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Self- and Parent/Guardian Report Measures
ARFID Symptoms and Diagnosis
Nine Item Avoidant/Restrictive Food Intake Disorder Screen (NIAS) (1). A brief questionnaire with three subscale scores (i.e., picky eating, lack of interest, and fear) and one full scale score. The self-report NIAS will be administered to participants ages 14+, and the parent-report version, the NIAS-PR (2), will be completed by parents/guardians of children ages 7-17. Captures: ARFID-related symptoms.
Pica, ARFID, and Rumination Disorder Interview-ARFID-Questionnaire (PARDI-AR-Q) (3). A 32-item questionnaire derived from the PARDI interview (4) that maps on to DSM-5 criteria. One diagnostic prediction (yes/no), one severity score, and three subscale scores (i.e., sensory based avoidance, lack of interest in eating, and concern about aversive consequences) are generated. Both self-report (for ages 14+) and parent report (for parents/guardians of children ages 7-17) will be administered. Captures: diagnostic prediction, severity of impact, and ARFID-related symptoms. 

Other Eating Disorder Pathology
ED100Kv3 (5). A self-report instrument based on the Structured Clinical Interview for DSM-5. The ED100Kv3 assesses lifetime AN, BN, BED, and other specified feeding and eating disorders and has been validated among participants ages 12+. The self-report version will be administered to ages 15+. Captures: Lifetime ED diagnosis, diagnostic transition. 

Eating Disorder Examination-Questionnaire Version 6 (EDE-Qv6) (6). A 28-item questionnaire based on the EDE Interview (6). Assesses current eating disorder pathology via four subscale scores (i.e., restraint, eating concern, shape concern, and weight concern) and a global score. Participants ages 15+ will complete the self-report version. Captures: current ED pathology.
Child Version of the Eight Item Eating Disorder Examination-Questionnaire (ChEDE-Q8) (7). An eight-item questionnaire assessing ED pathology in children, validated in children ages 7+. Children ages 7-14 will complete the self-report version. Captures: current ED pathology.
Parent Version of the EDE-Qv6 Version 2.0 (PEDE-Qv2.0) (8). Adaptation of the EDE-Qv6 for parent report. Items about child’s growth percentile were removed. For parents/guardians of children ages 7-17. Captures: current ED pathology
 
Depression, Anxiety, and Neurodevelopment
Patient Health Questionnaire (PHQ-9) (9). A well-validated nine-item self-report instrument based on DSM-IV criteria for current major depressive disorder (MDD). Items scored as 0 (not at all) to 3 (nearly every day) are summed to yield a total score. For participants ages 18+. Captures: current depression severity.
Patient Health Questionnaire-Adolescents (PHQ-A) (10). A self-report version of the PHQ-9 modified for adolescents. Item 9  “Thoughts that you would be better off dead, or of hurting yourself in some way?” was not included. For participants ages 12-17. Captures: current depression severity.
Short Mood and Feelings Questionnaire (MFQ) (11). A 13-item measure that assesses depressive symptoms during the past two weeks. Items scored 0 (not true) to 2 (true) are summed to yield a total score. All versions can be accessed on the Duke Psychiatry MFQ website (12). Three versions will be administered: adult self-report (ages 18+), child self-report (ages 7-17), and parent-report (for parents/guardians of children ages 7-11). Captures: current depression symptoms.
Generalized Anxiety Disorder-7 (GAD-7) (13). A seven-item self-report measure for generalized anxiety disorder, scored 0 (not at all) to 3 (nearly every day), and summed for a severity score. For participants ages 12+. Captures: current anxiety symptoms.
Revised Child Anxiety and Depression Scale (RCADS) (14). A 47-item questionnaire assessing DSM anxiety and depressive disorders. Items are on a 4-point scale ranging from 0 (never) to 3 (always) and yield six subscale scores (i.e., separation anxiety disorder, social phobia, generalized anxiety disorder, panic disorder, obsessive-compulsive disorder, and major depressive disorder). For this study, the MDD section was removed, and only five subscale scores are yielded. The self-report child version (RCADS-C) (14, 15) will be administered to children ages 7-11. The parent report version (RCADS-P) (16, 17) will be given to parents/guardians of children ages 7-11.
