THE UNIVERSITY OF CHICAGO

GENETIC ANALYSES OF PAVLOVIAN CONDITIONING IN OUTBRED MODELS

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
ALEXANDER F. GILETA

CHICAGQO, ILLINOIS
DECEMBER 2018



Copyright © 2018 by Alexander F. Gileta
All Rights Reserved

Freely available under a CC-BY 4.0 International license



TABLE OF CONTENTS

LIST OF FIGURES ..ottt sttt sttt sttt et b et e vi
LIST OF TABLES ... ..ottt sttt ettt et e st ente e st e beenteeneenseense e viii
LIST OF SUPPLEMENTARY FILES ..ottt e ix
ACKNOWLEDGMENTS ...ttt sttt sttt sttt st be et st e i enne s X
ABSTRACT ...ttt ettt ettt et e s e st e eatees e e st enseeseenseenseene e seenseeneenseense e xiii
Chapter 1 — INtroOQUCTION. ......ccouiiiiieieeieeee ettt ettt et e et eesaaeebeessaeenseesaseenseesnnes 1
1.1 Mental illness and the genetics of cOmMPleX traitS.........eccveeerieeeiieeeiiieeie e 1
1.2 Animal models of psychiatric diSOTAErs ............cccueeriiiriiiiieniieiie e 3
1.3 Addiction and utility of Pavlovian conditioned approach ...........c.cccceeevverivieniieeenieeennen. 4
1.4  Rodent mapping POPULALIONS .......ceeueeeiieriiiiienie ettt eiteeee ettt e et e eeaeebeeseaeebeeseaeenseens 7
1.5 Reduced-representation sequencing approaches.........c..ceeveeecuieeriieesiiieencieeenieeesveeesveeens 9
1.6  Accounting for population structure in mapping StUdi€s..........ccecveveereerieneerieneenennnn 10
1.7 Replication and meta-analysis of GWAS results........c.cceccveeeviieiiiiencieece e, 12
1.8 DISSEItatiON OVETVIEW ..c..eeriiiuiiiiieiieiientierteeitestteteeiteste et sitesbeetesaeesbeenbesaeenbeestesaeenaeeneenae 13

Chapter 2 - Optimized double-digest genotyping-by-sequencing method and variant calling

pipeline in heterogeneous StOCK TALS ........iviiiieiiiieiieciie ettt et e e sree e sreeeeereeens 15
2.1 ADSETACT ...ttt ettt ettt e ettt e e e b e eaeas 15
2.2 INETOAUCTION ...ttt ettt et ettt et e atesbe et eatesbeebesseenbeennens 15
23 IMLEEROMS. ..ttt sttt e b e st e e e st bee 17

2.3.1 Tissue samples and DNA eXtraction..........ccceerieeciierieeiiieniieeieesee e esiee e eseeeeeeenne 17
2.3.2 Insilico digest of rat GENOME........c.eeevviieiiieeiieeiee e e e 18
2.3.3  Restriction enzyme SELECHION ........ccuviiiiiiiiieiieiieeieeie et e 21
2.3.4 ddGBS library preparation and SEQUENCING .........cc.eeerveeerieerrireerireerreeenreeeereeenenens 21
2.3.5 Evaluation of ddGBS pipeline performance............ccceeeuveviieiiienienciienieeieeee e 22
2.3.6  DemMUILIPIEXING .oeeeviieiiiieeiiiecite ettt et e sttt e e te e e eaeestaeessbeeeseseeessseeessseeennseeennseas 23
2.3.7 Adapter and quality trimMMING...........ccevieriieiiienieeiierie et ee e ene 24
2.3.8 Read alignment and indel realignment ..............cccceeeviieriiieeniieecie e 24
2.3.9 Variant calling and IMpPutation............ceeeereiiierieeiiienie ettt 25
2.3.10 HS QC and pre-phasing for reference panel imputation............cccceeevevveeecreeenneeennnen. 25



2.3.12 HS imputation to reference panel ..........cccocoieriieiiieiieiiiieieeieeee e 26

24 RESULLS ...ttt ettt et e st et e st e b 27
2.4.1  ddGBS OPtIMIZAtION.......eieiieiiieiieiie ettt ettt eee et eeieesbeeseeseseeseesnseenne 27
2.4.2  DemMUILIPIEXING .oeeevrieeiiieeiiiecieeeciee et e et e et e et eeeaaeesaaeessbaeeseseeessseeessseeennseeensseas 31
2.4.3 Adapter and quality trimMMING.........c.eeevieriieiiieiieeiierie et 31
2.4.4 Read alignment QUALILY ........eeeiiieiiieeiiie e e 32
2.4.5  Variant Calling.........ccoeeiiiiiiiiiieiieie et 32
2.4.6 Imputation to reference Panel ..........ccccveeeiieeiiiieiieceeee e 34

2.5 DISCUSSION ceuutentieniteitesttet ettt ettt et et ebt et ea bt sate s bt et e eb e et e eateestesbeebeeatesbeenbeeanenbeennen 36
2.6 CONITIDULIONS. ...ttt et sb e et e e st e bt e sabeebeesabeebeesabeenbeens 39
2.7  Appendix A: Supplemental FigUres.........ccoooiiriiiiiinieeiieieeieeee et 40
2.8 Appendix B: Supplemental Tables ..........ccccueieriiiiiiiieiieeieeee e 48

Chapter 3 - Genetic characterization of outbred Sprague Dawley rats and utility for genome-

WIdE aSSOCIATION SEUALES .....veeueiiiiiiitieette ittt ettt et et e et e bt e st e bt e sateebeesabeenbeesneeenbeens 51
3.1 ADSIIACE ...ttt ettt et sb ettt e bt et s as 51
3.2 INEEOAUCTION ...ttt ettt ettt ettt ettt et sbt e bt et sbeenbe e e 51
3.3 MEEIOAS. ettt sttt 54
3.3.1 Sprague Dawley SAMPIES ........ccccueeiiiiiieiieieeieeete et e 54
3.3.2 Pavlovian conditioned approachi...........cccceeiieiiiiriiiiieiiieee e 54
3.3.3 Double digest genotyping-by-SEqUENCING..........ccccureriierireriierieeiienieerieeereeseeeaeeenne 56
3.3.4 Light whole-genome SeqUENCING ..........cccueeruieeiiieriieiieeiieetee e et see e sreesee e e 57
3.3.5 ddGBS sequence data ProCESSING ......cceeerveerureeriieriieitierieetieseeeieeseeeseesaeeseesnseenne 57
3.3.6  Light WGS data ProCeSSING .......ceccuieriieiiieriieeiieeie et eiee et siaeereesaeeseesnee e 58
3.3.7 Variant discovery and imputation with ANGSD/Beagle.........ccccceeevrenciirincieennnnns 59
3.3.8 STITCH (Sequencing To Imputation Through Constructing Haplotypes)............... 60
3.3.9 Genotype concordance Check .........cocviiiiiieiiiiiiiie e 60
3.3.10 Post-genotyping sample fIlteriNg ......ccceevieeeiiieiiiiieeiiie e eee e 61
3.3.11 Principal component analysis, identity-by-descent, and heterozygosity .................. 61
3.3.12 Final variant filtering and minor allele frequency spectrum............cccoeeevveevieeennnenne 63
3.3.13 Fixation INAEX .......cooiiiiiiiiiee e 64
3.3.14 Linkage DiSequiliDIIUM .......ccviiiiiiiiiiiieciiecciie et evee e e e eaeeeeareeen 64
3.3.15 LMM covariates and phenotype data pre-proCessing..........cceeeevveereveeerireeesiveeenveens 65
3.3.16 SNP-based heritabilities........c.corieriiiiiiiiiiiiie e 67
3317 GW A S ettt ettt et ettt et et as 67
3.3.18 GWAS Meta-analySiS......cccueeouieiiieiieiieeiieeie ettt ettt ettt siae b e re e saeeeee e 68
3.3.19 Significance thresholds .........c.cooviiiiiiiiiiiiee e 68
3.3.20 POWET QNALYSIS ..euviiiieeiiieiieeiiesite ettt ettt ettt ettt e st e eteesaaeenbeeseseenseeenneenne 69
34 RESUILS ettt et 70
R B o 115311011 o< J RS UUUUSURRRRRRPR 70
3.4.2 Genotyping and genetic characterization of SD rats..........ccceeceeevieriierieniiieieee 71
3.4.3 SNP heritability and genome-wide association analyses............ccceeeueerieerieenieennnenne 75

3.5 DISCUSSION ...ttt ettt ettt ettt ettt ettt et ebe et e e e e bt e bt e st sbeebe et sb e e bt eateeaeebe e 82



3.6  Appendix C: Supplemental FIUIES ........c.ccccoiiiiiiiieiiiieiieeiee e e 87
3.7  Appendix D: Supplemental Tables .........cc.cccciiiriiieiiiieciieeciee e 95

Chapter 4 — Replication GWAS and meta-analysis for Pavlovian conditioned approach in

heterOZENOUS STOCK TALS. ...viiiiiieiieiie ettt et ste et e e et esabe e bt e snbeenseesnseenseannnes 103
4.1 ADSETACT ...ttt et ettt et et e e bt e at e et eeare e 103
4.2 INEEOAUCTION ...ttt ettt et e e s 104
43 IMLEEROMS. ..ttt ettt ettt ettt 106

4.3.1 HeteroZeneous STOCK TaLS ......eiecviieriieeiiieeiieeeciteeeieeeeveeeereeesreeesaeeeseaeeesaseeenaseeens 106
4.3.2 Pavlovian conditioned approach..........cccceecvieeiiiiiiiiiciiieee e 107
4.3.3 Covariate selection and phenotype pre-proCesSing......c.ueeecvveeeeveeeeieeeercveeesiveeesiveenns 108
4.3.4 Genotyping and IMPULALION. .....c..eeeriieerrieeiieeeiieeeeeeeieeeereeeereeesreeeseaeeesseeenaseeens 110
4.3.5 SNP-based heritability €StIMALES .......ccccveeeriieeiiieeiieeeie e e e e saee e 111
4.3.6 Genetic and phenotypic COrTelations...........cocueerieeciierieeiiieie et 111
4.3.7 Linkage diSequiliDITUM ......c.cooiiiiiieiiiiiieie ettt 112
438  GW AS ettt et b et ettt et as 112
4.3.9  GWAS MEta-analySiS....ccueecuieriieiieniieeiieriie ettt ettt et ste et sbeeseesaaeeseeennas 114
4.3.10 Significance threSholds ...........ccoociiiiiiiiiiiiiiieee e 114
A4 RESUILS .ottt et s b e 115
4.4.1 Pavlovian conditioned approach ..........ccceecveeviierieeiiiinieeiiee e 115
4,42 GENOLYPE AALA ....iieiieiieiie ettt ettt et ettt eabeebeeennas 116
4.4.3 SNP-based heritabilities and genetic correlations...........cceccveeeiieriencieeniienieenieeee. 118
4.4.4 Association analyses in the HS ..o 119
4.4.5 Meta-analyses of HS and SD .......coooviiiiiiiiiieeeeeceeeee e 125
4.5 DIISCUSSION ..ttt ettt ettt et ettt et e bt e e bt e s bt e e bt esbeeembeesbeeeabeessbeeabeesaeeenne 128
4.6  Appendix E: Supplemental FIGUIES .........ccceeeiiiiiiiiieiiiiecieeeee e 134
4.7  Appendix F: Supplemental Tables.........ccccceveiiiiiiiiieiiieceeee e 137

Chapter 5 — COoNCIUSIONS. ......ooiuiiiiieiieeie ettt ettt ettt eeeibe et eebeeteesabeenseesnseenseens 141
5.1 Summary and SIZNITICANCE .........ccuieiiieiieiie ettt ettt ese 141
5.2 FUtUTE dITECLIONS ..ttt sttt e 145
53 Concluding r@MATKS .......cccuiiiuiiiiieiie e 146

BIBLIOGRAPHY ..ottt ettt et ettt et e e st e se e e eneeneeense e 148



LIST OF FIGURES

Figure 2.1. In silico digest fragment distributions for Pstl and potential secondary restriction

EIIZYITICS . ...ttt eueteeeuteeeeteesuteeeatteeeasteeaasteeeasaeesateeeaaseeasbeeeasseeansseeemsbeesnsteeeabbeesabeeeeabeeeenbeeennbeeenbeeeanee 20
Figure 2.2. ddGBS sequencing data analysis WOrkflow ............ccccceeeiiiiniiiiniiecciecee e 23
Figure 2.3. Genotype discordance rates between array data and variants called by GATK or
ANGSD ...ttt ettt b et a e ettt e a e e heenteent e st enteenteneenteenaenes 33
Figure 3.1. PavCA index score progression across days and distribution between Charles River
ANA HATTAN ..ottt ettt ettt e b e sttt 71
Figure 3.2. Genetic architecture of SD rats from Charles River vs. Harlan ..........c...ccccooeeninne. 72
Figure 3.3. SD population structure and comparison of linkage disequilibrium decay rates........ 74
Figure 3.4. Stacked Manhattan plots and a LocusZoom plot for day 4 and 5 average latency to
INAZAZINE CNETY .vvieeuiiieeiieeeiteeeeiteeeteeesteeesseeessseeassseeasseeassseeassseeassseesssseesssseessseesssseessssesessseesnsseenns 78
Figure 3.5. Correlation circle plots for 55 metric PCA in Charles River and Harlan.................... 81
Figure 4.1. SNP coverage and allele frequency distribution and LD decay in the HS................ 117
Figure 4.2. Manhattan and LocusZoom plots for the GWAS for probability difference on day 5
of PavCA training in M1, NY, and the HS mega-analysis..........cccceevvieriiieiciienieecie e 122

Figure 4.3. Manhattan and LocusZoom plots for GWAS-identified locus on chromosome 17..124
Figure 4.4. Manhattan and LocusZoom plots for GWAS-identified locus on chromosome 1....127

Supplemental Figure 2.1. Ratio of reads on X-chromosome to total sequencing reads................. 40
Supplemental Figure 2.2. Data preparation workflow for imputation with IMPUTE2................. 41
Supplemental Figure 2.3. Programmed vs. empirical Pippin Prep fragment size range ............... 42
Supplemental Figure 2.4. Raw read counts grouped by shipment batch..............cccceevveniiennne. 43
Supplemental Figure 2.5. FASTQC results pre- and post-filtering with Cutadapt........................ 44
Supplemental Figure 2.6. Overlap of called SNPs with known variants after read trimming with
FASTX OF CUAAAPT ..eiiieeeiieece ettt e et e e et e e et e e et e e sabaeessseeessseeesnseesesseeesseeens 45
Supplemental Figure 2.7. Number of variants by genotype discordance rates for 4 ANGSD
genotype lIKelThood MOAEIS ........ooeviiiiiiieee e e 46
Supplemental Figure 2.8. Available rat genetic Maps ........ccceeveeeiierieeiiieniie et 47
Supplemental Figure 3.1. Correlation heatmap of PavCA metrics across days 1-5...................... 87
Supplemental Figure 3.2. Distributions of the average of day 4 and day 5 measurements for 10

PAVECA TNEIIICS ..ttt ettt ettt et e bt et e bt e e bt e sabe et e esbeeeabeesateenbeesnbeenbeans 88
Supplemental Figure 3.3. Distributions of the average of day 4 and day 5 PavCA index scores for
6 MAJOT DreedING lOCALIONS ...ccuviieeiiieeiiieeiee et eeiee et e et e et eeete e et e e s raeessreeesssaeessseeennseeensseeennns 89

Supplemental Figure 3.4. Heatmaps of pairwise identity-by-descent pre- and post-filtering ....... 90
Supplemental Figure 3.5. LocusZoom plot of genome-wide associated region containing Cntn4

........................................................................................................................................................ 91
Supplemental Figure 3.6. Scree plots of the PVE for each of the top 10 PCs in the 55 metric PCA
ANALYSIS ...t uteeetieeiie ettt ettt ettt ettt et e ettt e bt e et e et e e ea b e e bt e etbe e bt e eaae e bt e eabe e teeeabeenbeeanteenseennseenne 92
Supplemental Figure 3.7. Power analysis curve for n=2,000 using Quanto.............c.ccccveerveeenneen. 93
Supplemental Figure 3.8. Pre- and post-filtering distributions of heterozygosity for Harlan and
CRATIES RIVET ...ttt ettt ettt et e st b e s it e e beesaee e 94

Supplemental Figure 4.1. Distributions of PavCA index scores across sex and testing centers .134
Supplemental Figure 4.2. Pairwise genetic and phenotypic correlations for PavCA metric within
HS 1ats teSted 1N INY ..ottt sttt sttt st 135

Vi



Supplemental Figure 4.3. Pairwise genetic and phenotypic correlations for PavCA metric within
HS rats teSted i M ......coouiiiiiiicee ettt st 136

vii



LIST OF TABLES

Table 2.1. Restriction enzyme options for double digest...........cceevieriieriiriiienieniieieceeee 19
Table 2.2. Imputation accuracy based on different variant reference panels for IMPUTE2 ......... 35
Table 3.1. Pairwise Fsr statistics for Harlan and Charles River breeding locations...................... 75
Table 4.1. Significantly associated loci for the NY-specific GWAS ........ccoovieviiiieiiiirieeiee 120
Table 4.2. Significantly associated loci for the MI-specific GWAS .........ccccoviniiniiiiniinine 120
Table 4.3. Significantly associated loci for the HS mega-analysis.........ccccoeeveevciieniieencieeeniens 121
Table 4.4. Significantly associated loci for the HS and SD meta-analysis........c..cccceevuereenennnene 125
Supplemental Table 2.1. Demultiplexing performance ...........ccccueeeveeerieeerieesiieeeee e eevee e 48

Supplemental Table 2.2. Comparison of variants calls after filtering with FASTX vs Cutadapt..48
Supplemental Table 2.3. Variant metrics resulting from reads filtered at different mapping
QUALTEY thIESIOLAS .....eeiiiciiece ettt et et enb e e b eaee e 49
Supplemental Table 2.4. Transition/transversion ratio before and after known sites filtering......49
Supplemental Table 2.5. Imputation accuracy for chromosome 12 across different genetic maps

........................................................................................................................................................ 50
Supplementary Table 3.1. Sample origins for all 4,061 SD rats in final filtered set..................... 95
Supplementary Table 3.2. List of variant filtering steps and the numbers of SNPs remaining
after each step for both ANGSD/Beagle and STITCH........cc.cccouiviiiiiiienienieeieeieeeeee e 96
Supplemental Table 3.3. Concordance and error rates for ANGSD/Beagle genotypes at different
d0SAZE 12 thrEShOLAS. ... eiiiiiiiieiieee ettt et e e e s eebeeeaeeenne 97
Supplemental Table 3.4. Pairwise Fst estimates between vendor barrier facilities....................... 98
Supplemental Table 3.5. List of sample filtering criteria and number of samples removed......... 99
Supplemental Table 3.6. List of covariates used for the GWAS LMMs for Harlan and Charles
RIVET ettt e a e bttt e h e bt et eb e e bt et s at e b et ehe et et e 100
Supplemental Table 3.7. List of all PavCA metrics collected on SD rats ........cccceeevvveeveeennennee. 101
Supplemental Table 3.8. Summary of genome-wide significant associations................ceeveeneen. 102
Supplemental Table 4.1. Heritability estimates for 56 PavCA metrics in HS samples tested at the
INY COIMEET ..ttt et ettt et s e e bt e st e b e sateebeesaeeebeenaneenne 137
Supplemental Table 4.2. Heritability estimates for 56 PavCA metrics in HS samples tested at the
IMIT COIMEET ...ttt ettt et e h e ettt et e sat e et e saaesabeesaneenneenaees 138
Supplemental Table 4.3. Heritability estimates for 56 PavCA metrics in all HS rats combined 139
Supplemental Table 4.4. Between-center genetic correlations for 56 PavCA metrics................. 140

viii



LIST OF SUPPLEMENTARY FILES AVAILABLE ONLINE

Supplemental File 3.1 - SD Rat Sample Info

Supplemental File 3.2 - PCA Loadings

Supplemental File 3.3 - Heritabilities

Supplemental File 3.4 - SD Manhattan Plots

Supplemental File 3.5 - SD QQ Plots

Supplemental File 4.1 - Genetic Correlations

Supplemental File 4.2 - HS Manhattan Plots

Supplemental File 4.3 - HS QQ Plots

Supplemental File 4.4 - LocusZoom Plots

Supplemental File 4.5 - METAL Manhattan Plots

Supplemental File 4.6 - HS and METAL GWAS Hits Unfiltered Table
Supplemental Text 2.1 - ddGBS Protocol

Supplemental Text 2.2 - GBS and ddGBS Primer and Adapter Sequences



ACKNOWLEDGEMENTS

Above all, I need to thank my advisor Abraham Palmer. From the day I joined his lab, he has
offered unwavering support and guidance, taking the time to meet whenever necessary to discuss
my project. Abe’s seemingly encyclopedic knowledge of the field always provided great insight
into where I may be encountering issues, what questions could arise from results, and the next
steps I needed to take. His edits to my papers, grants, and presentations were invaluable and
taught me a great deal about what people want and need to hear when I’m presenting my work.
Abe allowed me to work independently, giving just the right amount of push, balanced by an
unbelievable amount of understanding for the time it took to work through obstacles I
encountered in my research. He also tolerated my seemingly endless maladies and injuries
throughout the years. Overall, an incredible advisor both academically and personally, and I am

very grateful to have had his mentorship.

I would also like to thank the members of my committee: John Novembre, Terry
Robinson, Mark Abney, and Dan Nicolae. John took on the role of my internal advisor and
welcomed me into his lab during a transitory period after Abe moved to UCSD. Terry offered
phenomenal mentorship when I was learning about neurobiology and behavior in rodents, topics
with which I had no prior experience. Mark and Dan provided advice on statistical quandaries on
numerous occasions throughout my projects. I would also like to thank Shelly Flagel and her lab
at the University of Michigan for the advice over the years and collaboration on all aspects of my
project, and Shelly in particular for co-advising me on my F31 grant and always being
responsive. Even outside of my thesis research, I have been surrounded by a remarkable group of
faculty: Anna DiRienzo, Jocelyn Malamy, Marcelo Nobrega, Carole Ober, Matthew Stephens,

and others. It has been a privilege to work with these scientists over the years.



Of course, I would be no where without the help and support of my fellow Palmer lab
members, new and old. Natalia Gonzales and Shyam Gopalakrishnan taught me everything I
needed to know to get started on my journey, and Natalia continued to be there for questions,
idea exchanges, and venting frustrations through the thick of it. I couldn’t have accomplished all
the wet lab work without Celine St. Pierre and my undergraduate team of Liz Joyce, Africa
McLeod, and Rachael Maguire. Then on the computational side, Apurva Chitre has been such an
amazing asset for the lab, always generous with her time and willing to help with issues any
other members were encountering. Additionally, I would like to thank Jianjun Gao, April
Williams, Peter Carbonetto, and Yu-yu Ren for their assistance with the early stages of data
analysis for my project, as well as Oksana Polesskaya for running the lab like a boss all these
years. Lastly, all the other members over the years: Xinzhu Zhou, Amelie Baud, Sandra Sanchez-
Roige, Amanda Barkley-Levenson, Kat McMurray, Clarissa Parker, Amy Hart, Emily Leung,

Riyan Cheng, and Hannah Bimschleger. You all have been awesome.

On the more personal note, I have to thank Sue Levison, the unofficial mom for all
students in HG and GGSB. She puts in 120% effort all the time and cares immensely about all of
us. Of course, Candice Lewis for her tireless efforts as HG admin for a few years. Then there are
my fellow nerds Alex Advani, Katie Mika, Aarti Venkat, Bill Richter, Diedre Reitz, Andrei
Anghel, Sahar Mozafarri, and numerous others who were as good a support network as you
could possibly ask for. Outside of the academic world, I really have to thank Dan Ciesla for
sticking by my side the majority of my journey through grad school, listening to all my woes and
celebrating the successes. I’'m grateful to all the friends who kept offering words of

encouragement when I felt like I was never going to finish and that my project was futile. To the

Xi



members of the various sports leagues I participated in through CMSA and AAC, you all kept

me sane and grounded.

Finally, there’s my family. My extended family for their encouragement, love, and
genuine interest in my work. My brother for comic relief and real talk. And my parents,
Chrystine Raheb and Frank Gileta, who have been there for me since day one, literally. They
never pushed me in any specific direction, let me follow my passion, and supported me
intellectually, emotionally, and monetarily, allowing me to pursue this path. My dad helped me
move out to Chicago and then again to San Diego when I decided to follow Abe to UCSD. He
always has my best interests in mind and takes the time to research any things I tell him and
confer with me, whether it be choice of schools, next career steps, random purchases, really
anything. I have only made it this far because of the security, support, and motivation he
provided. Then there is my mom, the village socialite and my emotional rock. She taught me
how to navigate people, stay strong in tough situations, plan ahead, be compassionate, and most
other things under the sun. She is always there when I need her, listened on the phone for hours
to help me through some hard times, and is always, always supportive of my choices. They made

me who I am today, and I am eternally grateful. This one was for them.

Xii



ABSTRACT

Addiction is a heritable trait. There is substantial inter-individual variability in the susceptibility
to the development of addiction. Environmental cues that have been repeatedly paired with
rewards are believed to be major contributors to the progression to and maintenance of addiction.
These reward-associated cues are attributed with incentive salience, which makes them
attractive, desirable, and capable of prompting motivated, reward-seeking behaviors. It is thought
that the variability in individuals’ susceptibilities to addiction is due in part to differences in the
degree to which individuals attribute incentive salience to reward cues. In my dissertation, I
performed the first mapping studies aimed at identifying genetic loci influencing the propensity
to attribute incentive salience, estimating the heritability of this trait in the process. These
genome-wide association studies (GWAS) were carried out in independent, outbred rat
populations to provide replication, and the results of the studies were meta-analyzed. To
successfully accomplish the GWAS, I optimized a reduced-representation sequencing approach
called genotyping-by-sequencing (GBS) for use in rats and designed a variant calling workflow
to obtain dense, high-quality genotypes from the GBS data. In the process of performing the
mapping studies, I discovered substantial divergence between different vendor populations (Fst
> 0.4) of a commonly used laboratory rat strain, the Sprague Dawley (SD). Ultimately, I
uncovered 21 genome-wide significant loci in the SD and 22 in the heterogeneous stock
associated with various quantitative metrics that capture different aspects of this complex
behavior in rats. Within these loci were a handful of candidate genes that warrant in vivo follow
up experiments to test their effects on this important addiction-related behavior. Notably, the
candidate gene TAARI has significant evidence linking it to addiction and potential therapeutic

uscs.
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CHAPTER 1

INTRODUCTION

1.1 Mental illness and the genetics of complex traits

According to a recent study, there is a 29.2% lifetime prevalence of psychiatric disorders (mood
disorders, anxiety disorders, substance abuse disorders, etc.) in adults world-wide [1]. It has been
estimated that the global burden of mental illness accounts for the largest portion of years lived
with disability (32.4%) of all human diseases and disabilities, and that it is on par with
cardiovascular and circulatory disease for disability-adjusted life-years (13%) [2,3].
Unfortunately, because the biology of mental disorders is poorly understood, development of
effective pharmacological treatments has proven difficult [4,5]. The molecular targets utilized by
modern treatments have remained largely constant since the advent of psychiatric medications in
the 1950s [5]. Due to the largely debilitating nature of these disorders and the high economic cost
($2.5 trillion a year globally; [6]) and societal impact, it is imperative that researchers develop
innovative methods for dissecting the neural pathways contributing to these disorders in order to
help identify novel molecular targets for therapeutic intervention.

While a portion of the incidence rate of mental illnesses can be attributed to life history,
there is also a substantial contribution of genetics in predisposing individuals to development of
these disorders [7,8]. Twin and family-based studies have estimated that psychiatric diseases have
heritabilities anywhere in the range of 30-85% [7], with substance abuse disorders being among
the most heritable (39-72%) [9]. Historically, linkage, candidate gene, and targeted resequencing
studies have been used to investigate the genetic architecture of these mental disorders, under the
notion that the observed genetic signal would be concentrated in a few, highly penetrant genes.

However, the vast majority of linkage studies failed, and candidate gene studies often failed to
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produce replicable findings [10]. With the advent of next-generation sequencing and microarray
technologies for discovering and genotyping hundreds of thousands of single-nucleotide
polymorphisms (SNPs) in the human genome, it became clear that the aggregate of these SNPs
could explain a substantial fraction of the heritable burden of many common diseases and other
traits [11]. These studies have shown that psychiatric disorders are polygenic and arise from
multiple alleles of small effect that contribute to an individual’s susceptibility [7].

In the past 13 years, genome-wide association studies (GWAS) have become a staple for
statistically identifying genes influencing numerous mental and physiological traits [12-23].
Despite the relative success of human GWAS, a large portion of the estimated heritability of these
traits remains unaccounted for by the identified loci [24,25]. It has been suggested that the this
“missing” heritability could be due to multiple reasons, including: (1) the power to detect common
variants of marginal effect or rare variants of moderate to large effect is low [26], or (2) genetic
interactions occur between loci [27]. While it remains intractable to assay the contribution of
genetic interactions at a genome-wide scale, we can tackle the issue of power in a few ways. The
first is to vastly increase sample sizes [28], which numerous recent GWAS have accomplished
through large consortiums [22,29,30]. An alternative approach would be to increase power by
reducing the influences of diagnostic, environmental, and genetic heterogeneity on the phenotype
of interest. Alas, constraining for these factors in human populations is impossible, and recording
them is equally problematic. For these reasons among others, a large contingent of psychiatric
researchers have turned focus to utilizing model systems (rats, mice, zebrafish, etc.) for genetic
mapping, as well as searching for endophenotypes: heritable traits believed to be closer to the

underlying genes than the overarching clinical disease diagnosis [31].



1.2 Animal models of psychiatric disorders

Chief among the issues facing neuropsychiatric research are the difficulty of evaluating human
subjects over long periods and the ethical implications of experimentally controlling aspects of the
human experience for the benefit of science. While animal models will never fully recapitulate the
suite of symptoms experienced by affected humans, they still provide great utility for piecing apart
the neural pathways underlying disease-relevant phenotypes. The use of model systems allows for
studying behaviors in carefully controlled environments to minimize non-genetic phenotypic
variation, experimental manipulations, and direct measurement of an array of physiological traits.
The strength of animal models comes less from the ability to model the complex psychiatric traits
as a whole so much as the ability to study specific phenotypes with either hypothetical or proven
connections to human disease. Examples of such behavioral endophenotypes may include
anhedonia in depression, increased locomotion in ADHD, or decreased sociability in autism [32].
These traits can be quantitatively measured and are thought to have simpler genetic etiologies that
are more amenable to genetic mapping. They also tend to avoid the subjective nature of many of
the diagnostic criteria for psychiatric disorders.

