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Abstract

In this article, we present Biologically Annotated Neural Networks (BANNSs), a nonlinear
probabilistic framework for association mapping in genome-wide association (GWA) stud-
ies. BANNs are feedforward models with partially connected architectures that are based
on biological annotations. This setup yields a fully interpretable neural network where the
input layer encodes SNP-level effects, and the hidden layer models the aggregated effects
among SNP-sets. We treat the weights and connections of the network as random variables
with prior distributions that reflect how genetic effects manifest at different genomic scales.
The BANNSs software uses variational inference to provide posterior summaries which allow
researchers to simultaneously perform (i) mapping with SNPs and (i) enrichment analyses
with SNP-sets on complex traits. Through simulations, we show that our method improves
upon state-of-the-art association mapping and enrichment approaches across a wide range
of genetic architectures. We then further illustrate the benefits of BANNs by analyzing real
GWA data assayed in approximately 2,000 heterogenous stock of mice from the Wellcome
Trust Centre for Human Genetics and approximately 7,000 individuals from the Framing-
ham Heart Study. Lastly, using a random subset of individuals of European ancestry from
the UK Biobank, we show that BANNSs is able to replicate known associations in high and
low-density lipoprotein cholesterol content.

Author summary

A common goal in genome-wide association (GWA) studies is to characterize the rela-
tionship between genotypic and phenotypic variation. Linear models are widely used tools
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in GWA analyses, in part, because they provide significance measures which detail how
individual single nucleotide polymorphisms (SNPs) are statistically associated with a trait
or disease of interest. However, traditional linear regression largely ignores non-additive
genetic variation, and the univariate SNP-level mapping approach has been shown to be
underpowered and challenging to interpret for certain trait architectures. While nonlinear
methods such as neural networks are well known to account for complex data structures,
these same algorithms have also been criticized as “black box” since they do not naturally
carry out statistical hypothesis testing like classic linear models. This limitation has pre-
vented nonlinear regression approaches from being used for association mapping tasks in
GWA applications. Here, we present Biologically Annotated Neural Networks (BANNS):
a flexible class of feedforward models with partially connected architectures that are based
on biological annotations. The BANN framework uses approximate Bayesian inference

to provide interpretable probabilistic summaries which can be used for simultaneous ()
mapping with SNPs and (ii) enrichment analyses with SNP-sets (e.g., genes or signaling
pathways). We illustrate the benefits of our method over state-of-the-art approaches using
extensive simulations. We also demonstrate the ability of BANNS to recover novel and
previously discovered genomic associations using quantitative traits from the Wellcome
Trust Centre for Human Genetics, the Framingham Heart Study, and the UK Biobank.

Introduction

Over the two last decades, a considerable amount of methodological research in statistical
genetics has focused on developing and improving the utility of linear models [1-13]. The flex-
ibility and interpretability of linear models make them a widely used tool in genome-wide
association (GWA) studies, where the goal is to test for statistical associations between individ-
ual single nucleotide polymorphisms (SNPs) and a phenotype of interest. In these cases,
traditional variable selection approaches provide a set of P-values or posterior inclusion proba-
bilities (PIPs) which lend statistical evidence on how important each variant is for explaining
the overall genetic architecture of a trait. However, this univariate SNP-level mapping
approach can be underpowered for “polygenic” traits which are generated by many mutations
of small effect [14-19]. To mitigate this issue, more recent work has extended variable selection
techniques to identify enriched gene or pathway-level associations, where groups of SNPs
within a particular genomic region are combined (commonly known as a SNP-set) to detect
biologically relevant disease mechanisms underlying the trait [20-27]. Still, the performance of
standard SNP-set methods can be hampered by strict additive modeling assumptions; and the
most powerful of these statistical approaches rely on algorithms that are computationally inef-
ficient and unreliable for large-scale sets of data [28].

The explosion of large-scale genomic datasets has provided the unique opportunity to
move beyond the traditional linear regression framework and integrate nonlinear modeling
techniques as standard statistical tools within GWA analyses. Indeed, nonlinear methods such
as neural networks are well known to be most powered in settings when large training data is
available [29]. This includes GWA applications where consortiums have data sets that include
hundreds of thousands of individuals genotyped at millions of markers and phenotyped for
thousands of traits [30, 31]. It is also well known that these nonlinear statistical approaches
often exhibit greater predictive accuracy than linear models, particularly for complex traits
with broad-sense heritability that is driven by non-additive genetic variation (e.g., gene-by-
gene interactions) [32, 33]. One of the key characteristics that leads to better predictive
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Fig 1. Biologically annotated neural networks (BANNSs) allow for efficient multi-scale genotype-phenotype analyses in a unified probabilistic framework by
leveraging the hierarchical nature of enrichment studies to define network architecture. (A) The BANNs framework requires an N x ] matrix of individual-level
genotypes X = [xy, . . ., Xj], an N-dimensional phenotypic vector y, and a list of G-predefined SNP-sets {S,, ..., S;}. In this work, SNP-sets are defined as genes and
intergenic regions (between genes) given by the NCBI’s Reference Sequence (RefSeq) database in the UCSC Genome Browser [50]. (B) A partially connected
Bayesian neural network is constructed based on the annotated SNP groups. In the first hidden layer, only SNPs within the boundary of a gene are connected to the
same node. Similarly, SNPs within the same intergenic region between genes are connected to the same node. Completing this specification for all SNPs gives the
hidden layer the natural interpretation of being the “SNP-set” layer. (C) The hierarchical nature of the network is represented as nonlinear regression model. The
corresponding weights in both the SNP (6) and SNP-set (w) layers are treated as random variables with biologically motivated sparse prior distributions. Posterior
inclusion probabilities PIP(j) = Pr[6; # 0 | y, X] and PIP(g) = Pr[w, # 0 | y, X, 0,] summarize associations at the SNP and SNP-set level, respectively. The BANNs
framework uses variational inference for efficient network training and incorporates nonlinear processing between network layers for accurate estimation of
phenotypic variance explained (PVE).