Obsessive-Compulsive Inventory-R (OCI-R) (18). Assesses OCD-related symptoms with 18 items scored on a 5-point Likert scale ranging from 0 (not at all) to 4 (extremely), summed for a total score. For participants ages 12+. Captures: OCD symptoms.
Intellectual/developmental questions. Developed for this study. Parents/guardians of children ages 7-17 will be asked: “Did your child start walking, saying their first words and was potty trained as expected?” “Have you or has a teacher or healthcare professional ever been worried that your child might have difficulties with learning?”, and “Have you ever been told your child has an intellectual disability?” Captures: intellectual/ developmental disability.
One Item Temperament Scale (19). Parents/guardians of children ages 7-17 will be asked to select one of three statements that best describes the temperament of their children. Captures: temperament.
Genetic Links to Anxiety and Depression (GLAD) Study Questionnaire (sections B and C) (20). A self-report questionnaire that assesses lifetime MDD and anxiety disorders derived from the UK GLAD study. Modified for this study. For participants ages 15+. Captures: lifetime MDD and anxiety disorders.

Impairment 
Eating Disorder Health-Related Quality of Life (EDQOL) (21, 22). A self-report measure assessing health-related quality of life specifically for individuals with an eating disorder. For participants ages 18+. Captures: ED-related quality of life. 
Short Form Heath Survey (SF-12) (23). A widely used 12-item measure assessing self-reported health-related quality of life. Two subscale scores (i.e., physical component and mental component) will be generated. For participants ages 15+. Captures: general health-related quality of life. 
Pediatric Quality of Life Inventory 4.0 (PedsQL 4.0) (24). A 23-item measure assessing health-related quality of life in children and adolescents. Four versions will be administered: child self-report (for children ages 7-12), adolescent self-report (for adolescent ages 13-17), child parent report (for parents/guardians of children ages 7-12), and adolescent parent report (for parents/guardians of adolescents ages 13-17). Captures: health-related quality of life.
General health questions. Developed for this study. Items ask about diagnosed neurological problems (e.g., epilepsy), respiratory problems, cardiac problems, structural abnormalities of head and neck, gastroenterological problems, diabetes, celiac disease, or any other medical condition that could affects eating, and food allergies/intolerances. Two versions will be administered: a self-report for participants 18+ and a parent report for parents/guardians of children ages 7-17. Captures: general health.

Environmental Exposures
Avon Longitudinal Study of Parents and Children (ALSPAC) Major Life Changes (MLC) (25). A 22-item self-report checklist that assesses upsetting life events experienced since the age of 12. It is a 22-item measure, but for this study, item 7 was combined with item 8 and item 9 with item 11. Items 14, 16, and 17 will not be asked. Item 21 “Bullying by another person” was slightly modified to “Bullied by another person.” The original questionnaire can be accessed on the ALSPAC website in Section C of “Life of a 16+ Teenager” (26). For participants ages 12+. Captures: childhood environmental exposures.
Avon Longitudinal Study of Parents and Children (ALSPAC) Upsetting Events (UE) (25). A 17-item parent-report checklist that assesses upsetting life events experienced by the child since their 7th birthday. Parents/guardians will have the option of providing a written description for items 1 “My child was taken into care,” 4 “My child had a shock or fright,” and 5 “My child was physically hurt by someone.” The original questionnaire can be accessed on the ALSPAC website in Section E of “My Son/Daughter at Home & at School” (26). For parents/guardians of children ages 7-11. Captures: childhood environmental exposures.
Pregnancy History Questionnaire (PH) (27). Parents/guardians of children ages 7 to 17 will complete the parent-report questionnaire about the mother’s pregnancy history. Adult participants will complete the self-report questionnaire about their mothers’ pregnancy history. Captures: mother’s pregnancy history.
