, it is

important for eating disorder researchers to collect the same predictors (phenotypes) and

outcome information. This consistency will allow for replication using data from multiple

centers, as we did with data from the University of Pittsburgh Medical Center. It is also

important for metadata (including technical variables) to be collected and made available,

particularly in eating disorder genomic studies [103].

Another course of action to be implemented in parallel is to use larger scale data, such

as those from electronic health records or national registries, to generate hypotheses [173].

Then, these hypotheses could be rigorously tested in smaller, more well controlled studies
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with deep phenotype information.

Overall, without progress in the areas of outcomes and study design, it is unclear whether

any collected biological measure (e.g. hormone levels, gene expression levels, etc.) will

robustly predict AN outcome post-discharge. Working through these challenges will enable

prediction that impacts the care of individuals with AN.

4.5 Methods

4.5.1 Participants and Ethics Approval

Participants were females over 15 years old who met DSM-5 Criteria for AN. All individuals

were admitted for inpatient treatment at the Eating Disorder Unit (EDU) at the University

of North Carolina at Chapel Hill Center of Excellence for Eating Disorders. This study

was approved by the Biomedical Institutional Review Board at the University of North

Carolina at Chapel Hill. All participants provided written informed consent. For information

regarding the replication data collected at the University of Pittsburgh Medical Center, see

[28].

4.5.2 Clinical and Whole Blood Information

Individual’s weight and height was collected during hospitalization, and BMI calculated,

in the same manner as [117]. Additional information was collected from patient surveys and

electronic health record (EHR) access. Post-discharge follow up information was collected

via phone calls by trained research assistants. Blood draws were made as described in [117].

1 of the 2 tubes of whole blood was mailed to the NIMH Center for Collaborative Genomics

on Mental Health Disorders at Rutgers University for RNA extraction and processing. The

University of North Carolina High Throughput Sequencing Facility added barcode adaptors
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and sequenced the 50 base pair paired-end RNA-seq libraries on the Illumina HiSeq 2500 on

two flowcells. After sequencing, we confirmed that the raw RNA-seq reads of high quality

using FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/).

4.5.3 Quantification, normalization, transformation, and QC of the

RNA-seq reads

As recommended by the Lineberger Bioinformatics Core, reads were mapped to hg38 (GRCh38.p2,

Gencode Release 22) using STAR (v2.6.0a) [60, 61] and quantified these transcripts from

these files using Salmon (version 0.8) [154]. The R/Bioconductor package tximport was used

to associate transcripts to genes [184]. TMM-normalized log2(CPM) gene expression val-

ues were calculated [121]. To assess the data quality, we performed Principal Components

Analysis (PCA) on the normalized log2(CPM) values. After recording clinical, biological,

demographic, and technical factors, we explored the relationship between these factors and

the PCs in the same manner as [21].

4.5.4 Pairwise differential expression (DE) analysis and weighted gene

co-expression network (WGCNA) construction

Differential expression analysis was performed using a linear model-based empirical Bayes

method using the R packages limma+voom [121, 164, 180]. For the initial pairwise differential

expression comparison, the timepoint and 8 other variables were modeled as fixed effects,

and individual as a random effect. A second comparison was made with the same model, but

also including weight change as a fixed effect. For each pairwise DE test, multiple testing

was corrected for using the Benjamini and Hochberg false discovery rate [18]. Gene Ontology

(GO)[4] was implemented as described in [21]. The CRAN/R package WGCNA [120] was

utilized to construct networks for each set of DE genes (FDR-adjusted P value <0.01), using
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the default parameters.

4.5.5 Choice of outcomes

First, we needed to determine which outcome to predict. We initially considered looking at

trajectories. These trajectories were inconsistent (e.g. very few individuals that consistently

gained consistently or lost during the 1 year post-discharge). Then, we considered moments of

the BMI distribution from discharge to 12 months post-discharge. Average weight (discharge

to 12 months post-discharge) is hard to interpret clinically. Due to weight fluctuations and

lack of clinical support, we chose not to construct a cut off for the BMI change that would be

considered significant. Therefore, we chose to focus on BMI at 3-, 7-, and 12-months post-

discharge and change in BMI/month between these three time points as target variables.

4.5.6 Attempts to build predictive models

For each outcome, we used LASSO regression to determine the top 1000 genes in which vari-

ation in expression levels were most predictive of the particular outcome. We also included 8

additional clinical and technical variables in our support vector machine-based models. The

clinical and technical covariates were significantly associated (P <0.05) with discharge gene

expression levels PCs 1, 2, 3, 4, or 5: age at admission, absolute monophil count, absolute

neutrophil count, absolute eosinophil, absolute leukocyte count, RIN score, and binge eat-

ing status. We used the 29 individuals for which we had data from each time point in the

models. The support vector machine (SVM)-based models were generated using the R pack-

age e1071 (https://cran.r-project.org/web/packages/e1071/vignettes/svmdoc.pdf) [101, 2].

