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ABSTRACT OF THE DISSERTATION 

 

Haplotype-based fine-mapping of variant associations for complex traits 

 

 

by 

 

Arya Massarat 

 

Doctor of Philosophy in Bioinformatics and Systems Biology 

 

University of California San Diego, 2026 

 

Professor Melissa Gymrek, Chair 

Professor Abraham Palmer, Co-Chair 
 

Genome-wide association studies (GWAS) have identified tens of thousands of 

associations between genomic regions and complex traits in humans, but identifying the causal 

variants underlying these associations is challenging. Statistical fine-mapping techniques attempt 

to quantify the probability of causality of individual variants while accounting for the correlation 
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induced by linkage disequilibrium (LD) between nearby variants. Existing fine-mapping 

solutions are limited to considering additive and independent contributions of individual variants, 

and also assume the causal variant is included in the analysis. Here, we introduce a novel fine-

mapping method, happler, which models the effects of variant haplotypes (sets of alleles of two 

or more variants in cis) in addition to individual variants. By identifying haplotype proxies for 

causal variants, happler can infer additional effects including those driven by combinations of 

variants in cis and ungenotyped causal variants, such as complex structural variants, which are in 

some cases better tagged by one or more haplotypes than by individual SNPs. We benchmarked 

happler using simulated data from our custom toolkit for haplotype-based analyses, haptools. 

Simulation experiments show that whereas happler can correctly identify causal haplotype 

effects, traditional methods based on individual variants can produce inconclusive results in such 

cases. We apply happler to fine-map expression quantitative trait loci (eQTLs) using 359 

individuals from the Geuvadis dataset. We identified a total of 19 signals that are fine-mapped to 

a candidate causal haplotype rather than an individual genotyped variant, 73.7% of which 

replicate in the Genotype Tissue Expression project. We also identify haplotypes associated with 

platelet count in the All of Us dataset and demonstrate that these are correlated with ungenotyped 

rare, causal variants. Future studies will be needed to comprehensively investigate the underlying 

mechanisms driving these haplotype-level effects.
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INTRODUCTION 
 

0.1 Summary 

Many diseases or traits are attributed to whole-genome genetic variation. Researchers use 

genome-wide association studies (GWAS) of populations to look for patterns between common 

genetic variants and traits, and then identify trait-associated regions (loci) across a genome. 

Subsequent fine-mapping pinpoints putative causal variants in each GWAS region which are 

associated with the trait. Yet estimates of the genetic contribution of traits from these causal 

variants still fail to satisfy corresponding estimates from studies of twins. Geneticists 

hypothesize that part of the gap between the two estimates is due to either genetic variation that 

might be missed or interactions between the variants which may be ignored by fine-mapping. 

Both kinds of missingness may be captured by haplotypes, combinations of genetic variants that 

are inherited together. In this dissertation, I describe two methods for working with haplotypes: 

haptools, a toolkit for admixture and haplotype analysis, and happler, a haplotype-based fine-

mapping approach. 

0.2 Genome-wide association studies 

Genome-wide association studies (GWASs) are a popular approach for exploring the 

genetic components of complex traits, which are affected by genes throughout the genome. 

GWASs to date have uncovered thousands of genomic loci associated with phenotypes. Each 

locus can serve as a starting point for understanding a trait’s molecular mechanism and 

predicting an individual’s proclivity for a trait. 

Before performing a GWAS, all of the genetic variation in a population is genotyped to 

catalog differing alleles at each genomic position within every individual. Most differences 
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between people are single nucleotide variants known as single nucleotide polymorphisms (or 

SNPs) but there may also be other kinds of variants, including insertions/deletions (indels) or 

tandem repeats (TRs)1. GWAS have traditionally been limited to studying simple biallelic SNPs 

for the sake of computational simplicity2. Genotyping assigns to each individual in a population 

a number (0, 1, or 2), denoting the number of chromosomal copies of an allele of the SNP. In a 

genome-wide association study, the genotypes of each SNP are tested for an association with a 

target trait. For each SNP, we are essentially fitting a line on a scatter plot where the x-axis are 

the genotypes of the SNP (0, 1, or 2) and the y-axis is the target quantitative trait. The result is a 

set of p-values for each SNP. Regions in which there are strong p-values are flagged for 

downstream analysis1. 

0.3 Fine-mapping and its limitations 

While GWAS hits can reliably point to important regions of the genome contributing to 

particular traits, GWAS often fail to identify the exact variant in the DNA that leads to the trait. 

Instead, they tend to identify a variant that is simply correlated with the true causal variant1. 

These correlations (known as linkage disequilibrium or LD) vary between populations, so they 

may differ between the study and target populations. Statistical fine-mapping methods have been 

developed to more rigorously probe the associations of each SNP in a GWAS-significant locus 

and take into account LD, but these too suffer from their own limitations, described below. 

Until recently, most fine-mapping methods have only considered common simple single 

nucleotide polymorphisms (SNPs), as candidate causal variants, but increasing evidence may 

suggest other variants that might not be directly genotyped make important contributions as well. 

For example, it has been long hypothesized that many of the most important SNPs for disease are 

too rare to appear in many GWAS datasets3. In addition, there are many other kinds of complex 

https://www.zotero.org/google-docs/?6fcCNT
https://www.zotero.org/google-docs/?VLl1NS
https://www.zotero.org/google-docs/?xwH5Gy
https://www.zotero.org/google-docs/?rRPaUg
https://www.zotero.org/google-docs/?Ru6F3C
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variants, like tandem repeats (TRs) and structural variants, which are often excluded from 

GWAS but are just as critical for evaluating disease risk. For example, studies have shown that 

the number of repeats that an individual may have in a repetitive region of the DNA (ex: 

ATATAT) can predict the occurrence of many traits, including epilepsy and muscular 

dystrophy4. In one study, five tandem repeats (TRs) in protein-coding exons were found to be 

causal drivers of the strongest GWAS hits for traits like height and kidney function4. Lastly, fine-

mapping methods ignore interactions between variants that may non-additively associate with 

the trait, such as variants in epistasis. Properly accounting for all of these limitations can be 

difficult and potentially expensive. 

These limitations may also contribute to the so-called missing heritability problem of 

genetics. The heritability of a trait measures the proportion of phenotypic variation which may 

be attributed to genetic variation. It can be estimated, for example, by considering all of the 

effects of putative causal variants from genome-wide association studies and fine-mapping. 

However, it can also be estimated by looking at trait differences between people who are 

genetically identical, such as twins. Broadly defined, the missing heritability problem refers to 

the fact that heritability estimates from twin studies typically overestimate the genetic 

contribution to traits, relative to heritability estimates from GWAS and fine-mapping. This might 

imply that genetic association studies are unable to account for certain genetic contributions, 

perhaps because they fail to account for ungenotyped variants described above including rare or 

complex variants and epistatic interactions. 

0.4 Haplotypes can serve as proxies for missing genetic contributions 

Fortunately, rare ungenotyped variants or complex variants may be inferred (or tagged) 

by a combination of correlated SNP alleles5. For example, a TR with three possible lengths could 

https://www.zotero.org/google-docs/?c7w7KR
https://www.zotero.org/google-docs/?EQleNR
https://www.zotero.org/google-docs/?xBVugI
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be inferred from two correlated SNPs (Figure 1). In theory, this would make it possible to test 

for the association between ungenotyped variants and a trait using only the SNPs that tag it. We 

refer to these collections of SNPs as haplotypes. Formally, we consider a haplotype as a set of 

alleles that tend to appear together on the same chromosomal copy (in cis). Then our goal 

becomes to identify haplotypes that help tag ungenotyped causal variants. Haplotypes may also 

help capture the effects of variants acting in combination. 

 
Figure 1 (A) The alleles in SNPs 1 and 2 can be used to infer the length of a tandem repeat (TR). 