Strengths and Difficulties Questionnaire (SDQ) (28). A 25-items scored as 0 (not true) to 2 (certainly true). The SDQ assess psychological attributes and yields five subscales (i.e., emotional symptoms, conduct problems, hyperactivity/inattention, peer relationship problems, and prosocial behavior) and a total difficulties score. These questionnaires can be accessed via the youthinmind website (29). Children ages 12-17 and adults will complete the child and adult single-sided self-report versions. Parents/guardians of children ages 7-11 will complete the single-sided parent report version. Captures: psychological health.

Other
Free response. Developed for this study. Adult participants will be asked, “Is there anything that we haven't asked that you would like to share about your experience with ARFID or extreme picky/selective eating?” Parents/guardians of children 7-17 will be asked, “Is there anything that we haven't asked that you would like to share about your or your child’s experience with ARFID or extreme picky/selective eating?”


Aim 2: Within disorder ARFID GWAS. 
We will conduct a comprehensive set of genomic analyses including single nucleotide polymorphism (SNP)-based heritability, GWAS, genetic correlations (rgs), and polygenic risk scores (PRS), and standard post-GWAS analyses of ARFID and the non-mutually exclusive ARFID presentations, and rare CNVs and CNV burden.
a) PGC Ricopili pipeline supports rapid analysis. A PGC team developed the “Ricopili” software system (30) as a robust way to process hundreds of GWAS data sets rapidly and consistently that consists of modules for: pre-imputation (QC), principal components analysis (PCA), imputation, and meta-analysis. We flexibly develop customized pipelines for genetic analysis, using PLINK2 (31) or other tools for imputation and genetic analysis (32, 33). Ricopili has been used in most primary PGC papers. Briefly, genotype calling uses standard software (with zCall to improve rare variant calling) (34). QC and imputation are performed per dataset so that these procedures are performed on technically homogeneous sets of cases and controls. QC parameters for retaining SNPs and subjects: SNP missingness <0.05 (before subject removal); subject missingness <0.02; autosomal heterozygosity deviation (|Fhet|<0.2); SNP missingness<0.02 (after subject removal); difference in SNP missingness between cases and controls <0.02; and SNP HWE (P>10−6 in controls and P>10−10 in cases). Alternative thresholds can be implemented. Subjects are screened for fingerprinting mismatch, relatedness to any other subject (<0.2), unusual homozygosity, and sex mismatch. Imputation uses the largest available resources (currently HRC) (35) updating to TOPMEd (36) (N=65K 30x WGS). Where possible, we will use imputation servers (U Michigan or Sanger). ChrX imputation and analysis is fully implemented (excluding chrX SNPs with missingness ≥ 0.05 or HWE P<10-6 in females, imputation done separately by sex). The PGC central analysis team supports other analyses including runs of homozygosity (37-39), segmental sharing of IBD regions (40, 41), gene-by-gene interactions, and conditional analyses as complementary ways to identify loci. Summary statistics are freely disseminated via the PGC website. 
Ancestry will be assessed using PCA for each subject, mapped relative to reference samples of known ancestry (Illumina GWAS on 1000 Genomes EUR, AFR, EAS, SAS, and AMR samples (42) plus Genome-EUTWIN). Common variants are relatively old; thus, trait associations are expected largely to be shared across global ancestries. Population-specific linkage disequilibrium (LD) patterns that result from drift or natural selection mean that cross-ancestry analyses can help fine-map associated loci. Estimated cross-ancestry genetic correlations are >0.75 (SCZ) for other common diseases (43). The PGC has found that the rg for schizophrenia in EUR and East Asian samples was indistinguishable from 1 (.98, se .03). Consistent with our intention to include non-EUR ancestries, we will use established PGC cross-ancestry analytical approaches. The exact method depends on the ancestries represented in the final data and the extent of admixture. We will have direct access to primary genotypes; thus, we can apply mixed modelling approaches using genetic relationship matrix (GRMs) (44) as implemented in GCTA and other packages. More trans-ancestry analysis methods are expected to be developed as larger mixed ancestry data sets become available, building upon trans-ancestry meta-analysis (45) trans-ancestry LD score regression, the POPCORN method (46). The different LD architectures underpin these approaches. If we were to do these analyses now, to account for genetically diverse data with potential hidden structures, we would use a general mixed model (BOLT-LMM) (47), supplemented, if necessary, with the big-K, small-K matrices (that account for closer and more distant genetic relationships) (48). The exact approach we use will be determined at the time of analysis in consultation with the analysis team and PGC colleagues. 
b) Post-GWAS analyses. The following outlines standard analytic strategy for post-GWAS analysis to maximize information yield and interpretability. The field and methodology evolve rapidly. Below represents what we would do today; however, novel proven methods may emerge before analyses are conducted.