The models were tested on the additional 12 individuals from the 3 months post-discharge

timepoint.
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CHAPTER 5

CONCLUSION

5.0.1 Eating disorder genetics

Notably, the goal of human genetics is to better understand human complex traits and

diseases. As described in previous chapters, a properly designed study can facilitate this

biological understanding. In Chapter 2, the use of matched tissues between species allowed

us to estimate the contribution of DNA methylation to conserved inter-tissue differences in

gene expression. We also found that conserved gene regulatory differences are more likely

to be involved in gene regulatory networks and protein-protein networks than non-conserved

differences. In Chapter 3, we leveraged matched induced Pluripotent Stem Cell (iPSC) pan-

els from humans and chimpanzees. In this developmental timecourse from iPSCs to the

endoderm stage, my collaborators and I found high conservation during the differentiation.

Furthermore, we reported a reduction in regulatory variation at the primitive streak stage in

a significant number of genes. Due to our study design and careful analysis of technical vari-

ables, we were able to provide evidence that this canalization is driven by biological, rather

than technical, factors. Finally, in Chapter 4, I discussed power to identify biologically-based

predictors in the context of a longitudinal study design.

Indeed, study design plays a critical role in all types of comparative studies, whether the

goal is to understand differences between tissues, species, or diseased and healthy individu-

als. In particular, genomic studies can be very useful for understanding complex traits and

diseases, including eating disorders. When designed properly, genomic studies can uncover

biological mechanisms and may be used for prediction related to the disorder and treatment.

For example, understanding the underlying biological mechanisms for a given disorder can

help to develop new drug targets [195]. This course of action is particularly important for

eating disorders, as few medications are available specifically for BN or BED, and no phar-
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macological interventions have been approved specifically for AN treatment [174]. This line

of research could also help the field gain a greater understanding of how existing pharma-

cological interventions work [195]. There may be treatments that could be developed to

ease the process of recovery for AN patients, including nutrient absorption and the pain

experienced during nutritional rehabilitation [117].

Knowing that the treatments are important, anoter developing area within eating disor-

ders is that of prediction. Determining risk of eating disorders, responses to treatment, and

risk for relapse has major implications for screening [114]. Integrating genomics into one’s

risk profile could increase prediction performance metrics, which will ultimately increase

patient care. Prediction is also important for personalized medicine. Currently, individuals

with eating disorders are often treated with therapeutics for comorbid conditions. Unfor-

tunately, these drugs are not tested in very low weight individuals, such as those with AN.

Since weight influences metabolism, some clinicians use genetics to inform which therapeutic

to prescribe [36]. As additional therapeutics become available for the treatment of eating dis-

orders and common comorbidities, individuals could be prescribed an intervention(s) shown

to be most effective for their clinical and genetic profile.

Our efforts to understand the biology of eating disorders will have a profound social and

psychological impact on eating disorder patients and their families. Like many psychiatric

disorders, eating disorders are both highly stigmatized and poorly understood [36]. There-

fore, diagnoses often lead to feelings of shame and guilt [65]. These feelings can be alleviated

by understanding the neurobiological and genetic causes for these disorders, providing con-

siderable and immediate relief to patients and their families [36].

Legitimate challenges exist for the field. Therefore, I will now describe recent progress in

eating disorder genomics and consider key challenges in uncovering the biological mechanisms

of eating disorders and in predicting eating disorder outcomes. From my discussion of these

challenges, I also identify opportunities to improve future genomic studies of eating disorders.
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5.0.2 Progress on the use of genetics to understand the biological

mechanisms of eating disorders

At this point, research into the genetic risk factors of AN and other eating disorders is still

in its early stages [36]. Furthermore, the majority of eating disorder research has focused

on AN. The second and most recent genome wide association study (GWAS) of AN found

the heritability of AN to be 11-17% [215]. In this study of over 16,000 AN cases and 55,000

eating disorder controls, 8 SNPs were associated with differences between AN cases and

controls [215]. Some of these SNPs associated with AN cases have also been associated with

metabolic traits, such as body mass index (BMI) [215].

5.0.3 Challenges and possible solutions going forward

I believe that the AN GWAS represents major progress. It, however, also highlights many

of the challenges to the field going forward. All 8 significant hits were located in non-protein

coding regions [216]. Consequently, it is hard to dissect the impact of these SNPs on disease

risk. This interpretation is particularly difficult because these genes may impact multiple

tissues, or even have different effects in different tissues. Unfortunately, the functional follow-

up for AN is incredibly difficult, as it is difficult to access human brain tissues and there are

no widely accepted mouse models of AN [174].