https://doi.org/10.1371/journal.pgen.1009754.9001

performance from nonlinear approaches is the automatic inclusion of higher order interac-
tions between variables being put into the model [34, 35]. For example, neural networks lever-
age activation functions between layers that implicitly enumerate all possible (polynomial)
interaction effects [36]. While this is a partial mathematical explanation for model improve-
ment, in many biological applications, we often wish to know precisely which subsets of
variants are most important in defining the architecture of a trait. Unfortunately, the classic
statistical idea of variable selection and hypothesis testing is lost within nonlinear methods
since they do not naturally produce interpretable significance measures (e.g., P-values or PIPs)
like traditional linear regression [35, 37].

In this work, we develop biologically annotated neural networks (BANNS), a nonlinear
probabilistic framework for mapping and variable selection in high-dimensional genomic
association studies (Fig 1). BANNS are a class of feedforward Bayesian models with partially
connected architectures that are guided by predefined SNP-set annotations (Fig 1A). The
interpretability of our approach stems from a combination of three key properties. First, the
partially connected network architecture yields a hierarchical model where the input layer
encodes SNP-level effects, and the single hidden layer models the effects among SNP-sets
(Fig 1B). Second, inspired by previous work in the Bayesian neural network literature [38-42],
we treat the weights and connections of the network as random variables with sparse prior
distributions, which flexibly allows us to model a wide range of sparse and polygenic genetic
architectures (Fig 1C). Third, we perform an integrative model fitting procedure where the
enrichment of SNP-sets in the hidden layer are directly influenced by the distribution of asso-
ciated SNPs with nonzero effects on the input layer. These three components collectively make
for an effective nonlinear variable selection strategy for conducting association mapping and
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enrichment analyses simultaneously on complex traits. With detailed simulations, we assess
the power of BANNS to identify significant SNPs and SNP-sets under a variety of genetic
architectures, and compare its performance against multiple competing approaches [21, 23,
25-27,43-46]. We also apply the BANNSs framework to six quantitative traits assayed in a
heterogenous stock of mice from Wellcome Trust Centre for Human Genetics [47], and two
quantitative traits in individuals from the Framingham Heart Study [48]. For the latter, we
include an additional study where we independently analyze the same traits in a subset of indi-
viduals of European ancestry from the UK Biobank [31].

Results
BANNSs framework overview

Biologically annotated neural networks (BANNs) are feedforward models with partially con-
nected architectures that are inspired by the hierarchical nature of biological enrichment
analyses in GWA studies (Fig 1). The BANNs software takes in one of two data types: (i) indi-
vidual-level data D = {X, y} where X is an N x ] matrix of genotypes with J denoting the num-
ber of single nucleotide polymorphisms (SNPs) encoded as {0, 1, 2} copies of a reference allele
at each locus and y is an N-dimensional vector of quantitative traits (Fig 1A); or (i) GWA
summary statistics D = {R, 9} where R is a J x ] empirical linkage disequilibrium (LD) matrix
of pairwise correlations between SNPs and @ are marginal effect size estimates for each SNP
computed using ordinary least squares (OLS) (S1 Fig). In both settings, the BANNSs software
also requires a predefined list of SNP-set annotations {S,, ..., S} to construct partially con-
nected network layers that represent different scales of genomic units. Structurally, sequential
layers of the BANNs model represent different scales of genomic units. The first layer of the
network takes SNPs as inputs, with each unit corresponding to information about a single
SNP. The second layer of the network represents SNP-sets. All SNPs that have been annotated
for the same SNP-set are then connected to the same neuron in the second layer (Fig 1B).

In this section, we review the hierarchical probabilistic specification of the BANNs frame-
work for individual data; however, note that extensions to summary statistics is straightfor-
ward and only requires substituting the genotypes X for the LD matrix R and substituting the
phenotypes y for the OLS effect sizes @ (see Materials and methods). Without loss of generality,
let SNP-set g represent an annotated collection of SNPs j € S, with cardinality |S,|. The
BANNSs framework is probabilistically represented as a nonlinear regression model

G
y =3 h(X0, + 1w, + 16, (1)

g=1

where X, = [x,, ..., XISgI] is the subset of SNPs annotated for SNP-set g; 0, = (0, ..., O‘Sg‘)

are the corresponding inner layer weights; hi(s) denotes the nonlinear activations defined for
neurons in the hidden layer; w = (w4, . . ., wg) are the weights for the G-predefined SNP-sets in

the hidden layer; b = (1", ..., b{) and b'® are deterministic biases that are produced dur-
ing the network training phase in the input and hidden layers, respectively; and 1 is an N-
dimensional vector of ones. Here, we define /(s) to be a Leaky rectified linear unit (Leaky
ReLU) activation function [49], where h(x) = x if x > 0 and 0.01x otherwise. Lastly, for conve-
nience, we assume that the genotype matrix (column-wise) and trait of interest have been
mean-centered and standardized.

In this work, we define SNP-sets as collections of contiguous regions of the genome that
contain variants within some chromosomal window or neighborhood. More specifically, when
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studying real mice and human GWA data, we use gene annotations as defined by the Mouse
Genome Informatics database [51] and the NCBI’s Reference Sequence (RefSeq) database in
the UCSC Genome Browser [50], respectively (Materials and methods). The BANNs frame-
work flexibly allows for overlapping annotations. In this way, SNPs may be connected to mul-
tiple hidden layer units if they are located within the intersection of multiple gene boundaries.
SNPs that are unannotated, but located within the same genomic region, are connected to
their own units in the second layer and represent the intergenic region between two annotated
genes. Given the natural biological interpretation of both layers, the partially connected archi-
tecture of the BANNSs model creates a unified framework for comprehensibly understanding
SNP and SNP-set level contributions to the broad-sense heritability of complex traits and phe-
notypes. Notably, this framework may be easily extended to other biological annotations and
applications.