Analysis of chrX. ChrX variants in the pseudo-autosomal regions will be handled separately. SNPs with MAF>0.01 and INFO>0.70 will be retained. 
Females and Males. We will conduct secondary GWAS analysis separately on females and males to determine similarity of the results to the primary combined GWAS. As these GWAS may be underpowered for sex-specific differences in genetic risk load, we will calculate PRS (see below) trained on the larger sex sample only and apply it to the smaller sex sample-only target cohort to predict affected status. 
Clumping. GWAS results implicate genomic regions (“loci”). To define a locus, SNPs with P<5×10-8 will be identified and “clumping” will be used to convert significant SNPs to regions. The SNP with the smallest p value in a genomic window will be retained as the index SNP and SNPs in LD with the index SNP will define the left and right end of the locus (SNPs with p<0.0001 and r 2>0.1 within 3 Mb windows). Overlapping clumps within 50Kb will be merged into one locus. Conditional analyses ensure candidate loci are statistically independent.
Conditional and joint analysis. Conditional and joint analysis will be conducted using genome-wide complex trait analysis-conditional and joint analysis (GCTA-COJO) (44). GCTA-COJO investigates every locus with a joint combination of independent markers via a genome-wide SNP selection procedure. It accounts for LD correlations between SNPs and runs a conditional and joint analysis on the basis of conditional p values. After a model optimizing process, the joint effects of all selected SNPs will be calculated. We presume that the ARFID-GEN sample GWAS will be our largest cohort and will be used to approximate the underlying LD structure of the investigated lead SNPs. The conditional regression will be performed in a stepwise manner using the GCTA software (44).
Annotation. Genome-wide significant loci are efficiently annotated with FUMA (49).
Functional genomic integration. We now routinely use functional genomic results from CommonMind, PsychENCODE, and other efforts to understand GWAS results (50). Much of this is automated in FUMA (49). We also integrate brain single cell RNA-seq data to identify the cell types implied by the GWAS results. See the PGC MDD paper for examples (51).
SNP-based heritability. Linkage disequilibrium score regression (LDSC) will be used to estimate SNP-based heritabilities for ARFID and related presentations (52, 53). We will use precomputed LD scores based on the 1000 Genomes Project EUR and ASI ancestry samples (42). 
PRS. GWAS genotypes will be used to calculate individual PRS. We will use PRS-CS (54), a Bayesian polygenic prediction method that infers posterior effect sizes of SNPs using GWAS summary statistics and an external linkage disequilibrium reference panel. Recent studies have shown that PRS-CS leads to enhanced prediction accuracy compared to older PRS methods that are based on arbitrary p-value thresholds and thus discard information. For interpretability, PRS are scaled to represent increased risk and standardized to mean 0 and SD 1. We exclude uncommon SNPs (MAF <0.01), low-quality variants (imputation INFO <0.7), indels, strand-ambiguous SNPs, and SNPs in the extended MHC region (chr6:25-34 Mb).
ARFID presentation analysis. ARFID presentations are overlapping. We will examine the association between ARFID PRS and: a) PARDI-AR-Q subscale scores (sensory sensitivity, phobic avoidance, and low interest/appetite) as continuous scores; and b) a variable categorizing individuals as having a predominant ARFID presentation (e.g., sensory vs. phobic vs. low interest/appetite) defined as highest subscale score. 