0.5 Overview of subsequent chapters 

In this thesis, I aimed to develop a collection of tools for the analysis, storage, and creation 

of haplotypes. In Chapter 1, I describe haptools, a simulation toolkit for admixture and haplotype 

analysis, which can evaluate the performance of mine and existing fine-mapping tools in difficult 

situations, such as those in which the causal variant is not present in the dataset or those in which 

a haplotype is causal instead. The haptools suite of commands also enables researchers to more 

easily and efficiently work with a variety of standard file formats for genotypes, phenotypes, 

haplotypes, covariates, and local ancestry. In Chapter 2, I describe happler, a haplotype-based 

fine-mapping approach based on haplotypes, which uses phased individual-level genotypes and 

phenotypes to produce trait-associated haplotypes. These haplotypes can be included along with 

SNPs when executing traditional fine-mapping approaches, such as SuSiE6 or FINEMAP7. We 

benchmarked happler using simulated data from haptools and show that whereas happler can 

https://www.zotero.org/google-docs/?kjajbu
https://www.zotero.org/google-docs/?TNCKAp
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correctly identify causal haplotype effects, SuSiE with only individual variants can produce 

inconclusive results in such cases. We apply happler to fine-map expression quantitative trait loci 

(eQTLs) from the Geuvadis dataset and identify signals that are fine-mapped to a candidate causal 

haplotype rather than an individual genotyped variant, which replicate in an orthogonal dataset, 

the Genotype Tissue Expression project. We also identify haplotypes associated with platelet count 

in the All of Us dataset and demonstrate that these are correlated with ungenotyped rare, causal 

variants. 
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Chapter 1 Haptools, a simulation framework for benchmarking fine-mapping methods 

 

1.1 Introduction 

Existing frameworks for complex trait analysis are typically based on variant-level 

analysis. However, phenotypic effects may also be mediated by haplotypes8,9 (combinations of 

variants on the same chromosome) or by the local ancestry background on which a variant 

falls10,11. Incorporating these effects may improve the utility of genomic information for diverse 

and recently admixed individuals, but current tools have limited support for including these 

features. We present haptools, an open-source toolkit for facilitating local-ancestry aware and 

haplotype-based analysis of complex traits. Haptools supports fast simulation of admixed 

genomes, visualization of admixture tracks, simulating haplotype- and local ancestry-specific 

phenotype effects, and computing a variety of common file operations and statistics in a 

haplotype-aware manner. Overall, haptools provides a valuable set of utilities for developing and 

benchmarking methods for ancestry-aware analysis of complex traits. 

Haptools consists of a suite of command-line utilities and a corresponding Python library 

for performing simulations and common file operations on haplotypes, local ancestry labels, and 

individual variants (Supplementary Figures 1-2, Table 1). Haptools is compatible with standard 

file formats as inputs and outputs, including VCF, PLINK, and the newer PGEN format which 

results in greatly improved computational performance (Supplementary Figure 3). In the 

following sections, we summarize the current core functionality available in haptools. 

 

 

 

https://www.zotero.org/google-docs/?EGdjVs
https://www.zotero.org/google-docs/?xKVd0m
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1.2 Commands 

Table 1: Summary of current haptools utilities 

Command Description 

simgenotype Simulate admixed genomes 

karyogram Generate chromosome paintings for admixed individuals 

simphenotype Simulate phenotypes for complex traits with variant-, 

haplotype-, or local-ancestry specific effects 

transform Obtain a VCF of pseudo-genotypes from a set of 

haplotypes 

ld Compute linkage disequilibrium between haplotypes (or 

genotypes) and a specific target haplotype 

index Sort, compress, and index .hap files 

1.2.1 .hap file format 

Haptools implements a custom file format (*.hap) for flexible representation of 

haplotype-level and other information. These files consist of a collection of haplotypes. Each 

haplotype is defined by a set of one or more variants and their alleles, and optionally a local 

ancestry label, that tend to be inherited together on an individual chromosome (Supplementary 

Figure 2). Unlike previous haplotype representations, the format is compatible with tabix12, and 

can be easily sorted and queried at the variant or haplotype level. 

1.2.2 haptools transform 

The transform command produces a VCF file of pseudo-genotypes, in which each 

haplotype is encoded as a bi-allelic variant record, for a set of haplotypes in .hap format. This 

operation can facilitate downstream tasks which require variant-level information as input. For 

example, to perform association testing based on haplotypes, one could first use transform to 

https://www.zotero.org/google-docs/?OWVKG3
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generate a VCF encoding haplotypes as bi-allelic variants, and then use a standard framework 

such as PLINK13 to perform association tests. 

1.2.3 haptools simphenotype 

The simphenotype utility simulates phenotypes for complex traits with variant-, 

haplotype- or local-ancestry specific effects. Causal haplotypes are loaded from a VCF file 

output by the transform command and their effect sizes are specified in a .hap file. By default, 

the simphenotype command simulates quantitative traits. Users may specify case-control traits by 

providing disease prevalence, which results in that percentage of individuals with the highest 

trait value being labeled as cases. We evaluated simphenotype by simulating quantitative traits 

under various scenarios, including individual causal variants (Supplementary Figure 6), local-

ancestry effects (Figure 2b, Supplementary Figure 7), and haplotype-level effects (Figure 2c). 

 

Figure 2: Example analyses performed using haptools. (a) An example karyogram depicting 

local ancestry tracts simulated by the simgenotype command. (b) Manhattan plot showing 

association summary statistics (-log10 p-values) for a trait with a single SNP (circled) simulated 

to be causal only when it occurs on an African haplotype. The SNP (rs12740374) is highly 

significant in simulated African but not European individuals. It has an intermediate p-value in a 

sample of simulated admixed individuals. (c) Manhattan plot showing association summary 

statistics for a trait simulated with either two causal SNPs (rs36046716 and rs1046282; left) or a 

single causal haplotype (composed of alleles from the two SNPs; right). Red=SNP-level p-values 

and orange=haplotype-level p-values for the variants of interest. When the haplotype is causal 

(right), it has a more significant p-value than the SNPs it is composed of. This large effect could 

be missed by variant-level association tests. Detailed methods underlying results shown in the 

figures are in the Supplementary Material. 

https://www.zotero.org/google-docs/?1NGrH3
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1.3 Discussion 

Accounting for ancestry and other more complex effects is becoming increasingly critical 

in association testing and downstream analysis pipelines. Haptools helps fulfill an unmet need to 

handle ancestry and haplotype level information in a standardized way that is compatible with 

existing file formats and workflows and is computationally efficient. It enables easily performing 

tasks such as genotype and phenotype simulation, local ancestry visualization, and power 

analyses which previously have been done primarily using a variety of custom scripts. Overall, 

haptools will help enable more systematic incorporation of ancestry and haplotype-level features 

in future workflows. 

1.4 Data availability 

The datasets used for validation and example generation are available from the haptools 

documentation page: https://haptools.readthedocs.io/en/stable/project_info/example_files.html, 

and the haptools-paper repository, https://github.com/CAST-genomics/haptools-paper. 

1.5 Acknowledgements 

We thank Jonathan Margoliash for helpful discussions and Tara Mirmira and Wilfredo 

Gonzalez-Rivera for feedback on haptools utilities. The work in chapter 1 was supported in part 

by the National Institutes of Health [1RM1HG011558 to M.G. and R35GM133805 to A.L.W.]. 

A.R.M. was also supported by the National Science Foundation Graduate Research Fellowship 

[DGE-2038238] and grants from the National Institutes of Health [T32GM008806 and 

T32GM139790]. 