The framing of the BANNs methodology as a Bayesian nonlinear model helps facilitate
our ability to perform classic variable selection (Fig 1C; see Materials and methods). Here, we
leverage the fact that using nonlinear activation functions for the neurons in the hidden layer
implicitly accounts for both additive and non-additive effects between SNPs within a given
SNP-set (S1 Text). Following previous work in the literature [38-42], we treat the weights and
connections of the neural network as random variables with prior distributions that reflect
how genetic effects are manifested at different genomic scales. For the input layer, we assume
that the effect size distribution of non-null SNPs can take vastly different forms depending on
both the degree and nature of trait polygenicity [28]. For example, polygenic traits are gener-
ated by many mutations of small effect, while other phenotypes can be driven by just a few
clusters of SNPs with effect sizes much larger in magnitude [19]. To this end, we place a nor-
mal mixture prior on the input layer weights to flexibly estimate a wide range of SNP-level
effect size distributions [10, 52-54]

K
2
0; ~ neZ’?ekN(O» o) + (1 —7y)0, (2)
=1
where & is a point mass at zero; 6 = (07, . .., 05, ) are variance of the K-nonzero mixture
components; 17g = (g1, - - -, Nox) represents the marginal (unconditional) probability that a

randomly selected SNP belongs to the k-th mixture component such that ¥ g, = 1; and 7y
denotes the total proportion of SNPs that have a nonzero effect on the trait of interest. Here,
we fix K = 3 which emulates the hypothesis that SNPs can have large, moderate, and small non-
zero effects on phenotypic variation [28]. Similarly, we follow other previous work and assume
that enriched SNP-sets contain at least one SNP with a nonzero effect on the trait of interest
[26]. This is formulated by placing a spike and slab prior distribution on the weights in the sec-
ond layer

w, ~ 1, N(0,07) + (1 - 7,)d, (3)

where, in addition to previous notation, m,, denotes the total proportion of SNP-sets that have
anonzero effect on the trait of interest.

By using these point mass mixture distributions in Eqs (2) and (3), we assume that each
connection in the neural network has a nonzero weight with: (i) probability 7y for SNP-to-
SNP-set connections, and (ii) probability m,, for SNP-set-to-phenotype connections. By modi-
fying a variational inference algorithm assuming point-normal priors in multiple linear regres-
sion [55, 56] to the neural network setting, we jointly infer posterior inclusion probabilities
(PIPs) for SNPs and SNP-sets. These quantities are defined as the posterior probability that the
weight of a given connection in the neural network is nonzero, PIP(j) = Pr[6, # 0 | y, X] and
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PIP(g) = Pr[w, # 0 | y, X, 6,]. We use this information to prioritize statistically associated
SNPs and SNP-sets that significantly contribute to the broad-sense heritability of the trait of
interest. With biologically annotated units and the ability to perform statistical inference on
explicitly defined parameters, our model presents a fully interpretable extension of neural net-
works to GWA applications. Additional details and derivations of the BANNSs framework can
be found in Materials and methods and Supporting information.

Power to detect SNPs and SNP-sets in simulation studies

In order to assess the performance of models under the BANNSs framework, we simulated
complex traits under multiple genetic architectures using real genotype data on chromosome 1
from ten thousand randomly sampled individuals of European ancestry in the UK Biobank
[31] (see Materials and methods and previous work [9, 28]). After quality control procedures,
our simulations included 36,518 SNPs (S1 Text). Next, we used the NCBI’s Reference Sequence
(RefSeq) database in the UCSC Genome Browser [50] to annotate SNPs with the appropriate
genes. Unannotated SNPs located within the same genomic region were labeled as being
within the “intergenic region” between two genes. Altogether, this left a total of G = 2,816
SNP-sets to be included in the simulation study.

After the annotation step, we assume a linear model to generate quantitative traits while
varying the following parameters: broad-sense heritability (modestly set to H* = 0.2 and 0.6);
the proportion of broad-sense heritability that is being contributed by additive effects versus
pairwise cis-interaction effects (p = 1 and 0.5); and the percentage of enriched SNP-sets that
influence the trait (set to 1% for sparse and 10% for polygenic architectures, respectively). We
use the parameter p to assess the neural network’s robustness in the presence of non-additive
genetic effects between causal SNPs. To this end, p = 1 represents the limiting case where the
variation of a trait is driven by solely additive effects. For p = 0.5, the additive and pairwise
interaction effects are assumed to equally contribute to the phenotypic variance.

In each simulation scenario, we consider traits being generated with and without additional
population structure (Materials and methods, and Supporting information). To do so, we con-
sider two different data compositions with individuals from the UK Biobank. In the first, we
simulate synthetic traits only using individuals who self-identify as being of “white British”
ancestry. In the second, we simulate traits by randomly subsampling 3,000 individuals who
self-identify as being of “white British” ancestry, 3,000 individuals who self-identify as being of
“white Irish” ancestry, and 4,000 individuals who identify as being of “any other white back-
ground”. Note that the latter composition introduces additional population structure into the
problem. In the main text and Supporting information, we refer to these datasets as the “Brit-
ish” and “European” cohorts, respectively.