Though psychiatric research in non-human primates [33], Drosophila [34], and zebrafish
[35] has been abundant and indispensable, rodent models strike a balance of exhibiting a rich
behavioral repertoire while remaining cost-efficient for studying in large quantities. For years, rats
lagged behind mice in terms of available genomic tools and computational resources; however,
this gap has recently been considerably reduced [36]. Tools for forward and reverse genetics in
both mice and rats have now been refined, allowing for discovery and validation of gene function
through direct manipulation of the genes and their products [36,37]. Rats specifically are an

advantageous model due to their exceptionally complex behavioral range compared to most other



models; learning and reliably performing sophisticated tasks [36]. Their larger size also allows for
greater ease in making detailed physiological measurements and isolating specific brain regions
for stimulation, lesion, or expression profiling. Despite their superiority in many facets of research,

few genetic mapping studies have been published using rats beyond an F2 cross [38—40].

1.3 Addiction and utility of Pavlovian conditioned approach

Drug abuse and addiction are widespread issues facing the global community [41]. In 2011,
the UN Office of Drugs and Crime estimated that up to 6.1% of the world population had used an
illicit drug in the past year. The 2012 National Survey on Drug Use and Health showed that 9.2%
of the adult US population had used an illicit drug within the past month, a 10 year high [42].
Furthermore, 20.2% of illicit drug users will experience dependency throughout their lifetime [43].
Substance abuse is an incredible economic and social burden, costing the US over $600 billion
annually [44]. It is this burden that necessitates the discovery of the factors underlying risk for
drug abuse, so that addiction may be both prevented and treated effectively.

Drug addiction is a chronic relapsing mental disorder characterized by compulsive drug
“wanting” and seeking despite adverse consequence, and often, lack of pleasure during use [45].
Drug-associated cues are key triggers of reinstatement of drug craving and drug-seeking behaviors
[46], which are predictive of relapse risk [47]. Several theories based on the reinstatement model
[48] propose that when an addict encounters a stimulus previously associated with a drug reward,
the cue disproportionately attracts their attention and is able to arouse emotional and motivational
states that prompt and sustain drug-seeking behavior [49—52]. Robinson and Berridge proposed
the ‘Incentive-Sensitization Theory’ to explain this behavior [51]. According to their model,

repeated drug use causes persistent neuroadaptations in the brain’s reward circuitry, rendering the



neural system hypersensitive to the attribution of motivational value to a reward-predictive cue
through Pavlovian learning. The property acquired by the cue, which allows it to attract attention
and reinforce appetitive behaviors, is known as “incentive salience” [53].

In human subjects, it has been shown that both drug and alcohol associated cues that have
acquired salience can evoke involuntary attentional, emotional, and behavioral responses [54—60].
Elevated levels of attentional bias are found in substance abusers, and are correlated with increased
craving, poorer treatment outcome, and increased likelihood of relapse [61-64]. This evidence
emphasizes the importance of salient drug cues in the development of maladaptive drug use
through their prompting of drug craving, approach, and engagement. Additionally, there is
significant inter-individual variability in the degree to which salient stimuli command attentional
resources in humans [63,65—-68]. It is also known that certain genetic factors can increase an
individual’s risk for developing drug abuse [69,70]. It is hypothesized that individuals who are
genetically predisposed to attribute greater incentive salience to drug-associated cues are
experiencing amplified craving and cue-approach, increasing their risk for developing addictive
behaviors. This would also help to explain the comorbidity of many addictions.

Our collaborators in this work, Drs. Terry Robinson and Shelly Flagel, have an established
history of utilizing rats to study the attribution of incentive salience with respect to behaviors
modeling compulsive drug seeking and taking in humans. It is believed there is a shared
neurobiological mechanism between species, and that rats (not mice) can reliably reproduce this
complex behavioral phenotype. Their lab has successfully studied this trait using the Pavlovian
conditioned approach (PavCA) paradigm, in which a lever stimulus is non-contingently paired
with a subsequent food reward, and rodents are scored on their approach and interaction with either

the stimulus or reward receptacle [53]. Their work has shown significant individual differences in



the tendency of rats to attribute incentive value to reward-predictive stimuli [53]. The variation
has been linked to neurobiological differences in dopamine systems and hypothalamic pituitary
adrenal axis activity [71-74], as well as differential engagement of the cortico-striatal-thalamic
“motive circuit” [74].

There are multiple lines of evidence showing that the observed variation is heritable
[53,75,76]. The implication of this heritable variation is that only a subset of individuals will
robustly attribute incentive salience to a discrete reward cue. These individuals are designated
‘sign-trackers’ due to their approach (i.e. tracking) and interaction with cues (i.e. signs) associated
with food or drug reward, as opposed to ‘goal-trackers’, who will approach the reward (i.e. goal)
upon cue presentation. Importantly, rats’ attribution of incentive salience to a cue associated with
a food reward has been successfully used as a proxy for drug (i.e. cocaine, nicotine, & opioid)
paradigms [75,77,78]. Performance with food reward is predictive of the degree to which drug
associated cues will motivate drug approach, self-administration, and reinstate drug seeking after
extinction [79,80]. The current evidence in the field supports the use of the attribution of incentive
salience to reward cues as an endophenotype for the fundamentally human disorder of addiction,
and the theory that aberrant and inordinate attribution of incentive salience to reward cues is a key
underlying factor in the genetic risk of addiction. Through investigation of this trait, I hoped to
provide insights into the genetic architecture underlying the interindividual variability in the
attribution of incentive salience to reward cues, specifically with respect to . In turn, this would
help to elucidate the emotional, motivational, and cognitive features of conditioned drug cues [81].
This work also had the potential lead to pharmacotherapies, as GWAS hits have previously been

successful in identifying important drug targets [82—84].



1.4 Rodent mapping populations

Rodent populations used in genetic mapping studies can be broadly divided into four categories,
structured mouse populations, outbred mouse populations, structured rat populations, and outbred
rat populations. Structured mouse populations include strains such as advanced intercross lines
(AILs) [85-87], recombinant inbred lines (RILs) [88,89], and the diversity outcross (DO) mice
[90,91]. There are then structured rat population, including AILs [38] as well as the heterogeneous
stock (HS) [92,93,40,94], an analogous population to DO mice. Alternative to structured
populations are commercially available strains that have been outbred for decades [95]. This
includes mouse strains such as Swiss Webster mice (CFW) [96], and rat strains, such as Sprague
Dawley (SD) [97]. The primary advantage for using commercially available outbred stocks for
QTL mapping studies is the significant decay of linkage disequilibrium (LD) that has occurred
between adjacent genomic loci [98]. The more LD is broken down, the higher the mapping
resolution (assuming a sufficient sample size) and the more closely the linkage landscape emulates
that observed in humans. Using these commercially available populations has proven successful
in mice [95,96,99]; however, no mapping studies have been performed in analogous rat
populations (the Sprague Dawley) prior to the work presented in this dissertation. Since my work
only concerns genetic analyses in rats, I will focus the following discussion on the SD and HS.

The population history of Sprague Dawley rats is poorly understood. The SD originated in
1925 from a cross between a hooded male hybrid of unknown origin and an albino Wistar female
[100]. The small number of breeders and the significant inbreeding and selection the early
generations limited the amount of genetic variation present in the population [92]. However, this
also putatively reduced the level of rare variation, which is beneficial for mapping efforts [36]. In

the following decades, the strain was acquired by multiple commercial vendors (Charles River



Inc., Harlan [now Envigo], Taconic, etc.), all of which have multiple breeding facilities for the SD
and none of which exchange breeding pairs. Despite being maintained as an outbred population to
maximize genetic variation, this physical separation of the rats is likely to have caused a significant
amount of drift and differentiation between the various vendors and colonies. This hypothesis is
supported by numerous studies of physiological differences between these vendor populations and
colonies [101-107]. However, as previously mentioned, a major potential benefit of the SD is the
extensive decay of LD from nearly a century of outbreeding. Additionally, commercial availability
is highly advantageous when considering the cost of maintaining a large colony of rodents for a
genetic study.

The structured alternative to the SD is the HS. The National Institutes of Health’s HS was
created in 1984 by interbreeding eight inbred laboratory rat strains of independent origin and then
outcrossing their progeny for numerous generations. The original purpose of this line was
establishing a strain with high levels of genetic diversity for use in selection studies. The founder
strains were therefore initially chosen to represent a broad spectrum of genetic and phenotypic
diversity [92,93,108], which fortuitously benefitted genetic mapping studies as well. The
outbreeding scheme ensured maximal recombination and breakdown of LD while minimizing
inbreeding and genetic drift. Though the HS has now been maintained for 80 generations, the LD
still remains far more extensive than is observed in human populations, which improved power for
identifying QTL, though limits the mapping resolution. The primary advantage of the HS is that
its genome is now a mixture of the original eight known inbred genetic backgrounds. Therefore, it
is possible to use available deep sequencing data on these inbred lines to perform imputation and
call genotypes at millions of SNPs using just the information from a few thousand. Additionally,

since the stock has only bred for 80 generations, the majority of the variation in the population



remains common. These benefits has been leveraged previously to successfully identify numerous
QTL for complex physiological and behavior traits [40,109,110].

Each of these outbred rat populations has their benefits and limitations. We pursued GWAS
in both populations in parallel, taking advantage of opportunities that were part of large
collaborative efforts. Since it is not guaranteed that the SD and the HS each contain the optimal
set of functional variation to study the phenotype(s) of interest, using both also provided a
complementary approach to investigate the genetic basis of a novel behavioral trait associated with
addiction. Though, to do so at a scale large enough to be useful for QTL mapping required

identifying a cost-efficient method of obtaining genotype data on thousands of samples.

1.5 Reduced-representation sequencing approaches
Unlike human, mice, and a few other model species, no affordable microarray is available for high-
density genotyping in rats. Previous arrays included the RAT-DIV developed for use in the HS
[40] and a custom Affymetrix chip design at the University of Michigan; however, both have gone
out of production and would have cost over $300 per sample to use, severely limiting our sample
size. Commercially available whole-genome sequencing (WGS) library preparation kits are also
cost prohibitive, running around $80 per sample, excluding the actual cost of sequencing reagents.
For these reasons, the lab developed a more cost-efficient technologies known as reduced-
representation sequencing approaches, which includes protocols such as CRoPS [111], genotype-
by-sequencing (GBS) [112,113], restriction site-associated DNA sequencing (RADseq) [114,115].
We have successfully utilized GBS in both mice [86,87,96] and rats [76,97,110]. Through

extensive optimization that will be discussed in Chapter 2, [ was able to reduce the cost of GBS to



only approximately $50 per sample, which covered all steps from DNA extraction to sequencing
(the labor costs associated with the analysis are not included in this cost estimate).

The reduced-representation protocols listed above all share similar features, the foremost
being that they all digest the genome with restriction enzymes with the intention of sequencing
fragments of DNA adjacent to restriction cut sites. These technologies rely on the LD structure of
the populations on which they are applied. Since only a small portion of the genome has sufficient
sequencing data to make genotype calls (0.1-5%), the hope is that the captured SNPs will
effectively ‘tag’ local haplotypes. Thus, only a fraction of the genome is sequenced, so that each
sample only requires a few million reads for accurate genotyping, allowing for dense multiplexing
of sample libraries by using barcoded adapters. In model systems with greater LD, fewer SNPs are
necessary to capture the majority of the variation in the genome, and therefore more samples can
be multiplexed. The portion of the genome captured can also be titrated through selection of
appropriate enzyme(s) and size-selection steps for the final sequencing library. This allow
researchers to choose broad coverage at low depth or narrow coverage at high depth, depending
on their genotyping needs. The approaches also rely heavily on within-sample imputation, since
on average only 15-20% of sequenced samples will have sufficient read depth to make a confident
genotype call. With GBS, I was able to obtain genotypes at over 200,000 SNPs in SD rats [97],
more than sufficient to capture the majority of the variation present in the genome. With the HS,
this was greatly increased [110] due to the availability of appropriate reference panels for

imputation of SNPS that were not sequenced in any of the samples.

1.6 Accounting for population structure in mapping studies
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The function of a genome-wide association study is to correlate the genetic variation that exists in
a sample of individuals with the phenotypic variation observed in a trait of interest. Standard
GWAS approaches utilize regression techniques that rely on the assumption that the variables in
the model are all independent and identically distributed. However, this assumption rarely holds
due to population structure and cryptic relatedness of individuals in a sample [116,117]. Violations
of this assumption can result in numerous spurious associations, where loci appear to be associated
with the trait of interest, when in reality, genetic variation and the trait distribution only
coincidentally covary across different groups of related individuals. The issue of relatedness is
especially salient in commercially available or structured rodent populations, where there are likely
to be several sets of closely related individuals in any given sample.

Initial approaches for controlling for population structure in a sample involved methods
such as the use of a panel of ancestry information markers [118,119] or principal component
analysis (PCA) [120]. However, while these techniques adequately control for large-scale structure
due to different ethnicities or breeding populations, they failed to control for the more subtle, and
often unknown, family-based structure in samples [121]. This motivated the development of
variance component models, which utilize pedigree-based or empirical pairwise relatedness
estimates to model the phenotypic correlations between samples [122,123]. With the advent of
high-density genotyping methods (i.e. microarrays & NGS), it is possible to obtain precise
estimates of the genetic relatedness of all samples in a study. Linear mixed models (LMMs)
including s genetic relationship matrix (GRM) as a random effect term are able to effectively

control for relatedness in structured populations and attenuate the false positive rate [124,125].

Although LMMs including a GRM can effectively control for populations structure and

ethnicity, it is often advantageous to perform GWAS separately on genetically distinct populations.
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In humans, heterogenous effects of SNPs are often observed across different ethnic groups [126—
128]. This heterogeneity could reflect allelic heterogeneity, differences in LD structure, or
differences in genetic background that affect gene-by-gene or gene-by-environment interactions
[126,129—131]. In rodents particularly, variation in LD structure is prominent across populations
and has the implication that SNPs identified in one population do not necessarily tag the same set
of SNPs in an alternate population because they are on different LD blocks. Further, if different
modifier loci are present in these populations, the penetrance of alleles may vary greatly [132],
which cannot yet be dissected by current methods. Regardless, these observations suggest that
unless it is known that two populations are genetically homogenous, it is prudent to perform
GWAS on the samples separately to search for association unique to a given population, and then

meta-analyze the results.

1.7 Replication and meta-analysis of GWAS results

With highly polygenic quantitative and behavioral traits, the true distribution of effect
sizes 1s unknown and are likely to vary across traits and populations [133]. The
probability of an observed association being true is dependent on the power to detect it,
which is a function of minor allele frequency, effect size, and sample size [133,134].
GWAS typically rely on a significance threshold, which are susceptible to type 1 errors.
Therefore, replication studies are considered essential to further minimize false positive
errors. This need for replication is underlined further by the Winner’s Curse
phenomenon, whereby the effect size of associations near the genome-wide significance

threshold tend to be systematically overestimated [135]. Ideally, these replication studies
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would use the same statistical methods, phenotypes, and genetic variants; however, this

is not always possible.

In addition to replication of positive results, performing GWAS for the same phenotype in
independent samples can increase power through meta-analysis of the datasets [136]. Increasing
the sample size has the effect of propelling true genetic associations of modest effect well over the
significance threshold [137]. Approaches for meta-analysis involve using summary statistics to
estimate z-scores and weighting the studies proportionally to their sample size [138]. Alternate
methods have improved on the precision of the weighting schema by including the allele frequency
and imputation quality for the SNP under consideration [139]. Though beneficial to GWAS
discovery in human psychiatric traits [22,140,141], meta-analysis has rarely been applied to rodent
mapping studies. In large part, this is due to a lack of consistent genotyping methodologies between
studies and the lack of strain-specific variant panels and linkage maps to accurately impute.
Fortunately, with the use of structured populations with known founders such as the HS, genome-
wide imputation is achievable, allowing us to combine GWAS results with those from populations

like the SD.

1.8 Dissertation overview

The primary aim of my dissertation project was to identify genetic loci associated with the
propensity to attribute incentive salience to reward-associated cues. I accomplished this goal using
the methods described in this chapter to perform genotyping and QTL mapping in two independent
samples of outbred rats and then meta-analyzing the results. In Chapter 2, I discuss the steps I took

to adapt and optimize genotyping-by-sequencing for use in rats, as well as outline the
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computational pipeline our lab collaboratively developed to reliably call and impute genotypes in
HS rats. In Chapter 3, I show that through the use of the double digest genotyping-by-sequencing
(ddGBS), I was able discover over 200,000 SNPs in 4,061 SD rats and use them to characterize
the genetic differences that exist between SD rats from two major commercial vendor, Charles
River and Harlan. I then went on to estimate the heritability of various metrics from the Pavlovian
condition approach behavioral paradigm and use linear mixed models to identify a number of
associated genetic loci in each population and meta-analyzed the results. In Chapter 4, I performed
a replication GWAS for the same set of PavCA metrics in an independent sample of 2,449 HS rats
phenotyped at two testing centers that were part of a P50 grant. I then used the ~54,000 SNPs that
overlapped between the SD and HS studies to perform a meta-analysis for PavCA in a combined
sample of over 6,000 rats; by far the largest rodent mapping effort to date. I conclude the work in
Chapter 5, discussing the successes and pitfalls of these studies and their implications for future

research in the fields of rodent QTL mapping and addiction.
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CHAPTER 2

OPTIMIZED DOUBLE-DIGEST GENOTYPING-BY-SEQUENCING METHOD AND

VARIANT CALLING PIPELINE IN HETEROGENEOUS STOCK RATS

2.1 Abstract

The heterogeneous stock (HS) is an outbred rat population derived from eight inbred rat strains.
The population is maintained with the goal of minimizing inbreeding and maximizing the genetic
diversity of the stock. Only a few genotyping microarrays have been created for rats; they were
expensive and are no longer in production. To obtain high-density genome-wide marker data for
genetic mapping, we have adapted genotype-by-sequencing (GBS) for use in rats. In this chapter,
I outline the steps we took to optimize an efficient double digest genotype-by-sequencing
(ddGBS) protocol for rats. To analyze the ddGBS sequencing data, we evaluated multiple
existing computational tools and designed a workflow that allowed us to call and impute over 3.7
million SNPs genome-wide in the HS. We also compared various rat genetic maps for use in
imputation, including a recently developed map specific to the HS. Using the pipeline we
established, we obtained concordance rates of 99% with data from a rat genotyping array. The

computational pipeline that we have developed could be easily adapted for use in other species.

2.2 Introduction

Advances in next-generation sequencing technology over the past decade have enabled the
discovery of high-density, genome-wide single nucleotide polymorphisms (SNPs) in model
systems. Comprehensive assays of the standing genetic variation in these organisms has allowed
for the identification of quantitative trait loci and the application of numerous population genetic

and phylogenetic analyses. However, due to the linkage structure in many structured breeding
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populations, it is often not necessary to sequence the whole genome in order to capture the majority
of extant genetic variation. SNPs are frequently in strong linkage disequilibrium (LD) with
adjacent loci, effectively ‘tagging’ the variation within a certain interval, and thereby reducing the
number of sites that need to be genotyped. Several reduced-representation sequencing approaches
that take advantage of LD structure have been previously described [111-115,142—-147].
Thousands of SNPs can be identified in large numbers of samples for a fraction of the price of
other genotyping methods [148,149]. The advantages of these methods are especially attractive
when considering genotyping less commonly utilized species or strains for which genotyping

microarrays are not available.

Of the existing reduced-representation protocols, the genotyping-by-sequencing (GBS)
approach developed by Elshire et al. [112] has been frequently modified to accommodate new
species, such as: soybean [150], rice [151], oat [152], chicken [153,154], mouse [96], fox [155],
and cattle [156], among others. The greatly varying genomic composition among organisms
necessitates a diverse and customized set of approaches for obtaining high-quality genotypes.
Furthermore, advances in next-generation sequencing technology have led to some changes. As
such, both the GBS protocol and computational pipeline require modification when being applied
in a new system. Recent work from our group showed that GBS could be effectively applied to
outbred mouse [87,96,157] and rat [76] populations. However, the rodent protocol and pipeline
utilized had not been extensively optimized prior to employment, leaving significant room for
improvement in genotype quality and marker density for use in high-resolution genetic mapping.
Additionally, though several tools and workflows exist for the analysis of GBS data, including:

Stacks [158], IGST-GBS [150], TASSEL-GBS [159], Fast-GBS [160], and GB-eaSy [161], the
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majority were developed and optimized for use in plant species and lack an imputation step.

Therefore, we saw the need to create a workflow tailored to HS rats.

The HS is an outbred rat population created in 1984 using eight inbred strains and has been
maintained since then with the goal of minimizing inbreeding and maximizing the genetic diversity
of the colony [93,94]. After more than 80 generations of accumulated recombination events, their
genome has become a fine-scale mosaic of the inbred founders’ haplotypes. The breeding scheme
has made the HS colony the most diverse and complex of available structured strains of rats, ideal
for optimizing our GBS protocol. Additionally, extensive deep sequencing data exists for the eight
progenitor strains, allowing for accurate imputation from sites directly captured by GBS to

millions of additional SNPs.

Detailed here are the steps taken to optimize a rodent GBS protocol and computational
pipeline. Drawing on existing protocols [96,112,113,115] and methodologies as models, we
redesigned our GBS approach and have developed a novel, reference-based, high-throughput
workflow to accurately and cost-effectively call and impute variants from low-coverage GBS data
in rats. This publication is intended as a resource when considering utilizing GBS in a new
organism, and the methods we have employed and described herein can be feasibly modified for
use in various models. The redesigned double-digest genotype-by-sequencing (ddGBS) has broad
utility for rodent populations. We demonstrate that with a suitable reference panel, applying
reduced representation approaches and imputation in model systems can provide high-confidence

genotypes on millions of genome-wide markers.

2.3 Methods

2.3.1 Tissue samples and DNA extraction
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Samples for this study originated from three sources: an inhouse advanced intercross line (AIL)
derived from LG/J and SM/J mice [157], Sprague Dawley (SD) rats from Charles River
Laboratories and Harlan Sprague Dawley, Inc. [97], and an HS rat colony [94,110]. Early ddGBS
optimization utilized AIL genomic DNA extracted from spleen by a standard salting-out protocol.
Later optimization steps were performed using genomic DNA from SD rats extracted from tail
clippings with the PureLink Genomic DNA Mini Kit (Thermo Fisher Scientific, Waltham, MA).
Optimization of the ddGBS sequencing data analysis pipeline was performed on various subsets
of our final sample of 4,973 HS rats. HS rat DNA was extracted from spleen tissue using the
Agencourt DNAdvance Kit (Beckman Coulter Life Sciences, Indianapolis, IN). All genomic DNA

quality and purity was assessed by NanoDrop 8000 (Thermo Fisher Scientific, Waltham, MA).

2.3.2 Insilico digest of rat genome

We used in silico digests to aid in the selection of restriction enzymes, with the goal of maximizing
the portion of the genome captured at sufficient depth to make confident genotype calls. Increasing
the proportion of the genome covered assists with fine-mapping. The 6 genome assembly was
downloaded in FASTA format from UCSC [162]. We used the restrict function within EMBOSS
(version 6.6.0) [163] in conjunction with the REBASE database published by New England
BioLabs (NEB; version 808) [164] to perform in silico digest of rn6. We performed the digest with
Pstl alone and then with Pstl paired with each of 7 secondary enzymes: Alul, Bfal, Dpnl, Haelll,
MIuCI, Mspl, and Nlalll. We only considered fragments with one Pstl cut site and one cut site
from the secondary enzyme because the adapter and primer sets are designed to only allow these
fragments to amplify. The number of fragments with one of each of the cut sites were summed for

all observed lengths and the results summarized in Figure 2.1 and Table 2.1.
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Table 2.1. Restriction enzyme options for double digest.

Restriction | Recognition Length of % Genome in % Genome in
Enzyme(s) sequence Overhang (bp) 250-400bp Region* 300-450bp Region*
Pstl CTGCA"G 4 0.48% 0.56%
Pstl + Alul AG”CT 0 3.06% 2.88%
Pstl + Bfal C "TAG 2 3.10% 3.25%
Pstl + Dpnl* GANTC 0 2.69% 3.00%
Pstl + Haelll GG™CC 0 2.71% 2.79%
Pstl + MIuCI "AATT 4 3.32% 3.21%
Pstl + Mspl C"CGG 2 1.16% 1.24%
Pstl + Nlalll CATG" 4 3.45% 3.31%

* Restriction enzyme is methylation sensitive.

* Calculated using rn6 genome length of 2,870,182,909bps.
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Figure 2.1. In silico digest fragment distributions for Pstl and potential secondary restriction
enzymes.

Each panel represents an independent digest of rn6 with the listed enzyme(s). Regions highlighted
in blue are fragments that would be selected by the Pippin Prep (125-275bp) after annealing
adapters and primers. These regions are quantified in Table 1 by multiplying the length of the
fragments by the number of fragments to estimate the portion of the genome captured.
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2.3.3 Restriction enzyme selection

Initial criteria for selecting a secondary restriction enzyme were: a 4bp recognition sequence, no
ambiguity in the recognition sequence (i.e. N’s), compatible with the NEB CutSmart Buffer, and
an incubation temperature of 37°C. The list of enzymes meeting these criteria at the time included:
Alul, Bfal, Dpnl, Haelll, MIuCI, Mspl, and Nlalll. Using the in silico digest data, we looked to
maximize the portion of the genome contained within a fragment size range of 125-275bp (250-
400bp with annealed adapters and primers). We excluded enzymes that produced blunt ends. We
also excluded methylation-sensitive enzymes, as we did not want to limit the breadth of our
sequencing efforts, accepting the possibility of read pileup in repeat regions. Based on these

criteria, Nlalll, Bfal, and MluCI were selected for further testing.

2.3.4 ddGBS library preparation and sequencing

The full ddGBS protocol is available in Supplemental Text 2.1. In brief, approximately 1ug of
DNA is used per sample. Sample DNA, Pstl barcoded adapters, and Nlalll Y-adapter are combined
in a 96-well plate and allowed to evaporate at 37°C overnight. Sample DNA and adapters are re-
eluted on day two with a Pstl/Nlalll digestion mix and incubated at 37°C for two hours to allow
for complete digestion. Ligation reagents are then added and incubated at 16°C for one hour to
anneal the adapters to the DNA fragments, followed by a 30-minute incubation at 80°C to
inactivate the restriction enzymes. Sample libraries are purified using a plate from a MinElute 96
UF PCR Purification Kit (QIAGEN Inc., Hilden, Germany), vacuum manifold, and ddH>O. Once
re-eluted, libraries are quantified in duplicate with Quanit-iT PicoGreen (Thermo Fisher Scientific,

Waltham, MA) and pooled to the desired level of multiplexing (i.e. 12, 24, or 48 samples per
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library). Pooled libraries are concentrated to obtain the desired volume for use in the Pippin Prep.
The concentrated pool is quantified to ensure the gel cassette will not be overloaded with DNA
(>5ug). The pool is then loaded into the Pippin Prep for size selection (300-450bps) using a 2%
agarose gel cassette on a Pippin Prep (Sage Science, Beverly, MA). Size-selected libraries were
then PCR amplified for 12 cycles to increase the quantity of DNA, concentrated to attain the
correct concentration, and checked for quality on an Agilent 2100 Bioanalyzer with a DNA 1000
Series II chip (Agilent Technologies, Santa Clara, CA), specifically looking for sufficient quantity

and lack of adapter and primer dimer peaks.

An initial 96 HS samples were sequenced 12 samples per library at Beckman Coulter
Genomics (now GENEWIZ) on an Illumina HiSeq 2500 with v4 chemistry and 125bp single-end
reads. Subsequently, we began using a set of 48 unique barcoded adapters (Supplemental Text 2.2)
to multiplex HS samples 48 per ddGBS library. Each library was run on a single flow cell lane on
an [llumina HiSeq 4000 with 100bp single-end reads at the IGM Genomics Center (University of
California, San Diego, La Jolla, CA). We chose single-end reads over paired end because we were

interested in genotyping SNPs, rather than indels and other structural variants.

2.3.5 Evaluation of ddGBS pipeline performance

The full sequence of steps required to call and impute genotypes from ddGBS data is presented
in Figure 2.2 During optimization of the pipeline, performance was assessed by two primary
metrics: (1) the number of variants called and (2) genotype concordance rates for calls made in
96 HS animals that had both ddGBS genotypes and array genotypes from the Axiom MiRat
microarray. After each modification, the variant count and concordance rates were reevaluated.
There were two checkpoints in the GBS pipeline where genotype quality (as a function of

concordance rate) was assessed: after initial variant calling and imputation with ANGSD/Beagle
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[165-167] and again after imputation to the reference panel with IMPUTE?2 [168,169].
Additionally, we checked the transition to transversion ratio (TsTv), which is expected to be ~2.
A final concern was the efficient utilization of computational resources, which was assessed

primarily by run time.

Figure 2.2. ddGBS sequencing data analysis workflow.
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2.3.6 Demultiplexing

The Pstl adapter barcodes were used to demultiplex FASTQ files into individual sample files.

Three demultiplexing programs were tested: FASTX Barcode Splitter [170], GBSX [171], and an
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in-house Python script. Input included the FASTQ files along with a plain text file containing
samples identifiers, associated barcode sequences, and (if applicable) the name of the restriction
enzymes used during library preparation. Reads that could not be matched with any barcode (1
mismatch was allowed), or that lacked the appropriate enzyme cut site, were discarded. Samples
with less than two million reads after demultiplexing were removed. Data concerning
demultiplexing shown in Supplemental Table 2.1 are from a single HS rat sequenced in a 12-

sample library on one lane after demultiplexing and adapter/quality trimming.

2.3.7 Adapter and quality trimming

FASTQ read quality was visualized by FastQC v0.11.6 [172]. We compared the efficacy of two
rapid, lightweight software options for trimming barcodes, adapters, and low-quality bases from
the NGS reads: Cutadapt [173] and the FASTX Clipper/Trimmer/Quality Trimmer tools
(Supplemental Table 2.2). [170]. A base quality threshold of 20 was used and reads trimmed to

below 25bps were discarded. Variant data was summarized using PLINK/SEQ [174].

2.3.8 Read alignment and indel realignment

Rattus norvegicus genome assembly Rnor 6.0 was used as the reference genome for read
alignment with the Burrows-Wheeler Aligner (BWA) [175] using the mem algorithm. Using
ANGSD to call variants from the aligned reads, we were able to compare variant counts at multiple
mapping quality thresholds: 20, 30, 45, 60 and 90 (Supplemental Table 2.3). We then used GATK

IndelRealginer [176] to improve alignment quality by locally realigning reads around a reference
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set of known indels in 42 whole-genome sequenced inbred rat strains, including the eight HS

progenitor strains [177].