Chapter 1, in full, is a reformatted reprint of the material as it appears in "Haptools: a 

toolkit for admixture and haplotype analysis.” Arya R Massarat, Michael Lamkin, Ciara Reeve, 

Amy L Williams, Matteo D’Antonio, Melissa Gymrek. Bioinformatics, Volume 39, Issue 3, 

https://haptools.readthedocs.io/en/stable/project_info/example_files.html
https://github.com/CAST-genomics/haptools-paper
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March 2023. The dissertation author was one of two primary investigators and authors of this 

paper. 
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Chapter 2 Happler, a haplotype-based fine-mapping approach 

2.1 Introduction 

Genome-wide association studies (GWAS) have identified tens of thousands of genomic 

loci associated with a range of traits in humans14. However, identifying the underlying causal 

variant driving association signals is challenging. A typical GWAS signal may harbor hundreds of 

variants in strong linkage disequilibrium (LD) with each other, most of which are not causal for 

the trait. A variety of methods have been developed to perform statistical fine-mapping, with the 

goal of inferring the candidate causal variants at a particular GWAS locus, while accounting for 

LD15. However, existing methods face several important limitations: first, they assume the true 

causal variants exist within the set of candidate variants considered, which most often consists of 

common single nucleotide polymorphisms (SNPs) at a locus. Yet increasing evidence suggests 

that many of the strongest GWAS signals are driven by rare or complex variants that are in many 

cases not directly genotyped and may be in only modest LD with surrounding SNPs2,16,17. Second, 

they typically model independent contributions of individual variants rather than combinations of 

variants, which may either causally drive a signal or tag ungenotyped causal variants. Thus, 

existing fine-mapping solutions will not produce reliable results for such cases driven by 

ungenotyped variants or non-additive effects. 

An alternative approach is to consider haplotypes, which we define here as sets of alleles 

in cis. Haplotypes can capture signals due to combinations of variants acting in cis8,18, and are 

often better able than individual SNPs to tag ungenotyped variants such as rare variants19, repeats2, 

or structural variants20. Haplotype tests21–24 were previously widely used when genotype data was 

limited to common SNPs and efficient phasing and imputation algorithms were not available, and 

thus the majority of variants were not directly tested. They declined in popularity after more 

https://www.zotero.org/google-docs/?iFEeEf
https://www.zotero.org/google-docs/?1619ZZ
https://www.zotero.org/google-docs/?Dx3dqQ
https://www.zotero.org/google-docs/?ysB77S
https://www.zotero.org/google-docs/?ADQ3Xg
https://www.zotero.org/google-docs/?J8lwvl
https://www.zotero.org/google-docs/?zZfnkS
https://www.zotero.org/google-docs/?oL35kr
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complete reference haplotype panels of genetic variation based on next-generation sequencing 

became available, enabling accurate imputation of most common variants. 

Even with the advent of large reference panels or biobank-scale whole genome sequencing, 

many effects including those driven by rare or complex variants or variant interactions are still not 

directly captured. Newer haplotype-based methods have been designed to further close this gap. 

For example, Howey and Cordell proposed using haplotypes composed of two SNPs for 

association testing, chosen based on their pairwise correlation, and used simulations to show that 

their approach is well-powered to capture many signals driven by ungenotyped variants25. Zheng 

et al. demonstrated that performing finemapping on haplotypes inferred from an external reference 

panel can improve effect size estimation at low sample sizes or when signals are driven by rare 

variants26. Bkhetan et al. constructed haplotypes based on LD between phased SNPs and recovered 

known signals that could not be detected by single SNPs27. Zhang et al used ARGs (ancestral 

recombination graphs) to infer the associations of unobserved variants and found that ARG-

derived variants, which in most cases capture individual rare variants, can reveal additional 

associations missed by single variant approaches28. Although these methods use different 

strategies to define haplotypes, they all construct haplotypes based on LD information alone. While 

this has the benefit of obtaining phenotype-agnostic sets of haplotypes, it limits the portability of 

those haplotypes across training datasets that might have different LD structures. Further, it may 

not be the optimal strategy to identify haplotypes most relevant to specific phenotypes.  

Here, we present happler, a new fine-mapping method which considers effects of 

haplotypes in addition to individual variants. Happler takes as input individual-level phenotypes 

and phased genotypes. Unlike previous approaches, it directly uses phenotype data to construct 

candidate trait-associated haplotypes at each region of interest. Candidate haplotypes are then used 

https://www.zotero.org/google-docs/?yaxqdU
https://www.zotero.org/google-docs/?mpRtLd
https://www.zotero.org/google-docs/?n9lBtm
https://www.zotero.org/google-docs/?ZikUHR
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in addition to individual variants as input to an existing fine-mapping method to obtain a 

probability of causality for each variant and haplotype considered. We benchmarked happler using 

simulated data from haptools29, our open-source toolkit for simulation of SNP and haplotype 

effects. We demonstrate that happler remains sensitive across a variety of simulated effect sizes 

and allele configurations, whereas existing fine-mapping methods based only on individual 

variants can often produce inconclusive results, especially when the causal haplotype or variant is 

untyped. Finally, we apply happler to fine-map expression quantitative trait loci (eQTLs) from the 

Geuvadis cohort30 and GWAS loci for platelet count in the All of Us Research Program31. We 

identify specific signals at which haplotypes better explain variation in the trait than individual 

variants, suggesting that signals in those regions may instead be driven by complex variants, cis 

interaction effects, and rare variants not typically considered in GWAS and downstream analyses. 

2.2 Methods 

2.2.2 The happler method 

We introduce a fine-mapping framework that takes as input a phased set of individual-level 

genotypes from a VCF or PGEN file of biallelic variants and phenotype values for a trait of 

interest and outputs posterior inclusion probabilities (PIPs, which quantify the probability of 

being causal) for each variant and a set of candidate haplotypes identified using the strategies 

described below (Figure 3A-B). Happler consists of two stages: (i) haplotype construction, 

followed by (ii) fine-mapping, in which haplotypes identified by the first stage are treated as 

additional variables in an existing fine-mapping tool, such as SuSiE32 (Figure 3B). Happler 

operates on one locus at a time, considering only those genotypes in the locus surrounding each 

target lead variant. Typically, between 500kb-1Mb is chosen as the size of the locus, consistent 

with previous literature7,33,34.  

https://www.zotero.org/google-docs/?DsPOEJ
https://www.zotero.org/google-docs/?s2jSOf
https://www.zotero.org/google-docs/?lCmega
https://www.zotero.org/google-docs/?TabBnd
https://www.zotero.org/google-docs/?NFwp7Y
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Figure 3. The happler method. A. Encoding haplotypes as individual-level genotypes. We 

define haplotypes as a set of two or more alleles in cis. These can be encoded as psuedo-genotypes 

by counting the number of times all alleles appear in cis across both chromosome copies. B. 

Overview of the happler pipeline. Happler consists of two stages performed in separate cohorts 

(50/50): haplotype construction identifies candidate trait-associated haplotypes, which are used 

alongside the input genotypes for individual variants as input to the fine-mapping stage. Inset: 

The method iteratively builds a tree for a user-specified maximum number of independent signals 

using residuals from regressing out haplotypes from other built trees as phenotypes. It repeats 

this process for a predefined number of iterations. C. Overview of haplotype construction. 

Within each iteration, the method builds a tree, where nodes of the tree are variants and branches 

are alleles. A path from the root of the tree to a leaf node (orange) represents a haplotype that 

would appear in the output of the method. At each node, we test whether to extend the current 

haplotype by each variant. The best variant is added to the tree if it is determined to improve the 

effect of the haplotype via a t-test and if it is not determined to be an independent additive signal 

based on an interaction test. 

2.2.2.1 Haplotype construction 

At each locus, happler uses phased input genotypes to identify a set of trait-associated 

haplotypes, where each haplotype is composed of a set of alleles at one or more variants that occur 
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in cis. The alleles are greedily chosen to maximize the strength of the association between the 

haplotype and the target trait. To identify candidate haplotypes, we construct a binary tree 

composed of linear regression models (Figure 3B-C). Each node in the tree represents a variant 

with branches of a node representing the variant's alleles: REF or ALT. A path from the root of 

the tree to a target node V passes through alleles of one or more variants, which defines the 

haplotype ending at node V. Note, a haplotype consisting of only a single node, arising from a tree 

with only one non-root node, is equivalent to an individual variant. 