To overcome challenges around access to human brain tissues and functional followup,

researchers in other psychiatric fields have generated iPSC-based models from cases and

controls [33, 34]. A preliminary study demonstrated that it is possible to derive neurons

from iPSCs in AN cases and controls [149]. However, interpretation again is difficult: it

hard to know what phenotype to measure in these “neurons in a dish”, particularly for

AN. While this original study focused on gene expression levels, iPSC-derived neurons from

individuals with schizophrenia have been assessed for other properties as well [32].

Historically, the eating disorder field, and AN in particular, has also faced challenges
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around comorbities. For example, there are well documented phenotypic comorbidities be-

tween eating disorders and other psychiatric disorders [145]. These phenotypic correlations

are also reflected by strong genetic correlations [215]. Furthermore, AN is confounded with

low BMI [6]. Since BMI and disease state are confounded, it is difficult to direct assess

claims about the metabolic etiology of AN. To attempt to overcome the strong relationship

between BMI and AN, [215] compares AN patients to approximately 1,500 constituently

thin individuals. While this approach is a good first step, I argue that this approach will be

limited in the long term, particularly because there is little transcriptomic, proteomic, and

metabolomic data on individuals with AN [117]. To make significant gains on this front,

more work needs to be done to understand the multi-faceted contributors to weight more

generally.

Although comorbidities complicate the study of eating disorders, the application of newer

analytical methods leverage the complexities. For example, to partition variants associated

with a psychiatric disorder specifically, compared to more generally, case-case GWAS are

currently applied to other psychiatric disorders [45]. Case-case GWAS may be useful to

compare across eating disorders. However, a more interesting application could be to apply

this technique to individuals with a given sub-phenotype, such as individuals with anxiety

but no history of eating disorders compared to individuals with anxiety and eating disorders.

The results of this type of study may be helpful for differentiating the multiple components of

eating disorders. Overall, understanding the underlying mechanisms of disorders as complex

as eating disorders will require substantial long-term investment and multiple channels of

inquiry.

145



5.0.4 Progress on the integration of genetics in predictive models in

individuals with eating disorders

Notably, prediction represents a more immediately clinically actionable path. While many

studies have attempted to predict long term outcome for individuals with eating disorders,

to my knowledge, none have integrated non-hormone-based genetic information [51, 53, 75,

114, 119]. Instead, genetic information has been used to predict risk of AN, rather than long

term outcome, primarily through polygenic risk score (PRS) [195]. In the most recent AN

GWAS, PRS was applied to explain 1.7% of phenotypic variation [215]. This low percentage

of variance explained suggests a current limited clinical utility. PRS has not been calculated

for different subtypes or outcomes of AN, which is likely due to sample size. Even if the PRS

is higher for these responses, it will be important to integrate clinical and other phenotypic

information into the predictors.

5.0.5 Challenges and possible solutions going forward

Knowing the current state of PRS, one of my fears for using this value for disorder risk

is the potential for misinterpretation and misuse [170]. Individuals may over interpret an

increased risk for a disorder as genetic determinism, which is highly problematic for an

already stigmatized class of disorders such as eating disorders [7, 8, 29, 96]. Therefore, I

argue that it is more beneficial to focus on individuals that have already been diagnosed

with an eating disorder. In these individuals, prediction could directly impact treatment

options.

Yet most outcome studies in AN do not take into account genetic factors (including

hormones), as described in Chapter 4. These studies face difficult, but not unsurmountable

challenges related to study design, defining outcomes, choice of predictors, and analysis

methods. As argued in Chapter 4, the first priority should be to determine more rigorous

and clinically relevant definition of outcomes for eating disorders, such as quantifying risk of
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rehospitalization for individuals with AN.

Overall, the principles learned from more mature fields could be serve as useful guides

for the field of eating disorder genomics. For example, extensive record keeping of both

biological and technical variables, such as that discussed in Chapter 2, is just beginning to

gain traction in the eating disorders genomics field [103]. Furthermore, measures of cellular

heterogeneity were extremely important to account for in the iPSC study from Chapter

3. Controlling for cell type heterogeneity is critical when using whole blood from patients,

such as in Chapter 4 and [117]. These two examples highlight the importance of cross-talk

between multiple genomics fields.

5.0.6 Final words

Ultimately, progress in complex disorders such as eating disorders can only be achieved by

integrating “big data” sources, including genomics, into well designed studies. To do so

will require a major commitment by federal funding and other major funding agencies to

support basic scientists and subsequently, strong collaborations between basic and clinician

scientists.
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