Throughout this section, we assess the performance for two versions of the BANNs frame-
work. The first takes in individual-level genotype and phenotype data; while, the second
models GWA summary statistics (hereafter referred to as BANN-SS). For the latter, GWA
summary statistics are computed by fitting a single-SNP univariate linear model (via ordinary
least squares) after quality control to obtain: effect size estimates, standard errors, and P-values
for all SNPs in the data. We also use the in-sample genotypes to compute the LD matrix
between SNPs. All results are based on 100 different simulated phenotypes for each parameter
combination (S1 Text).

The main utility of the BANNs framework is having the ability to detect associated SNPs
and enriched SNP-sets simultaneously. Therefore, we compare the performance of BANNS to
state-of-the-art SNP and SNP-set level approaches [21, 23, 25-27, 43-46], with the primary
idea that our method should be competitive in both settings. For each method, we assess the
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empirical power and false discovery rates (FDR) for identifying either the correct causal SNPs
or the correct SNP-sets containing causal SNPs (S1-S8 Tables). Frequentist approaches are
evaluated at a Bonferroni-corrected threshold for multiple hypothesis testing (e.g., P = 0.05/
36518 = 1.37 x 10~® at the SNP-level and P = 0.05/2816 = 1.78 x 10 at the SNP-set level,
respectively); while, Bayesian methods are evaluated according to the median probability
model (PIPs and posterior enrichment probability > 0.5) [57]. We also compare each meth-
od’s ability to rank true positives over false positives via receiver operating characteristic
(ROC) and precision-recall curves (Fig 2 and S2-S16 Figs). Specific results about these analy-

ses are given below.

A B
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Fig 2. Receiver operating characteristic (ROC) curves comparing the performance of the BANNSs (red) and BANN-SS (black) models with competing SNP
and SNP-set mapping approaches in simulations (British cohort). Here, quantitative traits are simulated to have broad-sense heritability of H* = 0.6 with only
contributions from additive effects set (i.e., p = 1). We show power versus false positive rate for two different trait architectures: (A, B) sparse where only 1% of
SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We set the number of causal SNPs with nonzero effects to be 1%
and 10% of all SNPs located within the enriched SNP-sets, respectively. To derive results, the full genotype matrix and phenotypic vector are given to the BANNs
model and all competing methods that require individual-level data. For the BANN-SS model and other competing methods that take GWA summary statistics,
we compute standard GWA SNP-level effect sizes and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping approaches
include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input £ which fixes the maximum number of causal SNPs in the
model. We display results when this input number is high (¢ = 3000) and when this input number is low (£ = 10). (B, D) Competing SNP-set mapping
approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Note that the upper limit of the x-axis has been truncated at

0.1. All results are based on 100 replicates (see S1 Text).

https://doi.org/10.1371/journal.pgen.1009754.g002
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Mapped SNP-level results. For SNP-level comparisons, we used three fine-mapping
methods as benchmarks: CAVIAR [45], SuSiE [46], and FINEMAP [44]. Each of these meth-
ods implement Bayesian variable selection strategies, in which different sparse prior distribu-
tions are placed on the “true” effect sizes of each SNP and posterior inclusion probabilities
(PIPs) are used to summarize their statistical relevance to the trait of interest. Notably, both
CAVIAR (exhaustively) and FINEMAP (approximately) search over different models to find
the best combination of associated SNPs with nonzero effects on a given phenotype. On the
other hand, the software for SuSiE requires an input € which fixes the maximum number of
causal SNPs to include in the model. In this section, we consider results when this input num-
ber is high (¢ = 3000) and when this input number is low (£ = 10). While SuSiE is applied to
individual-level data, both CAVIAR and FINEMAP require summary statistics where mar-
ginal z-scores are treated as a phenotype and modeled with in-sample estimate of the LD
matrix.

Opverall, BANNs, BANN-SS, and SuSiE (with high € = 3000) generally achieve the greatest
empirical power and lowest FDR across all genetic architectures we considered (S1-S8 Tables).
These three approaches also stand out in terms of true-versus-false positive rates and preci-
sion-versus-recall (Fig 2 and S2-S16 Figs). Notably, the choice of the £ parameter largely influ-
enced the performance of SuSiE, as it was consistently the worst performing method when we
underestimated the number of causal SNPs with nonzero effects a priori (i.e., € = 10). Impor-
tantly, these performance gains come with a cost: the computational run time of SuSiE
becomes much slower as € increases (S9 Table). For more context, an analysis on just 4,000
individuals and 10,000 SNPs takes the BANNs methods an average of 319 seconds to run on a
CPU; while, SuSiE can take up to nearly twice as long to complete as £ increases (e.g., average
runtimes of 23 and 750 seconds for £ = 10 and 3000, respectively).

Training BANNs on individual-level data relatively becomes the best approach when the
broad-sense heritability of complex traits is partly made up of pairwise genetic interaction
effects between causal SNPs (e.g., p = 0.5; see S5-S8 Figs and S13-S16 Figs)—particularly
when traits have low heritability with polygenic architectures (e.g., H* = 0.2). A direct compari-
son of the PIPs derived by BANNSs and SuSiE shows that the proposed neural network training
procedure enables the ability to identify associated SNPs even in these more complex pheno-
typic architectures (Fig 3 and S17-S23 Figs). It is important to note that the inclusion probabil-
ities were not perfectly calibrated for either BANNs or SuSiE in our simulations (524 Fig),
despite FDR still being reasonably well controlled for both methods (S1-S8 Tables). We
hypothesize that the quality of PIP calibration for BANNS is a direct consequence of its varia-
tional inference algorithm which tends to favor sparse solutions and can lead to greater type II
versus type I error rates [46, 55]. To investigate how choices in the BANNs model setup con-
tributed to improved variable selection over SuSiE, we also performed an “ablation analysis”
[58, 59] where we modified parts of the algorithm independently and observed their direct
effect on method performance (S25 Fig). Ultimately, these results for BANNSs were enabled by
a combination of (7) using ReLU activation functions in the hidden layers of the BANNs
framework, which implicitly enumerates the interactions between SNPs within a given SNP-
set, and (ii) using model averaging to estimate the inclusion probabilities for the network
weights (S1 Text). Note the absence of the nonlinear activation function only affected the
power of BANNs in simulations where there were non-additive genetic effects (e.g., S25(C)
and S25(D) Fig).