2.3.9 Variant calling and imputation

Variants were called using a combination of the SAMtools model in ANGSD v0.911 [165,178]
and imputed using Beagle v4.1 [166,167]. Prior to settling on ANGSD/Beagle, GATK’s
UnifiedGenotyper and HaplotypeCaller [176] were tested with various parameter settings, but we
did not obtain satisfactory performance. Using ANGSD, we inferred the major and minor alleles
(-domajorminor 1) from the genotype likelihoods, kept only high confidence polymorphic sites (-
snp_pval 1e-6), and estimated the allele frequencies based on the inferred alleles (-domaf'1). We
discarded sites missing read data in more than 4% of samples (—minind 4774). Additionally, we
tested altering thresholds for minimum base quality score (-minQ) and mapping quality (-
minMapQ). We then used Beagle to impute genotypes at variant sites missing calls for subsets of
samples. Beagle converted the ANGSD VCF file format to the more conventional VCF 4.1 format

and phases genotype data.

2.3.10 HS QC and pre-phasing for reference panel imputation

Prior to imputing SNPs from the 42 inbred strain reference panel, we checked concordance rates
for the 96 HS animals with array genotypes, identified Mendelization errors based on known
pedigree information, examined the TsTv ratio, and assessed whether the sex as recorded in the
pedigree records agreed with the sex empirically determined by the proportion of reads on the X-

chromosome out of the total number of reads (Supplemental Figure 2.1). Lastly, we only retained
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variants previously identified in the 8 HS founders [179] for use in imputation to the 42 genomes

[177].

To improve imputation accuracy and computational efficiency, we employed a pre-phasing
step prior to reference imputation. A flowchart outlining the pre-phasing protocol is presented in
Supplemental Figure 2.2. We tested three methods of converting genotype data to phased .hap
files: VCFtools (--impute) [180], SHAPEIT [181], and IMPUTE2 (-prephase g) [168]. We
assessed performance by checking genotype concordance rates for the 96 HS samples with array

data.

2.3.11 Genetic maps

Genetic maps are required for proper phasing and imputation with IMPUTE2. When we began
this project, no strain-specific recombination map was available for HS rats. Thus, we considered
a sparse genetic map for SHRSPxBN [182]. We also tested two types of linear (with respect to
physical distance) genetic “maps”, which have recombination rates set at 1cM/Mb or the
chromosome specific averages for rats, as reported by Jensen-Seaman et al. [183]. Lastly, late in
the evolution of this project, we experimented with an HS-specific genetic map developed by

Littrell et al. the Medical College of Wisconsin [184].

2.3.12 HS imputation to reference panel

We used existing sequencing and array data from the HS rat founder and other inbred laboratory

rat strains [177] as reference panels for imputation. Genotype data underwent QC and were phased
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by Beagle into single chromosome haplotype files. Haplotype files were then created using the
workflow detailed in Supplemental Figure 2.2. Imputation by IMPUTE2 was performed in 5SMb
chunks of the genome using the aforementioned reference panels and genetic maps. The chunks

were subsequently concatenated by order of physical positions for each chromosome individually.

2.4 Results

2.4.1 ddGBS optimization

Previous projects utilizing GBS in mice and rats [76,96,157] often encountered an issue where
certain regions of the genome experienced high pileups of reads per sample (>100x), while other
regions were covered by just 1-2 reads. This read distribution imbalance can be caused in part by
PCR amplification bias, where a subset of fragments are preferentially amplified until they
dominate the final library [185,186]. Our original protocol utilized 18 cycles of amplification. We
tested reducing this to 8, 10, 12, or 14 cycles and found that only 12 cycles were necessary to yield
sufficient PCR product for sequencing; the reduction in the number of PCR cycles was expected

to reduce PCR bias.

Another concern regarding previous sequencing results was an excess of long fragments
(>700bps as determined by in silico digest) with insufficient reads to make confident genotype
calls (< 5 reads per sample). These reads ultimately go unused and are therefore wasteful of
sequencing reagents. We tested multiple methods of combatting this issue, including: reducing the
PCR extension time, increasing the digestion length or enzyme concentration, increasing the
selectivity of the primers, performing size selection on the libraries, or using a two-enzyme

restriction digest.
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We began by testing shorter extension times (15s/20s vs. 30s) to try and reduce the average
fragment size of our sequencing libraries by preventing fragments with larger inserts from
completing amplification. However, we did not see noticeable improvement in the final library
composition at shorter extension times and determined the original length of 30 seconds was
appropriate. We additionally evaluated the effects of increasing the length of the restriction digest
from 2 hours to 3 or 4 hours, as well as increasing the number of units of Pstl enzyme added, to
ensure complete digest. Neither of these modifications impacted the final fragment length
distribution of the library, confirming the digest was reaching completion by 2 hours with the

original Pstl concentration.

As an alternative approach, we attempted reducing the complexity of our library to
concentrate our reads on a smaller fraction of the genome. We accomplished this using the method
employed by Sonah et al. 2013 [150]; adding an additional 1-2 nucleotides to the sequencing PCR
primers (A or AG). The addition of these nucleotides increases the selectivity of the primers and
reduces the number of amplifiable fragments, sacrificing sequencing breadth for read depth.
However, this did not ameliorate the issue of reads being wasted on long fragments and increased

the PCR bias (data not shown). Therefore, we chose to retain our original primer design.

Our previous GBS protocol did not have an explicit library fragment size selection step.
The final library was purified using a MinElute PCR Purification Kit (QIAGEN Inc., Hilden,
Germany), which isolates PCR products 70bp-4kb in length, leaving a wide range of fragment
sizes in the final library and trusting that only shorter fragments would bridge amplify on the flow
cell. This method was imprecise and had low reproducibility, negatively impacting our ability
obtain reads at consistent sites across libraries. Rather than attempt size selection by gel extraction,

we chose to utilize a Pippin Prep, which automates the elution of DNA libraries of desired fragment
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size ranges. By using this automated size selection, we reduce the proportion of the genome
targeted for sequencing, and because restriction enzymes make the consistent cuts across samples,
ensure the same fragments are sequenced in the majority of libraries. Since the clustering process
involves a bridge amplification step that preferentially amplifies library fragments with shorter
insert sizes [187], we kept the size selection window narrow (250-400bps) to avoid introducing a

bias in which fragments were sequenced.

PstI has a 6bp recognition sequence for cleaving DNA. When used alone, in silico digest
of the m6 reference genome (Fig 2.1; Table 2.1) showed that only ~0.5% of the genome would
have fallen within a 150bp fragment size window selected on the Pippin Prep. Given the LD
structure of other outbred rodent lines such as DO and CFW mice [96], we speculated this small
fraction would not yield sufficient SNPs to tag the majority of variation in the genome.
Additionally, we were concerned about potential biases in coverage, heterozygosity, and the minor
allele frequency (MAF) spectrum that may be introduced by incomplete capture of the genome in
our libraries [188]. To increase the proportion of the genome captured within the fragment size
window, we pursued a double digest of the genome using a secondary enzyme with a more
frequently occurring recognition sequence (Figure 2.1; Table 2.1). Bfal, MIuClI, and Nlalll were
chosen for further testing due to their compatibility with Pstl digestion reagents and temperatures,
sticky ends, and the proportion of the genome falling in the size selection window. We ruled out
Bfal because it only had a 2bp overhang after cleavage, which led to a high concentration of
adapter dimer in the sequencing libraries. Ultimately, we proceeded with Nlalll over MIuCl, as it

contained the greatest portion of the genome in our size selection window.

In our previous GBS protocol, all fragments were cut on both ends by Pstl. By using a

substantially lower concentration of the barcoded Pstl adapter than the common Pstl adapter, we
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ensured the barcoded adapter would be the limiting reagent and the majority of fragments with an
annealed barcoded adapter would have a common adapter on the other end. This is crucial, as
having one of each of the adapters is required for proper amplification of the fragments on the flow
cell. However, when using both Pstl and NIlalll, the library is predominantly composed of
fragments cut on both sides by Nlalll, which will amplify during PCR with a common adapter, but
not on the flow cell. Therefore, we employed a Y-adapter [113] to control the direction of the first
round of PCR and prevent two-sided Nlalll fragments from dominating the final sequencing

library (Supplemental Text 2.2).

We tested numerous quantities of Pstl and Nlalll adapters in an attempt minimize the
amount used and avoid adapter dimers in the final libraries. For the barcoded Pstl adapters, we
tested 120pmol, 40pmol, 20pmol, 4pmol, 3pmol, 1.5pmol, 0.6pmol, and 0.2pmol and for the Nlalll
Y-adapter, 16pmol, 8pmol, 4pmol, 2pmol, 1pmol, and 0.5pmol. We found that 0.2pmol of Pstl

adapter and 4pmol of Nlalll Y-adapter yielded sufficient library and avoided adapter dimers.

We sequenced a trial flow cell with 8 pooled ddGBS libraries of 12 SD rat samples each
(96 total) on a HiSeq 2500 (Illumina, San Diego, CA) with 125bp reads and v3 chemistry,
obtaining an average of 15.3 million reads per sample. Given the Nlalll in silico digest results
suggested we were capturing ~3.4% of the genome and that we were using 125bp reads, this was
approximately 20x coverage of captured sites. We subsequently increased the number of samples
to 48 per library for the HS rats because we hypothesized 5x would be sufficient coverage per
sample when utilizing imputation to a reference panel. We also discovered that a portion of the
reads contained sequence fragments of the Nlalll adapter sequence, indicating there were
fragments with insert sizes smaller than 125bps in the final library. To avoid this, we increased the

fragment size range to 300-450bps (Table 1), roughly 175-325bp insert sizes. Due to the high
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concentrations of our libraries after pooling, the library size distribution obtained from the Pippin

Prep was uniformly shifted towards higher fragment lengths (Supplemental Figure 2.3).

The final ddGBS protocol can be found in Supplemental Text 2.1 and the necessary primer
and adapter sequences in Supplemental Text 2.2. This protocol was used for the sequencing of all

HS rats included in the following computational optimization steps.

2.4.2 Demultiplexing

The number of base pairs of sequencing data retained after demultiplexing was fairly consistent
across demultiplexing software (Supplemental Table 2.1). We ultimately decided to use FASTX
Barcode Splitter because it yielded the greatest number of reads after quality/adapter trimming and
had faster run times, though this may be predominantly attributable to outputting uncompressed
FASTQ files. An average of 330 million 100bp reads were obtained per library, resulting in ~7
million reads per sample. Supplemental Figure 2.4 shows the distribution of reads counts for all

samples after demultiplexing, but prior to sample filtering based on read count.

2.4.3 Adapter and quality trimming

Read quality was substantially elevated after trimming the barcode and adapter sequences and low-
quality base pairs at the ends of reads (Supplemental Figure 2.5). Overall read counts were only
marginally reduced by quality trimming (Supplemental Table 2.1). We observed that the number
of called variant sites and the genotyping rate were both greater when using reads initially

processed by Cutadapt (Martin, 2011) than reads processed by the FASTX Toolkit (Supplemental
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Table 2.2). Importantly, a large portion of the additional identified variants were known variant
sites from the 42 inbred strains reference set (Supplemental Figure 2.6), indicating the elevated
call rate was at least in part due to capturing more true variant sites. We viewed this as sufficient

support for proceeding with Cutadapt for quality trimming.

2.4.4 Read alignment quality

The number of called variants and genotype call rates were identical at read mapping quality
(mapQ) thresholds of either 20 or 30 (Supplementary Table 2.3) within ANGSD. As the ANGSD
mapQ threshold was raised to 45, there was a small reduction in the number of called variants, and
then much greater losses at thresholds of 60 or 90. Fortunately, genotype concordance rates at
both low and high mapQ thresholds were stable, despite the putatively higher quality of the
alignments (data not shown). This permitted us to select a lower mapQ threshold (mapQ = 20),

maximizing the number of variants called without sacrificing genotype quality.

2.4.5 Variant calling

Neither GATK’s UnifiedGenotyper nor HaplotypeCaller [176,189] called an adequate number of
SNPs for fine-mapping in the HS. Panel A of Figure 2.3 shows that the combination of
HaplotypeCaller and Beagle had lower rates of genotype concordance with array data than calls
made by ANGSD and Beagle. We tried several adjustments to the GATK default thresholds for
variant quality, heterozygosity, graph pruning, dangling branch length, and number of reads
sharing an alignment start to declare an active region; however, no alterations significantly
improved the results (data not shown; available by request). As shown in Panel B of Figure 2.3,
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ANGSD/Beagle yielded a substantially greater number of SNPs at all genotyping error rate
thresholds. This observation held when variants were limited only to biallelic sites and SNPs with

an MAF > 0.05.

Figure 2.3. Genotype discordance rates between array data and variants called by GATK or
ANGSD.

The two panels compare the number variants called by combination of ANGSD and Beagle or
GATK HaplotypeCaller and Beagle at various thresholds of genotype discordance with array data.
Calls were made using the 96 HS rats with array data. (A) The x-axis represents the genotype
discordance rate thresholds and the y-axis is the number of variants that surpass that threshold for
each genotype calling method. (B) Additional filters were applied to the original SNP sets and the
plot zooms in on a smaller range of acceptable discordance rates. Blue lines represent the unfiltered
SNP set. Yellow lines have been filtered for singletons. Red lines have further excluded SNPs with
an MAF < 0.05. Each line contains the same number of points.
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Within ANGSD, we compared the 4 possible models for estimating genotype likelihoods:
SAMtools, GATK, SOAPsnp and SYK. The SOAPsnp model demonstrated an advantage in
genotype accuracy and number of variants calls post-imputation with Beagle (Supplemental Figure
7). However, SOAPsnp requires considerably more computing time and resources, outweighing

its marginal benefits when applied to a large sample set (>2,000). The GATK model showed a
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greater number of variants for more lenient discordance rate threshold, but as stringency increased,
the number of variants converged across the remaining 3 models. We proceeded with the
SAMtools model for genotype likelihood estimation due to its previous support in the GBS
literature [160], accepting a nominal decrease in highly concordant variants for a large gain in

efficiency.

2.4.6 Imputation to reference panel

We observed a highly upward skewed transition/transversion ratio compared to the expectation of
~2 (Supplemental Table 2.4) in our ANGSD/Beagle SNP data prior to imputation with IMPUTE2.
This issue was ameliorated if we filtered the SNP set for only “known” variants that were
previously identified in either the 42 inbred strains [177] or the 8 deep-sequenced HS founders
[179]. For imputation, we therefore only provided IMPUTE2 with previously identified variant
sites from our ANGSD/Beagle output. Prior to running IMPUTE2, we also filtered the variants for
biallelic sites with a genotype call in more than one individual. Using pedigree data for the HS
rats, we were further removed sites and samples showing high levels of Mendelization errors.
Lastly, we removed any samples where the sex chromosome read ratio was contrary to their

reported sex (Supplemental Figure 2.1).

To determine which reference set to impute outwards to, we tested six different possible
combinations of available reference data (Table 2.2). The most accurate imputation was observed
for the reference set containing only the 8 deep-sequenced HS founder strains from UMich;
however, imputation to this set had the lowest genotyping rate of all panels. In contrast, using the

42 rat inbred strains displayed a balance of high accuracy and low missingness, leading us to
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choose this as our reference set. To justify our choice, we also compared the 8 founders’ data
within the 42 inbred strains to other 34 rat strains in the reference set. As expected, discordance
rates were much higher when only considering non-founders. Interesting though, genotyping rates
were greater for the 34 than the 8 founders, suggesting a combination of the two was the optimal

choice.

Table 2.2. Imputation accuracy based on different variant reference panels for IMPUTE2.

Chrl Chr2
Discordance rate 0.011 0.010
42 Inbred Strains # Variants 790,659 882,993
Genotyping Rate 0.85 0.81
Discordance rate 0.007 0.011
UMich 8 founders + 42 # Variants 864,670 898,621
Inbred Strains
Genotyping Rate 0.63 0.64
Discordance rate 0.035 0.030
ekl # Variants 812,550 912,749
inbred strains
Genotyping Rate 0.84 0.80
Di d t 0.012 0.011
Only the 8 HS founders Iscordance rate
from the 42 inbred # Variants 805,424 902,061
strains .
Genotyping Rate 0.57 0.53
Discordance rate 0.0059 0.008
Dty Ire WAt Ei # Variants 865,514 898,621
founders
Genotyping Rate 0.42 0.41
Discordance rate 0.0095 0.0096
Old 8 HS only # Variants 507,909 540,844
Genotyping Rate 0.43 0.40
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All genetic map options produced promising results from imputation (Supplemental Table
2.5). Surprisingly, the genetic maps based on a constant rate of recombination across the
chromosome yielded similarly high quality imputed genotypes as the HS-specific map with
variable rates tailored to the HS LD landscape [184]. Due to the marginal differences, we chose to
use the chromosome-specific values initially published by Jensen-Seaman [183] for simplicity
without compromising our results. We also found no large difference in resultant imputation
accuracy between pre-phasing with VCFtools and IMPUTE2; however, SHAPEIT showed a

higher rate of genotype discordance than either (data not shown).

To obtain our final set of ~3.7 million variants, a final round of variant filtering is
performed after imputation to the 42 genomes data with IMPUTE2 to remove any remaining SNPs
with MAF < 0.005, a post-imputation genotyping rate < 90%, and or that violate HWE at a

threshold of 1x1071°,

2.5 Discussion

The use of microarrays and WGS for genotyping large samples in emergent model species remains
cost-prohibitive. There is therefore an urgent and wide-spread need for a high-performance and
economical methods of obtaining genome-wide genotype data. While reduced-representation
approaches have been utilized in numerous species of plants and animals, including rodents
[76,87,96,115,157], there has yet to be a published protocol optimized specifically for rats. Prior
to sequencing thousands of HS samples with GBS for our mapping efforts, we wanted to ensure
we were capturing the greatest possible number of high-quality variants. The protocol we present
here in the culmination of thorough testing and optimization of each step of the GBS protocol for
rats. We have now applied the approach to 4,973 HS rats, as well as 4,608 Sprague Dawley rats
[97].
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Our previous GBS computational pipeline (Parker ef al, 2016), designed for use with CFW
mice, was unsuitable for our current genotyping efforts in HS rats, due in part to the much higher
levels of genetic diversity of HS population. There are multiple reasons we chose to develop our
own computational pipeline for GBS rather than using existing workflows. Foremost, the
prominent GBS analysis pipelines were developed and optimized for use in crop species [150,158—
161], which are polyploid and have differing levels of variation and LD than outbred rodent
populations. Additionally, there were elements of each pipeline that did not meet our needs or
lacked customizability. For instance, TASSEL-GBS v2 [159] trims all reads to 92 base pairs;
however, other projects underway in our lab utilized up to 125bp reads, leading to a ~20%
reduction in data. TASSEL-GBS also ignores read base quality scores, which are informative in
probabilistic frameworks for estimating uncertainty in alignments and variant calls [189—-191], and
uses a naive binomial likelihood ratio method for calling SNPs. Stacks has previously shown poor
demultiplexing [160,171] and does not make use of the reference genome for priors when calling
SNPs [158]. Fast-GBS relies on Platypus for variant calling [160,192], which employs a Bayesian
method of constructing candidate haplotypes that works poorly with low-pass sequencing data and
does not scale well [193]. Lastly, none of these pipelines included an imputation step, which is
crucial for filling in missing genotypes in GBS data and can provide hundreds of thousands of

additional SNPs given an appropriate composite reference panel [194,195].

Though we have not explicitly tested each alternate GBS pipeline for the purposes of this
publication, this has been recently done by Wickland et al. [161]. Their pipeline GB-eaSy, which
ours most closely resembles, was found to be superior by a number of metrics to Stacks, TASSEL-
GBS, IGST, and Fast-GBS. Similar to GB-eaSy, our pipeline utilizes a double-digest GBS

protocol, aligns reads to the reference genome with bwa-mem, and uses the SAMtools genotype
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likelihood model for calling SNPs [196]. The combination of bwa-mem and SAMtools algorithm
was independently shown to have the best performance for calling SNPs from Illumina data [197],
further supporting our choice of these programs for read alignment and variant calling.
Additionally, using the ANGSD wrapper provided us with the ability to convert the posterior
genotype probabilities into dosages for mapping studies [165], useful for conveying important

uncertainty in sample genotype calls.

A minor difference between GB-eaSy and the proposed pipeline is the use of Cutadapt
[173] rather than GBSX [171] for demultiplexing, though both performed equally well (Table S1).
The primary improvement is our extension of the pipeline with the implementation of effective
internal and reference-based imputation steps using the 42 inbred rat genomes [177] and 8 deep-
sequenced HS founders from UMich [179]. There are two stages of imputation in the pipeline: the
first one is accomplished by Beagle, which aims to fill in missing genotypes at called variants
using information from other samples. This round of imputation raises the genotype call rate to
100% but may also introduce errors if there is low confidence in the existing genotype calls,
emphasizing the need for careful filtering steps. The second stage of imputation made use of
IMPTUE2 and an external reference panels of variants called from WGS data on the 8 inbred HS
founders, as well as 34 additional inbred rat strains. We decided to include the 34 additional strains
because of the elevated genotyping rate we observed upon their inclusion in the IMPUTE2
reference panel. We believe they may help make calls in small chunks of the genome that do not

compellingly match the 8 known founders.

In summary, we have redesigned a GBS protocol and genotyping and imputation pipeline
to obtain dense genotypes on genome-wide markers in highly-multiplexed HS rats. After quality

filtering on the level of SNP and sample, over 3.7 million were called. The ddGBS protocol and
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bioinformatic methods used to produce this data are publicly available, easy to handle, and cost-
effective. The presented workflow could be feasibly followed with marginal modifications for

application in other species.

2.6 Contributions

This work was funded primarily by Dr. Abraham Palmer’s P50 grant (P50 DA037844). Additional
funding came from the Sprague Dawley PavCA grant (R21 DA036672) and my individual support
through my F31 (DA039638-02) and GRTG T32 (GMO007197) training grant through the
University of Chicago. I performed all optimization of the ddGBS sequencing library preparation
protocol for use in rats. I also prepared the original HS library with 96 samples to test the efficacy
of ddGBS in this population. Later HS libraries were constructed by Celine St. Pierre and Hannah
Wladecki. Jianjun Gao performed the majority of the computational analyses presented within this
chapter, including all variant calling and concordance checks with array data. However, we worked
collaboratively to select the computational tools and parameters that ultimately went into analyzing
the raw sequencing data and calling variants. Using our joint data, | composed the written transcript

for this chapter.
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2.7  Appendix A: Supplemental Figures

Supplemental Figure 2.1. Ratio of reads on X-chromosome to total sequencing reads.

The color of the points indicates the pedigree-recorded sex of the samples. Females are expected
to have approximately twice as many reads for the X-chromosome. Samples that did not cluster
with their pedigree-recorded sex were removed from the study for possible sample mix-up.
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Supplemental Figure 2.2. Data preparation workflow for imputation with IMPUTE2.
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Supplemental Figure 2.3. Programmed vs. empirical Pippin Prep fragment size range.

This plot comes from the Bioanalyzer output for a pooled HS library. The x-axis shows the library
fragment sizes in base pairs, and the y-axis is in fluorescent units, which represent the quantity of
the fragments on the gel chip. There is approximately a 50-75bp shift in the empirical library
distribution compared to expectation due to the high quantity of fragments loaded into the Pippin
Prep gel cassette.
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Supplemental Figure 2.4. Raw read counts grouped by shipment batch.

Raw read counts are on a per-sample basis after demultiplexing FASTQ files with FASTX Barcode
Splitter.
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Supplemental Figure 2.5. FASTQC results pre- and post-filtering with Cutadapt.

FASTQC results are from a single sample from the original set of 96 HS samples prepared in 12-
plex and sequenced on the Illumina HiSeq 2500 with 125bp reads.
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Supplemental Figure 2.6. Overlap of called SNPs with known variants after read trimming
with FASTX or Cutadapt.

GBS variants after Cutadapt GBS variants after FASTX Clipper

4,953,876

o> >

4,893,103 5,088,024

Known variants from Known variants from
42 inbred strains 42 inbred strains

45



Supplemental Figure 2.7. Number of variants by genotype discordance rates for 4 ANGSD
genotype likelihood models.
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Supplemental Figure 2.8. Available rat genetic maps.

Plotted physical and genetic distances are for chromosome 12.
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2.8 Appendix B: Supplemental Tables

Supplemental Table 2.1. Demultiplexing performance.

All methods began with the same number of reads from the original FASTQ. Final read and base
pair counts are from after the reads have been trimmed of adapter, barcode, and restriction site

sequences, as well as low-quality base pairs (< Q20).

In-house Python FASTX
Script GBSX Barcode Splitter
Reads with NlalIl 545,177 (3.07%) 475,581 (2.67%) 547,697 (3.07%)
adapter sequence
Total bps processed 2,061,523,464 2,116,436,361 2,227,542,500
Total bps written to file 2,059,714,312 2,114,841,934 2,225,724,833
Proportion of bps 99.91% 99.92% 99.92%
retained
Reads post-processing 17,771,754 17,786,280 17,820,340

Supplemental Table 2.2. Comparison of variants calls after filtering with FASTX vs

Cutadapt.

Data shown comes from the original set of 96 HS samples prepared in 12-plex and sequenced on
the Illumina HiSeq 2500. At this step of pipeline optimization, variants were called utilizing

GATK UnifiedGenotyper. Calls were unfiltered.

FASTX Clipper Cutadapt
Number of variants 6,075,821 6,581,115
Genotyping call rate 0.17 0.19
Mean minor allele count 3.96 4.25
Mean minor allele frequency 0.15 0.15
Number of singletons 433,960 548,975
Number monomorphic sites 807,453 773,074
Transition/transversion ratio 2.32 2.40
TiTv ratio for singletons 3.23 3.40
Mean variant read depth 109.56 126.35
Mean quality score 601.79 715.56
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Supplemental Table 2.3. Variant metrics resulting from reads filtered at different mapping
quality thresholds.

Data shown comes from the original set of 96 HS samples prepared in 12-plex and sequenced on
the Illumina HiSeq 2500. Variants were called utilizing the SAMtools model and the -minMapQ
filter in ANGSD. Calls were unfiltered.

MAPQ =20 | MAPQ = 30 | MAPQ = 45 | MAPQ = 60 | MAPQ = 90
Number of variants 372,860 372,330 363,790 316,949 233,322
Genotyping call rate 0.64 0.64 0.64 0.61 0.75
Mean minor allele 5.96 5.96 6.06 5.86 736
count
Mean minor allele 0.18 0.18 0.18 0.18 0.19
frequency
Number of sinelefons 16,781 16,732 16,550 17,352 11,773
g (4.50%) (4.49%) (4.55%) (5.47%) (5.05%)
Number of 122,478 122,188 116,738 100,074 56,179
monomorphic sites (32.85%) (32.82%) (32.09%) (31.57%) (24.08%)
Transntlon/tl:ansversmn 1.23 124 1.26 131 1.41
ratio
TiTy ratio for 127 1.28 1.28 131 138
singletons
Mean variant read 157.78 157.73 159.25 152.48 188.80
depth
Mean quality score 2,547 2,548 2,556 2,461 2,954

Supplemental Table 2.4. Transition/transversion ratio before and after known sites filtering.

The presented data comes from ANGSD/Beagle variant calls for 3,601 HS samples, prior to
imputation with IMPUTE2. Known SNPs came from both the 42 inbred genomes from Hermsen
et. al 2015 [177] and the 8 inbred HS founder strains sequenced by the University of Michigan

[179].

Unfiltered SNPs Filtered for known SNPs
AC 15,157 9,166
AG 888,657 42,275
AT 15,432 7,610
CG 18,043 8,061
CT 893,653 41,938
GT 15,118 9,177
Ts 1,782,310 84,213
Tv 63,750 34,014
TsTv 27.96 2.48
Total # SNPs 1,846,060 118,227
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Supplemental Table 2.5. Imputation accuracy for chromosome 12 across different genetic
maps.

The number of variants used for the concordance check is dependent on the overlap of the imputed
variants with array data for the 96 HS rats with array genotypes. The MAF filter only removes
monomorphic sites within the 96 HS rat sample used for the concordance check.

cM/Mb=1.00 | cM/Mb=1.16 | SHRSPxPN HS-specific
Number of variants
before QC 158,452 158,452 158,452 158,452
Genotyping rate
before QC 0.94 0.92 0.92 0.92
Variant removed for 22217 28,959 28,356 28,858
missingness > 10%
Variants removed for
MAF < 0.005 50,380 61,270 61,592 59,812
Variants removed for
HWE < 1x1019 >3 26 >7 26
Number of variants 85,802 68,167 68,447 69,726
after QC
Genotyping rate
after QC 0.93 0.91 0.92 0.91
Number of variants in 5.912 5,590 5,594 5.646
concordance check
Discordance rate 0.095 0.011 0.011 0.010
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CHAPTER 3

GENETIC CHARACTERIZATION OF OUTBRED SPRAGUE DAWLEY RATS AND

UTILITY FOR GENOME-WIDE ASSOCIATION STUDIES

3.1 Abstract

Sprague Dawley (SD) rats are one of the most commonly used outbred rat strains. Despite this, the
genetic characteristics of SD are poorly understood. We collected behavioral data from 4,625 SD
rats acquired predominantly from two commercial vendors, Charles River Laboratories and Harlan
Sprague Dawley Inc. Using double-digest genotyping-by-sequencing (ddGBS), we obtained
dense, high-quality genotypes at 234,887 SNPs across 4,061 rats. This genetic data allowed us to
characterize the variation present in Charles River vs. Harlan SD rats. We found that the two
populations are highly diverged (Fst > 0.4). We also used these data to perform a genome-wide
association study (GWAS) of Pavlovian conditioned approach (PavCA), which assesses the
propensity for rats to attribute motivational value to discrete, reward-associated cues. Due to the
genetic divergence between rats from Charles River and Harlan, we performed two separate
GWAS by fitting a linear mixed model that accounted for within vendor population structure and
using meta-analysis to jointly analyze the two studies. We identified 18 independent loci that were
significantly associated with one or more metrics used to describe PavCA; we also identified 3
loci that were body weight, which was only measured in a subset of the rats. The genetic
characterization of SD rats is a valuable resource for the rat community that can be used to inform

future study design.