Gene-wise analysis. MAGMA (55) will be used to perform gene-wise tests of association with ARFID based on GWAS summary statistics. MAGMA generates gene-based p values by combining SNP-based p values within a gene while accounting for LD. To include regulatory regions, SNPs are mapped to genes within 35 kb upstream and 10 kb downstream, and the gene p value is obtained using the “multi=snp-wise” model, which aggregates mean and top SNP association models. 
Partitioned heritability. Partitioned heritability will be investigated using stratified LDSC (56), which estimates the per-SNP contribution to overall SNP-heritability (SNP-h2) across functional annotation categories. It accounts for linked markers and uses a ‘full baseline model’ of annotations that are not specific to any cell type. We will exclude the MHC region in analyses. SNP-h2 can be partitioned in two ways: a non-cell type-specific and a cell type-specific manner. Many use a somewhat odd set of cell types: we now apply published and replicated biologically-based approaches that leverage single-cell RNAseq data from CNS and PNS from human and mouse. The method fully described in Skene et al. (57) and is now routinely used in the PGC.
Gene expression. We will investigate whether ARFID heritability is enriched in tissue/cell type specifically expressed genes using publicly available gene expression data: GTEx (58) (RNA-seq of macroscopic samples from multiple human tissues) and increasingly detailed mouse CNS and PNS data (e.g., from colleagues) as part of Cell Atlas. Stratified LDSC estimated common variant heritability enrichment in the top 10% of specifically expressed genes in each tissue or cell type, accounting for confounders such as gene size, LD, and functionally enriched genomic regions (e.g., conserved regions across mammals) (59). We will continue to apply published methods (e.g., LDSC-SEG (60) as applied to specifically expressed genes) (58). From the datasets, the method has derived a genome annotation corresponding to each tissue or cell type of interest, which contains the top 10% specifically expressed genes of the tissue or cell type together with 100 Kb windows on each side of the transcribed region of each genes. Second, we will identify the specific cell types implied by the GWAS results, leveraging the large amount of single-cell and single-nuclei RNA-seq being generated as part of Human Cell Atlas. The method is fully described in Skene et al. (57). This area is rapidly evolving and we are active participants (e.g., we have replicated the Skene et al. (57) in two new mouse datasets and a deep human cortical dataset from our collaborators at Allen Brain). 
Predicted tissue-specific gene expression. We will predict differential gene expression using S-PrediXcan v1.0 (61) and genomic and transcriptomic reference data from the brain regions assayed in CommonMind, GTEx v7(58) and Depression Genes and Networks (DGN) whole-blood cohort (62). Significant genes will be compared to genes in the gene-wise analysis performed with MAGMA.
Pathway analyses. We will evaluate whether genes associated with ARFID are enriched in specific pathways, tissues, or cell types. To do this, we will use FUMA to annotate SNPs, identify independent loci, perform pathway analysis, and integrate with a wide array of functional genomic data including gene expression, single cell gene expression, and all available brain epigenetic information. Of particular interest, we will use “SynGO” https://www.syngoportal.org/ (63), a reannotation of synaptic genes by expert synaptic neurobiologists (there are important difference from the standard GO synapse annotations from the literature). 
c) Discover structural variation associated with ARFID. The PGC CNV working group is actively optimizing CNV calling using GSA data and we will follow these developments closely. Since probe intensity data are the primary input, CNV calling is sensitive to several technical parameters (e.g., batch effects). We will maximize comparability between cases and controls by applying rigorous QC (64-66). Following QC, we will fit a series of linear models with CNV burden (at different size thresholds) as the dependent variable to investigate both disease status and experimental biases that can potentially confound CNV detection. A stratified permutation procedure will permute the case-control label within potential confounding factors. Since many known neuropsychiatric CNVs are pleiotropic, we will also test for a global burden of neuropsychiatric CNVs (67) in ARFID relative to controls. Following burden tests, we will combine CNV data at the gene/exon level using Ensembl gene models (68) and conduct gene/exon level association testing in PLINK (31). For each gene/exon, the association test compares CNV counts between cases and controls and uses permutation to determine statistical significance. For each gene/exon, we will annotate the following information: whether this gene has previously been implicated in any prior psychiatric genetic study (CNV, WES, GWAS) (69), presence of gene/exon disrupting CNVs, counts of case/control CNVs, and strength of association with ARFID. We will develop a composite score to measure the collective confidence of the copy number change. 