As a final comparison, the BANN-SS, CAVIAR, and FINEMAP methods see a decline in
performance for these same scenarios with genetic interactions. Assuming that the additive
and non-additive genetic effects are uncorrelated, this result is also expected since summary
statistics are often derived from simple linear additive regression models that (in theory)
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Fig 3. Scatter plots comparing how the integrative neural network training procedure enables the ability to identify associated SNPs and enriched
SNP-sets in simulations (British cohort). Quantitative traits are simulated to have broad-sense heritability of H” = 0.6 with only contributions from
additive effects set (i.e., p = 1). We consider two different trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C,
D) polygenic where 10% of SNP-sets are enriched. We set the number of causal SNPs with nonzero effects to be 1% and 10% of all SNPs located within
the enriched SNP-sets, respectively. Results are shown comparing the posterior inclusion probabilities (PIPs) derived by the BANNs model on the x-
axis and (A, C) SuSiE [46] and (B, D) RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maximum number of causal SNPs (¢
=3000). The blue horizontal and vertical dashed lines are marked at the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than
0.5) [57]. True positive causal variants used to generate the synthetic phenotypes are colored in red, while non-causal variants are given in grey. SNPs
and SNP-sets in the top right quadrant are selected by both approaches; while, elements in the bottom right and top left quadrants are uniquely
identified by BANNSs and SuSie/RSS, respectively. Each plot combines results from 100 simulated replicates (see S1 Text).

https://doi.org/10.1371/journal.pgen.1009754.g003

partition or marginalize out proportions of the phenotypic variance that are contributed by
nonlinearities [9, 13].

Enriched SNP-set level results. For comparisons between SNP-set level methods, we con-
sider six gene or SNP-set enrichment approaches including: RSS [26], PEGASUS [25], GB]
[27], SKAT [21], GSEA [43], and MAGMA [23]. SKAT, VEGAS, and PEGASUS fall within
the same class of frequentist approaches, in which SNP-set GWA P-values are assumed to be
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drawn from a correlated chi-squared distribution with covariance estimated using an empiri-
cal LD matrix [60]. MAGMA is also a frequentist approach in which gene-level P-values are
derived from distributions of SNP-level effect sizes using an F-test [23]. GBJ attempts to
improve upon the previously mentioned methods by generalizing the Berk-Jones statistic to
account for complex correlation structures and adaptively adjust the size of annotated SNP-
sets to only SNPs that maximize power [61]. Lastly, RSS is a Bayesian linear regression method
which places a likelihood on the observed SNP-level GWA effect sizes (using their standard
errors and LD estimates), and assumes a spike-and-slab shrinkage prior on the true SNP effects
to derive a probability of enrichment for genes or other annotated units [62]. It is worth noting
that, while RSS and the BANN’s framework are conceptually different, the two methods utilize
very similar variational approximation algorithms for posterior inference [55] (Materials and
methods, and Supporting information).

Similar to the conclusions drawn during the SNP-level assessments, both the BANNs and
BANN-SS implementations had among the best tradeoffs between true and false positive rates
for detecting enriched SNP-sets across all simulations—once again, including those scenarios
which also considered pairwise interactions between causal SNPs (Fig 2 and S2-S16 Figs, and
S1-S8 Tables). Since RSS is an additive model, it sees a decline in performance for the more
complex genetic architectures that we simulated. A direct comparison between the PIPs from
BANNs and RSS can be found in Fig 3 and S17-524 Figs. Once again, training BANNs on indi-
vidual-level data becomes the best approach when the broad-sense heritability of complex
traits is partly made up of non-additive genetic variation. Our ablation analysis results suggest
that the nonlinear activation function plays an important role here (525 Fig). While RSS also
performs generally well for the additive trait architectures, the algorithm for the model often
takes twice as long than either of the BANNs implementations to converge (S10 Table). PEGA-
SUS, GBJ, SKAT, and MAGMA are score-based methods and, thus, are expected to take the
least amount of time to run. BANNs and RSS are hierarchical regression-based methods and
the increased computational burden of these approaches results from their need to do (approx-
imate) Bayesian posterior inference. Previous work has suggested that, when using GWA sum-
mary statistics to identify genotype-phenotype associations at the SNP-set level, having the
ability to adaptively account for possibly inflated SNP-level effect sizes and/or P-values is cru-
cial [28]. Therefore, it is understandable why the score-based methods consistently struggle
relative to the regression-based approaches even in the simplest simulation cases where traits
are generated to have high broad-sense heritability, sparse phenotypic architectures that are
dominated by additive genetic effects, and total phenotypic variance that is not confounded by
additional population structure (Fig 2 and S2-516 Figs). Both the BANN-SS and RSS methods
use shrinkage priors to correct for potential inflation in GWA summary statistics and recover
estimates that are better correlated with the true generative model for the trait of interest.