3.2 Introduction
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Rats are among the most commonly used organisms for experimental psychology and biomedical
research. Whereas research using mice makes extensive use of inbred strains, in rats, it is more
common to use commercially available outbred populations. Among the commercially available
outbred rat populations, the Sprague Dawley strain (SD) is one of the most widely used. SD rats
are distributed by several vendors. Each vendor has multiple breeding locations, and each
breeding location has one or more barriers in which the rats are housed. Prior studies have
identified numerous physiological differences between SD rats obtained from different vendors
[101,103,105—-107]. Despite these observations, many researchers appear to assume that SD rats
obtained from different vendors or barrier facilities are largely interchangeable. There has been
little research into the genetic diversity and population structure that exists among commercially
available outbred rats [76]. Prior rat genetic studies have used F> and more complex, multi-
parental crosses of inbred strains for QTL mapping and GWAS [36,40,94]; however, we are not
aware of any such studies that have employed commercially available outbred rats. Recently, we
and others have demonstrated the potential benefits and challenges associated with the use of
commercially available outbred mice for GWAS [96,198], suggesting that similar studies in rats

might also be of value.

SD rats originated in 1925 at the Sprague-Dawley Animal Company (Madison, WI), where
they were created by a cross between a hooded male hybrid of unknown origin and an albino
Wistar female [100]. In 1950, Charles River Inc. began to distribute SD rats. In 1980, Harlan Inc.
(now Envigo, Inc.) began to distribute SD rats after their acquisition of Sprague-Dawley, Inc.
[199]. In 1992, Charles River reestablished a foundation colony of SD rats, using 100 breeder pairs
from various existing colonies [200]. The resulting litters were used to populate SD colonies

globally and have since been bred using a mating system that minimizes inbreeding. Every 3 years,
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Charles River replaces 25% of their male breeders in each production colony with rats from a
single foundation colony. Charles River also replaces 5% of their foundation colony breeding pairs
with rats from the production colonies on a yearly basis. These practices are designed to reduce
genetic drift between the production colonies [201]. Harlan also reports using a rotational breeding
system to limit inbreeding; however, more detailed information is not publicly available. Since
Harlan’s acquisition by Envigo, the process has become more transparent [202]. Envigo follows a
Poiley rotational breeding scheme [203], whereby animals are cycled through different sections of
the colony with each generation, reducing genetic drift and inbreeding.

Here we used SD rats from multiple vendors, breeding locations, and barrier facilities to
elucidate the genetic background of SD and to perform a GWAS of components of a complex
behavior. DNA samples were obtained from rats used in multiple studies as part of an unrelated
Program Project grant (POIDA031656) concerned with individual variation in the propensity to
attribute incentive value to food and drug cues [53,204]. All rats were first screened for Pavlovian
conditioned approach behavior (PavCA) [205], which provides one index of the degree to which
a reward cue has been attributed with incentive salience. Although the genetic analyses reported
here were not part of the original design, we took advantage of the opportunities afforded by that
large, behavioral study. We extracted genomic DNA from available tissue samples and then used
double digest genotype-by-sequencing (ddGBS) to obtain dense genotypes for 4,625 SD rats. We
used these genotypes to first genetically characterize different populations of SD, and then in
conjunction with behavioral data from PavCA, to perform the largest rodent GWAS to date.
Because most of the rats were obtained from two vendors (Harlan and Charles River) we

performed two separate GWAS and combined the results using meta-analysis. Our results provide
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insights about the population structure and suitability of SD for GWAS, and also explore specific
loci associated with Pavlovian conditioned approach.
33 Methods

3.3.1 Sprague Dawley samples

Tissue samples from 5,206 male Sprague Dawley rats were obtained, predominantly from Charles
River and Harlan, with a few samples from Taconic. A subset of 4,625 of these rats went on to be
genotyped by ddGBS and/or WGS. After sample filtering, a final set of 4,061 genotyped SD rats
were used for the population genetic and association analyses. Supplemental Table 3.1 lists the
number of samples that came from each vendor, breeding location, and barrier facility. Detailed
information about these 4,061 rats is available in Supplemental File 3.1 File. Behavioral testing
was performed between February 2012 and August 2015 as part of work for multiple studies
[78,204,206-212,212-217]. All experiments were approved by the University of Michigan
IACUC. Housing, feeding, lighting and other relevant environmental conditions have been
previously described. Following sacrifice at the University of Michigan, tissue samples were
shipped to the University of Chicago; subsequent processing of those samples is described in the

following sections.

3.3.2 Pavlovian conditioned approach

Pavlovian conditioned approach procedures have been thoroughly described previously [218,219]
as a means to assess the tendency to attribute incentive motivational value or incentive salience to
a cue that has been repeatedly paired with a noncontingent reward. Briefly, rats are placed into a
testing chamber in which an illuminated lever (conditioned stimulus; CS) enters the chamber and

after 8 seconds the lever-CS retracts and a food pellet (unconditioned stimulus; US) is immediately
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delivered into an adjacent food cup. Rats are scored for their three possible responses to the lever-
CS entering the cage: approach and interact with the lever, approach and interact with the food
receptacle (magazine), or make neither approach. Conditioned responses are captured during the
8-second period during which the lever-CS has entered the chamber, but before the food reward
enters the magazine. The following measures are obtained in automated fashion: the number of
lever contacts as measured by lever depressions, number of magazine entries as measured by
infrared sensor in the food receptacle, and the latency to both during the 8-second lever-CS
presentation. The rats are tested in this manner with 25 trials per session and one session is
conducted per day for 5 consecutive days. For the purposes of this project, the number of lever
contacts and magazine entries are summed across all 25 trials within a given session, and the
latencies are averaged across 25 trials within a session.

Along with response counts and latencies, three additional measurements are recorded: 1)
the proportion of trials in a session during which a rat made a lever contact (“probability” of lever
press), 2) the proportion of trials during which they made a magazine entry (“probability” of
magazine entry), and 3) the number of non-CS (NCS) magazine entries that occurred outside of
the 8 second trials (when the cue was not present during the intertrial interval). We also calculated
composite scores to categorize rats as sign-trackers (ST; defined as rats that preferentially
interacted with the lever-CS), goal-trackers (GT; defined as rats that preferentially interacted with
the food magazine), and intermediate responders (IR; rats that vacillated between sign- and goal-
tracking behavior) [205]. These scores include: response bias ([lever presses — magazine
entries]/[lever presses + magazine entries]), latency score ([average magazine entry latency —
average lever press latency]/8), and probability difference ([lever press probability — magazine

entry probability]). The PavCA index score is the average of the response bias, latency score, and
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probability difference. A value of [-1, -0.5] for the PavCA index score indicates a GT, (-0.5, 0.5)
indicates an IR, and [0.5, 1] indicates a ST. We performed a Welch’s 2-sample t-test to show that
the PavCA index score distributions differed significantly between Charles River and Harlan SD
rats (t=20.161, df = 3908.1, p-value < 2.2x107'%). In summary, 11 PavCA metrics were available

for analysis, each of which we measured on days 1, 2, 3, 4, and 5 (Supplemental Table 3.7).

3.3.3 Double digest genotyping-by-sequencing (ddGBS)

To obtain genotypes, we used ddGBS, a genotyping method that reduces the complexity of the
genome by only sequencing regions proximal to restriction enzyme cut sites [76,112]. We have
recently described the technical aspects of this protocol in detail [220]. The ddGBS protocol used
in this paper is a synthesis of the GBS approach described in Graboski et al. [221] and used more
recently by Parker et al. [96] and Gonzales et al. [157], and an analogous approach known as
double digest restriction associated DNA sequencing (ddRADseq) [115].

DNA was extracted from rat tails using the PureLink® Genomic DNA kit. DNA purity
was assayed using a Nanodrop 8000 (260/280 > 1.8) and DNA integrity by gel electrophoresis
(minimal smearing). Genomic DNA was then digested using two restriction enzymes: Pstl (6-bp
recognition site) and Nlalll (4-bp recognition site). Adapter oligos were annealed to overhangs left
by Pstl and Nlalll. The Pstl adapters contained 48 unique 4-8 bp in-line indexes [96,157,221]. A
Y-adapter was annealed to the Nlalll cut sites, which controlled the direction of the first round of
PCR amplification and thus ensured that the library was primarily composed of fragments with
one of each of the adapters. Post-annealing, sets of 24 individual sample libraries were quantified
and pooled. Pooled libraries were PCR amplified for 12 cycles, size-selected for 300-450bp using

the Pippin Prep, and quality checked by Agilent Bioanalyzer (peak range ~ 300-500bp and conc.
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> 20nM). Sequences for the 48 barcoded adapters, Y-adapter, and PCR primers are provided in
Supplemental Text 2.2.

Sequencing of pooled libraries was performed by Beckman Coulter Genomics (now
GENEWIZ). Sequencing was carried out on the [llumina HiSeq 2500 using v4 chemistry and 125-
bp single-end reads. Each lane consisted of a pool of 24 samples, resulting in an average of 8.9
million reads per sample. A total of 4,608 unique ddGBS sample libraries were sequenced. Of
these samples, 384 were sequenced twice, resulting in two sets of sequencing data for each sample

from the same library prep that were used for to check genotype concordance.

3.3.4 Light whole-genome sequencing

To discover new variants and support imputation, we performed low-coverage whole-genome
sequencing (WGS) of 80 SD rats from this same cohort. The rats were selected to represent sign-
trackers, goal-trackers, and intermediate responders from each of the major barriers within the 6
major subpopulations of Harlan and Charles River. Sample libraries were prepared using the
[llumina TruSeq® PCR-Free Library Prep kit and quality checked using an Agilent Bioanalyzer
and qPCR on an Applied Biosystems StepOne Real-Time PCR System to ensure they met [llumina
quality standards. Sample pooling (10 samples per pool) was performed by Beckman Coulter
Genomics. Each pooled library was sequenced on two lanes of an Illumina 2500 flow cell with
125-bp single-end reads, resulting in an average of 51.6 million reads per sample per two lanes.
Assuming that the rat genome (rn6) is ~2.87Gb, this provided about 180x coverage of the rat

genome, or about 2.25x coverage per rat.

3.3.5 ddGBS sequence data processing
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We have recently described the bioinformatic steps that we use for ddGBS in detail [220]. We
follow an analogous approach in this paper, though we deviate at the imputation step due to our
use of SD instead of HS rats. Briefly, raw reads from ddGBS were demultiplexed using FASTX
Barcode Splitter [170], allowing for 1 mismatch. After demultiplexing, barcodes were trimmed by
cutadapt [173]. Any reads not matching a sample’s barcode within 1-bp were filtered out. We
removed 316 samples for which there were less than 4 million reads, leaving 4,292 samples with
ddGBS data. We also used cutadapt to trim low-quality base pairs (phred quality score < 20) at
the ends of the reads, and to remove 3’ adapter sequences. Reads trimmed to less than 25-bp were
discarded. Next, all reads were aligned to the rat reference genome assembly (rn6) using bwa [175].
All ddGBS reads were realigned at known indel sites by GATK’s IndelRealigner [176]. Because
of a lack of SD-specific variant data, we used variant data from 42 whole-genome sequenced rat
strains and substrains [177] as the reference set for indels. We then used GATK to perform base
quality score recalibration (BQSR) on the BAM files, using data (SNP & indel) from the 42 rat
genomes as the “known” set of variants. For the ddGBS samples that were sequenced twice (381
remaining after filtering for read count), we performed all quality control and variant calling steps
in parallel, since our goal was to compare calls made in these samples as a means of estimating

the genotyping error rate.

3.3.6 Light WGS data processing

Raw reads from WGS were processed in an analogous manner to the ddGBS data (detailed above)
through the alignment step. After alignment, duplicates reads were removed using picard [222].

Reads were then realigned and underwent BQSR. The final WGS BAM files from each lane (2
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files per sample) were merged. The WGS BAM files for the 63 samples that had undergone both

ddGBS and WGS were then merged.

3.3.7 Variant discovery and imputation with ANGSD/Beagle

We found that GATK’s HaplotypeCaller tool [176] was ineffectual at making high-confidence
SNP calls in our dataset, likely due to the unusual distribution of reads produced by ddGBS.
Instead, we used the Samtools genotype likelihood model [196] as implemented by ANGSD [165]
to estimate genotype likelihoods from the mapped ddGBS reads. Likelihoods were obtained in
10Mb chunks of the genome, which were subsequently concatenated. Major and minor alleles
were inferred from the data based on allele frequency estimates made from the genotype
likelihoods. The likelihoods were only estimated at sites where at least 100 samples had reads.
ddGBS data results in low call rates at many loci. However, we retained these loci because we
anticipated they would be useful for imputation. Next, we used the ANGSD genotype likelihoods
to impute missing genotypes (that is for SNPs where only a portion of the rats had genotyping
information) using Beagle [166,167], which produced a VCF file containing hard genotype calls
(0,1, or 2), dosages ([0,2]), and posterior probabilities for each genotype ([0,1]) for 2,274,118
biallelic SNPs in 4,309 rats (ddGBS+WGS). This is the unfiltered set of SNPs and samples we
moved forward with for all subsequent steps. We elected not to pursue variant quality score
recalibration using the GATK VariantRecalibrator algorithm [189], because we did not have the
required “truth” SNP set. Due to the poorly understood population history of SD rats, it was unclear
whether the variation present in the 42 rat genomes would be representative of the variation present
in our sample. Using the 42 genomes as a reference for the VariantRecalibrator may also have

negatively impacted the calling of novel SD variants.
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3.3.8 STITCH (Sequencing To Imputation Through Constructing Haplotypes)

In addition to variant calling and imputation using ANGSD/Beagle, we also explored the use of
STITCH [223], since it is specifically designed for low-coverage WGS data lacking haplotype
reference panels. However, ddGBS data is higher coverage and sparser than the input for which
STITCH was designed. We used the set of alignment files and known variant sites from the 42
genomes [177], as described above. STITCH queries the user for the number of ancestral
haplotypes that exist in the population (K). Due to our lack of knowledge about the founder
population, we ran STITCH on a single chromosome using 5 different values of K: 2, 3, 4, 5, and
6. We found that K values of 3, 4, and 5 worked similarly well and chose K=4 to maximize the
number of SNPs called and minimize error rate as ascertained by comparison of genotype calls
between duplicate samples. STITCH yielded 8,691,886 biallelic SNPs, vastly more than were
called with ANGSD/Beagle. However, after applying filters for dosage r>/INFO score > 0.9, MAF
> 0.01, HWE p-value < 1x107, as well as removing sites in near perfect pairwise LD > 0.95, we
found that the genotypes from STITCH contained fewer SNPs compared to the comparably filtered
output from ANGSD/BEAGLE (see Supplemental Table 3.2). For this reason, we did not use the

SNP calls made by STITCH in any of the analyses presented in this paper.

3.3.9 Genotype concordance check

Whereas some of our past projects that used GBS were able to determine the accuracy of GBS
genotypes by comparing them to genotypes obtained from SNP microarrays, we did not have
microarray-based genotypes for this cohort. Instead, we relied on the remaining 381 duplicate

samples whose genotypes were called in parallel. To estimate genotyping accuracy, we compared
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the rate of concordance of hard genotype calls among the duplicate samples. We first filtered
variants by dosage 1> (DR?), a measure of the accuracy of the genotype imputation performed by
Beagle. We tested three different DR? thresholds (>0.7, >0.8, >0.9). We then removed variants
with MAFs < 1% or that violated Hardy-Weinberg equilibrium at a threshold of 1x1077 in either
vendor population. Concordance rates were checked by two methods: 1) by using hard calls in the
RAW format from plink 1.9 and dividing the number of times a genotype call matched between
duplicate samples by the total number of SNPs and 2) by taking the mean Pearson correlation of
the dosages of the duplicate samples. The results are presented in Supplemental Table 3.3. Similar
error estimates were obtained by the hard call and dosage approaches. We chose to move forward

with the DR? threshold of 0.9 for all subsequent analyses, which yielded an error rate of ~0.85%.

3.3.10 Post-genotyping sample filtering

We removed female rats (n=77) and rats from Taconic Farms (n=4) since they made up a very
small fraction of the total sample. We also removed rats that showed poor clustering in the PCA
analysis, described below. We filtered out individuals with unusually high or low rates of
heterozygosity and high degrees of relatedness as detailed below. Lastly, we excluded a small set
of duplicate samples (n=7) and samples missing phenotype data for mapping (n=10). All filters
and sample numbers are listed in Supplemental Table 3.5. After these steps, 4,061 unique male SD

rats from Charles River (n=1,780) and Harlan (n=2,281) remained.

3.3.11 Principal component analysis, identity-by-descent, and heterozygosity

We performed principal component analysis (PCA) on the cohort of 4,228 samples filtered for low

read count, Taconic, and females. PCA was performed on hard genotype calls in R using the

61



prcomp function in R [224] on a set of variants pruned for SNPs with MAF < 0.05 in the combined
sample set, SNPs in pairwise LD > 0.5, and SNPs violating HWE at a p-value < 1x107 in either
Charles River or Harlan. The first PC clearly separated animals from Harlan and Charles River;
however, there was a set of 54 rats that did not visually cluster as expected at the level of vendor
or subpopulation (data not shown). These animals were removed from all subsequent analyses (we
assumed they reflected inaccurate records, sample mix-ups, or some other technical problems).

With this further reduced set of 4,174 rats, we continued on to assess the genetic
relationships among the rats in our sample. SD rats were ordered in multiple batches over several
years, and we suspected some of these rats would be closely related (siblings, cousins, etc.). We
reapplied the variant filters used for PCA and utilized the --genome function in plink 1.9 on the
resulting SNP set to estimate 7T (the proportion of genotypes predicted to be identical by descent),
for all pairs of samples. Panels A and C in Supplemental Figure 3.4 show that while most of the
animals were unrelated, there were a significant subset of closely related pairs, as well as some
pairs with exceedingly high IBDI1 rates in Harlan.

We used the plink 1.9 function --het to examine possible inflation or deflation of
heterozygosity rates in our samples. Panels A and C in Supplemental Figure 3.8 show that a
handful of samples in both populations with uncharacteristically high (> 0.25) or low (< 0.25) rates
of heterozygosity. We filtered out 34 such samples, as we found they drove the majority of the
anomalous signal in our pre-filtering plots in Supplemental Figure 3.4. We also removed 12
samples with more than 30 close relations (defined as 7 > 0.1875) and 32 samples that had a 77 >
0.6 with another sample (likely sample contamination/mix-up). After applying these sample filters,

we were left with Panels B and D in Supplemental Figures 3.4 and 3.8.
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After reaching our final set of 4,061 rats, we reapplied the SNP filters on the reduced
sample set, resulting in 4,502 SNPs that were polymorphic in both populations. We then ran PCA
as described above. We also repeated PCA on the samples from Charles River and Harlan

separately to examine substructure within each population.

3.3.12 Final variant filtering and minor allele frequency spectrum

After establishing the final cohort of 4,061 rats, we sought to establish a final set of SNPs to be
used for the association analyses. First, we removed sites with DR? < 0.9. We then separated the
Charles River and Harlan samples for all subsequent variant filtering performed in plink 1.9, which
converts the posterior probabilities we received from Beagle to hard genotype calls, so long as the
probability is > 0.9. In each population, we removed SNPs with MAF < 0.01 using the —maf option
in plink 1.9. Lastly, we used the --hardy function in plink 1.9 [225] to perform tests for Hardy-
Weinberg equilibrium. We did this for samples from each major subpopulation in each vendor (for
Harlan: Frederick, Haslett, and Indianapolis; for Charles River: Portage, Raleigh, and St. Constant)
because the population structure would have inflated the HWE statistics. We removed all SNPs
with an HWE p-value < 1x107 in any of the 6 subpopulations. At the end of this process, we
retained a total of 214,309 SNPs in Charles River and 114,568 SNPs in Harlan. A summary of the
filtering process is shown in Supplementary Table 3.2. We used the --freq option in plink 1.9 to

estimate the MAFs for these final filtered sets SNPs. The distributions are show in Figure 3.1D.

Taking the union of these two sets of SNPs, there were a total of 234,887 polymorphic sites
passing our filters between the two populations. Our final set of filtered SNPs contained 105,638
novel SNPs that had not be previously reported by Hermsen et al. [177]. We also compared our

final set of SNPs to the most recent dbSNP release for rats (Build 149, November 7, 2016) and
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found that 195,299 of the 234,887 SNPs we discovered were not present in the current dbSNP

build.

3.3.13 Fixation Index (Fst)

To quantify the population divergence between SD rats from Harlan and Charles River, we
computed the fixation index (Fst) for each SNP in the union set of 234,887 using smartpca within
the EIGENSOFT package [120,226,227]. Due to the substructure within vendor and vendor
subpopulation that we saw in our PCA analyses, we chose to approach the Fst estimation in three
different ways. We first grouped the rats solely on vendor to calculate Fst between Harlan and
Charles River rats. Then, we broke these populations down further into the 3 major breeding
facilities in each of the two vendors (listed previously) and calculated the pairwise Fst between
each sample set. Finally, we split the breeding facilities into the barriers that composed them,
treating each barrier as a separate population. In each case, we computed all possible pairwise Fsr

values. Samples from poorly represented barrier facilities were removed from the latter 2 analyses.

3.3.14 Linkage Disequilibrium

We plotted the decay of linkage disequilibrium (LD) using the -- utility in plink 1.9 and the
procedures described in Parker et. al 2016 [96]. Briefly, each population’s curve included all SNPs
with MAF > 20% and pairwise LD comparisons were restricted to SNPs with allele frequencies
within 5% of each other. An average r° estimate was obtained using 10,000 randomly selected
SNP pairs from each 100kb interval for the distance between two SNPs, starting with 0-100kb and
end at 9.9-10Mb. Harlan’s curve used 35,770 autosomal SNPs in 2,281 rats and Charles River’s

used 112,678 autosomal SNPs in 1,780 rats. The CFW mouse curve was downloaded from a
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repository for Parker et al. (http://datadryad.org/resource/doi:10.5061/dryad.2rs41) [96] and used

for comparison as another commercially available, outbred rodent stock.

3.3.15 LMM covariates and phenotype data pre-processing

To select covariates for the GWAS, we performed univariate linear regression for each potential
covariate for each PavCA metric. This was done separately for rats from Charles River and Harlan.
Any covariates that accounted for 1% or more of the variance for at least one PavCA metric were
passed into multivariate model selection with the R package leaps [228]. Within leaps, we
performed exhaustive search for the best subset of variables using the branch-and-bound
algorithm. Model selection with leaps was performed for all metrics for all days of testing, as well
as the average of days 4 and 5. Out of the 66 models, all covariates that had surpassed the 1%
threshold to reach this step were ultimately selected in at least 40% of the /eaps models. For
consistency, this led us to simply use the full set of covariates for all downstream GWAS. These
covariates were included: age at testing, housing (binary — single or multiple), light cycle (binary
— standard or reverse), and a set of binary ‘indicator’ variables to model the effects of different
experimenters/technicians (10 variables were used for Charles River and 7 were used for Harlan).
All covariates were included in the LMMSs for association testing by GEMMA, rather than being
regressed out prior to GWAS. We excluded an additional 88 rats from the final association analyses
because of missing covariate data.

Many of the PavCA metrics were exceedingly non-normally distributed. In most cases this
was expected due to how the behaviors were measured and defined. For example, the rats only had
a window of 8 seconds in each trial during which to contact the lever and/or make a nose poke into

the food magazine. All values for “average latency to lever press” or “average latency to magazine
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entry” were therefore necessarily between 0 and 8 seconds. As is typical for latency traits, many
of the values were near 0 or exactly 8. Similarly, the “probability” of lever press or magazine entry
were very skewed towards the limits 0 and 1, especially after conditioned responding had been
established on the later test days of training. Given these unusual distributions, we chose to quantile
normalize all metrics prior to association testing, accepting a possible loss in power since samples
with identical values are ranked randomly during the quantile normalization procedure.

In prior studies, sign trackers, intermediate responders, and goal trackers are categorized
based on their behavior (i.e. PavCA) on days 4 and 5 of training [205]. In an attempt to emulate
this approach, we created a binary trait (essentially case/control: ST/GT) and treated the
intermediate responders as unknown. The threshold of PavCA index score typically used to define
ST and GT are 0.5 and -0.5, respectively. We considered three options: 0, +/-0.25, & +/-0.5; for
the 0 threshold all rats were either ST or GT, whereas for the other two thresholds some rats were
intermediate, so they were excluded from the analysis.

Lastly, we explored the use of principal component analysis (PCA) to summarize the 55
metrics (Supplementary Table 3.7). We regressed out all covariates mentioned above (age,
housing, light cycle, & experimenters) and mean-centered and quantile normalized the residuals.
We ran PCA on the normalized residuals in 3 different ways: all 55 metrics simultaneously, all 11
metrics for each of the 5 days, and each of the 11 metrics for all 5 days. We choose the latter two
approaches because we reasoned that there may be a specific day, or a metric by itself across days,
that was uniquely of interest to the behavior. We only mapped the first PC for each, as it accounted
for the majority of the variation for all metrics/days. Raw factor loadings and the percentage of the
variance in the PCs explained by each metric for the first 5 PCs in each population are summarized

in Supplemental File 3.2. The percent of behavioral variation explained by each of the first 10 PCs
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in each population is shown by Supplemental Figure 3.5. Figure 3.5 graphically shows the
correlations between each factor and the first two PCs in each population using the factoextra
package in R [229]. Since the first 3 PCs cumulatively accounted for more than 70% of the variance
in both populations, we only considered these for mapping.

A subset of 1,858 rats (Charles River n=957; Harlan n=901) also had body weight
measurements, taken when the shipments were received from the breeding facilities, but prior to

the onset of behavioral testing. We used this data for mapping.

3.3.16 SNP-based heritabilities

Heritabilities were estimated separately for Charles River and Harlan with the union set of
234,887 SNPs. We used this SNP set to construct genetic relationship matrices (GRMs) for each
population using GCTA [230]. We then used the restricted maximum likelihood (REML) approach
within GCTA on the GRMs, covariates, and quantile normalized Pavlovian conditioned approach
data to calculate the SNP-based heritabilities for each metric, as well the previously mentioned

PCs.

3.3.17 GWAS

We used GEMMA [123], which implements an LMM for GWAS analysis. We included a
GRM as a random term to account for relatedness and population structure. Though beneficial for
preventing false positive associations, GRMs can also reduce power to detect QTLs in populations
with greater levels of LD; this is due to proximal contamination [231,232]. To avoid this reduction
in power, we used the leave-one-chromosome-out (LOCO) approach [157,233,234]. As described

above, we selected covariates that were included as fixed effects in our model (listed in
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Supplemental Table 6). When mapping PCs 1, 2, and 3 for all 55 metrics, the fixed covariates were
excluded from the LMM, as they had already been regressed out prior to calculation of the PCs.
For the body weight GWAS, only age was used as a fixed covariate in the model. Any samples
missing measurements for a given metric were removed from that analysis. For all GWAS,
genotypes were represented as dosages (continuous [0,2]) in lieu of ‘hard’ genotype calls [0, 1, 2]
to account for uncertainty in the genotype calls. Reported p-values come from the likelihood-ratio
test (LRT) performed by GEMMA. Results were plotted using a custom R script and LocusZoom
plots were created using the stand-alone software [235], custom SD SNP databases and LD

calculations, and a 1.5Mb flanking region.

3.3.18 GWAS meta-analysis

We used the beta estimates and LRT p-values to perform a meta-analysis on the sample
sets from Harlan and Charles River using the method outlined by Myers et al 2014 [139]. Analysis
was limited to the set of 93,990 SNPs that existed at a frequency of at least 1% in both Harlan and
Charles River. The allele frequencies, imputation accuracy (DR?), and sample sizes were factored
into the weighting for the z-statistics, which were then summed across the two GW As. All analyses

were completed in R [224].

3.3.19 Significance thresholds

In human GWAS, 5x10° is widely used as a significance threshold [236]. However, model
organisms have widely different levels of LD, meaning that the effective number of independent
tests differs between studies. Therefore, many prior studies have used permutation testing

[124,237], where phenotype data is shuffled with respect to fixed genotypes. The computational
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load of such methods becomes intractable for studies with large sample sizes and several traits
being mapped [231]. Thus, we used the sequence of SLIDE [238,239] and MultiTrans [240] to
obtain significance thresholds. We used separate thresholds for Charles River and Harlan because
the number of SNPs, the LD structure, and the marker-based heritabilities were different. An
advantage of this approach is that only one threshold was needed. We used a sliding window of
1000 SNPs and sampled from the multivariate normal 10 million times to obtain a 0.05 significance
threshold of 8.96x1077 (-logio(p) = 6.05) for Charles River and 2.19x10°¢ (-logio(p) = 5.66) for
Harlan. We calculated the thresholds for body weight separately due to its substantially greater
heritability; however, the differences in thresholds were negligible (8.82x1077 for Charles River
and 2.13x10° for Harlan). We had difficulty obtaining a significance threshold for the meta-
analysis because MultiTrans cannot accommodate such a situation and permutation would have
been computationally expensive. Therefore, we used the threshold for Harlan for all meta-analyses,
even though the meta-analyses utilized ~20k fewer SNPs, meaning that this threshold is likely to

be overly conservative.

3.3.20 Power analysis

Power analysis was performed in Quanto v 1.2.4 [241,242] using the model for testing an
additive genetic effect for a quantitative trait in independent individuals. We estimated our power
with a fixed sample size of 2,000, which was approximately the midpoint for the Harlan and
Charles River sample sets. We regressed out the covariates in our LMM from the quantile
normalized metrics and calculated the mean and standard deviation from the residuals (u = 0, 6 =

0.98). The resulting curve is show in Supplemental Figure 3.7.
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34 Results

3.4.1 Phenotype

Our final dataset consisted of 4,061 genotyped individuals that were also phenotyped for
Pavlovian conditioned approach; 2,281 from Harlan and 1,780 from Charles River, from 5 and 4
different breeding locations, respectively. As noted previously [205], we found that the metrics
used to describe performance in PavCA are highly correlated (Supplemental Figure 3.1).
Additionally, several of the base and composite PavCA metrics had tail-heavy distributions due
to biased responding in sign- and goal-tracking from the animals during the testing periods
(Supplemental Figure 3.2). For this reason, we chose to quantile normalize all measurements
prior to mapping. The PavCA index score [205], which has been used previously to categorize
rats into sign-trackers (STs), goal-trackers (GTs), and intermediate responders (IRs), showed the
expected divergence and stabilization for STs and GTs over the five days of testing (Figure
3.1A). We therefore focused initial analyses on days 4 and 5 of testing and the average of days 4

and 5 as previously reported [205].

Charles River and Harlan rats had significantly different average PavCA index score
distributions (Figure 3.1B; Welch’s 2 -sample t-test, p-value < 2.2x107'®), with Charles River rats
biased towards goal-tracking and Harlan rats biased towards sign-tracking. We divided the
samples further into the breeding locations that the rats originated from (Supplemental Table
3.1). The differences in PavCA index score between breeding locations within vendor were

smaller, but still significant (Supplemental Figure 3.3) [76].
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Figure 3.1. PavCA index score progression across days and distribution between Charles
River and Harlan.