The algorithm begins by choosing the variant with the strongest trait association to place 

at the root node of the tree. Association tests are performed using a simple linear model for each 

variant j: 𝑦⃗ = 𝛽𝑗 𝑍𝑗
⃗⃗⃗⃗ + 𝜖𝑗⃗⃗ ⃗ , where 𝑦⃗ is a vector of individual-level phenotypes, 𝑍𝑗

⃗⃗⃗⃗  is a vector of 

individual-level normalized genotypes,  𝜖𝑗⃗⃗ ⃗ is a vector of noise terms, and 𝛽𝑗 is the unknown effect 

size of variant j. Phenotypes are assumed to already be adjusted for relevant covariates. Genotypes 

are Z-normalized to have mean 0 and variance 1. The strongest trait association is determined 

based on the Bayesian Information Criterion (BIC).  

Non-root nodes are constructed according to a different strategy. For each node 𝑉𝑝𝑎𝑟𝑒𝑛𝑡 in 

the tree, we evaluate whether extending the haplotype of that node by each possible variant allele 

not already in the haplotype will improve the model fit. For each possible haplotype extension, we 

construct a haplotype matrix encoding whether each individual has 0, 1, or 2 copies of the 

candidate haplotype (Figure 3C). The haplotype matrix is analogous to the genotype matrix that 

is traditionally used for association testing in GWAS and fine-mapping methods. To determine the 

best allele for the next node 𝑉𝑐ℎ𝑖𝑙𝑑 of the tree, each new haplotype is tested for an association with 

the phenotype using the model above, except the 𝑍𝑗
⃗⃗⃗⃗  term encodes counts from the haplotype matrix 

rather than variant-level genotypes. Alleles that would reduce the MAF of the haplotype below a 
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user-defined threshold can optionally be excluded from consideration. The allele from the 

haplotype with the best p-value is chosen as the candidate allele for 𝑉𝑐ℎ𝑖𝑙𝑑. 

2.2.2.2 Termination criteria 

Before extending the haplotype by the best allele identified above, we perform two 

additional tests. Imagine we are considering whether to add a new allele at a node 𝑉𝑐ℎ𝑖𝑙𝑑 in the 

tree. The standardized genotypes of the new allele are given by 𝑍𝑐ℎ𝑖𝑙𝑑
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ , and those of the haplotype 

at the parent node are given by ℎ𝑝𝑎𝑟𝑒𝑛𝑡
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗. Then ℎℎ𝑎𝑝

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗ represents the haplotype at 𝑉𝑐ℎ𝑖𝑙𝑑, which is the 

extension (logical AND) of ℎ𝑝𝑎𝑟𝑒𝑛𝑡
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗ and 𝑍𝑐ℎ𝑖𝑙𝑑

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ . First, to determine whether the addition of the 

allele to the haplotype improves the model fit compared to the parent haplotype, we compute the 

delta BIC of the extension, 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 = 𝐵𝐼𝐶( 𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗) − 𝐵𝐼𝐶( 𝑦~ℎℎ𝑎𝑝

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗) (Figure 3C). We also 

compute a separate delta BIC to determine whether the candidate extended haplotype outperforms 

a model in which the parent haplotype and candidate node have independent effects, 𝛥𝐵𝐼𝐶𝑖𝑛𝑑 =

𝐵𝐼𝐶( 𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗ + 𝑍𝑐ℎ𝑖𝑙𝑑

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ) − 𝐵𝐼𝐶( 𝑦~ℎℎ𝑎𝑝
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗). If one or both tests do not pass then tree building is 

terminated. Default values were identified based on simulation analyses described below. 

2.2.2.3 Handling multiple independent signals 

Many trait-associated regions have been shown to be driven by multiple independent 

signals35. To allow for this case, we perform an iterative procedure, similar to that used in 

Algorithm 1 of the SuSiE method32, in which we build multiple trees, each corresponding to a 

potential independent signal, where the user specifies a maximum number of causal signals (L) for 

the locus. For i in 1 . . . 𝐿, we build a separate haplotype tree, using phenotype values for which we 

have regressed out all candidate haplotypes already discovered by other trees (Figure 3B). We 

repeat this process for a user-specified maximum number of iterations (default 3) and return the 

union of haplotypes from each tree. 

https://www.zotero.org/google-docs/?MoFXjZ
https://www.zotero.org/google-docs/?KVii0b
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The final set of haplotypes output by each tree is filtered to exclude: those with association 

p-values below a user-specified threshold (default p=5*10-8), and those consisting of a single 

variant, since all individual-level variants are in any case provided as input to the fine-mapping 

stage. 

2.2.2.5 Fine-mapping to computing haplotype and variant level PIPs 

In the final step of the method, we encode the haplotypes at the leaves of the tree in a 

haplotype matrix. The resulting matrix is used in addition to variant-level genotypes as input to an 

existing fine-mapping method to compute a PIP for each haplotype and each variant. Although in 

theory any fine-mapper can be used, in practice we use SuSiE32 over FINEMAP7 because it 

explores more causal configurations and has demonstrated improvements in speed. 

2.2.2.6 Implementation 

Happler is implemented as an open-source Python package. All file IO is powered by the 

haptools29 data library and all linear associations were performed with 

statsmodels.regression.linear_model.OLS36. 

2.2.3 Simulation analyses 

To benchmark our method, we first use simulated phenotypes. To ensure our simulated 

data recapitulates realistic LD patterns, we constructed haplotypes from real genotypes in the 1000 

Genomes Project Phase 337 dataset distributed on the PLINK238 website. Only bi-allelic SNPs with 

alternate allele frequencies between 0.05 and 0.95 were considered. We randomly selected pairs 

of alleles, each from a separate SNP, to generate haplotypes. The LD between the alleles of each 

haplotype was computed as the Pearson correlation coefficient. Then, the resulting haplotypes 

were filtered so that the final set has a roughly even distribution of LD values between the two 

alleles defining the haplotype, varying at approximate intervals of 0.1 between 0 and 1. 

https://www.zotero.org/google-docs/?HYjfab
https://www.zotero.org/google-docs/?8tRQn9
https://www.zotero.org/google-docs/?GcERO1
https://www.zotero.org/google-docs/?uYHlAY
https://www.zotero.org/google-docs/?8gdlIw
https://www.zotero.org/google-docs/?dKzAqk
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We used haptools29 v0.6.2 to simulate phenotypes from these haplotypes according to the 

linear model 𝑦⃗ =  𝛴𝑗𝛽𝑗  𝑍𝑗
⃗⃗⃗⃗ + 𝜖𝑗   where 𝑍𝑗

⃗⃗⃗⃗  corresponds to the standardized counts of haplotype j 

for all individuals and the errors are sampled randomly from a normal distribution and assumed to 

be independent for each sample: 𝜖𝑗~𝑀𝑉𝑁(0, 𝐼(1 − 𝛴𝑗𝛽𝑗
2)). We repeated this process 10 times 

each for values of 𝛽𝑗 of [0.05, 0.1, 0.15, 0.2, 0.25, 0.3]. We evaluated scenarios with between 1 

and 4 total causal haplotypes and random sample subsets of [800, 1600, 2400, 3200]. Happler was 

executed with at most L=3 trees and 3 iterations, and its haplotypes were constructed to have a 

minimum MAF of 0.05 and maximum p-value of 5e-8. 