Estimating total phenotypic variance explained in simulation studies

While our main focus is on conducting multi-scale inference of genetic trait architecture,
because the BANNS framework provides posterior estimates for all weights in the neural net-
work, we are able to also provide an estimate of phenotypic variance explained (PVE). Here,
we define PVE as the total proportion of phenotypic variance that is explained by genetic
effects, both additive and non-additive, collectively [16]. Within the BANNs framework, this
estimation can be done on both the SNP and SNP-set level while using either genotype-pheno-
type data or summary statistics (S1 Text). As a reminder, for our simulation studies, the true
PVE is set to H” = 0.2 and 0.6, respectively. We assess the ability of BANNS to recover these
true estimates using root mean square error (RMSE) (526 and S27 Figs). In order to be
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successful at this task, the neural network needs to accurately estimate both the individual
effects of causal SNPs in the input layer, as well as their cumulative effects for SNP-sets in the
outer layer. BANNSs and BANN-SS exhibit the most success with traits have additive sparse
architectures (with and without additional population structure)—achieving PVE estimates
with RMSEs as low as 4.54 x 10~> and 4.78 x 10> on the SNP and SNP-set levels for highly
heritable phenotypes, respectively. However, both models underestimate the total PVE in poly-
genic traits and traits with pairwise SNP-by-SNP interactions. Therefore, even though the
BANNS s framework is still able to correctly prioritize the appropriate SNPs and SNP-sets, in
these more complicated settings, we misestimate the approximate posterior means for the net-
work weights and overestimate the variance of the residual training error (S1 Text). Similar
observations have been noted when using variational inference [63, 64]. Results from other
work also suggest that the sparsity assumption on the SNP-level effects can lead to the underes-
timation of the PVE [16, 65].

Mapping genomic enrichment in heterogenous stock of mice

We apply the BANNSs framework to individual-level genotypes and six quantitative traits in a
heterogeneous stock of mice dataset from the Wellcome Trust Centre for Human Genetics
[47]. This data contains approximately 2,000 individuals genotyped at approximately 10,000
SNPs—with specific numbers varying slightly depending on the quality control procedure for
each phenotype (S1 Text). For SNP-set annotations, we used the Mouse Genome Informatics
database (http://www.informatics.jax.org) [51] to map SNPs to the closest neighboring gene
(s). Unannotated SNPs located within the same genomic region were labeled as being within
the “intergenic region” between two genes. Altogether, a total of 2,616 SNP-sets were analyzed.
The six traits that we consider are grouped based on their category and include: body mass
index (BMI) and body weight; percentage of CD8+ cells and mean corpuscular hemoglobin
(MCH); and high-density and low-density lipoprotein (HDL and LDL, respectively). We
choose to analyze these particular traits because their architectures represent a realistic mixture
of the simulation scenarios we detailed in the previous section (i.e., varying different values of
p). Specifically, the mice in this study are known to be genetically related with population
structure and these particular traits have been shown to have various levels of broad-sense her-
itability with different contributions from both additive and non-additive genetic effects [35,
37,47, 66—68].

For each trait, we provide a summary table which lists the PIPs for SNPs and SNP-sets after
fitting the BANNSs model to the individual-level genotypes and phenotype data (S11-S16
Tables). We use Manhattan plots to visually display the variant-level mapping results across
each of the six traits, where chromosomes are shown in alternating colors for clarity and asso-
ciated SNPs with PIPs above the median probability model threshold are highlighted (528
Fig). As a comparison, we also report the corresponding SNP and SNP-set level PIPs after run-
ning SuSiE [46] and RSS [26] on these same data, respectively. Across all traits, BANNSs identi-
fied 71 associated SNPs and 57 enriched SNP-sets (according to the median probability model
threshold). In comparison, SuSiE identified 22 associated SNPs (11 of which were also identi-
fied by BANNs) and RSS identified 14 enriched SNP-sets (6 of which were also identified by
BANN:Ss). Importantly, many of the candidate genes and intergenic regions selected by the
BANNs model have been previously discovered by past publications as having some functional
relationship with the traits of interest (Table 1). For example, BANNs reports the genes Btbd9
and hlb156 as being enriched for the percentage of CD8+ cells in mice (PIP = 0.87 and 0.72
versus RSS PIP = 0.02 and 0.68, respectively). This same chromosomal region on chromosome
17 was also reported in the original study as having highly significant quantitative trait loci and
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Table 1. Notable enriched SNP-sets after applying the BANNs framework to six quantitative traits in heterogenous stock of mice from the Wellcome Trust Centre
for Human Genetics. [47]. The traits include: body mass index (BMI), percentage of CD8+ cells, high-density lipoprotein (HDL), low-density lipoprotein (LDL), mean
corpuscular hemoglobin (MCH), and body weight. Here, SNP-set annotations are based on gene boundaries defined by the Mouse Genome Informatics database (see
URLs). Unannotated SNPs located within the same genomic region were labeled as being within the “intergenic region” between two genes. These regions are labeled as
Genel-Gene2 in the table. Posterior inclusion probabilities (PIP) for the input and hidden layer weights are derived by fitting the BANNs model on individual-level data. A
SNP-set is considered enriched if it has a PIP(g) > 0.5 (i.e., the “median probability model” threshold [57]). We report the “top” associated SNP within each region and its
corresponding PIP(j). We also report the corresponding SNP and SNP-set level results after running SuSiE [46] and RSS [26] on these same traits, respectively. The last col-
umn details references and literature sources that have previously suggested some level of association or enrichment between the each genomic region and the traits of
interest. See S11-S16 Tables for the complete list of SNP and SNP-set level results.