(A) Samples were classified as ST, GT, or IR based on their average day 4 and 5 PavCA index
score. PavCA index scores for each day of training (1-5) were averaged across all STs, GTs, and
IRs. (B) Density curves of average day 4 and 5 PavCA index score in Harlan (n=2,281) vs. Charles
River (n=1,780) SD rats.
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3.4.2 Genotyping and genetic characterization of SD rats

We identified more single nucleotide polymorphisms (SNPs) for the rats from Charles River
compared to Harlan (214,309 vs 114,568; Supplemental Table 3.2). Figure 3.2C compares the
distribution of SNPs across each chromosome for each vendor. There were some regions where
Harlan had few SNPs, but Charles River had many, and other regions where both Harlan and
Charles River had few SNPs. We also observed a large difference in the minor allele frequency
(MAF) distributions for Charles River and Harlan (Figure 3.2A), with Charles River having a far
greater proportion of SNPs with high MAF (>0.05). This observation could reflect the fact that
Charles River adhered to their International Genetics Standardization Protocol for 25+ years,
whereas Harlan appears to have focused on maintaining diversity within breeding colonies and

allowed for a moderate degree of drift between them. After combining the two SNP sets, we
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identified a total of 234,887 unique, bi-allelic SNPs. Using the 381 duplicate samples to evaluate

genotyping accuracy, we calculated the discordance rate to be 0.85% (Supplemental Table 3.3).

Figure 3.2. Genetic architecture of SD rats from Charles River vs. Harlan.

(A) Density curves of minor allele frequencies for 214,309 SNPs in Charles River and 114,568
SNPs in Harlan, after removing SNPs with MAF < 0.01. (B) Linkage disequilibrium decay rates
in SD rats from both vendors and outbred Swiss Webster (CFW) mice. (C) Filtered SNP density
per IMb window in Charles River vs. Harlan samples for all 20 autosomes.
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In addition to the variants described above, which were obtained using ANGSD/Beagle,
we also used STITCH as an alternative genotyping pipeline [223]. This approach identified a larger
total number of variants (Supplemental Table 3.2); however, after pruning SNPs with high linkage
disequilibrium (LD; r* > 0.95), STITCH produced fewer SNPs compared to ANGSD/Beagle.
Preliminary GWAS suggested the two SNP sets produced broadly similar results. Ultimately, we
chose to use the ANGSD/Beagle variants for all subsequent analyses.

To examine the levels of linkage disequilibrium (LD) in Charles River and Harlan, we
constructed LD decay curves (Figure 3.2B). These curves show the rate at which LD between two
genetic loci dissipates as a function of the distance between the loci. Harlan rats had more extensive
LD compared to Charles River. For contrast, we included the decay curve for the Swiss Webster
(CFW) line, a commercially available outbred mouse population that has been successfully used
for GWAS in the past [96,198].

To further investigate the observed genetic divergence between Charles River and Harlan,
we performed principal component analysis (PCA) on a set of 4,502 LD-pruned (r* < 0.5) SNPs
with MAF > 0.05 across both populations (Figure 3.3B). The first PC corresponded to vendor
(Charles River or Harlan) and accounted for ~33.7% of the variance. The second PC accounted
for just ~0.9% of the variance and reflected population structure within Harlan SD rats. To
investigate within vendor structure further (Figure 3.3A), we performed PCA on the samples from
each vendor separately using the same set of SNPs. Panels C and D of Figure 3.3 show evidence
of substructure at both the level of breeding location (i.e. the city) and barrier facility (i.e., the
segregated breeding areas within the building). Interestingly, rats from some barrier facilities
showed greater differentiation from barrier facilities within the same breeding location than

barriers in other locations.
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Figure 3.3. SD population structure and comparison of linkage disequilibrium decay rates.

(A) Map of the nine vendor breeding locations and the number of SD rats obtained from each
location. (B) A summary of the genetic data from all 4,061 SD rats based on principal components
1 and 2 from PCA. Each point represents a sample. The left cluster is composed of samples from
Charles River and the right clusters are composed of samples from Harlan. (C-D) Repeated PCA

analyses on subsets of the samples from Harlan and Charles River, colored by barrier facility of
origin.
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The fixation index (Fsr) is a statistic widely employed by population geneticists to measure

the level of structure in populations [243]. It is calculated using the variance in allele frequencies

among populations; values closer to 0 indicate genetic homogeneity, and values closer to 1 indicate
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genetic differentiation. We calculated the Fst between all Harlan and Charles River breeding
locations (Table 1) and barrier facilities (Supplemental Table 3.4) with a sufficiently large number
of samples (N > 30). Fst values between vendors were ~0.435, which is much higher than
corresponding values for major human lineages [227], whereas the values for different breeding

locations within a vendor were substantially lower (Supplemental Table 3.4).

Table 3.1. Pairwise Fsr statistics for Harlan and Charles River breeding locations.

Harlan Charles River
Breeding Locations Frederick. MD Haslett, MI Indianapolis. IN Portage. MI Raleigh. NC St. Constant, CAN
Frederick, MD 0 0.028 0.026 0.437 0.434 0.440
Haslett. MI 0 0.009 0.435 0.432 0.438
Indianapolis. IN 0 0.432 0.429 0.434
Portage. MI 0 0.016 0.014
Raleigh. NC 0 0.018
St. Constant, CAN 0

We speculated that some of the rats might share close genetic relationships with one
another. We used plink 1.9 [244,245] to estimate the pairwise proportions of identity-by-descent
(IBD; Panels A and C in Supplemental Figure 3.4), which showed that while most rats were only
distantly related, a subset shared closer familial relationships. We removed several rats that showed
high levels of relatedness with many other samples (presumably due to technical error), as well as

any with unreasonably high levels of IBD (S5 Table; Panels B and D in Supplemental Figure 3.4).

3.4.3 SNP heritability and genome-wide association analyses

Although evidence from selective breeding studies has suggested that behavior in the Pavlovian
conditioned approach procedure is heritable [75], we are not aware of any specific heritability
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estimates using inbred strains or outbred populations. We used GCTA to calculate the proportion
of the variance in the base and composite PavCA metrics that could be explained by the union set
of variants from Harlan and Charles River (Supplemental File 3.3). The SNP heritability estimates
for all PavCA metrics in Harlan ranged from ~4-11%, whereas they were ~4-21% for Charles
River; on average the estimated heritability was about ~1.9-fold greater in Charles River.
Importantly, some of the highest heritabilities were for metrics used to designate sign-trackers vs.
goal-trackers, such as average of day 4 and day 5 response bias, probability difference, and PavCA
index score. However, even the heritability estimates from Charles River were lower than SNP
heritability estimates for many other behavioral traits [40,96,157,198]. We also estimated the
heritability of body weight, for which we had data in 957 rats from Charles River and 901 from
Harlan. The estimates were much higher than for the behavioral metrics: 42.7% (s.e. = 0.070) for

Charles River and ~63.2% (s.e. = 0.056) for Harlan.

Next, we performed GWAS for various metrics derived from Pavlovian conditioned
approach separately for rats from Harlan and Charles River using GEMMA to fit a linear mixed
model that allowed us to account for population structure. We also performed meta-analyses of the
two populations using the subset of 93,990 SNPs that overlapped between our two filtered sets.
Supplemental Table 3.8 contains information on all loci that obtained permutation-derived
genome-wide significance in any of these analyses. Supplemental File 3.4 contains Manhattan
plots for all analyses. Because the meta-analysis only contained the overlapping SNPs, we present
5 stacked Manhattan plots for each PavCA metric: Harlan and Charles River with all SNPs, Harlan
and Charles River with only the ~94k overlapping SNPs, and the meta-analysis, which only uses

the overlapping SNPs.
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Previous work on Pavlovian conditioned approach in rats has focused on the average
PavCA index score of days 4 and 5 to phenotype rats [205]. When analyzed as a quantitative trait,
we did not identify any genome-wide significant results for this metric at a threshold of -logio(p)
= 5.66 for Harlan and -logio(p) = 6.05 for Charles River. We also coded PavCA index score as a
binary trait using various thresholds to define cases (goal-trackers) and controls (sign-trackers);
this approach identified two genome-wide significant associations. The first locus was unique to
Harlan and present on chromosome 4 in an intron of Cntn4 (Page 67 in Supplemental File 3.4;
Supplemental Figure 3.5), which encodes a cell-adhesion molecule involved in synaptic signaling,
neuronal network formation, and neuropsychiatric disorders such as addiction [246-248]. The
second locus only reached genome-wide significance in the meta-analysis and resided on
chromosome 17 in the intronic region of Fars2 (Figure 3.4B), a mitochondrial phenylalanyl-tRNA

synthetase involved in oxidative phosphorylation and neuronal functioning [249-251].
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Figure 3.4. Stacked Manhattan plots and a LocusZoom plot for day 4 and 5 average latency
to magazine entry.

(A) The five Manhattan plots in descending order are: (1) GWAS in Harlan with the full set of
114k SNPs, (2) GWAS in Harlan with the overlapping set of 94k SNPs, (3) GWAS in Charles
River with the full set of 214k SNPs, (4) GWAS in Charles River with the overlapping set of 94k
SNPs, and (5) meta-analysis of the 94k overlapping SNPs. (B) LocusZoom plot of the genome-
wide significant loci on chromosome 17 identified for day 4 and 5 average latency to magazine
entry.
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We then expanded our search to the average of days 4 and 5 for each of the 10 remaining
metrics individually. We identified a genome-wide significant association for the number of head
entries into the food magazine during the intertrial interval (i.e. in the absence of a conditioned
stimulus; CS) in Harlan, but none of the other 9 metrics analyzed in Harlan and Charles River
produced significant associations. However, the meta-analysis of the average day 4 and 5 metrics
produced several additional genome-wide significant loci. There was a strong peak for the
probability of a magazine entry during the CS interval on chromosome 7 (Page 42 in Supplemental
File 3.4) that spanned ~1.2Mb and included the genes A&xnl0, Ppara, and Wnt7b. Additionally,
we replicated the Fars2 association seen for the binary coding of the PavCA index score in the
meta-analysis of the day 4 and 5 average latency to magazine entry during CS presentation (Fig

3.4A).

In an effort to further examine this large dataset, we also performed exploratory GWAS
for all 11 metrics on days 1-5 for both Harlan, Charles River and the meta-analysis of the two.
This large number of additional analyses (110 GWAS and 55 meta-analyses) produced only 5
additional genome-wide significant hits for Harlan, 1 for Charles River, and 5 from the meta-
analyses. Because many of the metrics being tested are correlated, a Bonferroni correction would
not be appropriate; however, the modest number of significant associations relative to the number
of GWAS was not different from expectations under the null hypothesis (no true associations).
None of the meta-analyses results replicated results from the individual populations. The meta-
analyses did show that there were associations that occurred for the same metrics across multiple

days of testing. For example, magazine entries with the CS showed an association with the same
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SNP on chromosome 1 on days 3, 4, and 5 in the meta-analysis (Pages 21-24 in Supplemental File

3.4).

We sought to use PCA to analyze all 11 metrics across all 5 days separately for both Harlan
and Charles River. A summary of the population-specific factor loadings and the percent variance
explained by each factor for the first 5 PCs is presented in Supplemental File 3.2. The percent of
variation explained by each of these PCs in each population is shown in Supplemental Figure 3.6.
Figure 3.5 shows the correlations between each metric and the first two PCs in each population,
helping to visualize which of the 55 metrics loaded most strongly on PC1 and PC2. PC1 accounted
for slightly over 50% of the explained variance and loaded metrics from days 4 and 5, supporting
our overall approach to Pavlovian conditioned approach. PC2 predominantly loaded metrics from
day 1 of training. The factor structure and percent variance explained were very similar between
Harlan and Charles River, suggesting that PCA was an effective way to summarize these data.
Since the first 3 PCs cumulatively accounted for more than 70% of the variance in both
populations, we only considered these for mapping and performed parallel GWAS for Harlan and
Charles River. We identified 3 genome-wide significant associations; 2 of them were for PC2 on
chromosomes 1 and 17 and were seen exclusively in Harlan. The third came from the meta-analysis

of PC1 and was located on chromosome 17 at the same locus as associations for 5 other metrics.
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Figure 3.5. Correlation circle plots for 55 metric PCA in Charles River and Harlan.

Correlation circles representing the strength and direction of each metrics’ loading onto the first
two PCs from PCA for (A) Charles River and (B) Harlan.
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Finally, we mapped the first PC from running PCA on each metric across all 5 days and on
all 11 metrics for each day (Supplemental File 3.2), which yielded 3 additional genome-wide
significant associations. Two associations with PC1 of magazine entries during CS presentation
on days 1-5 were discovered on chromosomes 1 and 2. The last associated locus was on

chromosome 3 for all PCA metrics on day 4 of training.

For each metric GWAS, we made quantile-quantile (Q-Q) plots (Supplemental File 3.5) to
examine the distribution of the test statistics in comparison to the null expectation. We observed
moderate levels of inflation for several of the GWAS, which we interpreted as evidence for
polygenic signal rather than population structure, since the LMM should have accounted for

population structure.
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Given the large sample size for a rodent GWAS, the modest number of genome-wide
significant associations was surprising. To determine if this was a phenomenon unique to our
behavioral metrics, which had relatively low SNP heritabilities (mean 7.8% in Harlan and 14.8%
in Charles River), we also performed a GWAS for body weight, for which we had observed much
higher heritability (63.2% and 42.7%). One limitation of this analysis is that we only had body
weight data a subset of 1,858 rats (Charles River n=957; Harlan n=901). We found three genome
wide significant associations for body weight, two in Harlan and one in Charles River. The meta-
analysis supported the association from Charles River, but did not yield any additional
associations. Though only 3 loci were identified, perhaps due to our limited sample size, the Q-Q
plots (Page 89 of Supplemental File 3.5) show that there is an increased polygenic signal for body
weight compared to the PavCA metrics, supporting our hypothesis that a more heritable trait would

show stronger association in these populations.

3.5 Discussion

Although both rats and mice are widely used in the biomedical sciences, most studies in mice
utilize inbred strains whereas studies in rats more commonly use outbred strains. One of the most
extensively used outbred rat strains is Sprague Dawley [252]. While SD and other outbred rats
have been used for selective breeding studies [253-255], this study was the first to use SD for
GWAS. We densely genotyped more than 4,000 SD rats and used the data to characterize the
genetic background of SD rats and to perform GWAS for the behaviors that comprise Pavlovian
conditioned approach. This represents the largest rodent GWAS ever undertaken, and the first
performed using a commercially available outbred rat population. We found dramatic genetic
differences between SD rats obtained from Harlan versus Charles River. Fst estimates show that

SD rats from Harlan and Charles River are more differentiated than the major human
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subpopulations [227] and nearly as diverged as some subspecies of mice [256]. We also found
evidence of population structure among the various breeding locations and barrier facilities for
each vendor. We found that SD rats from both Harlan and Charles River showed a rapid decay in
LD; however, SD from Charles River have more polymorphisms and more favorable MAF and
LD profiles, suggesting that future GWAS in SD are best done with rats obtained from Charles

River.

We estimated that our meta-analysis was well powered for identify loci that accounted for
only 1%-2% of total trait variance (Supplemental Figure 3.7). When we began this study, we were
unaware of the large genetic differences between Sprague Dawley rats from Charles River and
Harlan. To cope with the observed differentiation, we emulated the approach often taken in human
genetics in which multiple groups are analyzed separately before being combined in a meta-
analysis (e.g. [257]); however, it is well known that different human populations (e.g. East Asian
and European) often do not share the same causal variants. Similarly, our power may have been
reduced because causal variants were not shared between the Charles River and Harlan. Modifiers
of causal variants might also be dissimilar between Charles River and Harlan, further hindering

our meta-analyses. [132]

A notable success of this study was a locus we detected on chromosome 17, which was
identified by the meta-analysis of Harlan and Charles River. This locus was identified for multiple
metrics on days 4 and 5, as well as in the univariate analysis of the first PC from PCA on the
comprehensive set of all 55 metrics. All genome-wide significant SNPs were located in an intron
of Fars2 (Figure 3.3B), which is highly expressed in the Purkinje cells of the cerebellum [249] but
has no previously known ties to behavior. Another promising locus for magazine entries and

latency to magazine entry during CS presentation was on chromosome 1. That locus was consistent
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across multiple days of testing for both of these measures. However, the locus is in an intergenic
region with no known genes, indicating either the presence of an unannotated gene, or a regulatory

site that influences a nearby gene.

Since PavCA metrics had never been used for a GWAS before, it was unclear which
measurements and transformations would yield the best results. Therefore, we used several
approaches, which led to the identification of over 20 genome-wide significant loci but involved
267 total tests with a significance threshold of alpha = 0.05. Despite high correlations between
many of the metrics, some of the loci we detected were unique to a single PavCA metric, raising
the possibility that they could be false positives. Furthermore, nearly half of the QTL identified
occurred on earlier training days (days 1-3), which are harder to interpret since the literature

surrounding Pavlovian conditioned approach focuses on behavior after training (4/5).

Using genome-wide genotype data, we have provided the first quantitative estimates of the
SNP heritability of the component measurements of PavCA. The heritability estimates were lower
than we had anticipated, but perhaps reasonable given the complexity of the behavior and new
insights into the heterogeneity of neural networks involved in sign-tracking behaviors [258-260].
The highest heritabilities (16-20% in Charles River) were seen for measures typically used to
assess the propensity to attribute incentive salience to reward cues, including the averages of the
day 4 and day 5 PavCA index score, response bias, and latency score. Previous work had shown
that SD rats selectively bred for ~15 generations for high or low responses to a novel environment
were also highly divergent for behaviors in PavCA [75]. Those selection studies demonstrated that
SD rats had alleles that could exert a strong influence on PavCA performance. The present results
are consistent with this conclusion but highlight the extent to which alleles can be concentrated

over many generations of selective breeding. We obtained lower heritability estimates for SD rats
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from Harlan compared to Charles River, further emphasizing the genetic differences between SD
rats from the two vendors. With more highly heritable behavioral traits, we suspect the SD rats

would have yielded better results.

Although our study is the first to carefully document population structure within SD rats,
ours is not the first to highlight phenotypic differences among SD from different vendors. In 1973,
Prejean et al. reported that the incidence of endocrine tumors varied among SD rats from different
vendors [101]. Then Clark et al. (1991) [102] reported differences in noradrenergic neural
projections among SD rats from different vendors. Subsequently, Turnbull & Rivier (1999) [103]
reported vendor-specific differences in the response to inflammatory stimuli. Then Fuller et al.
(2001) [104] reported vendor-specific differences in hypoxic response among SD rats. Even more
recently, there have been additional publications reporting differences for a variety of traits among
SD rats obtained from different vendors [105,107,261,262], and even suggesting that these
phenotypic differences may extend to differences among a single vendor’s breeding facility [106].
Our own studies have previously reported both behavioral and genetic differences among SD rats
[76], conclusions that are much more comprehensively addressed with the present dataset.
Specifically, in addition to wide spread genetic differences, we have also shown that SD rats
obtained from Harlan show a much higher proclivity to become sign-trackers compared to SD rats
from Charles River. However, neither these prior publications nor the current one can differentiate
between two possibilities: that the observed behavioral differences are the result of the different
environment in which these animals are raised versus the genetic difference that we have clearly
demonstrated. This question could be addressed by future studies in which SD rats are bred in the

same facility and the offspring tested in the same manner.
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Regardless of whether differences in SD rats obtained from different vendors are due to
genetic or environmental differences, our results demonstrate the need for much greater care in the
use of SD rats. Future studies may only want to use rats from a single vendor and from a single
breeding facility to maintain a consistent genetic background. The differences among vendors can
be a source of unwanted phenotypic variability, which alone might be a reason to avoid
heterogeneous samples. Vendor differences, especially when not reported in the methods, can also
lead problems with replication, since observations made in SD rats from Harlan may not be valid
in SD rats from Charles River. Problems of replication and inadequate reporting also extend to
differences between breeding facilities within a given vendor. However, a more subtle
consequence of using SD rats from multiple vendors or breeding facilities is that spurious
correlations can occur. For example, if SD rats from Charles River were higher for traits A and B,
compared to SD rats from Harlan, a heterogeneous cohort of SD rats from both vendors would
show a significant positive correlation between traits A and B. Such a correlation is unlikely to be
due to a shared biological mechanism; it may instead be the result of either genetic population

structure or environmental differences between SD rats from the two vendors.
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3.6  Appendix C: Supplemental Figures

Supplemental Figure 3.1. Correlation heatmap of PavCA metrics across days 1-5.

The heatmap displays the absolute value of the Pearson correlation coefficient between each pair
of metrics across all 5 days of testing.
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Supplemental Figure 3.2. Distributions of the average of day 4 and day 5 measurements for
10 PavCA metrics.

Histograms were constructed using measurements from the combined Harlan and Charles River
sample set.
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Supplemental Figure 3.3. Distributions of the average of day 4 and day 5 PavCA index scores
for 6 major breeding locations.
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Supplemental Figure 3.4. Heatmaps of pairwise identity-by-descent pre- and post-filtering.

Panels A and C show pre-filtering values of P(IBD) = 0 plotted against P(IBD) = 1 for Harlan and
Charles River. Unrelated samples cluster in the lower right corner. Samples along the diagonal
have 2" and 3™ degree levels of relatedness, while those clustering around (0.5,0.25) are full-
siblings. Panels B and D demonstrate that the sample filtering steps removed several spurious
relations from the sample.
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Supplemental Figure 3.5. LocusZoom plot of genome-wide associated region containing
Cnitn4.
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Supplemental Figure 3.6. Scree plots of the PVE for each of the top 10 PCs in the 55 metric
PCA analysis.

Panel A shows the PVE for Charles River and Panel B shows the PVE for Harlan.
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Supplemental Figure 3.7. Power analysis curve for n=2,000 using Quanto.
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Supplemental Figure 3.8. Pre- and post-filtering distributions of heterozygosity for Harlan
and Charles River.

Panels A and C show pre-filtering distributions of heterozygosity in Harlan and Charles River, as
measured by the method-of-moments F coefficient. Panels B and D show the same distributions
post-filtering. A value above 0 indicates a deflation of heterozygosity, whereas a value below 0
would be an inflation.
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3.7 Appendix D: Supplemental Tables

Supplementary Table 3.1. Sample origins for all 4,061 SD rats in final filtered set.

# Samples # Samples
(Barrier Facility) (Breeding Location)

Total samples post-filtering

Harlan — Dublin, VA — Barrier 231 5 5

Harlan — Frederick. MD — Barrier 2084 465 465

Harlan — Haslett, MI — Barrier 206 762 762

Harlan — Houston, TX — Barrier 211 14 14

Harlan — Indianapolis, IN — Barrier 202A 546

Harlan — Indianapolis, IN — Barrier 202C 97 994

Harlan — Indianapolis, IN — Barrier 217 351

Charles River — Kingston, NY — Barrier K92 4 4

Charles River — Portage. MI — Barrier P03 32

Charles River — Portage, MI — Barrier PO7 121 i
<

Charles River — Portage. MI — Barrier P09 327 0

Charles River — Portage, MI — Barrier P10 78

Charles River — Raleigh, NC — Barrier R04 650

Charles River — Raleigh. NC — Barrier R09 144 ha

Charles River — Saint Constant, CAN — Barrier C71 46

Charles River — Saint Constant, CAN — Barrier C72 358 o

Unknown Barrier 61 61
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Supplementary Table 3.2. List of variant filtering steps and the numbers of SNPs remaining
after each step for both ANGSD/Beagle and STITCH.

The values highlighted in green are the final SNP totals used for GWAS in Charles River and
Harlan. The values highlighted in orange are the counts we used as criteria for choosing
ANGSD/Beagle over STITCH.

ANGSD/Beagle STITCH

Sequential Filtering Steps Number of SNPs | Number of SNPs | Number of SNPs | Number of SNPs
1 g Step Harlan Charles River Harlan Charles River

Total called/imputed 2,274,118 2,274,118 8,691,886 8.691,886
SNPs with dosage 12 = 0.9 305,779 305,779 1,992,919 1,992,919
SNPs with MAF > 0.01 235,583 128,572 1,058,812 1,843,240
SNPs with HWE p-value < 1x107 214,309 114,568 930,685 1,718,475
SNPs after LD pruning 1* < 0.95 44,721 93,692 25.009 75,503
Union set of SNPs 234,887
Novel SNPs compared to dbSNP 195.299
(not found in Build 149 - Nov 7, 2016) T
Novel SNPs compared to 42 genomes ref 105.63
(not found in Hermsen et al. 2015) o
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Supplemental Table 3.3. Concordance and error rates for ANGSD/Beagle genotypes at
different dosage r2 thresholds.

Rates of concordance and genotyping error were calculated by comparing genotypes for 381
duplicate samples called in parallel. Each of the two replicates of the sample was assumed to
contribute half the discordant genotypes. Therefore, the per sample genotyping error rate was
calculated as half of the observed rate of discordance.

DR>=0.9 DR*>=0.8 DR>>=0.7

Mean Pearson correlation of dosages (n=381)

(0.983

0.969

Total called and imputed by ANGSD/Beagle | 2.274.118 | 2.274,118 | 2,274,118
SNPs passing dosage 1” filter 305,779 | 427.123 541,622
SNPs passing MAF == 0.01 filter 244,586 326,550 393,569
SNPs passing HWE 107 filter 204.104 259,111 305,660

0.957

Rate of concordance of hard calls (n=381)

Rate of discordance (1 — concordance)

(0.983

0.017

0.972

0.028

0.963

0.037

Error rate (Rate of discordance/2)*100

0.85%

1.4%

1.85%

Vo]
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Supplemental Table 3.4. Pairwise Fst estimates between vendor barrier facilities.

Charles River — Kingston, NY and Harlan — Dublin, VA and Houston, TX were excluded due to
low sample numbers.

Harlan Charles River
Haslett, MI Indianapolis, IN Frederick, MD | St. Constant, CAN Portage, MI Raleigh, NC
206 217 | 202A | 202C 208A C71 C72 P03 | P07 | P09 | P10 | RO4 R09
206 0 0.031 | 0.017 | 0.020 0.016 0.438 0.435 0.434 | 0437 | 0.433 | 0.449 | 0429 | 0.438
217 0 0.03 | 0.033 0.028 0.443 0.441 0.440 | 0.443 | 0.439 | 0.455 | 0.436 | 0.444
202A 0 0.066 0.012 0.441 0.439 0.437 | 0441 | 0.437 | 0.453 | 0433 | 0.442
202C 0 0.015 0.442 0.439 0438 | 0441 | 0437 | 0453 | 0433 | 0.442
208A 0 0.442 0.439 0437 | 0441 | 0437 | 0453 | 0434 | 0.442
C71 0 0.024 0.025 ] 0.019 | 0.027 | 0.038 | 0.030 | 0.026
Cc72 0 0.017 | 0.018 | 0.022 | 0.036 | 0.024 | 0.023
P03 0 0.017 | 0.019 | 0.033 | 0.022 | 0.021
P07 0 0.015 | 0.034 | 0.023 | 0.019
P09 0 0.037 | 0.028 | 0.018
P10 0 0.044 | 0.037
RO4 0 0.027
R09 0
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Supplemental Table 3.5. List of sample filtering criteria and number of samples removed.

Number of Samples

Total sequenced by ddGBS + WGS 4.625 (17 WGS only)
I,“.Ow read countl'm FASTQ (<4 I'Illl'll:'lOll reads) 116
*#performed prior to variant calling
Females samples (only females in sample sef) 77
Purchased from Taconic 4
Lack of phenotype information 10
Poor clustering in principal component analysis 54
Putative sample mix-up 18
Duplicate sample 7
Inflated/deflated heterozygosity 34
== 30 samples with @ == 0.1875 in sample 12
i = 0.6 with another sample 32
Final Sample Set (Harlan + Charles River) 4,061

CR - 1,780 Har — 2,281
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Supplemental Table 3.6. List of covariates used for the GWAS LMMs for Harlan and
Charles River.

The first three covariates were used in both Charles River and Harlan analyses. The remaining
covariates were unique to each population.

Harlan Covariates Charles River Covariates
Age of rat in days at start of training (continuous integer)

Housing condition (binary — single or multiple rats per chamber)
Light cycle (binary — standard or reverse 12h lighting)

Experimenter(s) BFS (binary indicator) Experimenter(s) AAK (binary indicator)
Experimenter(s) BFS/AA (binary indicator) Experimenter(s) AK (binary indicator)
Experimenter(s) BTS (binary indicator) Experimenter(s) BFS (binary indicator)
Experimenter(s) CJF (binary indicator) Experimenter(s) BFS/AA (binary indicator)
Experimenter(s) CJF/JDM (binary indicator) | Experimenter(s) CJF (binary indicator)
Experimenter(s) ESC (binary indicator) Experimenter(s) CJF/TDM (binary indicator)
Experimenter(s) KP (binary indicator) Experimenter(s) EGO (binary indicator)
Experimenter(s) ESC (binary indicator)
Experimenter(s) LMY (binary indicator)
Experimenter(s) MLR.LMF (binary indicator)

100



Supplemental Table 3.7. List of all PavCA metrics collected on SD rats.

There are 11 total metrics across 5 days of training. The first 7 metrics are direct measurements
made during the training periods. The following 3 metrics are calculated from the base
measurements. The final metric, PavCA index score, is a composite score from the previous 3

metrics.

Day 1 Day 2 Day 3 Day 4 Day 5 Data Type
25 8-second trials 25 8-second trials 25 8-second trials 25 8-second trials 25 8-second trials
Lever Presses Lever Presses Lever Presses Lever Presses Lever Presses (stulunecdoél\l'letr irials)
als
Magazine Entries CS Magazine Entries CS Magazine Entries CS Magazine Entries CS Magazine Entries CS (sm1n11e(doél\1'1;r trials)
Count

Magazine Entries NCS

Magazine Entries NCS

Magazine Entries NCS

Magazine Entries NCS

Magazine Entries NCS

(summed over trials)

Latency to Lever Press

Latency to Lever Press

Latency to Lever Press

Latency to Lever Press

Latency to Lever Press

Continuous [0.8] secs
(averaged over trials)

Latency to Magazine
Entry

Latency to Magazine
Enfry

Latency to Magazine
Entry

Latency to Magazine
Entry

Latency to Magazine
Enfry

Continuous [0.8] secs
(averaged over trials)

Probability of Lever
Press

Probability of Lever
Press

Probability of Lever
Press

Probability of Lever
Press

Probability of Lever
Press

Proportion [0-1]
(0/25 to 25/25 trials)

Probability of Mag Entry

Probability of Mag Entry

Probability of Mag Entry

Probability of Mag Entry

Probability of Mag Entry

Proportion [0-1]
(0/25 to 25/25 trials)

Response Bias

Response Bias

Response Bias

Response Bias

Response Bias

Continuous [-1.1]

Latency Score

Latency Score

Latency Score

Latency Score

Latency Score

Continuous [-1,1]

Probability Difference

Probability Difference

Probability Difference

Probability Difference

Probability Difference

Continuous [-1.1]

PavCA Index Score

PavCA Index Score

PavCA Index Score

PavCA Index Score

PavCA Index Score

Continuous [-1.1]
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Supplemental Table 3.8. Summary of genome-wide significant associations.