Aim 3. Genetic relation of ARFID to other eating disorders.
Analytic plan. a) Disorder-specific GWAS. We will conduct disorder-specific GWAS for ARFID (and AN, BN, and BED as part of other projects) combining ARFID-GEN with EDGI and existing PGC-ED data using imputed variant dosages and an additive model. Covariates nominally associated with the phenotype in univariate analysis (p < 0.05) and five ancestry principal components will be included in GWAS. All cohorts will be meta-analyzed with an inverse-variance weighted fixed-effect model. We are likely to filter our GWAS results with minor allele frequency (MAF) ≥ 0.01 and INFO score ≥ 0.70 (indicating “high-quality”). We anticipate aggregate sample sizes for the PGC-ED by ~2025 (when our collection would be complete) of: (Projected: ARFID=3,000, AN=50,000, BN=20,000, BED=20,000, ARFID-GEN controls [sourced from existing databases]=42,439, PGC-ED controls=543,967). GWAS meta-analysis will be conducted with ARFID-GEN and any other ARFID samples that may be introduced to the PGC-ED by time of analysis. To account for genetically diverse data with potential hidden structures and case-control, we will use a general mixed model (BOLT-LMM) (47), and if necessary, use big-K/small-K matrices (that account for closer and more distant genetic relationships) (48).
Combined eating disorder GWAS. Combining ARFID-GEN with PGC-ED GWAS of AN, BN, and BED (which will be available by the time our data are analysis-ready), conduct GWAS meta-analysis of all EDs and of component behaviors that cross-cut disorders (e.g., binge eating, restriction), increasing power to identify genetic risk factors that are common across the four disorders. 
b) Genetic correlations: Common variant-based genetic correlations (SNP-rg) measure the extent to which two traits or disorders share common genetic variation. We will calculate SNP-rg for ARFID, and selected traits using GWAS summary statistics via an analytical extension of LDSC (52, 53), as well as explore genome-based restricted maximum likelihood (GREML), which was recently shown to have higher accuracy than LDSC (70). We expect considerable advances in available summary statistics from highly powered samples by the time this analysis occurs. Risk factors classically considered as environmental, such as exercise for AN, are now known to be complex traits underpinned by genetic and non-genetic factors. Large community cohorts like UK Biobank, generate GWAS summary statistics for a plethora of phenotypes (e.g., diet, medication, blood metabolites). It is very fast to estimate rg from GWAS summary statistics, and this screening process has the potential to identify unknown associations which will guide the hypotheses of down-stream analyses. 
[bookmark: _Hlk114238465][bookmark: _Hlk114238504]Generalized summary data-based Mendelian randomization (GSMR). Guided by the rg estimated above and our hypotheses, we will perform bidirectional Mendelian randomization (MR) analyses to investigate causal relationships between correlated traits and ARFID. For example, it is reasonable to test hypotheses of causality using anxiety as an exposure for ARFID. Significant MR results must be reviewed with caution with respect to strong conclusions about causality as unmeasured confounders may exist. Nonetheless, these analyses are potentially exceptionally informative. Indeed, null MR results are important as they can point at irrelevant or incorrect hypotheses. MR analyses take SNPs that are genome-wide significant for one trait (the exposure) and test the correlation in effect sizes in a second trait (the outcome). Under pleiotropy, there is an expectation that the mean effect size in the outcome trait is different from zero, but under causality a directional relationship in effect sizes is expected. Different versions of MR analysis are highly related; at the time of analysis, we will implement best practices for MR. If we were to do these analyses now, we would use GSMR (71) in GCTA (72) as it gains a small amount of power over other MR methods by accounting for errors in the estimates of the SNP-exposure trait effect sizes, and in residual correlation between SNPs. We remove potentially pleiotropic SNPs with the heterogeneity in dependent instruments (HEIDI) outlier method (71) (pleiotropic SNPs show an effect on the outcome that significantly diverges from that expected under a causal model). Outlier pleiotropy (e.g., as for Apolipoprotein E4 (APOE4) between Alzheimer’s Disease and low density lipids cholesterol driven by lipid metabolism) can occur in the context of general pleiotropy, causality, or null association. Pleiotropy is when a single locus directly affects several phenotypes. The method uses the intercept of the bivariate LDSC to account for potential sample overlap (52, 53). As a rule of thumb, GSMR requires ≥10 instruments (independent genome-wide significant associations). If necessary, we will use weaker SNP instruments depending on results of the meta-analysis, and interpret results with the appropriate degree of caution. MR can also be used within EDs although causal hypotheses are not straightforward. When MR has been applied between other psychiatric disorders [e.g., MDD-schizophrenia (SCZ)] (51), the observed bidirectional significance suggests pleiotropy at the level of shared pathways. MR analyses can be conducted with GWAS summary statistics and be robust to sample overlap.