Trait SNP-Set Chr | PIP(g) Rank | RSSPIP RSS Rank Top SNP PIP(j) SuSiE PIP SuSiE Rank Ref(s)
BMI Dmd X 0.900 1 0.862 2 rs3090667 0.600 0.140 10 [69]
Mir466q-Slc2a2 3 0.816 3 0.371 3 16269713 0.477 0.009 124 [71]
Gm22219-Mc4r 18 0.740 5 0.001 81 1$3696955 0.039 0.264 7 [70]
CD8+ Gm46177-Gm30088 1 0.968 1 0.307 4 mhcCD8a3 1.000 0.998 3 [72-74]
Btbd9 17 0.866 7 0.019 7 CEL-17_31069801 1.000 0.080 38 [75, 76]
hlb156 17 0.720 8 0.683 3 CEL-17_31069801 1.000 0.080 38 [51]
HDL Pphc2 4 0.976 3 0.395 6 1s3724711 1.000 0.136 16 [77]
Ctnna2 6 0.886 8 0.908 2 rs3710419 1.000 0.712 4 [78]
hlb156 17 0.589 9 0.481 4 CEL-17_31069801 1.000 0.142 15 [51]
LDL Btbd9 17 0.983 1 0.275 6 CEL-17_31069801 1.000 0.163 6 [79, 80]
Pphc2 4 0.941 3 0.428 4 rs3724711 1.000 0.452 2 [77]
Sytl4 1 0.852 7 0.070 47 rs3654706 0.001 0.002 626 [81-84]
MCH Btbd9 17 0.905 2 0.387 5 CEL-17_31069801 1.000 0.421 9 [75, 76]
Picalm 7 0.648 8 0.723 3 rs3704554 0.070 0.263 13 [85]
Ebfl 11 0.500 10 0.108 11 1s3693846 0.009 2.82x107* 424 [86]
Weight Wdpcp 11 0.969 1 0.412 6 rs13481023 1.000 0.391 12 [79, 80]
Chrm2 6 0.882 3 0.195 13 rs3676478 0.012 0.102 26 [87, 88]
Csmdl 8 0.759 5 0.408 7 rs3709567 0.001 1.32x107° 2166 [89]

https://doi.org/10.1371/journal.pgen.1009754.t001

contributing non-additive variation for CD8+ cells (bootstrap posterior probability equal to
1.00) [47]. Similarly, the X chromosome is well known to strongly influence adiposity and
metabolism in mice [66]. As expected, in body weight and BMI, our approach identified signif-
icant enrichment in this region—headlined by the dystrophin gene Dmd in both cases [69].
Finally, we note that including intergenic regions in our analyses allows us to discover trait rel-
evant genomic associations outside the immediate gene annotations provided by the Mouse
Genome Informatics database. This proved important for BMI where BANNSs reported the
region between Gm22219 and Mc4r on chromosome 18 as having a relatively high PIP of 0.74
(versus an RSS PIP = 1 x 10 for reference). Recently, a large-scale GWA study on individuals
from the UK Biobank showed that variants around MC4R protect against obesity in humans
[70].

Overall, the results from this smaller GWA study highlight three key characteristics result-
ing from the sparse probabilistic assumptions underlying the BANNs framework. First, the
variational spike and slab prior placed on the weights of the neural network will select no more
than a few variants in a given LD block [55]. This is important since traditional naive SNP-set
methods will often exhibit high false positive rates due to many of these correlated regions
along the genome [28]. Second, we see that the enrichment of a SNP-set is influenced by the
relative posterior distribution of zero and nonzero SNP-level effect sizes within its annotated
genomic window (S11-S16 Tables). In other words, a SNP-set is not guaranteed to have a high
inclusion probability just because it contains one SNP with a large nonzero effect; however,
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BANNS s will report a SNP-set as insignificant if the total ratio of non-causal SNPs within the
set heavily outweighs the number of causal SNPs that have been annotated for the same region.
To this end, in the presence of large SNP-sets, the BANNs framework will favor preserving
false discovery rates at the expense of having slightly more false negatives. Lastly, the careful
modeling of the SNP-level effect size distributions and considering genetic interactions
enhances our ability to conduct multi-scale genomic inference. In this particular study, we
show the power to still find trait relevant SNP-sets with variants that are not marginally strong
enough to be detected individually, but have notable genetic signal when their weights are
aggregated together (again see Table 1 and S28 Fig).

Analyzing lipoproteins in the Framingham Heart Study

Next, we apply the BANNs framework to two continuous plasma trait measurements—high-
density lipoprotein (HDL) and low-density lipoprotein (LDL) cholesterol—assayed in 6,950
individuals from the Framingham Heart Study [48] genotyped at 394,174 SNPs genome-
wide. Following quality control procedures, we regressed out the top ten principal compo-
nents of the genotype data from each trait to control for population structure (S1 Text).
Next, we used the gene boundaries listed in the NCBI’s RefSeq database from the UCSC
Genome Browser [50] to define SNP-sets. In this analysis, we define genes with boundaries
in two ways: (a) we use the UCSC gene boundary definitions directly, or (b) we augment the
gene boundaries by adding SNPs within a £500 kilobase (kb) buffer to account for possible
regulatory elements. Genes with only 1 SNP within their boundary were excluded from
either analysis. Unannotated SNPs located within the same genomic region were labeled as
being within the “intergenic region” between two genes. Altogether, a total of G = 18,364
SNP-sets were analyzed—which included 8,658 intergenic SNP-sets and 9,706 annotated
genes—using the UCSC boundaries. When including the 500kb buffer, a total of G = 35,871
SNP-sets were analyzed.