JopSNP  Alleles EAF-Harlan EAF Phenotype(s) Pual - Harlan Pval- CR. Pval-Meta PVE-Harlan PV Nearby Genes (500kb)
4 0676 0282  165E-06 96OE-02 377808 101%  012%
Average Latency to Magazine Entry 5 -0.652 -0.294 3.85E-06  4.33E-02  2.06E-06 0.94% 0.18%
Avga/s  -0.663 0288 267E-06  486E-02  188E-06  0.97%  017%
13ssasse T 0013 2015 3 0636 0415 543608 420E08 142607  091%  036% /A
Magazine Entries - Conditioned Stimulus 4 0.655 0300  333E-06 402E-02 1J0E-06  095%  019%
5 0616 0412 12805 475E03 325607  0.84%  035%
Avga/s 0661 0375 290E-05  103E-02  2486-07  097% _ 029%
PC1 - Magazine Entries wj C5 - All Days Al 0703 0423 B50E07_ 378ED3  111E0L __ 111% __ 03B%
chr:54,194.237 _AJG___ 0.022 0.068_|PC2 - All Phenotypes / All Days Al 0525 0039 155E-06_ 593E-DL_ 1956-03 _ 105% __ 001% Afdn_Vom2r7
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CHAPTER 4
REPLICATION GWAS AND META-ANALYSIS FOR PAVLOVIAN CONDITIONED

APPROACH IN HETEROGENOUS STOCK RATS

4.1 Abstract

Previously, we performed a genome-wide association study (GWAS) in a large sample of 4,061
Sprague Dawley (SD) rats for the propensity of to attribute incentive salience to reward-associated
cues as measured by Pavlovian conditioned approach (PavCA). Here we perform a replication of
this GWAS in an independent sample of 2,449 heterogenous stock (HS) rats also measured for
performance in PavCA. The samples was split between two centers for testing, which differed in
the age of the rats they tested and the previous experience of the rats to behavioral training. In this
novel HS sample, we confirm our previous observations in SD that heritability estimates for
PavCA are relatively low. We go on to estimate the genetic correlations for PavCA metrics both
between and within testing centers. We then perform center-specific GWAS and mega-analyses
of the HS rats across 56 different PavCA metrics using a set of over 3.7 million SNPs, leading to
the discovery of 22 loci associated with various PavCA metrics across the five days of behavioral
training. Using the overlapping set of ~54,000 SNPs between the independent GWAS, we
performed a meta-analysis of Harlan SD, Charles River SD, and HS rats. We identified an
additional 9 loci and replicated 4 previous associations. Notably, the meta-analysis identified a
locus associated with multiple day 5 PavCA metrics that contained the gene Taarl, a trace amine

receptor with strong ties to addiction.
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4.2 Introduction

Pavlovian conditioning (classical conditioning) refers to a learning process in which a rewarding
stimulus (unconditioned stimulus; US) such as food or drug is repeatedly paired with a neutral
stimulus, creating a strong association between the two. Through this repeated association, the
neutral stimulus (conditioned stimulus; CS) becomes a predictive cue for the reward’s presence
and may also acquire incentive salience. If attributed with incentive salience, this cue transforms
from a once neutral stimulus into an incentive stimulus that is “wanted” and capable of eliciting
motivated behavior (conditional response; CR) [53,263-265]. While evolutionarily beneficial,
these environmental cues have the potential to acquire inordinate amounts of incentive salience
due to sensitization of the neural networks that confer motivational value to reward cues, resulting
in potentially negative behavioral outcomes [53,266,267]. This “incentive sensitization” of the
brain’s reward circuitry is believed to play a large role in susceptibility to developing addiction
[265,266,268]. Specifically, these salient reward cues have the potential to trigger compulsive

craving and reward-seeking behaviors, frequently leading to relapse [53,269].

Studying the attribution of incentive salience to reward-paired cues necessitates an
approach that can separate predictive vs. incentive motivational learning. Pavlovian conditioned
approach (PavCA) is a unique behavioral paradigm used in rodents that allows for isolation of the
degree to which incentive salience is being attributed to a discrete environmental cue associated
with reward [218]. In short, PavCA involves presenting a lever CS immediately prior to a non-
contingent food or drug reward US over the course of five training sessions. While all rats learn
the association between the CS and US, as shown by the development of a CR, the target of the
CR varies considerably across individuals. A portion of animals will preferentially approach and

engage the CS in the interval prior to reward delivery (sign-trackers; STs), whereas others will
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preferentially approach the US location during this period (goal-trackers; GTs). Alternatively,
animals may show a mixture of both CRs (intermediate responders; IRs). Only in STs has the lever
CS truly gained incentive salience and become a desirable incentive stimulus, proven by the fact
that they will work for the CS [74,219]. This has strong implications for addiction because STs
have also shown greater cue-induced reinstatement of cocaine-seeking behavior [270,271] and
cocaine self-administration [271]. Results from previous studies also suggested that the attribution
of incentive salience to reward cues may be a heritable trait, as selected lines showed divergent
ST/GT behavior [74,75]. Together, these findings make PavCA an appealing endophenotype for
investigating the genetic risk factors that predispose individuals to be more vulnerable to become

addicted to rewards.

Recently, we performed the first genome-wide association study (GWAS) for PavCA in a
large sample of 4,061 Sprague Dawley (SD) rats, originating from either Charles River or Harlan
[97]. Though the heritability estimates for PavCA were lower on average than have been observed
for other psychiatric traits [7-9], we uncovered a number of loci linked to various metrics of
performance in the PavCA paradigm. However, replication is crucial in GWAS studies [133,272].
Therefore, we simultaneously collected PavCA phenotype data on a sample of 2,449 heterogenous
stock (HS) rats as part of a large, NIDA-funded center for GWAS in outbred rats (PS0DA037844;

www.ratgenes.org), focused on identifying QTL for various behavioral phenotypes relevant to

drug addiction. HS rats have been successfully used for mapping numerous quantitative traits
[40,110,273]. The HS rats were tested at two geographically distinct centers. At one center
(University of Michigan; MI), rats were young and experimentally naive when beginning PavCA
training, whereas in the other center (University of Rochester; NY), the rats were older and had

been exposed to multiple behavioral procedures prior to PavCA. Here we perform a replication of
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our original SD PavCA GWAS. We first analyze the PavCA metrics separately in the MI-tested
and NY-tested HS rats and then together in a mega-analysis of rats from both centers. We then
meta-analyze the results of the Charles River and Harlan SD PavCA GWAS with the HS mega-
analysis results; a cumulative sample size of over 6,400 rats, and the largest rodent GWAS to date.
To our knowledge, this is also the first ever meta-analysis of GWAS results in rodents from

different strains.

4.3 Methods

4.3.1 Heterogeneous stock rats

Samples phenotyped and genotyped for this study were part of a large, NIDA-funded center for

GWAS in outbred rats (P50DA037844; www.ratgenes.org), focused on identifying QTL for

various behavioral phenotypes relevant to drug addiction in heterogeneous stock (HS) rats. The
collaboration involved labs at the University of Buffalo, University of California — San Diego,
University of Michigan, and University of Tennessee Health Science Center. The NMcwi:HS
breeding colony originated in 1984 and was acquired by the Medical College of Wisconsin (MCW)
in 2006. A set of 64 breeder pairs is used to maintain the colony. Their breeding scheme takes into
account pairwise kinship coefficients between animals to avoid inbreeding and maximize genetic
diversity. Rats from generations 73-80 were shipped at 3-6 weeks of age to the phenotype testing

locations in 22 batches over the course of 2.5 years (October 2014 — March 2017).

There were 2,449 HS rats tested for PavCA. Of these animals, 1,359 (682 male, 677 female)
were tested at the University of Michigan (MI) and 1,090 (550 male, 540 female) were tested at
University at Buffalo in Buffalo, New York, USA (NY). Animals were on average 63.4 weeks old

(range [49,80]) when tested at the MI center versus an average of 165.1 weeks old (range
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[141,205]) at the NY center. Animals tested in NY had also been exposed to 4 additional behavioral

testing paradigms prior to undergoing PavCA training, whereas at those tested in MI were naive.

4.3.2 Pavlovian conditioned approach

University at Buffalo (NY): Rats were housed in same-sex pairs and maintained on a reverse
12h:12h light-dark cycle. Rats were split into testing batches balanced by coat color, age and sex.
Prior to PavCA, rats were tested for social behavior, locomotor activity, light reinforcement,
reaction time, and delay discounting. Rats were then transferred to a new facility, and testing began
after a week of habituation. For two days prior to testing, the rats were given ~25 banana-flavored
pellets in their home cage to familiarize them with the reward. Prior to undergoing the PavCA
procedure, there was one day of magazine training where 25 pellets are delivered on a 30-second
variable time interval (0-60s) with no lever present to ensure they are reliably retrieving food
pellets. Rats then underwent 5 days of a standard PavCA procedure [218]. Briefly, there were 25
trials a day during which an illuminated lever (conditioned stimulus; CS) is inserted into the testing
chamber for 8 sec, immediately followed by delivery of a food pellet (unconditioned stimulus; US)
into the magazine. CS-US pairings occurred on a VT 90-sec schedule (30-150s). All rats were

tested during the dark phase at the same time of day.

University of Michigan (MI): Rats were housed three same-sex animals per cage,
maintained at a reverse 12:12 light-dark cycle, and were handled on a daily basis prior to testing.
Rats were split into seven testing batches balanced by coat color, age and sex. For two days prior

to testing, rats were given ~20 banana flavored pellets in their home cage to familiarize them with
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the reward. Testing began when rats were 55-75 days old. Pre-training and PavCA testing was
carried out analogously to the NY center.

PavCA metrics: There are 11 PavCA metrics recorded or calculated for each day of testing.
The primary recorded measures are the number of lever deflections and food magazine nose pokes
during presentation of the CS summed across the 25 trials per training session (lever CS &
magazine CS). In addition, the sum of the number of nose pokes into the food magazine during
the inter-trial interval was recorded (magazine NCS). Calculated measures include: proportion of
trials where the lever or magazine were interacted with at least once (probability of lever press or
magazine entry, [0-1]), latency to approach of the lever or magazine averaged across trials (latency
to lever press or magazine entry; [0-8s]). Additional summary metrics included: tendency to
interact with lever or magazine (response bias; [Lever CS — Magazine CS]/[Lever CS + Magazine
CS], difference between the proportion of trials with a lever interaction and proportion with a
magazine during CS presentation (probability difference; [Prob Lev — Prob Mag]), and the
difference between average latency to approach the magazine and the average latency to approach
the lever divided by the duration of a single trial (latency score; [Avg Mag Lat — Avg Lev Lat]/8).
Lastly, there is the PavCA index score, which is calculated as the average of the response bias,
probability difference, and latency score for each day. The average of this score for days 4 and 5
is used to categorize animals’ behavior into sign-tracking (PavCA index [0.5-1]), goal-tracking

(PavCA index [-1-(-0.5)]), or intermediate responding (PavCA index [-0.5-0.5]).

4.3.3 Covariate selection and phenotype pre-processing

PavCA metrics tend towards highly non-normal distributions, in part due to their artificial

bounds and the method by which the summary measures are constructed [97]. Therefore,
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normalization was necessary prior to mapping the traits. A significant difference was observed in
the distributions of average day 4 and day 5 PavCA index scores between the NY and MI testing
centers (Kolmogorov-Smirnov Test; D = 0.18946, p-value < 2.2x107'%; Supplemental Figure 4.1).
Significant differences were also seen between the distributions for males and females within both
NY (D =0.27773, p-value <2.2x1071%) and MI (D = 0.21219, p-value < 1.156x107"). Due to these
differences, we chose to subset the full sample into NY males, NY females, MI males, and MI
females for normalization of the PavCA metrics. All metrics were quantile normalized within
testing center and sex groupings, and then males and females were merged within center. Our
quantile normalization procedure randomly assigns a rank to identical phenotypic values,

potentially reducing our power to detect an association in traits with tail-heavy distributions.

Using the quantile normalized PavCA metrics for each center, we performed univariate
linear regression for all remaining potential covariates (age at testing, testing chamber, and
shipment batch number) on each PavCA metric. This was done separately for rats tested in NY
and MI. We retained all covariates accounting for at least 1% of the variance in one or more
PavCA metrics for model selection with the R package leaps [228]. Model selection with leaps
was performed individually on each of the 55 metrics, and the model that explained the greatest
portion of the variance for each metric was selected. For both testing centers, all covariates that
had surpassed the 1% threshold were also included in at least 25% of the /eaps selected models.
Therefore, we simplified our analyses by regressing out the full set of covariates from each
metric to obtain residuals. The 11 covariates selected for NY included: age at the onset of PavCA
testing, and binary ‘indicator’ variables for shipment batches 1/2/6/7/8/9/12 (7 total) and testing
boxes 2/6/8. The 11 covariates selected for MI included: age at the onset of PavCA testing and

binary ‘indicator’ variables for shipment batches 1/2/3/6/7/11/12/18/19/20 (10 total). Residuals
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were then quantile normalized prior to being used for GWAS, either in both testing centers
individually, or across both centers in the case of the mega-analysis. Full covariate data was

available for all 2,499 rats.

4.3.4 Genotyping and imputation

After completing testing at the NY and MI centers, spleen samples were collected from the HS
rats and shipped to the University of California, San Diego. DNA was extracted from spleen tissue
using the Agencourt DNAdvance Kit (Beckman Coulter Life Sciences, Indianapolis, IN) and
genomic DNA quality and purity assessed by NanoDrop 8000 (Thermo Fisher Scientific,
Waltham, MA). Sequencing libraries were prepared from DNA samples using a double digest
genotyping-by-sequencing (ddGBS) approach previously described in Chapter 2. In brief, each
library was composed of a set of 48 HS samples. DNA was digested by a combination of Pstl and
Nlalll. A sequencing adapter with a unique barcode of 4-8bp was ligated to the Pstl cut site, and a
Y-adapter was ligated to the NIalll cut site. Sets of 48 sample libraries were pooled in
approximately equal quantities and size selected on a Pippin Prep (Sage Science, Beverly, MA).
Pooled and size-selected libraries were PCR amplified and quality checked on an Agilent 2100
Bioanalyzer (Agilent Technologies, Santa Clara, CA). Libraries were sequenced at the IGM
Genomics Center (University of California, San Diego, La Jolla, CA), each using a single flow

cell lane on an Illumina HiSeq 4000 with 100bp single-end reads.

The computational pipeline we used to call high-confidence genotypes from ddGBS data
has also been detailed in depth previously in Chapter 2 as well. In short, sequencing data was

demultiplexed using FASTX Barcode Splitter [170]. Reads were trimmed for barcodes, adapters,

110



and low-quality base pairs with Cutadapt [173]. Reads were aligned to reference genome build
Rnor 6.0 using -mem Burrows-Wheeler Aligner (BWA) [175] and realigned around known indels
from 42 whole-genome sequenced inbred laboratory rat strains [177], which includes the eight HS
progenitor strains. Variants were call using the SAMtools genotype likelihood model in ANGSD
v0.911 [165], and missing genotype calls were imputed with Beagle [166,167]. Lastly, using the
Beagle imputed data, we imputed outwards to known sites from reference variant sets, resulting in
3,712,342 SNPs after filtering for MAF (>0.005), genotype missingness (<10%), HWE violations

(<1x107'%), and Mendelization errors.

4.3.5 SNP-based heritability estimates

Heritabilities estimates were obtained for each testing center, as well as the combined sample of
2,449 rats using the full set of 3,712,342 SNPs. All SNPs and samples were used to construct a
single genetic relationship matrix (GRM) in GCTA [230]. We then applied the restricted maximum
likelihood (REML) method within GCTA on the GRM and the 3 separate PavCA metric phenotype
files (quantile normalized within NY or MI, or across NY+MI), containing NAs for the metric
values from the alternate testing center in the single center analyses. Results are reported in

Supplemental Tables 4.1, 4.2, and 4.3.

4.3.6 Genetic and phenotypic correlations

Genetic correlations between PavCA metrics were estimated using bivariate genome-based
restricted maximum likelihood (GREML) analysis in GCTA [230,274]. Pairwise correlations were

calculated between all quantile normalized metrics within each testing center, as well as for each
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individual metrics between the two testing centers. The GRM and within-center quantile
normalized metrics were the same used for heritability estimation. For the between-center analyses
where PavCA metrics were assessed in different animals, the residual covariance between the two
traits was dropped from the model. A log likelihood test was performed to obtain a p-value for the
genetic correlation coefficient. The null hypothesis for correlation between within-center metrics
was rG # 0 (two-tailed test), whereas for between center correlations of the same metric, the
hypothesis was rG > 0 (one-tailed test). Reported values are the genetic correlation coefficient and
corresponding p-value from either the one- or two-tailed test. Genetic correlations between PavCA
metrics measured in NY vs MI are provided in Supplemental Table 4.4. Pairwise within-center
genetic correlations are presented in Supplemental File 4.1 and plotted in Supplemental Figures
4.2 and 4.3. Phenotypic correlations were calculated as Pearson correlation coefficients between

the quantile normalized metrics.

4.3.7 Linkage disequilibrium

We plotted the decay of linkage disequilibrium (LD) using the --#° utility in plink 1.9 and the
procedures described in Parker et. al 2016 [96]. The plot presented in Figure 4.1 is adapted from
Gileta et al. 2018 [97] to compare the LD decay curve from the HS to that of the SD and CFW
mice. Briefly, the curves include only SNPs with MAF > 20% and pairwise LD comparisons were
limited to SNPs within 5% MAF of each other. A sample of 10,000 SNP pairs per 100kb interval
between SNPs was used to estimate the average 1> for SNPs up to 10Mb apart. The HS curve used

a set of 102,725 SNPs, LD pruned for pairs with r> above 0.999.

43.8 GWAS
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GWAS analyses were run using a linear mixed model in GEMMA [123]. The fixed effect
covariates were regressed out prior, and the residuals were used for mapping. A GRM was included
as arandom effect term to control for population structure and relatedness with the goal of avoiding
false positive associations. We chose to increase the accuracy of our modeling by estimating a
GRM from SNP data rather than using the known pedigree data for the HS animals. Due to the
pronounced effects of proximal contamination in structure populations with higher levels of LD
[232,231], we also applied the leave-one-chromosome-out (LOCO) approach [157,233,234] when
constructing the GRMs. By creating 20 individual GRMs, each lacking SNPs on the chromosome
being tested, we avoid decreased power from including SNPs in the GRM that are in LD with
target SNP. Samples missing a PavCA metric on a given day were removed from that analysis,
hence slightly varying sample sizes.

Genotype data was in uncompressed Oxford format (.gen). All genotypes originally called
using ANGSD and Beagle were coded as dosages on a continuous [0,2] scale, allowing for
uncertainty in the call to be taken into account in the GWAS. The remaining genotypes that were
imputed from the reference set by IMPUTE2 were strictly coded as (0, 1, or 2). Separate analyses
were run for Michigan and New York by substituting all phenotype values for the alternate testing
center to NAs. The combined mega-analysis of all NY and MI data used the phenotype data
quantile normalized across all samples from both vendors. We report p-values from the likelihood-
ratio test (LRT) performed by GEMMA. All Manhattan plots were created with a custom script in
R and were stacked vertically to assist with comparison across analyses (Supplemental File 4.2).
The supplemental file also contains an additional meta-analysis of the NY and MI results to
compare with the mega-analysis. Samples numbers per analysis varied by phenotype and can be

found in the plot titles. Q-Q plots were made with ggman in R [275] and can be found in
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(Supplemental File 4.3). LocusZoom plots were created using the stand-alone software [235],
custom SD SNP databases and LD calculations from the HS data, and a 3Mb flanking region. We
additionally performed credible set analysis [276] to calculate the posterior probability of causality
for each SNP within the associated interval. This method identifies the smallest set of SNPs that
accounts for 99% of the posterior probability. The credible sets of SNPs have been included as

tracks in the LocusZoom plots in Supplemental File 4.4 to further narrow down our QTL intervals.

4.3.9 GWAS meta-analysis

In addition to mega-analysis of rats tested in NY and MI, we also performed a meta-
analysis of their summary statistics to investigate the concordance of the identified QTL. Meta-
analysis was carried out utilizing a custom R script based on an allele frequency and sample size
aware weighting of the z-statistics [139] derived from the beta and standard error estimate output
of the GEMMA LRT. We then used the program METAL [138] to perform a sample-weighted
meta-analysis across three populations: 2,281 Sprague Dawley (SD) rats from Harlan, 1,780 SD
rats from Charles River, and the mega-analyzed sample of 2,449 HS rats, yielding a maximum
possible sample size of 6,510. Final meta-analysis sample sizes varied based on available covariate
and phenotype data and are reported on the plots presented in Supplemental File 4.5. Only the

54,116 SNPs that existed in all three datasets were included in the meta-analysis.

4.3.10 Significance thresholds

Commercially available and structured rodent population have far more extensive stretches
of LD than are observed in humans, either by design, or due to breeding stock size or historic

bottlenecks. Due to these large LD blocks, tests performed on adjacent SNPs for significance are
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often not independent, meaning the effective number of tests performed is far fewer than the
number of SNPs tested. Human GWAS uses a genome-wide significance threshold of 5x107%[236];
this would be overly conservative in rodent populations. As an alternative, several studies have
used permutation testing [124,237] to establish a significance threshold, whereby phenotype and
genotype data are iteratively reordered to sample from a null distribution. While this method can
be computationally expensive for a large number of phenotypes [231], we quantile normalized all
metrics prior to mapping, so we were able to perform a single round of 1000 permutations of the
quantile normalized data to obtain a threshold 0.05 significance threshold of 2.51x107° (-logio(p)
= 5.6). This threshold determined by naive permutation was similar to that obtained from
multiTrans [240], which takes into account the phenotypic covariance due to sample related and
the heritability of the trait(s) (data not shown). We continued to use the threshold of -logio(p) =

5.6 as a conservative threshold for the HS and SD meta-analyses, which used only 54,116 SNPs.

4.4 Results

4.4.1 Pavlovian conditioned approach

A total of 2,449 HS rats were phenotyped for PavCA; 1,090 at the NY center and 1,359 at the M1
center, split equally between males and females. The average of days 4 and 5 (D4D5) PavCA index
score is typically used to classify rats as sign-trackers, goal-trackers, or intermediate responders.
Therefore, we were interested in differences in the D4D5 PavCA index score distributions between
both testing centers and sexes. We observed significant differences in this metric between the NY
and MI centers (Supplemental Figure 4.1; Kolmogorov-Smirnov Test - D = 0.18946, p-value <
2.2x1071%). However, it is not possible to say whether the observed difference was due to difference

in testing center environment and experimentation as this difference is confounded with both the
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age of the rats (MI ~63 weeks; NY ~165 weeks) and exposure to previous behavioral testing.
Interestingly, there was a significant difference between males and females within each center,
with females displaying stronger sign-tracking behaviors than males. These results corroborate

previous analyses on the HS rats tested at the MI center [267].

4.4.2 Genotype data

We obtained a set of 3,712,342 SNPs after variant calling, imputation to reference panels of known
variant sites in the HS founder strains, and quality filtering. Figure 4.1A exhibits that our coverage
of the genome is rather comprehensive, with approximately 1,400 SNPs per 1Mb interval on
average. The minor allele frequency distribution of these variants (filtered for MAF > 0.005) is
strikingly uniform (Figure 4.1B), providing us with improved power to detect associations
compared to the SD populations. The decay of linkage disequilibrium (LD) in the HS is slower
than observed in commercially available outbred populations of rats and mice (Figure 4.1C). This
is expected because there have only been at most 80 generations for recombination to break down
the original founder haplotypes in a relatively small breeding population. However, the greater
extent of LD further increases the power of our GWAS, with the tradeoff of marginally decreased

mapping resolution.
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Figure 4.1. SNP coverage and allele frequency distribution and LD decay in the HS.

(A) SNP density per 1Mb window for the full set of 3.7 million imputed SNPs in the HS across all
20 autosomes. (B) Distribution of SNP minor allele frequencies after applying a filter for MAF <

0.005. (C) Linkage disequilibrium decay rates in HS rats as compared to SD rats from Harlan and
Charles River and outbred Swiss Webster (CFW) mice.

ol iy -
i bk w
il sl w
e ;
T w
A :
ikl :
bl
Al

o

EEEEEEECE

(5]

Number of SNPs per 1Mb Window
Number of SNPs per 1Mb Window

10

0 50 100 150 200 250 0 50 100
Position (Mb) Position (Mb)
B C
« 1.0
S _
=] 09
@ _ 08
g 0.7
2 3 < os
5 © o
e -
05
g - 5
£ § 04
z 5 _ Z
~ 0.3
o - 0.2
| T T T T 1 01
0 0.1 0.2 0.3 0.4 05 00
o 1 2 3 4 5 6 71 8 9
Minor Allele Frequency Position (Mb)

117



4.4.3 SNP-based heritabilities and genetic correlations

Previously, we observed heritability estimates for the various PavCA metrics of 4-11% in the
Harlan SD and 4-21% in the Charles River SD. Using GCTA, we constructed a GRM with all
available SNP data and used it to estimate the proportion of variance explained by additive genetic
effects in the HS rats. Consistent with our findings in SD, the SNP-based narrow-sense heritability
estimates were in the range of 4.7-16.3% for the combined HS sample (Supplemental Table 4.3).
However, due to the experiential and environmental differences between the testing centers, we
also calculated the center-specific heritabilities. We observed significant estimates in the ranges
of 4.4-24.2% for NY (Supplemental Table 4.1) and 4.6-22.1% for MI (Supplemental Table 4.2).
The NY sample showed higher heritability estimated than MI by ~2% on average. The largest
heritability estimates were for the first day of PavCA training, while days 2 and 3 typically had the
lowest. Among the day 1 metrics, heritabilities were greater for the magazine-associated traits in
NY, whereas in MI, the lever-associated traits were the highest. Interestingly, this pattern was
reversed for the estimates for days 4 and 5 of training in NY, with lever-associated traits showing

greater heritability.

Given the observed heritability estimates, we calculated genetic correlations for all PavCA
metrics to investigate whether the additive genetic effects influencing the PavCA metrics were
shared between the rats tested at the two centers (Supplementary Table 4.4). All correlations were
estimated using the GCTA bivariate GREML analysis. Interestingly, although day 1 of training
showed some of the highest heritabilities across the PavCA metrics, the genetic correlations
between NY and MI were the lowest on this day. Numerous day 3, 4, and 5 PavCA metrics had

genetic correlation estimates of 1, though these came with very large standard errors. We had
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previously used this same method to look at the correlations between metrics in Harlan and Charles

River SD rats, but few estimates were significantly different than zero (data not shown).

Several of the PavCA metrics are highly correlated with each other on a phenotypic level
[97]. To see whether these high phenotypic correlations translated into genetic correlations, we
estimated the pairwise genetic correlations between all metrics within either NY or MI
(Supplemental Figures 4.2 and 4.3). For a portion of the PavCA metric pairs, an estimate could
not be obtained due to limitations in the GCTA algorithm. While the signs of the genetic
correlations were predominantly concordant, NY generally showed higher correlations between
metrics than MI, despite similar levels of phenotypic correlation. Again, the correlation estimates
showed large standard errors, making it difficult to draw definitive conclusions regarding the

differences between the centers.

4.4.4 Association analyses in the HS

Due to the life history and age difference of the HS rats tested in NY vs. MI, we could not
be certain identical phenotypes were being measured in each center. Therefore, we performed three
GWAS for each of the PavCA metrics: one for the 1,090 rats tested in NY, one for the 1,359 rats
tested in MI, and a mega-analysis of all 2,449 samples. Using GEMMA, we fit linear mixed models
that included a GRM as a random effect term to control for allowed us to account for the familial
structure of the sample. We tested all 3.7 million SNPs for association after regressing out
significant covariates and normalizing the PavCA metrics appropriately. We discovered a total of
22 loci significantly associated with various PavCA metrics across the five days of training; seven

loci unique to Michigan, five loci unique to NY, nine loci unique to the mega-analyses, and one
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of which was shared between the NY and mega-analyses. Tables 4.1, 4.2, and 4.3 summarize these
findings, with extended information available in Supplementary File 4.6. Manhattan plots and Q-
Q plots for each GWAS are available in Supplemental Files 4.2 and 4.3, respectively. For each
locus, we also performed credible set analysis [276] using LD information and the association p-
values to identify a set of SNPs that was 99% likely to contain the “causal” SNP. We have reported
the region over which these credible SNPs spanned, and the genes located within it. LocusZooom

plots containing a track for the credible SNP set can be found in Supplemental File 4.4.

Table 4.1. Significantly associated loci for the NY-specific GWAS

Analysis Top SNP Ref/AR Allcles Alt AF Phenotype Training Day MIBeta NY Beta MegaBeta MIPval NY Pval Mega Pval Credible Set Start Credible Set End Known Genes within Credible Set
chr4:1333238738 G/A 0.62 Average Latency to Lever Press Day 4 0.036 | -0.216 -0.081 |3.74E-01)| 2.04E-06| 9.90E-03 | chr4:132651681 | chr4:135593823 Pdzrn3, Cntn3, Ppp4dr2, Shql, Rybp

Vi, Cd9, Tnifrsfla, Ltbr, Scnnia, Cd27, Tapbpl, Vampl,
Tuba3a, Nop2, lffp1, Gapdh, Mrp151, Ing4, Pianp, Zfp384,
chrd:157791902 /A 005 Magazine Entries w/ CS Dayl | -0067| 0.449 | 0187 |(4.69E-01(232E-06| 572603 | chra:153846585 | chr4:158504832 | Acrbp, Cops7a, Ptms, Lag3, MIf2, Cd4, Gprl62, P3h3, Gnb3,
Tpil, Cdca3, Usps, Spsb2, Atnl, Ene2, Lrrc23, Greel0, Ptpns,

Phb2, Emgl, Lpcat3, C1s, Clr, Clrl, Clstn3, Pexs.