We measured the performance of happler by computing the LD between each observed 

haplotype output by happler and its best match among the causal (simulated) haplotypes. Observed 

haplotypes were uniquely paired to causal haplotypes according to a linear assignment via 

scipy.optimize.linear_sum_assignment, which implements minimum weight matching in bipartite 

graphs. This assignment maximizes the total LD between the pairings while ensuring that a causal 

haplotype is never paired with two or more observed haplotypes. When happler reported more 

observed haplotypes than the number of true causal haplotypes, we reported the remaining 

haplotype that could not be paired separately. After haplotype construction, observed haplotypes 

as well as individual genotypes and phenotypes were used as input to SuSiE v0.14.2 to perform 

fine-mapping under default settings with L=10. 

2.2.4 Parameter tuning and benchmarking 

 We extended our simulation framework to benchmark and tune thresholds 

(𝛥𝐵𝐼𝐶𝑒𝑥𝑡, 𝛥𝐵𝐼𝐶𝑖𝑛𝑑) for the two model comparison steps used by happler at each node in the tree-

building process. We randomly subsetted the 1000 Genomes data39 to four sets of 800, 1600, 

2400, and 3200 samples. Causal haplotypes within each Geuvadis eQTL locus were randomly 

https://www.zotero.org/google-docs/?qnfolg
https://www.zotero.org/google-docs/?rHkK9L
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constructed from pairs of alleles using the process described above at the lowest sample size of 

800. The resulting haplotypes were filtered to ensure an approximately even distribution of LD 

values between the two alleles defining the haplotype. For this, we assigned haplotypes to 10 

equally spaced bins between 0.05 and 0.95 based on the LD of their alleles and chose 10 

haplotypes at random from each bin for a total of 100 haplotypes. Thus, each of the 100 

haplotypes comes from a distinct locus. We used haptools to simulate phenotypes according to 

the model described above. Each haplotype was used to simulate phenotypes with effect sizes 

(𝛽𝑗) of [0.05, 0.1, 0.15, 0.2, 0.25, 0.3]. This process was repeated five times for each of the four 

sample subsets. 

First, we sought to optimize and evaluate the BIC threshold used when deciding whether 

to extend a node of the tree. For each simulated phenotype, we computed the BIC value of the 

model with the haplotype 𝐵𝐼𝐶(𝑦~ℎℎ𝑎𝑝) and the BIC value of the model with only the first allele 

in the haplotype 𝐵𝐼𝐶(𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡). The alleles of each haplotype are ordered such that the allele 

with the best (lowest) BIC value based on individual association tests for each allele appears first. 

We also extended the haplotype by the next best node in the tree (so the haplotype now has three 

alleles) and computed the BIC a third time:  𝐵𝐼𝐶(𝑦~ℎ𝑒𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛). For each simulated phenotype, 

we labeled the 𝛥𝐵𝐼𝐶 of 𝐵𝐼𝐶( 𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡) − 𝐵𝐼𝐶( 𝑦~ℎℎ𝑎𝑝) as a "positive" and the 𝛥𝐵𝐼𝐶 of 

𝐵𝐼𝐶( 𝑦~ℎ𝑒𝑥𝑡𝑒𝑛𝑠𝑖𝑜𝑛) − 𝐵𝐼𝐶( 𝑦~ℎℎ𝑎𝑝) as a "negative." We evaluated the ability of the 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 

score to classify between positives and negatives by computing the performance metrics AUROC 

and average precision. 

We used a similar process to evaluate the performance of the test for an independent 

association. For this, the positives corresponded with simulations in which the haplotype was 

simulated as causal  𝑦~ℎℎ𝑎𝑝, while the negatives represented simulations in which the parent of 
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the haplotype and the haplotype's last allele were additively causal as in  𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡 + 𝑍𝑐ℎ𝑖𝑙𝑑. For 

both cases, we used the 𝛥𝐵𝐼𝐶𝑖𝑛𝑑 of those two models, 𝐵𝐼𝐶( 𝑦~ℎ𝑝𝑎𝑟𝑒𝑛𝑡 + 𝑍𝑐ℎ𝑖𝑙𝑑) −

𝐵𝐼𝐶( 𝑦~ℎℎ𝑎𝑝), as the scoring metric. We evaluated the ability of this score to classify between 

the positive and negative cases by computing the same performance metrics. 

To choose appropriate thresholds for both 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 and 𝛥𝐵𝐼𝐶𝑖𝑛𝑑 , for each simulation 

setting we determined 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 or  𝛥𝐵𝐼𝐶𝑖𝑛𝑑  thresholds that result in a false discovery rate (FDR) 

of at most 5%. We found optimal thresholds in each setting are relatively robust to changes in 

sample size, with 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 thresholds mostly below 18 and 𝛥𝐵𝐼𝐶𝑖𝑛𝑑  all below 14. We therefore 

defined a default setting of 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 > 20 and 𝛥𝐵𝐼𝐶𝑖𝑛𝑑 > 15. After executing happler, we also 

recompute a final value of 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 (𝛥𝐵𝐼𝐶𝑒𝑥𝑡,𝑓𝑖𝑛𝑎𝑙 ) against the original phenotypes using a 

separate script, which differs from the 𝛥𝐵𝐼𝐶𝑒𝑥𝑡 values computed during each iteration, which are 

based on phenotypes that have been adjusted by candidate signals arising from other trees in the 

forest. Overall, we found that 𝛥𝐵𝐼𝐶𝑒𝑥𝑡,𝑓𝑖𝑛𝑎𝑙 of the output haplotype is a useful quality metric, with 

high 𝛥𝐵𝐼𝐶𝑒𝑥𝑡,𝑓𝑖𝑛𝑎𝑙 values indicating the highest confidence haplotypes. 

2.2.5 Geuvadis data and preprocessing 

Previously computed expression quantitative trait loci (eQTL) summary statistics based on 

359 individuals of European ancestry were obtained from the Geuvadis gene expression project at 

https://ftp.ebi.ac.uk/biostudies/fire/E-GEUV-/001/E-GEUV-1/Files/E-GEUV-

1/analysis_results/EUR373.gene.cis.FDR5.best.rs137.txt.gz40. We lifted over 2,440 eQTLs 

identified at FDR 5%  corresponding to 12,606 unique genes from hg19 to hg38 using the UCSC 

liftover41 tool v1.3.1 with chain file 

https://hgdownload.soe.ucsc.edu/gbdb/hg19/liftOver/hg19ToHg38.over.chain.gz. Individual-

level gene expression values were obtained from https://www.ebi.ac.uk/biostudies/files/E-GEUV-

https://ftp.ebi.ac.uk/biostudies/fire/E-GEUV-/001/E-GEUV-1/Files/E-GEUV-1/analysis_results/EUR373.gene.cis.FDR5.best.rs137.txt.gz
https://ftp.ebi.ac.uk/biostudies/fire/E-GEUV-/001/E-GEUV-1/Files/E-GEUV-1/analysis_results/EUR373.gene.cis.FDR5.best.rs137.txt.gz
https://www.zotero.org/google-docs/?aW4q6m
https://www.zotero.org/google-docs/?50ADAK
https://hgdownload.soe.ucsc.edu/gbdb/hg19/liftOver/hg19ToHg38.over.chain.gz
https://www.ebi.ac.uk/biostudies/files/E-GEUV-1/E-GEUV-1/analysis_results/GD660.GeneQuantRPKM.txt.gz
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1/E-GEUV-1/analysis_results/GD660.GeneQuantRPKM.txt.gz40. Individual-level phased 

genotypes from the 1000 Genomes Project42 corresponding to these individuals were obtained 

from https://www.internationalgenome.org/data-portal/data-collection/30x-grch38. Prior to fine-

mapping, we regressed out the following covariates from gene expression values: 36 PEER 

factors43, sex, and the first 5 genotype PCs, where the PCs were computed as part of a previous 

study44.  We fine-mapped 1 Mbp regions centered around each eQTL. For downstream processing, 

we used PLINK2 v2.00a5.10 to extract only biallelic SNPs with a minimum minor allele frequency 

(MAF) of 0.1. Happler was executed with at most L=3 trees and 3 iterations, and its haplotypes 

were constructed to have a minimum MAF of 0.1 and maximum p-value of 5e-6. SuSiE v0.11.42 

was used for the fine-mapping step with L=10. 