Multi-trait-based conditional and joint analysis. Results from a) and b) will inform these analyses. For example, we expect to detect genetic correlations of BMI with EDs, and MR analyses will aid interpretation of correlation by causality. We will conduct conditional GWAS analyses to determine if the detected SNP associations for EDs can be explained through their relationship with correlated traits. We will perform a multi-trait-based conditional and joint analysis (GCTA-mtCOJO) (71) using an extension of GCTA (72). This method uses summary-level data to perform conditional analyses. Based on our previous work, we expect to condition the results of our ARFID GWAS on the best available GWAS results for relevant traits including IQ, education years, type 2 diabetes, high density lipid cholesterol, BMI, SCZ, MDD, ASD, OCD, and neuroticism. We will use ARFID-GEN individual-level genotype data to approximate the underlying LD structure. As a first step, the method performs GSMR (described above) analysis to test for causal association between the outcome (i.e., ARFID) and the risk factor (e.g., autism). We will remove potentially pleiotropic SNPs using the HEIDI outlier method (see above) (71). Second, the GCTA-mtCOJO calculates the genetic correlation between the exposure and the outcome using LDSC to adjust for genetic overlap (52, 53). As a result, GCTA-mtCOJO calculates conditional effect sizes, conditional SEs, and conditional P values. Subsequently, we will clump the conditional GWAS results using the standard PLINK v1.9 (73) algorithm (see above for details) to investigate if any of the genome-wide significant loci showed dependency on genetic variation associated with other phenotypes. GCTA-mtCOJO GWAS results can be used in bivariate LDSC regression. Comparison of these correlations compared to those generated from unconditional GWAS results (i.e., from a above) provides insights into the forces shaping the shared genetic relationships between disorders.
Disorder-specific SNP associations. A key question in ED research is to understand the differences as well as the similarities among the EDs. This question is very similar to the one posed by PGC colleagues interested in understanding the similarity/differences between SCZ and bipolar disorder (BIP) (74). Guided by their analyses, we will conduct case vs. case (e.g., ARFID-AN) GWAS. This approach is powerful if case samples can be grouped (e.g., if genotyped together so that technical confounding factors are not present), as sampling errors associated with control allele frequency estimates are avoided. For SCZ-BIP, additional disorder-specific association results were achieved through using a summary statistics approach (mtCOJO) from standard SCZ vs. control and BIP vs. control analyses, since the loss in power from use of control data was outweighed by the increase in sample size afforded by the approach (as less than 75% of available case samples could be matched into suitable case vs case cohorts). For ARFID-GEN, at the time of analysis, we will evaluate the best methodology available to identify ED-specific variants. Disorder-specific analyses are limited by differential power between disorders (e.g., the SCZ GWAS now has greater power than BIP). Differential power will be considered in our interpretation of the analyses in proposed in this sub-aim.