New York chr4:18725353 AfG 0.34 Latency SIEorE 0.017 | -0.229 -0.082 6.92E-01| 1.10E-06 l.DSE'D:‘A
ciimon Nclewl _WmineuS | o [ ot UGS SSE ] o | e
Proportion of Trials with Magazine Entry -0.039 | 0.232 0.074 3.62E-01| 1.82E-06| 2.32E-02
chr6:69738076 AT 0.37 Proportion of Trials w/ Lever Press Day 5 -0.027 | -0.236 -0.113 5.23E-01| 1.19E-06| 4.B4E-04 chr6:69650202 chr6:70691928 Foxgl
chr7:26724250 AJG 0.35 PavCA Index Score Day 1 -0.024 | 0.226 0.079 m 143E-06| 1.22E-02 chr7:26724250 chr7:26783479 Chst11
chr18:86028462 G/A 0.09 Probability Difference Day 5 0.263 0.422 0.334 8.17E-04| 6.78E-07| 162E-08 | chr18:85838595 | chr18:86582998 Rttn, Socs6, Cd226, Doké

Table 4.2. Significantly associated loci for the MI-specific GWAS

Analysis Top SNP Ref/Alt Alleles Alt AF Training Day MI Beta NY Beta MegaBeta MIPval NY Pval Mega Pval Cre Set Start Credible Set End Known Genes within Credible Set
chr2 86705559 /6 096 | Average Latency to Lever Press 0632 | 0.094 | 0227 |7.006-07|449601] 120602
chr2:86790093 1/6 0.96 Proportion of Trials w/ Lever Press Day1 -0.603 | 0.081 -0.232 2.30E-06| 5.16E-01| 1.05E-02 | chr2:86,644,565 | chr2:86,859,622 Zipas8
chr2:86810005 c/T 0.96 Response Bias -0.602 | 0.029 0277 2.29E-06| 8.17E-01| 2.23E-03
| on s | M e ot | oo | o |soaton| sverr| seeen
ver Presses w, -0.52f h - - -
Day1 hr2:176558806 hr2:179723908 i i
Proportion of Trials w/ Lever Press = 0624 | 0083 | 0234 |1666-06|508E01| B2dE03 | o Rapget2, Fnip2, Ppid, Exfdh, Fam 1380, Tmem 144, Gria2
2177539122 | AfG 034
Response Bias 0644 | 0029 | 0294 |7.20E07|8.20601| 139E03
Dir##E, Pdcl, Re3ng, 2bthe, Gpral, Zbib26, Rabgapl, Strbp,
Crb2, Denndla, Lin2, NrSal, Neks, Psmb7, Golgal, Arpcsl,
chr3 21424663 G 010 Lever Prasses w/ CS Days | 0294 | -0081| 0141 |1516-06| 289501 364E03 | chr313233164 | che324253315 | Rp135, Ppbe, Offmi2a, MornS, Nufas, Lhx6, Rbm13, Mrrf,
Michizan, Ptgs1, Dab2ip, Rabl4, Gsn, Stom, Geralll, Ggral, Phfls,
Psmd5, Fbxw?2, Rabepk, Hspa5, Trafl, Pbx3
Chr7184653965 | G/A | 0.99 | Average Lotency 1o Magazine Enty Days | 1195 | 0362 | 0750 | 2506.06] L65E0L] L69EDS | chri.124515164 | chr7.144680651 | Honcd, Hoxcs Hoxch, Hoxcd, Hoxcl0, Hoxc11 Hoxcll
chr9:97360745 c/T 0.61 Magazine Entries w/ CS Day 4 0.202 | -0.040 0.096 6.75E-07| 3.68E-01] 1.78E-03 chr9:96866752 chr9:97681748 Ackr3, Asb18, Gbx2, Agapl
Eont3, Enhadh, Thps, CienZ, Msp3k13, Tmemd1a, Liph
chr11:83601840 /A 0.26 Lever Presses w/ CS Day2 | 0215 | 0040 | 0186 |2.366-06|4.296-01| 216605 | chri1g2179958 | chrirgssoszzn| oo Chhedh Theo, Clen2, Mapkld, Tmemdds, Liph,
Senp2, Igt2bp2, Trazb, Etvs
Average Latency to Magazine Entry -0.044 0.105 1.44E-06| 3.72E-01| 2.27E-03
chr17-57398753 AlG 072 Magazine Entries w/ CS Day3 0.043 -0.107 1.17E-06 3.81E-01| 1.90E-03 | chrl17:56433977 | chr17:60543359 | Epcl, Crem, Bambi, Cul2, Adarb2, Idi1, Wdr37, Rab18, Mpp7
Proportion of Trals with Magazine Entry 0031 | 0132 |877609|5.26E01| 115E04
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Table 4.3. Significantly associated loci for the HS mega-analysis.

Analysis  TopSNP  Ref/ARtAllcies Alt AP Phenotype Training Day MIBcta NY Beta MegaBeta MIPval NYPval Mega Pyal Credible SetStartCredibie Sct End Known Genes within Credible Sct
‘Average Latency to Lever Press Dayé | 0122 | 0.186 | 0148 |187e-03)2295-04| 102606
chr2:138401477 G/A 0.40
i’ Lever Presses wy CS Days | 0157 | 0147 | 0154 [5.50505|1.156 03 376207 | chr2137,204,443 | chr2:138,830,334) Pedhis
chr2:138402214 o7 041 Latency Scare Days | 0.125| 0162 | 0143 |151£03/3.80504] 251606
Chr2-166308959 GlA 062 | Proportion of Trials w/ Lever Press Day 4 0118 | 0171 | 0149 |3.466-03|1786-04| 160606 | chrz-165086742 | chr2:167019450| V3. SPTSSE, Eiga_‘r':‘trlr;s';prl’xs‘bm”' Kpnas, Smed,
chr5 42318647 /A 022 | Average Lotency to Lever Press Days | 0185 | 0171 | 0177 |1806-04 1656-03] 249606
Proportion of Trials w/ Lever Press 0159 | 0229 | 0192 |140603263E05| 359607
chr5:42724248 c/e 021
/ Response Bias Day4 | 0118 | 0244 | 0183 [188502|7.885 06 129506 | chr541582655 | chrs:43059005 N/A
chr5-42743488 G/c 022 Lever Presses w/ CS 0173 | 0.210 | -0.195 | 230604 7.885-05| 122607
chr5 42786308 AT 023 Lever Presses w/ CS Days | 0207 | 0211 | 0208 |303605 939505 322608
hr6:9775598 TIC 0.03 |_Average Latency to Magazine Entry Dayl | 0238 | 0302 | 0265 |60IE04] 1986.04] 808607 | chb8289654 | chrb 10451004 | Price, Eif3h, EpasL, Six2, Six3, Camkm, Prepl Sic3al
hr3 53347765 T 055 Probabilfty Difference 0166 | 0125 | 0153 |376E05]3.90603] 421607 Tmem266, Nrg4, Fbvo22, Chrma3, Chimba, Chrnas, Pemad,
s 9051683 o . PavCA Index Score Dayl | 0165 | 0133 | 0156 |3.80605 172603 200607 | chr&:57227186 | chr:60026338 | Hykk, Ireb2, Crabpl, War61, Dnajad, Acsbel, Idh3a, Cib2,
Latency Score 0167 | 0152 | 0162 |2516055.006-08| 593808 Gldn, Cyp19a1, Elmodl, Sin, SIc3572, Rab381, Culs, Acatl,
Magazing Entries /o 5 0165 | 0.130| 0.150 |167E05| 3.12603] 518607
hrE-100969613 G/A 0.3 Day1 hrs 100276674 | chrd:101166438 NfA
— e / Average Latency to Magazine Entry i 0146 | 0.122 | 0142 |183£-04|5556-03| 2.01506 | e /
Analysis
Chr 1130824594 G 0.0 Magazing Entries w/o 5 Dayl | 0241 | 0278 | 0258 | 5.36E-04 2.22E-04] 1.68E-06 | chrlL30148919 | chril:30975396 Hunk, Mis18a, Mrap, UrbL, Scard, Sod1
Ch1357165378 A/ 0.15 Wagazine Entries w/o 5 Dayl | 070 0210 | 0189 |1.27£03| 2.85E 04] 220E 06 | Chri356584377 | cil3.57165378 Kent2, Cin, CihrL F130, Aspm
[ AT 008 WMagazine Entries w] C3 omys | 028 | 0343 | 02 03| 2.166-05] 23405
Response Bias 0265 | 03%2 | 0313 3.956.06| 137607
chrlE:E5850215 A/G 0.07 Magazin Entries w/ C3 Days | 0225 | 0.416| 0305 133E08] 3.03£07
Average Latency to Magazine Entry Days | 0254 | 0373 | 0305 |123£03[936606| 221607
PavCA Index Score v 0225 | 0400 | 0303 |435603|285508| 3.30807
chr18:86028462 /A 0.8 PavCA Index Score Dayds | 0.254 | 0393 | 0315 |136E-03|4.006-06| 1.15E-07 | chriS85838595 | chris-86582998 Rttn, Socs8, Cd226, Doks
PavCA Index Score Day4 | 0228 | 0391 | 0297 |4.07603|3.69508| 495607
Pratability Difference Days | 0263 | 0422 | 0334 |s.7604|678507| 162608
rimes2542e G 005 Latency Scare Days | 029 | 0518 | 0.404 |556E03[587E06[ 427607
Proportion of Trials w/ Lever Press 0287 | 0530 | 0407 |721F-03|3695-06| 345607
ChriE86352576 /A 0.05 Lever Presses w/ CS Days | 0282 | 0566 | 0414 | 951603 133:06] 351607
Oir##a, RL-N-#, Ubd, Gabbrl, Mog, Zips7, Znrdissl,
Znrd1, Ppplrll, Rnf3S, C4s, Btnis, Benl7, Binlg, Gnll,
chr20:2518031 or 045 Magazine Entries w/ C3 Dayl | 0167 | 0156 | 0158 |[8816-05|1076-03| 991607 | 20772414 | chr20:3745667 | Prr3, Abcrl, Pppirid, Mrpsieh, Dhxl6, Pppiris, Nrm,
Mdcl, Tubbs, Flot1, Co707485, Ddrl, Gtf2hd, Vars2, Sfta2,
Dperd, Cehert, Tef1

The most promising locus we identified in the mega-analysis was located on chromosome
18 (Figure 4.2). This locus was significantly associated with 11 metrics across days 4 and 5 of
training, including the PavCA index score used to categorize rats as sign- or goal-trackers, as well
as one metric in the NY-specific GWAS. The credible set for this locus spans 0.75Mb and contains
only four known genes. Two of these genes show links to neural development. Little information
exists on Dok6; however, it has been shown to promote neurite growth in vitro and is expressed in
the adult brain [277]. The other gene, Rttn (Rotatin), has known links to development of the
cerebral cortex in mice and humans. Mutations in R#fn can cause severe brain malformations and
microcephaly [278,279]. In human fibroblast lines, R¢tn mutants show abnormal ciliary structure
and downregulation of key regulators of cortical patterning expressed in the cortical hem, which
gives rise to Cajal-Retzius neurons [280]. Rotatin has been shown to colocalize with the Cajal-

Retziuz neurons [280]. These neurons are responsible for producing reelin, a key glycoprotein that
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regulates neuronal migration in the developing brain [281] and helps control synaptic plasticity
[282] and dendrite development [283] in adults. Cajal-Retzius neurons, through their production
of reelin, have been implicated in several neuropsychiatric disorders including: Alzheimer’s

disease [284], schizophrenia [285], autism [286], and bipolar disorder [287].

Figure 4.2. Manhattan and LocusZoom plots for the GWAS for probability difference on
day 5 of PavCA training in MI, NY, and the HS mega-analysis.

All Manhattan plots are for probability difference on day 5 of training and contain the full set of
3.7 million SNPs. (A) MI-specific GWAS, (B) NY-specific, and (C) HS mega-analysis. (D) A
LocusZoom plot of the 3Mb flanking region of the associated chr18 locus for the mega-analysis.
The credible set is included as a track in purple below the points.
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Figure 4.2., Continued
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In addition to the chromosome 18 locus, we identified a locus on chromosome 17 strongly
associated with three correlated day 3 magazine entry metrics in the Michigan center. This locus
had been previously identified in our Harlan SD GWAS as associated with the second principal
component summarizing all metrics across all days of training. Proximal to the top identified SNP
in this region is the gene Crem (CAMP Responsive Element Modulator). Studies have shown that
mice deficient in Crem have abnormal locomotor activity and lower levels of anxiety [288] and
that disruption of CREM and CREB postnatally can lead to neurodegeneration of the striatum
[289], which contains crucial components of the brain’s dopamine-mediated reward system. In
humans, Crem was found to be expressed widely in neurons of post-mortem adult brain regions

important for learning and memory, such as the hippocampus and prefrontal and temporal cortex
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[290]. Also within the credible interval for the association was Rab 18, known to influence neuronal

migration during cortical development through modulation of N-cadherin levels [291].

Figure 4.3. Manhattan and LocusZoom plots for GWAS-identified locus on chromosome 17.

(A) Manbhattan plot of the MI-specific GWAS for proportion of trials with a magazine entry on
day 3 of training. (B) Manhattan plot of the SD and HS meta-analysis for magazine entries in the
presence of the CS on day 5 of training. (C) LocusZoom plot associated with Panel A.
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4.4.5 Meta-analysis of HS and SD

Table 4.4. Significantly associated loci for the HS and SD meta-analysis.

Effect/Non-
SNP EffectAF N Ph @ i i
P Effect Alleles fec ienotype Credible Set Start le Set Gene List
0.2144 | 6406 Average Latency to Magazine Entry 4+ 1.13E-07
chr1:22744087 TiC D.2.145 6399 PEVC,A Index score Day 5 " _l'mE'UE chrl:22584681 chri:22746462 vnnl,vnn3, Taarl
0.2144 (6406 Magazine Entries w/ CS - 1.22E-06
0.2147 | 6405 Probability Difference +++ | 4.09E-07
0.491 | 6406 Average Latency to Magazine Entry Day5 — 3.53E-07 Gon4l, Sytll, Ritl, Mstol, Dap3, Ashll, Fdps, PKlr, Hen3, Clk2,
0.4915 |6394 PavCA Index Score Day 45 — 2.47E-06 Gba, Mtx1, Scamp3, Fam183b, Ssr2, Arhgef2, Lamtor2, Ubgin4,
chr2:188162987 e 0.4911 | 6405 Probability ?\ﬂsrs'\ce Day 5 -— 1.52E-06 chr2:187528608 chr2:188893673 Rab25, Lmna, Semada, Pmfl, Bglap, Pagré, Slc25544,rGlmp,
0.4911 |6405| Proportion of Trials with Magazine Entry | Day 5 ++ | 2.35E-06 Tmem73, Cct3, Tsacc, Rhbg, Mef2d, Thbs3, Mucl, Trim4s,
0.4915 | 6384 Response Bias Day3 4.66E-07 Krtcap2, Dpm3, Slcs0al, Efnal, Efna4, Adam1s, Zbtb7b, Shel,
0.4913 |6395 Response Bias Day 5 - 7.36E-08 Flad1, Lenep, Cksb1, Shel, Pygo2, Pbxipl, Kenn3, Pmvk
0.4048 | 6334 PavCA Index Score - 5.96E-07
0.404% 6416 L P cs — 1.35E-06
chr2:199231752 A6 aver Presses w/ Day 2 chr2:199225113 | chr2:199231752 N/A
0.4047 |6419 Probability Difference - 1.41E-06
0.4048 | 6394 Response Bias — 2.39E-06
0.8454 |6389 Average Latency to Lever Press — 9.76E-07
0.8455 6419 L P cs 5.10e-07
chr3:13294366 AflG aver Presses w/ pey1| chr3:13262120 | chr3:13294746 Pbx3
0.8454 |6389 Probability Difference ++ | 2.10E-06
0.8454 | 6389 Proportion of Trials with Lever Press +++ | 8.10E-07
chr3:49190567 T/C 0.7411 |6415 Magazine Entries w/o CS Day 1 it 2.35E-06| chr3:47435550 chr3:49955823 Kenh?, Geg, Ifihl, Fap, Dpp4, Slc4al0, Thrl, Psml4, Tank
chr7:125869426 T/C 0.3791 6414 Magazine Entries w/o CS Day 2 — 1.48E-06| chr7:125865679 chr7:125869426 RGD1204694/Kiaa0330
0.2131 | 6405 Lat 5 —  |137E08 Gls, Stat1, Stat4, Myolb, Nabpl, Sdpr, Tmeff2, Nabl, Nemp2,
chra:54520074 TC atency score Day5 Chr9:53145306 | chr9:55504490 % Statl, stats, Myolb, Nabpl, Sdpr, Tmefiz, Nabl, Nemp
0.2131 | 6406 Average Latency to Magazine Entry -— 1.94E-06 Mfsd, Inppl, Hibch, Mstn, Pms1
chr10:2617832 T/C 0.4222 | 6389] Proportion of Trials with Lever Press Day 1 +++ | 9.16E-07| chr10:1892581 chr10:2830334 N/A
chr10:95877686 T/C 0.6018 | 6416 Lever Presses w/ CS payz| T |29%E08| iowesyrasas | chriosssaosst Helz, Cacngl
0.602 | 6419 Average Latency to Lever Press — 1.92E-06
0.6921 6419 Average Latency to Magazine Entry — 2.53E-09
chr11:14745031 AflG 0.6922 (6418 Magazine Entries w/ CS pay2| Tt |2EE0) 1i47s4594 | chriliarasost N/A
0.692 |6414 Magazine Entries w/o €S +++ 5.65E-09
0.6921 | 6419]| Proportion of Trials with Magazine Entry +++ | 8.75E-09
chrl7:56527126 A/G 0.5192 |6406 Magazine Entries w/ CS Day 5 — 1.91E-06| chrl7:56433977 chr17:57320503 Crem, Bambi, Cul2, Epcl
chr18:85880215 A/G 0.5907 | 6405 Probability Difference Day 5 — 8.47E-07| chr18:35880215 chr18:85893838 N/A
0.1263 |6405 Probability Difference . 6.03E-07
chr20:34118749 AJG 0.1263 | 6405| Proportion of Trials with Magazine Entry | Day 5 — 2.99E-07| chr20:34118749 chr20:34287647 Sle3sfl
0.1263 | 6395 Response Bias +++ 1.25E-06

With multiple large, independent samples of rats from different populations tested for PavCA, we
decided to perform meta-analysis of the summary statistics from the Harlan SD, Charles River SD,
and HS using the standard sample-weighting approach in METAL [138]. We limited the meta-
analysis to variants present in all three GWAS, leaving 54,116 SNPs. Though sample size varied
by PavCA metric, the total sample of rats was approximately 6,400. We identified 13 loci in the
meta-analysis, more than half of which were associated with multiple PavCA metrics (Table 4.4).
Directions of effect for all loci were consistent across all three populations and showed the correct

sign for the PavCA metrics (i.e. a locus that had a negative effect on magazine entries, had positive
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effect on the PavCA index score). Additionally, the p-values in each population were generally
trending towards significance (Supplemental File 4.6), indicating the large sample size afforded

by meta-analysis of the three studies was necessary to provide sufficient power to detect these loci.

Only four of the 13 loci had been previously identified by our SD or HS GWAS, including
the hits on chromosomes 17 and 18 discussed above, as well as two additional loci on
chromosomes 7 and 11 associated with metrics on day 2 of training in the meta-analysis of Harlan
and Charles River SD rats. Interestingly, the chromosome 17 locus containing Crem was
associated with a different PavCA metric than in either MI or SD Harlan: magazine entries in the
presence of the CS on day 5 of training. The chromosome 18 locus containing Rttn, though
identified for the same trait in the NY-specific and HS mega-analysis, showed a marginally weaker
association in the meta-analysis. In addition to these four recapitulated loci, the meta-analysis
identified a novel locus on chromosome 1 associated with four day 5 PavCA metrics (Figure 4.4).
Within the credible set for this locus were three genes. Vnnl/3 are amidohydrolases that are
unlikely to influence neural networks. The other gene, Taarl, codes for a trace amine-associated
receptor that plays a significant role in the regulation of dopamine [292], the key neurotransmitter
underlying the brain’s reward system. Mice lacking TAAR1 showed greatly increased sensitivity
of postsynaptic D2 dopamine receptors in the striatum [293]. TAARI agonists also include
molecules such as norepinephrine, serotonin, amphetamine, methamphetamine, and MDMA
[294]. A wealth of research has been accumulated on TAAR1 and its links to stimulant addiction
[295]. This work, in conjunction with our GWAS results, make 7aar! a prime candidate for further

study in relation to PavCA behaviors and addiction.
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Figure 4.4. Manhattan and LocusZoom plots for GWAS-identified locus on chromosome 1.

Manbhattan plots of the SD and HS meta-analysis for PavCA metrics on day 5 of training, including:
(A) average latency to magazine entry, (B) PavCA index score, (C) magazine entries in the
presence of the CS, and 9D) probability difference.
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We selected the three loci on chromosomes 1, 17, and 18 to highlight due to the limited

number of candidate genes in the credible sets and their putative ties to neural networks associated

with PavCA-related behaviors. Numerous additional hits were discovered, predominantly for days

1,4, and 5 of training.
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4.5 Discussion

In this study, we used 2,449 HS rats to perform a replication of our heritability estimates and
GWAS for PavCA in SD rats. Though PavCA metric heritability estimates differed from those
calculated in the SD rats, the new estimates were in the range of 4.4-24.2%, confirming the low
additive genetic heritability of this behavioral phenotype. However, considering previous
observations about the “selectablility” of sign- vs. goal-tracking behaviors [75], it is possible the
broad-sense heritability of PavCA is much greater and that gene-gene interactions play a
substantial role in determining the phenotype. Interestingly, the highest heritabilities were seen for
day 1 PavCA metrics, when the previous rats’ previous experiences likely had the strongest
influence. Behaviors on this day likely reflect novelty-seeking or locomotor activity and only show
light phenotypic and genetic correlation with PavCA metrics on later days of training. Heritability
estimates typically dipped on days 2 and 3 of training and rose again on days 4 and 5 as the

behavior became more stably learned.

The genetic correlation estimates for PavCA metrics between NY and MI were (aside from
one metric) significantly different than zero. However, the standard errors for the estimates were
quite large, leaving uncertainty as to the true degree of shared additive genetics effects between
the two centers. Previously, we had also estimated the genetic correlations between Harlan and
Charles River and saw that very few metrics had significant correlations. A potential explanation
for this could be a high level of polygenicity of the behaviors involved in PavCA. Though
behavioral phenotypes may resemble each other across rat populations, they are likely subject to
genetic heterogeneity, where several different possible combinations of alleles at a large number

of loci are able to produce the same behavioral outcome. This is supported further by the high level
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of genetic differentiation that has occurred between Harlan and Charles River, indicating that

different alleles are likely at play in each population.

We also estimated within-center genetic correlations for all pairs of metrics. We observed
higher genetic correlations between metrics within NY versus within MI, possibly due to the more
advanced age of the rats at testing in NY or their previous exposure to behavioral training requiring
interactions with a lever. Notably, we had observed a flip in the NY heritability estimates, where
lever associated traits gradually showed increased heritability while progressing from day 1 to day
5. This shift was reflected in the within population genetic correlations as well. Initially, lever
deflections in the presence of the CS and proportion of trials with a lever interaction were
significantly, positively genetically correlated with magazine entries with CS and the proportion
of trials with a magazine entry. However, by days 4 and 5 of training, these traits were significantly
inversely correlated, suggesting the animals had learned the US-CS association and the CR

behaviors had dichotomized into sign-tracking and goal-tracking.

Despite low heritabilities, our large sample size provided us with sufficient power to
discover several genome-wide significant loci associated with various PavCA metrics across the
five days of training. The NY and MI center-specific GWAS and HS mega-analysis were fruitful,
identifying a combined 22 genetic loci associated with 35 out of 56 of the PavCA metrics. We
have not performed multiple testing correction for the number of metrics we tested; however, since
these metrics are highly phenotypically correlated, we suspect the true number of independent tests
is far lower than 56. This suggests that our finding of 22 distinct loci is substantially greater than
would be expected with a false discovery rate of 5%. Given the low heritabilities of the PavCA
metrics, it is perhaps unsurprising that there was little overlap between the results from the center-

specific GWAS and the mega-analysis. The majority of the center-specific associations are for
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days 1 and 2 of training, which was also when genetic correlations were the lowest and previous
experiences likely had the largest influence on behaviors. The center-specific analyses may also
have identified loci of high effect that are capturing differences in behavior unique to young, naive
rats (MI) or older, experienced rats (NY'), whereas the mega-analysis identified shared PavCA loci
of smaller effect. This is supported by the observation that all loci identified in the mega-analysis

were trending towards significance in the center-specific analyses.

The mega-analysis of the HS rats exclusively identified loci associated with days 1, 4, and
5 of training. Interestingly, only 1 of these loci overlapped with those identified in the center-
specific GWAS, again suggesting the regions identified in the mega-analysis are associated with
behaviors with shared genetic underpinnings between centers, rather than aspects unique to
younger, naive or older, experienced rats. On day 1 of training, it is likely that the identified loci
are linked to novelty-seeking behaviors or locomotor activity. Three of the identified day 1 loci
were associated with the number of magazine entries in the absence of the CS. This metric was
not significantly genetically correlated with any other metric during later training days, indicating
these loci likely capture a distinct behavior from PavCA. By days 4 and 5 of training, the rats of
reliably learned the CS-US association and show a consistent CR upon presentation of the CS,

leading us to believe these loci are more likely directly linked to PavCA behaviors.

Our mega-analysis discovered a locus on chromosome 18 associated with numerous
PavCA metrics on days 4 and 5 of training. Within this region were two genes with ties to neuronal
growth/development, Rttn and Dok6. In particular, R¢tn modulates the production of a protein
called reelin that has been previously linked to numerous other psychiatric disorders [296]. It is
possible there are mutations in the regulatory elements controlling R¢n that have a downstream

effect on brain development, and therefore psychiatric outcomes. Further, the reelin produced by
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the CR neurons that rotatin putatively controls also supports long-term potentiation, which is
important to synaptic plasticity and learning [282,296]. In addition to Rttn, another locus on
chromosome 17 was identified in both our MI-specific and SD GWAS that contained two genes
with known links to brain morphology, Crem and Rab18. Crem stood out due to its role in postnatal
degeneration of the striatum and expression pattern in the brain. Both R#tn and Crem may warrant

further investigation into the downstream effects of modulating their expression on behavior.

Lastly, we performed, to our knowledge, the first large-scale meta-analysis of outbred
rodent populations with a total sample size of ~6,400 rats. Of the 13 loci identified in the meta-
analysis of the HS and SD populations, only four had been identified in the population-specific
GWAS. Notably, we replicated the association with the chromosome 17 locus containing Crem
and Rabl8. It is not clear why this locus would be associated with various PavCA metrics in the
SD GWAS, MlI-specific GWAS and meta-analysis, but not NY GWAS. However, the SD rats
were closer in age to the HS tested in MI than the HS tested in NY, and therefore the locus could
be associated with behavior unique to a certain developmental time period. Failure to replicate the
remaining majority of associations from the population-specific GWAS was due in part to the
limited number of SNPs that overlapped between the SD and HS datasets (54,116). Additionally,
the allele frequencies for the overlapping SNPs varied greatly between population. Several of the
loci identified in the HS and SD meta-analysis has a low minor allele frequency in at least one of
the three populations. Importantly, all of the nine newly uncovered loci showed elevated p-values
in the population-specific analyses, indicating that the large sample size in the meta-analysis is
what allowed for their discovery. This is a trend often seen in human GWAS for psychiatric traits

[20,22,29].
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Surprisingly, our strongest association in the HS and SD meta-analyses was for a set of
metrics on day 2 of training. The locus was on chromosome 11 and contained no genes within its
credible set. On day 2 of training, it is difficult to say exactly what behavioral processes or learning
are occurring. This day of training also often showed the lowest heritability across metrics.
However, the identified locus appears to be important as it was consistently identified across
studies for the same metrics and day of training. The most exciting finding from the HS and SD
meta-analysis was a locus on chromosome 1 containing 7aar, a well-studied trace-amine receptor
with known links to amphetamine addiction and relapse [295]. Mouse knockout models of TAAR1
showed increased levels of extracellular dopamine [297], increased place preference on treatment
with methamphetamine, and a slower rate of extinction [298]. Partial agonists for this receptor
have also been shown to lessen cue-induced reinstatement of drug-seeking behaviors for cocaine
[299] and methamphetamine [300]. We plan on testing our findings in vivo by measuring the
effects of treatment with TAART1 agonists on PavCA behaviors in rats, with treatment both prior

to and after PavCA training.

Unexpectedly, only one region clearly replicated between the SD and HS analyses prior to
meta-analysis. There are several possible contributing factors to this result. First, the heritabilities
of the PavCA metrics are low, requiring exceptionally large sample sizes to discover genes
influencing the numerous component behaviors. Differences in genetic background may impact
how certain variants effect of the phenotype of interest in ways that are beyond detection under
the assumption of an additive genetic model. Allelic heterogeneity is also a possibility with alleles
at multiple different loci being capable of producing the same behavioral outcome. Though we had
an exceptionally large sample, the differences in the allele frequency spectrums between Harlan

SD, Charles River SD, and the HS further hindered our power for discovery. Differences in animal
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care between SD vendors and the HS facility may have had a substantial effect on the variation
observed in the PavCA behaviors. This issue was this further compounded with difference in age
and training center, with SD and MI rats being younger, naive, and trained at the MI center, and
NY rats older, experienced and trained at the NY-center. Since we observed a significant sex
difference between males and females in sign- and goal-tracking behaviors, and SD rats were all
males, it is further possible that sex played a role in the disparate results of the population-specific

analyses.

Our results support the theory that the attribution of incentive salience is a highly polygenic
trait. Various associated loci were identified in the three populations of rats, however there was
little overlap between them, suggesting there may be a large role of genetic heterogeneity. Recent
work has also shown that sign-tracking and goal-tracking behaviors are likely to be more broadly
due to bottom-up vs top-down processing, respectively [260]. PavCA behaviors are now
recognized to not purely be mediated by ventral striatum phasic dopamine responses controlling
the attribution of incentive salience to stimuli, but also other systems such as acetylcholine
signaling in the prefrontal cortex controlling attention [259]. This increasingly complex
understanding of the biological basis of sign- and goal-tracking behaviors further supports our
polygenicity hypothesis. Regardless, our GWAS in the HS and meta-analysis of the SD and HS
have provided us with strong candidates for further testing. Additionally, the majority of identified
top SNPs occur in intergenic regions, indicating that regulatory elements could be important in

modulating these behaviors.
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4.6

Appendix E: Supplemental Figures

Supplemental Figure 4.1. Distributions of PavCA index scores across sex and testing centers.
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Supplemental Figure 4.2. Pairwise genetic and phenotypic correlations for PavCA metric
within HS rats tested in NY.