We computed the 𝑅2 of the model fit via 

statsmodels.regression.linear_model.OLSResults.rsquared36 for each candidate haplotype based 

on a linear model 𝑦⃗ = 𝛽ℎ 𝑍ℎ
⃗⃗⃗⃗⃗ + 𝜖𝑗 with standardized haplotype counts 𝑍ℎ

⃗⃗⃗⃗⃗ and phenotypes 𝑦⃗. For 

comparison we built a second model consisting of additive and independent contributions of the 

alleles defining each haplotype: 𝑦⃗ = ∑𝑖=1..ℎ  
 𝛽𝑖𝑍𝑖

⃗⃗⃗⃗ + 𝜖𝑗 where 𝑍𝑖
⃗⃗⃗⃗  represents the genotypes for 

variants corresponding to the ith allele used to construct the haplotype and h is the total number of 

alleles in the haplotype (typically two, but can in some cases be more than two). The 𝑅2 of the 

model fit was computed in the same way as described above. 

2.2.6 GTEx data and preprocessing 

We utilized available gene expression and genotype data from the Genotype-Tissue 

Expression (GTEx) Project45 v8 available through dbGaP accession number phs000424.v8.p2 to 

validate associations of haplotypes with gene expression identified in Geuvadis. We focused on 

131 samples with expression data available for EBV Transformed Lymphocytes. SNP Genotypes 

https://www.ebi.ac.uk/biostudies/files/E-GEUV-1/E-GEUV-1/analysis_results/GD660.GeneQuantRPKM.txt.gz
https://www.zotero.org/google-docs/?w2jnS9
https://www.zotero.org/google-docs/?XJiBt8
https://www.internationalgenome.org/data-portal/data-collection/30x-grch38
https://www.zotero.org/google-docs/?dDo19E
https://www.zotero.org/google-docs/?lCLtOZ
https://www.zotero.org/google-docs/?tqU3PQ
https://www.zotero.org/google-docs/?pQfxQ6
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used in this study were from dbgap (file  GTEx_Analysis_2017-06-

05_v8_WholeGenomeSeq_866Indiv.vcf.gz), and filtered using PLINK2 with the following 

parameters: –hwe 0.001 and –geno 0. We then performed principal component analysis (PCA) of 

available SNP genotypes using PLINK238 to infer the set of samples with predicted European. 

Based on visual inspection of the first two genotype PCs, we classified a sample as European if 

PC1>-0.014 and PC2 > 0.01 resulting in 109 European samples.  

Inverse normal transformed expression values for each gene were obtained from the GTEx 

website (GTEx_Analysis_v8_eQTL_expression_matrices.tar). We computed PEER factors using 

PEER43 v1.0. For PEER factor computations, we further removed genes with TPM<1 in more than 

90% of individuals. Prior to downstream analyses we regressed out the top 5 genotype principal 

components (PCs), sex, and 11 PEER factors. For each candidate haplotype-gene pair, we 

computed the 𝑅2 of the model fit using an additive model including both of the individual SNPs 

contributing to each haplotype as well as the haplotype itself. 

2.2.7 All of Us data and preprocessing 

We applied happler to fine-map GWAS signals for platelet count identified in the All of 

Us Research Program31 v8 dataset. We chose this trait since it has been measured in a large number 

of samples, is highly polygenic46, and we have already performed fine-mapping for this trait 

previously to identify several high confidence candidate causal variants47. 

Prior to downstream analysis, we removed samples whose value for sequencing metrics 

ins_del_ratio, snp_het_homvar_ratio, indel_het_homvar_ratio, ti_tv_ratio, or singleton metrics 

falls outside 8 standard deviations of the means across all samples. We also subsetted to only the 

samples that were included within AoU's list of unrelated individuals and which had passed sex 

concordance checks performed by AoU. We restricted to samples which had self-identified race 

https://storage.googleapis.com/fc-secure-ff8156a3-ddf3-42e4-9211-0fd89da62108/GTEx_Analysis_2017-06-05_v8_WGS_VCF_files/GTEx_Analysis_2017-06-05_v8_WholeGenomeSeq_866Indiv.vcf.gz
https://storage.googleapis.com/fc-secure-ff8156a3-ddf3-42e4-9211-0fd89da62108/GTEx_Analysis_2017-06-05_v8_WGS_VCF_files/GTEx_Analysis_2017-06-05_v8_WholeGenomeSeq_866Indiv.vcf.gz
https://www.zotero.org/google-docs/?DVgJsl
https://www.zotero.org/google-docs/?YuPuyk
https://www.zotero.org/google-docs/?0MrtlL
https://www.zotero.org/google-docs/?k9LMby
https://www.zotero.org/google-docs/?Tcd6Qb
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as White and had genetically inferred ancestry as 'eur' according to AoU's ancestry prediction file. 

We focused on this cohort since it had the largest available sample size. 

We then obtained data corresponding to concept ID 3024929 (“Platelets [#/volume] in Blood by 

Automated count”). Data points with units “thousand per microliter”, “per cubic millimeter”, or 

“/mm3” were kept. We additionally kept data points with “no value” or "No matching concept" 

listed as the unit since these followed a similar distribution to the retained measurements.  

After restricting to data points from individuals passing sample preprocessing above, we 

filtered values more than 5 standard deviations away from the mean. We then obtained the median 

phenotype value per year that measurements were available, then took the median of medians 

across all years. We recorded the year corresponding to the final value used as the age covariate 

for downstream association testing. After preprocessing, a total of 105,446 samples remained for 

analysis. 

We applied fine-mapping to regions we previously identified in Supplementary Table 2 of 

Mirmira et al.47 for platelet count in AoU. Before running the happler workflow, we regressed out 

all covariates (first 10 PCs, age, and sex at birth) from the normalized trait values. We ran happler 

with the phased short-read SNP/indel VCF files provided by AoU. Using PLINK238, we removed 

multiallelic variants and variants with HWE less than 1e-100. Happler was run with the following 

parameters: --hap-maf 0.0001 --max-signals 3 --max-iterations 3 --discard-multiallelic --remove-

SNPs --indep-thresh 15 -t 20 --chunk-size 500 --out-thresh 5e-08. We ran SuSiE with L=10 

(maximum number of independent signals) and all other parameters set to their default values. As 

input, we used normalized phenotype values and individual variant genotypes. 

https://www.zotero.org/google-docs/?1Pu4O2
https://www.zotero.org/google-docs/?limZTS
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2.3 Results 

2.3.1 Benchmarking happler using simulated data 

We first evaluated happler under a range of simulation settings in which we simulated 

phenotypes assuming a single causal haplotype and varied the simulated effect size (range 0.05-

0.3), sample size (range 800-3200), and LD between alleles (range 0-1) of each causal haplotype.  

In each case, samples were randomly split 50/50 into training (haplotype construction) and 

validation (fine-mapping) cohorts. We first measured the performance of the haplotype 

construction step of happler by computing the absolute value of the Pearson correlation between 

the best output (observed) haplotype and causal (simulated) haplotypes. As expected, the 

correlation with the causal haplotype tends to increase at higher effect sizes and larger sample 

sizes (Figure 4A). 

We found that the correlation of the output haplotype with the causal haplotype tends to 

increase with the LD between alleles on the causal haplotype (Figure 4B). In cases for which the 

alleles of the haplotype are in high LD, happler tends to output haplotypes containing only a 

single allele, which is already a strong proxy for the causal haplotype. Haplotypes for which the 

alleles are in modest LD showed lower correlation, in most cases because the termination tests 

(Methods) required to extend the haplotype to the second allele did not achieve the required 

statistical significance. As expected, this trend improves with increasing sample size (Figure 4B) 

which results in improved power for both tests. 