[bookmark: _Hlk114239107][bookmark: _Hlk114239186]Multi-PRS (MPS). To gain insight into factors underlying ED heterogeneity, we will use the largest available GWAS summary statistics for psychiatric and somatic disorders/traits and combine derived PRS into MPS to predict target outcomes (ARFID, AN, BN, or BED diagnosis), and then more granular phenotypes (e.g., age of onset, severity, low weight). Combining ARFID-GEN with EDGI and existing AN, BN, and BED cohorts in the PGC-ED samples should yield a sample size of ~95,000 ED cases and >500,000 controls. Cases may have mixed ancestry, perhaps with greater heterogeneity in some eating disorders. PRS aggregate the effects of many trait-associated genetic variants discovered in GWAS to estimate individual genetic propensities (75). As detailed by Kraphol et al. (75), we will increase power by using MPS to combine the predictive power of several PRS in one regression model. Training data will combine the best available GWAS summary statistics on psychiatric, metabolic, BMI, anthropometric, personality, physical activity, and educational phenotypes from: PGC colleagues; immediate colleagues working with UK Biobank, Genetic Investigation of Anthropometric Traits (GIANT), the Social Science Genetic Association Consortium (SSGAC), and other consortia; and from published studies. These PRS (normally distributed, 1 df) will be used as genetic predictors in models of ARFID, AN, BN, BED, and more granular phenotypes. This approach is ideal for our overarching intentions of predicting outcomes rather than discovering their etiology (i.e., using not finding genes). MPS is valuable when trait prediction is a priority.
c) Genomic SEM (GSEM). We will use lifetime ARFID, AN, BN, and BED GWAS summary statistics. We will employ GSEM (76) to identify genetic factors for ARFID and associated EDs. GSEM is a multivariate method for analyzing the joint genetic architecture of complex traits. By modeling covariance structure, GSEM synthesizes genetic correlations and SNP heritabilities inferred from GWAS summary statistics of individual traits from samples with varying and unknown degrees of overlap. GSEM analyses will include several steps:
1. Factor analysis of correlated traits: To better understand and define the genetic factor structure of ARFID and other EDs, we will use GWAS summary statistics and follow exploratory genomic factor analytic (EFA) steps, as recommended: 1) combine files, 2) run multivariable LDSC regression to obtain the genetic covariance and sampling covariance matrices, 3) smooth the genetic covariance matrix for EFA, 4) run EFA, 5) remove traits that do not load well onto any factor, and 6) identify an appropriate factor structure. Based on EFA results, we will fit a model using confirmatory analysis and fine-tune the model (e.g., compare models with correlated vs. uncorrelated factors, confirm number of factors) through statistical comparison of model fit. 2. Estimation of SNP effects: Once a model is confirmed, we will examine specific SNP effects using the GSEM package. Effects for each SNP will be estimated for each model factor. We will also examine heterogeneity statistics (QSNP) by specifying a model in which each SNP has a direct effect on each individual trait in the model and comparing model fit statistics from this model to one in which the SNP effect is mediated by the broad factor(s). We then identify SNPs that show direct effects on specific traits along with those associated with broad factors and compare these results with previously identified loci identified in single-trait PRS. 3. Computation of factor-level PRS: We will save factor-level SNP effects from the final model for development of factor-level PRSs. SNPs will be pruned for LD and factor-level PRS tuned and applied. Prep of the discovery data will involve selecting high-quality autosomal SNPs (INFO ≥0.9; MAF >5%), pruning to remove SNPs in high LD (r2 <0.25 in 500kb windows), and removal of major histocompatibility (MHC) region due to high LD structure. We will consult PGC statistical genetics colleagues and update methods accordingly.
Aim 4. Genetic relation of ARFID with psychiatric, metabolic/anthropometric, neurodevelopmental, and other relevant phenotypes. Analyses will parallel Aim 3 only with an outward focus on traits other than EDs. For rgs, we will follow methods applied in the ANGI-PGC-ED Freeze 2 analysis (77), adding additional traits as GWAS summary statistics become available. Only GWAS summary statistics are needed for GSEM, many of which are publicly available. Phenotypes of interest are not directly evaluated in the target sample. Related traits for GSEM may include: lifetime ANX, neuroticism, BMI, fat mass, and fat-free mass (available in the UK Biobank); autism, ADHD, post-traumatic stress disorder (PTSD), MDD, and OCD GWAS summary statistics (available from the PGC).
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