The upper-left triangle displays the genetic correlations, and the lower-right triangle displays the
corresponding phenotypic correlations. Non-significant correlations are indicated by an ‘x’ in the
corresponding tile. White squares indicate genetic correlations that could not be computed by
GCTA due to an error.
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Supplemental Figure 4.3. Pairwise genetic and phenotypic correlations for PavCA metric
within HS rats tested in MI.

The upper-left triangle displays the genetic correlations, and the lower-right triangle displays the
corresponding phenotypic correlations. Non-significant correlations are indicated by an ‘x’ in the
corresponding tile. White squares indicate genetic correlations that could not be computed by
GCTA due to an error.
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4.7 Appendix F: Supplementary Tables

Supplemental Table 4.1. Heritability estimates for 56 PavCA metrics in HS samples tested
at the NY center.

Phenotype V(G)/Vp Std. Error P-value Vg- Percent
Average Latency to Lever Press - Day 1 0.077806 0.034716 2.76E-03 78%
Average Latency to Lever Press - Day 2 0.098205 0.035767 2.72E-04 9.8%
Average Latency to Lever Press - Day 3 0.166002 0.041028 3.60E-08 16.6%
Average Latency to Lever Press - Day 4 0.16856 0.042023 1.4B8E-07 16.9%
Average Latency to Lever Press - Day 5 0.215242 0.044905 1.38E-10 215%
Average Latency to Magazine Entry - Day 1 0.233313 0.043988 1.96E-13 233%
Average Latency to Magazine Entry - Day 2 0.104274 0.036143 6.87E-05 10.4%
Average Latency to Magazine Entry - Day 3 0.014233 0.027862 2.93E-01 1.4%
Average Latency to Magazine Entry - Day 4 0.043666 0.030582 4.47E-02 4.4%
Average Latency to Magazine Entry - Day 5 0.087404 0.03698 2.14E-03 B7%
PavwCA Index Score - Day 1 0.100365 0.037443 3.15E-04 10.0%
PawCA Index Score - Day 2 0.03908% 0.030674 6.99E-02 3 9%
PawCA Index Score - Day 3 0.061694 0.033836 1.65E-02 6.2%
PavwCA Index Score - Day 4 0.102177 0.0366 Z.19E-04 10.2%
PavCA Index Score - Day 5 0.161078 0.041803 2.8BE-07 16.1%
PawCA Index Score - Days 4/5 0.140604 0.040266 3.19E-06 14.1%
Latency Score - Day 1 0.151211 0.040037 2.40E-07 15.1%
Latency Score - Day 2 0.025906 0.028575 1.53E-01 26%
Latency Score - Day 3 0.033419 0.03114 1.24E-01 33%
Latency Score - Day 4 0.086538 0.035292 1.23E-03 87%
Latency Score - Day 5 0.150781 0.041337 1.56E-06 151%
Lever Presses C5-Day 1 0.107072 0.036252 4.53E-05 10.7%
Lever Presses C5 - Day 2 0.127868 0.038629 1.20E-05 12 8%
Lever Presses C5 - Day 3 0.169573 0.042388 1.71E-07 17.0%
Lever Presses C5 - Day 4 0.173251 0.042105 6.26E-08 17.3%
Lever Presses C5-Day 5 0.186454 0.04317 B.3BE-09 18.6%
Magazine Entries C5 - Day 1 0.230224 0.04355 1.60E-13 23.0%
Magazine Entries C5 - Day 2 0.088636 0.034998 4.95E-04 89%
Magazine Entries C5 - Day 3 0.016263 0.028418 2.72E-01 16%
Magazine Entries C5 - Day 4 0.049213 0.031149 2.86E-02 49%
Magazine Entries C5 - Day 5 0.111584 0.038314 1.18E-04 112%
Magazine Entries NC5 - Day 1 0.242195 0.043182 B.33E-16 242%
Magazine Entries NC5 - Day 2 0.150457 0.041318 1.97E-06 15.0%
Magazine Entries NC5 - Day 3 0.178112 0.04403%9 6.36E-07 17 8%
Magazine Entries NC5 - Day 4 0.113557 0.038506 1.14E-04 114%
Magazine Entries NC5 - Day 5 0.161328 0.042384 7.62E-07 16.1%
Probability Difference - Day 1 0.111967 0.036627 2.51E-05 11.2%
Probability Difference - Day 2 0.021933 0.028319 1.95E-01 2.2%
Probability Difference - Day 3 0.035128 0.031317 1.12E-01 35%
Probability Difference - Day 4 0.088375 0.035486 1.03E-03 88%
Probability Difference - Day 5 0.169356 0.042543 1.20E-07 169%
Probability of Lever Press - Day 1 0.106015 0.036768 9.43E-05 10.6%
Probability of Lever Press - Day 2 0.100299 0.036138 2.41E-04 10.0%
Probability of Lever Press - Day 3 0.155878 0.041228 4.86E-07 15.6%
Probability of Lever Press - Day 4 0.139541 0.039775 4.71E-06 14.0%
Probability of Lever Press - Day 5 0.187685 0.042559 2.37E-09 18.8%
Probability of Magazine Entry - Day 1 0.234746 0.04361 4.16E-14 23.5%
Probability of Magazine Entry - Day 2 0.096153 0.035935 2.74E-04 9.6%
Probability of Magazine Entry - Day 3 0.017861 0.028316 2.48E-01 1.8%
Probability of Magazine Entry - Day 4 0.040229 0.03026 5.81E-02 40%
Probability of Magazine Entry - Day 5 0.086075 0.037214 2.B6E-03 B6%
Response Bias - Day 1 0.037296 0.030621 7.82E-02 37%
Response Bias - Day 2 0.107355 0.037769 2Z.31E-04 10.7%
Response Bias - Day 3 0.151614 0.041242 1.34E-06 152%
Response Bias - Day 4 0.14775 0.03%9645 7.13E-07 14 8%
Response Bias - Day 5 0.159154 0.041449 Z.Z1E-07 15.9%
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Supplemental Table 4.2. Heritability estimates for 56 PavCA metrics in HS samples tested
at the MI center.

Phenotype v{G)/vp Std. Error P-value Vg-Percent

Average Latency to Lever Press - Day 1 0.221299 (0.038891 3.64E-14 22.1%
Average Latency to Lever Press - Day 2 0.115435 0.032875 3.09E-06 11.5%
Average Latency to Lever Press - Day 3 0.068124 0.030856 6.41E-03 6.8%
Average Latency to Lever Press - Day 4 0.066751 0.030723 7.84E-03 6.7%
Average Latency to Lever Press- Day 5 0.102911 0.03303 9.73E-05 10.3%
Average Latency to Magazine Entry - Day 1 0.092932 0.032526 1.99E-04 9.3%
Average Latency to Magazine Entry - Day 2 0.0458872 0.027603 1.83E-02 4.9%
Average Latency to Magazine Entry - Day 3 0.082959 0.031061 5.49E-04 B3%
Average Latency to Magazine Entry - Day 4 0.104591 0.032279 1.52E-05 10.5%
Average Latency to Magazine Entry - Day 5 0.0558213 0.029246 1.04E-02 58%
PavCA Index Score - Day 1 0.096554 0.031579 3.80E-05 97%
PavCA Index Score - Day 2 0.072055 0.028921 B8.11E-04 72%
PavCA Index Score - Day 3 0.064584 0.029272 4.30E-03 6.5%
PavCA Index Score - Day 4 0.078733 0.031148 1.47E-03 7.9%
PavCA Index Score - Day 5 0.070977 0.030664 3.81E-03 71%
PavCA Index Score - Days 4,/5 0.087334 0.032053 6.22E-04 B 7%
Latency Score - Day 1 0.076953 0.030162 6.72E-04 77%
Latency Score - Day 2 0.064265 0.028302 2.25E-03 6.4%
Latency Score - Day 3 0.056361 0.028862 1.24E-02 5.6%
Latency Score - Day 4 0.079136 0.031619 2.06E-03 7.9%
Latency Score - Day 5 0.076542 0.031225 2.41E-03 T.7%
Lever Presses C5 - Day 1 0.190203 0.037412 5.21E-12 15.0%
Lever Presses CS - Day 2 0.109707 0.032183 5.30E-06 11.0%
Lever Presses C5 - Day 3 0.069467 0.030888 5.84E-03 6.9%
Lever Presses C5 - Day 4 0.062369 0.030647 1.38E-02 6.2%
Lever Presses C5-Day 5 0.108125 0.033964 &.90E-05 10.8%
Magazine Entries C5 - Day 1 0.0906 0.032126 2.32E-04 9.1%
Magazine Entries C5 - Day 2 00453373 0.027195 1.70E-02 4 8%
Magazine Entries C5 - Day 3 0.104399 0.031953 1.17E-05 10.4%
Magazine Entries C5 - Day 4 0.132513 0.034122 1.90E-07 13.3%
Magazine Entries C5 - Day 5 0.078071 0.031081 1.35E-03 7.8%
Magazine Entries NC5 - Day 1 0.186044 0.040152 1.73E-08 18.6%
Magazine Entries NC5 - Day 2 0.046473 0.029005 4.15E-02 4.6%
Magazine Entries NC5 - Day 3 0.020453 0.025979 2.10E-01 2.0%
Magazine Entries NC5 - Day 4 0.115423 0.035188 5.98E-05 11.5%
Magazine Entries NC5 - Day 5 0.092997 0.033226 5.96E-04 9.3%
Probability Difference - Day 1 0.09352 0.031057 4.18E-05 9.4%
Probability Difference - Day 2 0.071172 0.028796 B8.58E-04 7.1%
Probability Difference - Day 3 0.070176 0.029783 2.19E-03 7.0%
Probability Difference - Day 4 0.072352 0.030571 3.00E-03 7.2%
Probability Difference - Day 5 0.058548 0.02926 1.10E-02 5.9%
Probability of Lever Press - Day 1 021225 0.039051 5.18E-13 21.2%
Probability of Lever Press - Day 2 0.111675 0.032265 3.59E-06 11.2%
Probability of Lever Press - Day 3 0.053726 0.02896 1.81E-02 5.4%
Probability of Lever Press - Day 4 0.054958 0.029396 2.00E-02 5.5%
Probability of Lever Press - Day 5 0.070003 0.031 5.55E-03 7.0%
Probability of Magazine Entry - Day 1 0.109107 0.033284 1.41E-05 10.9%
Probability of Magazine Entry - Day 2 0.045587 0.027486 2.79E-02 4.6%
Probability of Magazine Entry - Day 3 0.099816 0.031842 2 B9E-05 10.0%
Probability of Magazine Entry - Day 4 0.11271 0.033168 7.17E-06 11.3%
Probability of Magazine Entry - Day 5 0.05844 0.03009 1.56E-02 5.8%
Response Bias - Day 1 0.125699 0.034089 1.17E-06 12.6%
Response Bias - Day 2 0.098111 0.031703 3.97E-05 9.8%
Response Bias - Day 3 0.088314 0.031185 1.87E-04 8.8%
Response Bias - Day 4 0072791 0.029787 1.35E-03 7.3%
Response Bias - Day 5 0.065816 0.030352 5.64E-03 6.6%
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Supplemental Table 4.3. Heritability estimates for 56 PavCA metrics in all HS rats
combined.

Phenotype V(G)/Vp Std.Error P-value WVg-Percent
Average Latency to Lever Press - Day 1 0.118976 0.022627 6.16E-15 11.9%
Average Latency to Lever Press - Day 2 0.092842 0.0208%98 2.12E-10 9.3%
Average Latency to Lever Press - Day 3 0.107673 0.022456 1.14E-11 10.8%
Average Latency to Lever Press - Day & 0.123661 0.023743 B8.35E-13 12.4%
Average Latency to Lever Press - Day 5 0.136695 0.024075 2.17E-15 13.7%
Average Latency to Magazine Entry - Day 1 0.124305 0.023323 B8.60E-15 12.4%
Average Latency to Magazine Entry - Day 2 0.056408 0.01778 6.14E-06 5.6%
Average Latency to Magazine Entry - Day 3 0.053626 0.018029 5.65E-05 5.4%
Average Latency to Magazine Entry - Day 4 0.072786 0.019418 6.83E-08 7.3%
Average Latency to Magazine Entry - Day 5 0.080569 0.020691 9.19E-08 B8.1%
PavCA Index Score - Day 1 0.076238 0.019424 5.88E-09 7.6%
PavCA Index Score - Day 2 0.061122 0.018231 1.70E-06 6.1%
PavCA Index Score - Day 3 0.074595 0.019852 1.47E-07 75%
PavCA Index Score - Day 4 0.09281 0.02136 1.18E-09 9.3%
PavCA Index Score - Day 5 011095 002271 1.62E-11 11.1%
PavCA Index Score - Days 4/5 0.116284 0.023184 2.15E-12 11.6%
Latency Score - Day 1 0.078297 0.019486 3.99E-09 7.8%
Latency Score - Day 2 0.045934 0.016559 5.89E-05 4.7%
Latency Score - Day 3 0.058833 0.018529 2.15E-05 5.9%
Latency Score - Day 4 0.08657 0.020944 1.39E-08 8.7%
Latency Score - Day 5 0.112164 0.022912 2.98E-11 11.2%
Lever Presses C5-Day 1 013056 0.023227 0.00E+00 13.1%
Lever Presses C5 - Day 2 0.089402 0.020651 7.02E-10 B9%
Lever Presses C5-Day 3 0.106975 0.022563 5.01E-11 10.7%
Lever Presses C5- Day 4 0.123737 0.023797 1.38E-12 12.4%
Lever Presses C5-Day 5 0.125009 0.023448 9.76E-14 12.5%
Magazine Entries C5 - Day 1 0.109556 0.02197 2.17E-13 11.0%
Magazine Entries C5 - Day 2 0.053327 0.017281 1.02E-05 5.3%
Magazine Entries C5 - Day 3 0.064389 0.018578 1.06E-06 5.4%
Magazine Entries C5 - Day 4 0.08142 0.019732 1.23E-09 B8.1%
Magazine Entries C5 - Day 5 0.090463 0.021028 9.98E-10 2.0%
Magazine Entries NCS - Day 1 0.163191 0.024996 0.00E+00 16.3%
Magazine Entries NCS - Day 2 0.087308 0.021033 1.36E-08 8.7%
Magazine Entries NCS - Day 3 0.078849 0.020826 6.56E-07 79%
Magazine Entries NCS - Day 4 0.097327 0.021836 1.06E-09 9.7%
Magazine Entries NC5 - Day 5 0.108491 0Q.022474 1.77E-11 10.8%
Probability Difference - Day 1 0.069713 0.0128406 1.60E-08 7.0%
Probability Difference - Day 2 0.051772 0.017122 1.88E-05 5.2%
Probability Difference - Day 3 0.06876 0.015491 1.47E-06 5.9%
Probability Difference - Day 4 0.088105 0.020888 4.20E-09 B.8%
Probability Difference - Day 5 0.100306 0.021803 1.42E-10 10.0%
Probability of Lever Press - Day 1 0.13102 0.02341 5.55E-17 13.1%
Probability of Lever Press - Day 2 0.094047 0.020889 7.00E-11 9.4%
Probability of Lever Press - Day 3 0.088892 0.020942 2.61E-09 89%
Probability of Lever Press - Day 4 0.100127 0.021915 4.86E-10 10.0%
Probability of Lever Press - Day 5 0.114833 0.022622 B.29E-13 11.5%
Probability of Magazine Entry - Day 1 0.127706 002308 1.11E-16 12 8%
Probability of Magazine Entry - Day 2 0.047549 0.017168 1.41E-04 4.8%
Probability of Magazine Entry - Day 3 0.058767 0.018368 1.01E-05 59%
Probability of Magazine Entry - Day 4 0.074145 0.019545 £.83E-08 7.4%
Probability of Magazine Entry - Day 5 0.072665 0.020208 1.70E-06 73%
Response Bias - Day 1 0.077714 0.019858 1.57E-08 78%
Response Bias - Day 2 0.083727 0.020231 2.41E-09 8.4%
Response Bias - Day 3 0.106436 0.022486 1.64E-11 10.6%
Response Bias - Day 4 0.111011 0.022383 4.27E-13 11.1%
Response Bias - Day 5 0.087392 0.02092 3.85E-09 B7%
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Supplemental Table 4.4. Between-center genetic correlations for 56 PavCA metrics.

PavCA Metric Genetic Correlation S.E. P-value
Day 1 Average Latency to Lever Press 0.65817 0.233088 2.21E-03
Day 1 Average Latency to Magazine Entry 0.572203 0.188226 2.05E-03
Day 1 PavCA Index Score 0.667065 0.27935 7.60E-03
Day 1 Latency Score 0.486711 0.248907 2.51E-02
Day 1 Lever Presses wf CS 0.752042 0.182141 5.68E-05
Day 1 Magazine Entries w/ CS 0.438089 0.200683 1.69E-02
Day 1 Magazine Entries w/o C5 0.582208 0.145116 1.11E-04
Day 1 Probability Difference 0.438369 0.255626 4.01E-02
Day 1 Propaortion of Trials with Lever Prass 0.654373 0.18481 3.70E-04
Day 1 Proportion of Trials with Magazine Entry 0.553284 0.175815 1.38E-03
Day 1 Response Bias 1 0.452624 1.29e-03
Day 2 Average Latency to Lever Press 0.687007 0.225711 1.47E-03
Day 2 Average Latency to Magazine Entry 0.627688 0.344221 2.51E-02
Day 2 PavCA Index Score 1 0.54357 1.03E-03
Day 2 Latency Score 1 0.799982 6.10E-03
Day 2 Laver Presses w/ CS 0.485124 0.210766 1.16E-02
Day 2 Magazine Entries w/ C5 0.711216 0.380207 2.09E-02
Day 2 Magazine Entries w/o C5 1 0.366329 5.29e-04
Day 2 Probability Difference 1 0.786177 3.95E-03
Day 2 Proportion of Trials with Lever Prass 0.745609 0.226044 6.12E-04
Day 2 Proportion of Trials with Magazine Entry 0.410715 0.347358 1.09E-01
Day 2 Response Bias 0.700383 0.254438 3.15E-03
Day 3 Average Latency to Lever Press 0.966613 0.253913 8.01E-05
Day 3 Average Latency to Magazine Entry 1 0.854513 9.06E-03
Day 3 PavCA Index Score 1 0.482886 1.12E-04
Day 3 Latency Score 1 0.793204 1.71E-03
Day 3 Lever Presses w/f CS 0.893453 0.24235 1.97E-04

Day 3 Magazine Entries w/ CS 1 0.839521 4.14E-03
Day 3 Magazine Entries w/o C5 1 0.533643 1.18E-03
Day 3 Probability Difference 1 0.698831 5.13E-04
Day 3 Proportion of Trials with Lever Prass 1 0.33585% 5.89E-04
Day 3 Proportion of Trials with Magazine Entry 1 077428 1.07E-02
Day 3 Response Bias 0.781676 0.208944 2.85E-04

Day 4 Average Latency to Lever Press 1 0.221374 1.48E-06
Day 4 Average Latency to Magazine Entry 1 0.455425 B8.19E-04
Day 4 PavCA Index Score 1 0.270638 7.13E-05
Day 4 Latency Score 1 0.303483 1.21E-04
Day 4 Laver Presses w/ CS 1 0217673 2.3%E-06
Day 4 Magazine Entries w/ C5 1 0421777 6.25E-04
Day 4 Magazine Entries w/o C5 0.717413 0.233466 2.27E-03
Day 4 Probability Difference 1 0332567 2.82E-05
Day 4 Propaortion of Trials with Lever Prass 1 0.283203 3.05E-05
Day 4 Proportion of Trials with Magazine Entry 1 0446372 1.00E-03
Day 4 Response Bias 1 0.236159 2.02E-0G
Day 5 Average Latency to Lever Press 0.717116 0.171547 8.89E-05
Day 5 Average Latency to Magazine Entry 1 0353119 1.08e-04
Day 5 PavCA Index Score 0.875965 0.212401 5.73E-05
Day 5 Latency Score 0.874244 0.206515 5.78E-05
Day 5 Lever Presses w/f C5 0.706469 0.186946 2.99E-04
Day 5 Magazine Entries w/ C5 0.989111 0.265934 1.13E-04
Day 5 Magazine Entries w/o C5 0.830963 0.218543 1.71E-04
Day 5 Probability Difference 0.866908 0.243815 2.04E-04
Day 5 Proportion of Trials with Lever Prass 0.901498 0.23206 5.60E-05
Day 5 Proportion of Trials with Magazine Entry 1 0345425 1.04E-03
Day 5 Response Bias 0.686792 0.261377 4.68E-03
Day 4/5 PavCA Index Score 0.93732  0.2014 1.24E-05
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CHAPTER 5

CONCLUSIONS

5.1 Summary and significance

Addiction is a complex neuropsychiatric disorder with numerous genetic and environmental
factors that contribute to susceptibility. Little is understood about the progression and
pathophysiology of addiction; however, we know that life experiences heavily influence an
individual’s likelihood of developing an addiction. Since it is near impossible to study humans in
a controlled manner for extended periods, as well as ethically unacceptable to induce human
addiction, researchers need alternate methods of dissecting the disease’s etiology. Animal
models have long been used to overcome these obstacles. While they will never entirely replicate
human circumstances leading to the use and abuse of substances, they allow for isolating certain
facets of addiction in a pre-determined environmental context. Animal research also lends itself
to the study of behavioral endophenotypes; heritable, often unobserved traits believed to more
stably reflect the function of a discrete biological system. Due to the complexity of addiction and

plethora of behaviors involved, the discovery of effective endophenotypes is vital.

Chapters 3 and 4 detail a pioneering attempt to identify the genetic underpinnings of an
endophenotype long studied in the field of addiction. I aimed to map genes associated with the
propensity to attribute incentive salience to reward-associated cues, as studied in rats. For
decades, it has been hypothesized that this hypersensitivity to reward cues is critical in the
development and maintenance of addiction [51,301]. Environmental cues attributed with
incentive salience are capable of eliciting approach, triggering craving, and instigating reward-

seeking behaviors that can lead to eventual relapse[218,265,267,271]. Our collaborators and
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others developed and refined the Pavlovian conditioned approach behavioral paradigm to
measure the degree to which rodents place motivational value on cues associated with a
rewarding substance. It was discovered that some animals preferentially approached reward-
associated cues after Pavlovian conditioning and that this predisposition could be subjected to
selection [75]. Though this trait is very well-studied, no previous attempt has been made to

identify genes influencing it in an unbiased manner.

In order to perform the work described in Chapters 3 and 4, I required a method of
obtaining dense genotype data on thousands of rat samples. Affordable microarray options are
not available in rats, and neither the methodology nor the price-point for light whole-genome
sequencing met our needs at the advent of these projects. Therefore, in Chapter 2, I describe the
optimization and a protocol and variant calling pipeline for an alternative option known as
genotype-by-sequencing. Though this reduced-representation approach had been previously used
in rodent species [76,86,96,115], it had never been refined to ensure the highest quality results.
Further, it was unclear how best to analyze rodent GBS data, since all existing computational
pipelines were designed for plants. I meticulously deconstructed the original protocol, reviewed
the available literature for each step, and tested modifications that improved library and sequence
data quality. Then, in collaboration with other members of the lab, I worked on designing a
workflow using existing tools for turning raw ddGBS sequencing data into genotypes with high
concordance with calls from array data. We demonstrate that with the correct set of tools and
parameters, ddGBS data could be used to call over 100,000 SNPs, and then imputation to
available reference panels could elevate this number to over 3 million. This work has great utility
to the rodent genetics community and acts as a resource for others to develop their own versions

of GBS for their model system of interest.
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The Sprague Dawley project discussed in Chapter 3 was opportunistic in nature. We took
advantage of a tremendous sample of rats already phenotyped by our collaborators for various
other projects and used their DNA to perform the first ever GWAS in commercially-available
outbred rats. My original goal for this project was to determine the heritability of various metrics
from Pavlovian conditioned approach and use these trait components to uncover genes
influencing the attribution of incentive salience to reward cues. A major complicating factor was
that after beginning to genotype SD rats, I quickly realized that the two major commercial
vendor showed highly disparate allele frequency spectrums. Using principal component analysis
and Fsr estimation, I showed that despite both being called Sprague Dawley, rats from Harlan
and Charles River were highly genetically differentiated and even had modest within-vendor
population substructure. This incidental finding has a substantial impact on the rat community, as
the SD are one of the most frequently used strains for psychiatric and physiological research, and
results of multiple pre-existing studies may actually be largely driven by differences in the
genetic background between vendors. I additionally discovered that the PavCA paradigm had
low levels of heritability. The differentiation between the two vendors and low heritability both
negatively influenced the power of the GWAS. I had to split the sample and perform the analyses
on each population separately and meta-analyze the results, similar to how human GWAS are
performed. Ultimately, I discovered 21 genome-wide significant loci associated with various
PavCA and summary metrics over the five days of training. Of these loci, a handful showed clear

ties to neurobiological function.

Due to the nature of GWAS, results must be replicated to show that the associations

weren’t spurious, nor a product of winner’s curse. To accomplish this, in Chapter 4 I performed
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another GWAS for PavCA in an independent sample of HS rats. Though the sample was
homogenous in origin, rats were split between two centers, where they were tested as different
ages and levels of experience with behavioral testing. The confounding of environment, age, and
previous testing necessitated analyzing these sample sets both separately and jointly. I
discovered 22 independent genetic loci across these 3 analyses. Interestingly, there was little
overlap between the findings in the center-specific and mega-analyses, suggesting different
aspects of the genetic underpinnings of PavCA were being uncovered. However, one locus stood
out on chromosome 18 that was associated with numerous PavCA metrics across later days of
training. This locus contained the gene Rttn, believed to play an important role in brain
development and the etiology of several psychiatric disorders [278-280]. I also meta-analyzed
the results of the HS mega-analysis and Harlan and Charles River GWAS, leading to the
identification of 13 loci, 9 of which were previously undiscovered in the population-specific
analyses. Notably, the gene Taarl was identified as a positional candidate in the HS/SD meta-
analysis and is a well-known mediator of dopamine neurotransmission with strong ties to

addiction [293,294].

The LD landscape of the HS and SD acted as both an advantage and disadvantage to this
study. Although numerous loci were discovered in the various SD and HS GWAS I ran, several
have large QTL intervals, making it difficult to pinpoint the “causal” locus. While credible set
analysis provides one method of narrowing down the potential SNPs to a more reasonable
subset, there is still great ambiguity as to where the signal is originating. There was also a very
low rate of replication of genome-wide significant hits between the studies. I hypothesize that
there are a few reasons for this. The first is the low trait heritability and non-normality of the

PavCA metrics. The distributions were highly skewed with hundreds of animals grouped at the
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minimum or maximum values. It was not clear how to properly break ties at extreme values,
leading to random sorting of ~30% of the samples with respect to each other during the quantile
normalization procedure. This certainly negatively impacted our power within each study,
making it less likely to replicate findings from each. Secondly, PavCA is a highly polygenic
behavior. The Q-Q plots show low levels of inflation despite adequate control for population
structure with LOCO-GRMSs, which can be caused by polygenic signal occurring in regions of
extended LD. Moreover, with a complex behavior like PavCA, different variants are likely
influencing it in each population. Additionally, in the case of the Sprague Dawley rats (especially
Harlan), there were a large number of rare alleles, negatively impacting our power. Allele
frequencies also varied greatly across the three populations, influencing which loci would have
been discoverable in each with the available sample sizes. Lastly, because of the differences in
the age of the rats at testing and the environment and experiences, the phenotypic data from NY,
MI, and the SD may not have been perfectly comparable. All in all, there were many

impediments to the success of these studies, most of which could not be foreseen at their advent.

5.2 Future directions

The results of Chapters 3 and 4 have provided us with multiple positional candidate genes that
we can investigate in follow-up studies. Specifically, there is already a wealth of research on
TAARI in relation to addiction and its influence on the dopamine-mediated reward system, and
TAARI agonists and partial agonists are available [302], as are TAAR1 knockout rat lines [303].
In conjunction with our collaborators at the Universities of Buffalo and Michigan, we plan on
treating HS animals with the a TAAR1 agonist either before or after PavCA training to
investigate its effects on initial learning of a Pavlovian conditioned response or later expression

of the response after the CS-US association has been made, respectively. We may also obtain a
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knockout of TAARI and observe its impact on the acquisition of sign-tracking behaviors in the
PavCA paradigm. Other identified targets from our studied, such as Rttn, have more severe
neurological consequences when knocked out [279], necessitating alternate, more elegant
approaches. We plan on looking for known eQTL in the regions of these genes to identify
possible regulatory elements they can be modified to alter expression in a more attenuated

manner.

In addition to functional testing of our current set of candidates, In the near future, I plan
on repeating the meta-analyses presented in Chapters 3 and 4 using methods that were designed
for trans-ethnic human studies. These methods take into account the differences in the LD
landscape between populations and heterogeneous effect sizes, including packages such as
MANTRA and RE2C [304,305]. Given the high levels of differentiation between the two SD
population and the SD and HS, I believe these programs may be more appropriate than a simple
sample-weighting approach. I will also be reevaluating the significance threshold used for the
meta-analyses, attempting a traditional permutation based approach as I am concerned that the
current threshold may be overly stringent, reducing the discovery rate. Lastly, I would like to
construct a phylogenetic tree using common inbred and outbred rat strains in conjunction with
SD rats from Harlan and Charles River to determine how closely related they are to modern day

strains.

5.3  Concluding remarks

The studies detailed in Chapter 2-4 represent major contributions to the rat genetics and
addiction community. In Chapter 2, I developed a ddGBS protocol tailored to rats and showed
that sequencing data obtained by this method could be used to call 200,000+ SNPs in SD rats

and over 3.7 million in the HS, where reference panels were available. In Chapter 3, I provide
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the first genetic characterization of SD rats and have shown that the vendor populations are
highly diverged. I went on to make the first heritability estimates for PavCA, a widely studied
addiction-related trait. I then performed the first GWAS in commercially-available outbred rats,
and the largest rodent GWAS to date. In Chapter 4, I performed a replication of the PavCA
GWAS and the first ever meta-analysis of different rat strains. Between the SD and HS GWAS
and the meta-analyses, | have identified a handful of exciting candidate loci that warrant further
investigation. This work has proven that GBS data is able to provide more than sufficient
genome-wide coverage for genetic mapping and that commercially-available outbred rat

populations can be successfully use for GWAS.
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