We next evaluated happler’s performance in cases of multiple, independent causal 

haplotypes and tested the effect of the input parameter L specifying the maximum number of 

signals to identify. We simulated between 1-4 causal haplotypes per locus while allowing 

happler to build L=3 trees. In cases where the number of causal haplotypes was less than or equal 
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to L, haplotype construction identified haplotypes that were strongly correlated with each of the 

input haplotypes (Figure 4C), indicating the iterative procedure is correctly identifying 

independent signals. As expected, when the number of trees built was higher than the number of 

simulated signals, not all output haplotypes were matched to a causal haplotype. Further, when 

simulating 4 causal haplotypes but setting L=3, only three matching haplotypes were identified. 

Observed haplotypes that do not have a match among the causal haplotypes are assigned a lower 

PIP (mean of 0.07330.00465) than the matching haplotypes (mean of 0.26630.00379). 

We then evaluated the performance of the fine-mapping step of happler, which uses 

variant-level genotypes in addition to candidate haplotypes output during the haplotype 

construction step as input to an existing fine-mapping tool (in this case, SuSiE21). This step allows 

us to obtain PIPs for the haplotypes and assess whether the haplotypes are better candidates for the 

causal variant than any other individual variant (Figure 3B). We assessed performance of the fine-

mapping step on the original (training) cohort vs. on an independent validation cohort. For this, 

we performed additional simulations in which the true causal variant is an individual SNP, rather 

than a haplotype. We then performed haplotype construction on the training cohort to obtain the 

best candidate haplotypes. Finally we evaluated whether the PIP of a simulated causal SNP would 

be affected by inclusion of a non-causal haplotype. The PIP remains unaffected in the validation 

cohort, whereas fine-mapping in the training cohort incorrectly assigns lower PIPs to the truly 

causal SNP, often incorrectly assigning the non-causal haplotype a high PIP. In both cohorts, the 

rate at which haplotypes were falsely identified as causal (at a PIP threshold of 0.5) is lower at 

higher delta BIC thresholds and is most attenuated when the fine-mapping step is performed in a 

separate validation cohort. Taken together, these results indicate that using an orthogonal 

https://www.zotero.org/google-docs/?broken=CkZwt5


26 

 

validation cohort for fine-mapping is critical to avoid assigning non-causal haplotypes high PIPs 

due to over-fitting. 

 

Figure 4. Benchmarking happler's haplotype construction step using simulations. We 

simulated traits based on causal 2-SNP haplotypes with a range of effect sizes, sample sizes, and 

LD values between the two SNPs of each haplotype. We used happler to construct candidate 

haplotypes for each simulated trait and evaluated performance by computing the correlation 

between output haplotypes and simulated causal haplotypes. For A-C, results are shown for two 

sample sizes: 800 (dark blue) and 3200 (dark red). In all cases dots give the mean and error bars 

denote +/- 1 standard error based on 10 replicates. In each of the 10 replicates the simulated causal 

haplotype is the same but the random seed is changed. A. Correlation between the output and 

causal haplotype vs. effect size. The x-axis gives the simulated effect size and the y-axis gives 

the correlation with the causal haplotype. The legend indicates the LD between the alleles of the 

haplotype for the two simulated sample sizes. B. Correlation between the output and causal 

haplotype vs. the LD between the haplotype alleles. The x-axis gives the LD between the two 

alleles and the y-axis gives the correlation of the output with the causal haplotype. For both sample 

sizes, results are shown for simulations with an effect size of 0.15. C. Correlation between output 

and causal haplotypes in the case of multiple causal haplotypes. We simulated between 1-4 

causal haplotypes but performed haplotype construction allowing for a maximum of 3 signals. 

Output haplotypes were matched with simulated haplotypes using a procedure described in 

Methods and the plot shows the correlation with the matched causal haplotype for each output 

haplotype. 

After establishing the need to perform fine-mapping in an independent cohort, we next 

assessed the performance of fine-mapping in this cohort using simulations described above in 

which a haplotype is the true causal variant. We found that as expected the PIP of candidate 

haplotypes increases with effect size. Further, fine-mapping could better identify the haplotype as 

causal in cases where the LD between the haplotype’s alleles is modest (Figure 5A), since in the 

case of high LD the individual alleles of the haplotype are in high LD with the haplotype itself, 
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making it difficult for fine-mapping to distinguish between them. For comparison, we performed 

traditional fine-mapping using SuSiE with only individual variants as input. As expected, in cases 

of modest LD between the haplotype alleles, happler correctly identifies the candidate haplotype 

as causal with high posterior probability (Figure 5B), whereas SuSiE based on variants alone is 

not able to identify a strong candidate causal variant (Figure 5C). 

 

Figure 5. Benchmarking haplotype-based fine-mapping with simulations. Observed 

haplotypes identified during the haplotype construction step, plus individual variants and 

simulated phenotypes described above were input to SuSiE for fine-mapping. Plots show the case 

of a single simulated causal haplotype with n=777 samples. A. Effect size vs. posterior inclusion 

probability (PIP). The x-axis represents the simulated effect size and the y-axis represents the 

best PIP obtained for an observed haplotype. Dots give the mean across 10 simulations and error 

bars represent +/- 1 standard error. Colors denote the LD between the two alleles of the simulated 

haplotype. B. Happler PIPs for all variants in an example region. PIPs are shown for all 

individual variants (blue) and the observed haplotype (black bar spanning the location of the two 

alleles defining the haplotype) in an example fine-mapped region with simulation parameters LD 

between alleles=0.06, n=777, Effect size=0.15. C. SuSiE PIPs for all variants in the same 

example region. The plot is the same as in B, but based on running SuSiE with only variants (no 

haplotypes) as input. In this case SuSiE fails to identify a high confidence causal variant. 

2.3.2 Haplotype-based fine-mapping eQTLs in the Geuvadis cohort 

We applied happler to fine-map eQTL signals identified in lymphoblastoid cell lines 

(LCLs) for 359 European samples for which RNA-sequencing is available from the Geuvadis30 

cohort and genotypes are available from the 1000 Genomes Project42. We focused on 2,406 genes 

for which significant eQTLs were previously identified and performed fine-mapping in a 1Mb 

region centered on each lead SNP. Haplotype construction identified candidate haplotypes at a 

https://www.zotero.org/google-docs/?BxHtYu
https://www.zotero.org/google-docs/?1lGJMA
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total of 35 eQTL loci under default settings. Of the 35 candidate haplotypes, 34 haplotypes 

consisted of two alleles, and a single haplotype contained 3 alleles.. 

Next, we evaluated candidate haplotypes in an independent cohort using available LCL 

expression data and matched genotypes available for 109 samples of predicted European ancestry 

from the GTEx Project45. Of the 35 genes with candidate haplotypes, 33 were present and could 

be assessed in GTEx. Effect sizes of candidate haplotypes are highly correlated across datasets 

(Pearson R2=0.90; two-sided P=7.26e-13; n=33). We observed that the majority of haplotypes with 

𝛥𝐵𝐼𝐶𝑒𝑥𝑡,𝑓𝑖𝑛𝑎𝑙 > 25 exhibited a higher model R2 than their individual alleles in GTEx (14/19, 

73.7%), indicating that the haplotype better explains the signal compared to its component alleles 

even in an independent cohort. Similarly, haplotype frequencies and the LD between alleles in 

each haplotype were highly consistent across datasets. 

To further validate our haplotypes, we used the GTEx cohort to perform fine-mapping for 

each haplotype identified in Geuvadis. We provided SuSiE with both the haplotypes and the 

individual variants as input (Figure 6A). Of the 14 total haplotypes identified above exhibiting a 

higher model R2 than their component alleles, five haplotypes obtained PIPs above 0.9. All other 

tested haplotypes did not achieve PIPs above this threshold. These haplotypes were associated 

with the expression of the following genes: PAAF1, TBX6, ERAP1, PIP5K1C, and CHI3L2. As an 

example, we depict plots of variant and haplotype associations with PAAF1 (Figure 6B-C), a gene 

linked to the regulation of proteasome function. Happler identified a candidate fine-mapped 

haplotype in the PAAF1 locus spanning chr11:73935581-73910990 in GRCh38, defined by the 

CA allele of 11:73910990:CA:C and the TTTC allele of 11:73935581:T:TTTC. To investigate the 

contribution of this haplotype to the overall eQTL signal in the locus, we plotted eQTL summary 

statistics for the locus and conditioned on either the haplotype itself, or one or both of its 

https://www.zotero.org/google-docs/?rAX9S7
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component alleles. We saw that the original signal (Figure 6B, left panel) is not reduced after 

conditioning on the individual alleles of each haplotype (Figure 6B, second and third panels). We 

observe an intermediate reduction when conditioning on each allele of the haplotype together 

(Figure 6B, fourth panel). On the other hand, the signal is completely removed when conditioning 

on the haplotype itself (Figure 6B, fifth panel). The haplotype in this locus also exhibited a 

stronger association than its individual alleles in GTEx (haplotype: p=2.26e-07, 

11:73910990:CA:C: p=0.66, 11:73935581:T:TTTC: p=9.75e-04) (Figure 4C). Overall this is 

consistent with the locus being best explained by the combination of alleles on the haplotype rather 

than by independent contributions of the two alleles defining the haplotype. 
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Figure 6. An application of happler to fine-map eQTLs in the Geuvadis cohort. We applied 

happler to 2440 eQTL loci in the Geuvadis dataset and identified 35 haplotypes associated with 

gene expression. A. Schematic of Geuvadis analysis. We used the Geuvadis cohort (n=359) 

for training and discovery of the haplotypes. We computed the PIPs of each haplotype by fine-

mapping them alongside individual variants with SuSiE in a GTEx validation cohort (n=109). 

B. Summary statistics for an example locus in Geuvadis when conditioning on a haplotype 

vs its alleles. The haplotype identified consists of alleles from hg38:chr11:73935581 (T/TTTC) 

and hg38:chr11:73910990 (CA/C) and was fine-mapped as an eQTL for the gene PAAF1.  The 

original eQTL signal in Geuvadis (B, first panel) is not reduced compared with conditioning on 

each of the haplotype's individual alleles (B, second and third panels) or on both alleles together 

(B, fourth panel). However, the signal is completely removed when conditioning on the 

haplotype in the locus (B, fifth panel). In each plot, blue dots show association statistics for 

individual variants. Red dots show association statistics of the individual alleles of the haplotype. 

The orange dot represents the haplotype itself. C. Summary statistics for the example locus 

in GTEx. The same haplotype in GTEx has a stronger association (p=2.26e-07, PIP=0.985) than 

any individual allele in the 1 Mbp locus. 
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2.3.3 Haplotype tagging of rare causal variants in AoU 

We sought to evaluate the ability of our haplotypes to tag rare causal variants in the AoU 

research cohort v8 (n=105446). A previous study by Mirmira et al.47 had found causal signals 

associated with platelet count in non-Africans, with many candidate causal variants in those 

signals having MAFs below 0.05. For each of 201 platelet-count GWAS loci identified by 

Mirmira et al, we ran SuSiE at an MAC of 20 and labeled the SNP with the highest PIP > 0.9 as 

a candidate causal variant (Figure 7A). Happler was then executed repeatedly at each locus with 

a delta BIC of 20 at increasing MAF thresholds of 0.01 to 0.1 (Figure 7A). Loci without a 

haplotype or a candidate causal variant with MAF < 0.1 were discarded. Across all MAF 

thresholds, our haplotypes generally exhibited a higher LD with the candidate causal variant than 

the best tagging biallelic variant, especially once the causal variant was filtered out (Figure 7B-

C). 

 

https://www.zotero.org/google-docs/?XdmbYN
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Figure 7. Tagging rare causal variants in All of Us. We applied happler to 201 platelet count 

GWAS loci in the All of Us v8 dataset and identified 7 rare candidate causal, biallelic variants 

associated in non-Africans. A. Analysis flowchart. A candidate rare causal variant was 

identified for each locus via SuSiE at an MAC threshold of 20 and PIP > 0.9. At increasing MAF 

thresholds, we ran happler and then computed the correlation between happler's haplotypes and 

the original rare candidate causal variant (17:44528237. We compared this to the correlation 

with the best biallelic variant above the MAF threshold. B. Example locus 17:43860386-

44869051. The haplotype correlates more strongly with the rare causal variant than the best 

biallelic variant once the rare causal variant is filtered by MAF (dashed/red line). C. Difference 

in correlation between the haplotype and the best SNP. At high MAF thresholds, the 

haplotype has a stronger correlation with the rare causal variant than the best SNP. 

2.4 Discussion 

Here we presented happler, a novel haplotype-based fine-mapping method. Compared to 

existing fine-mapping strategies, happler can identify both individual variants as well as 

haplotypes, or combinations of variants, that may harbor the causal drivers underlying 

association signals. We benchmark happler using simulations of haplotype effects and find that 

in settings with sufficient sample size it can accurately identify the simulated causal haplotypes. 
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An exception is cases where the variants of the haplotype are in strong LD, in which case the 

haplotype effect cannot be distinguished from the effect of the individual variants. We further 

demonstrate that performing traditional variant-level fine-mapping can result in inconclusive or 

incorrect results when the truly causal haplotype is not included in the input set of variants. 

Finally, we demonstrate the utility of happler on real data by fine-mapping eQTL signals from 

the Geuvadis cohort, which identified multiple signals that are better explained by haplotypes 

rather than individual variants. 

The happler method faces several limitations. First, we take a greedy approach to identify 

candidate haplotypes, in which we start by identifying the variant with the strongest trait 

association and incrementally extend the haplotype by additional variants providing the strongest 

haplotype signal. This is a heuristic strategy to avoid exploring the entire |2n| search space of n-

variant haplotypes. Our simulations show this strategy works in most cases, but this approach is 

likely not optimal. Second, our haplotype construction step applies lenient thresholds on the 

termination tests described to identify significant haplotypes, and does not account for the large 

number of hypothesis tests performed throughout tree building. However, we have found that we 

can tolerate a high false positive rate during haplotype construction, since non-causal haplotypes 

identified by this stage typically are assigned low PIPs during the fine-mapping stage. 

Finally, a major remaining challenge is interpretation of the haplotype effects identified. 

Importantly, the individual variants defining the haplotypes identified by happler are in most 

cases probably not causal themselves. Rather, candidate haplotypes are likely in strong LD with 

something else that is causal. For example, an identified haplotype could tag an unobserved rare 

variant or structural variant. Alternatively, the haplotype could harbor combinations of variants 

that exhibit cis interaction effects, such as combinations of protein coding variants that 
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individually have no effect but together alter protein function. Additional work is required to 

understand the biological impact of the haplotypes identified from real data. 

Our current study focused on analysis of eQTL data in a relatively small cohort (n=359), 

a sample size our simulations suggest is underpowered to identify most haplotype signals. In 

future studies, we aim to apply happler at biobank scale to identify haplotypes that may underlie 

GWAS signals identified for a wide range of complex traits in humans. Overall, we envision this 

will help identify signals that may be driven by an underlying causal variant that was not directly 

included in the GWAS and downstream analyses, and will ultimately lead to new insights into 

the biology of complex traits. 

2.5 Code availability 

Happler is available at: https://github.com/gymrek-lab/happler 
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