For each trait, we again fit the BANNs model to the individual-level genotype-phenotype
data and used the median probability model threshold as evidence of statistical significance for
all weights in the neural network (S17-S19 Tables). We also again report the corresponding
SNP and SNP-set level PIPs after running SuSiE and RSS on these same data. Note that while
BANN:Ss is run on the genome-wide data jointly, for computational considerations, SuSiE and
RSS are run on a chromosome-by-chromosome basis. A complete breakdown of the overlap of
findings between BANNs, SuSiE, and RSS can be found on the first page of S20 Table. In Fig 4,
we show Manhattan plots of the variant-level association mapping results for BANNs, where
each significant SNP is color coded according to its SNP-set annotation. As an additional vali-
dation step, we took the enriched SNP-sets identified by BANNS in each trait and used the
gene set enrichment analysis tool Enrichr [90, 91] to identify the categories that they overre-
present in the database of Genotypes and Phenotypes (dbGaP) and the NHGRI-EBI GWAS
Catalog (529 and S30 Figs). Similar to our results in the previous section, the BANNs frame-
work identified many SNPs and SNP-sets that have been shown to be associated with choles-
terol-related processes in past publications (Table 2 with UCSC gene boundary definitions and
S17 Table with augmented buffer). For example, in HDL, BANNSs identified an enriched inter-
genic region between the genes HERPUDI and CETP (PIP = 1.00 versus RSS PIP = 0.78)
which has been also replicated in multiple GWA studies with diverse cohorts [92-95]. The
Enrichr analyses were also consistent with published results (529 and S30 Figs). For example,
the top ten significant enriched categories in the GWAS Catalog (i.e., Bonferroni-correct
threshold P-value < 1 x 107> or Q-value < 0.05) for HDL-associated SNP-sets selected by the
BANNSs model are either directly related to lipoproteins and cholesterol (e.g., “Alpolipoprotein
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Fig 4. Manhattan plot of variant-level association mapping results for high-density and low-density lipoprotein (HDL and LDL, respectively) traits in the
Framingham Heart Study [48]. Posterior inclusion probabilities (PIP) for the neural network weights are derived from the BANNs model fit on individual-level
data and are plotted for each SNP against their genomic positions. Chromosomes are shown in alternating colors for clarity. The black dashed line is marked at 0.5
and represents the “median probability model” threshold [57]. SNPs with PIPs above that threshold are color coded based on their SNP-set annotation. Here, SNP-
set annotations are based on gene boundaries defined by the NCBI's RefSeq database in the UCSC Genome Browser [50]. Unannotated SNPs located within the
same genomic region were labeled as being within the “intergenic region” between two genes. These regions are labeled as Genel-Gene2 in the legend. Double
daggers (+) denote SNPs that are also identified when using SuSiE [46] to analyze the same traits, and hashtag symbols (#) denote SNP-sets that are identified by RSS
[26]. Stars () denote SNPs and SNP-sets identified by BANNSs that replicate in our analyses of HDL and LDL using ten thousand randomly sampled individuals of
European ancestry from the UK Biobank [31]. Gene set enrichment analyses for these SNP-sets identified by BANNs can be found in 529 and S30 Figs. A complete
list of PIPs for all SNPs and SNP-sets computed in these two traits can be found in S18 and S19 Tables. Results for the additional study with the independent UK
Biobank dataset [31] are illustrated in S31-533 Figs and full results are listed in S21 and S22 Tables.

https://doi.org/10.1371/journal.pgen.1009754.9004

Al levels”, “HDL cholesterol levels”) or related to metabolic functions (e.g., “Lipid metabolism

» o«

phenotypes”,

Metabolic syndrome”).

As in the previous analysis, the results from this analysis also highlight insight into complex
trait architecture enabled by the variational inference used in the BANNS software. SNP-level
and SNP-set results remain consistent with the qualitative assumptions underlying our proba-
bilistic hierarchical model. For instance, previous studies have estimated that rs599839
(chromosome 1, bp: 109822166) and rs4970834 (chromosome 1, bp: 109814880) explain
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Table 2. Top three enriched SNP-sets after applying the BANNs framework to high-density and low-density lipoprotein (HDL and LDL, respectively) traits in the
Framingham Heart Study [48]. Here, SNP-set annotations are based on gene boundaries defined by the NCBI’s RefSeq database in the UCSC Genome Browser [50].
Unannotated SNPs located within the same genomic region were labeled as being within the “intergenic region” between two genes. These regions are labeled as Genel-
Gene2 in the table. Posterior inclusion probabilities (PIP) for the input and hidden layer weights are derived by fitting the BANNs model on individual-level data. A SNP-
set is considered enriched if it has a PIP(g) > 0.5 (i.e., the “median probability model” threshold [57]). We report the “top” associated SNP within each region and its corre-
sponding PIP(j). We also report the corresponding SNP and SNP-set level results after running SuSiE [46] and RSS [26] on these same traits, respectively. The last column
details references and literature sources that have previously suggested some level of association or enrichment between the each genomic region and the traits of interest.
See S18 and S19 Tables for the complete list of SNP and SNP-set level results. *: Multiple SNP-sets were tied for this ranking. 4: SNPs and SNP-sets replicated in an inde-
pendent analysis of ten thousand randomly sampled individuals of European ancestry from the UK Biobank [31].

Trait SNP-Set Chr | PIP(g) Rank RSS PIP RSS Rank Top SNP PIP(j) SuSiE PIP SuSiE Rank Ref(s)
HDL | HERPUDI-CETP* | 16 0.999 1* 0.781 5 1s1800775* 1.000 1.000 1 [92-95]
ST18-FAMI50A 8 0.999 1* 0.869 3 rs6990075 1.000 0.006 107 [98]
TCEA3 1 0.989 2 122x107 15056 rs1767141 0.868 0.039 21 [99]
LDL CELSR2 1 0.989 1 0.972 2 rs4970834 0.948 | 1.12x107* 4559 [100-102]
BCAM-PVRL2* 19 0.987 2 0.237 12 rs10402271% | 0.998 0.966 2 [103-105]
APOB* 2 0.976 3 0.167 18 rs693* 0.999 0.278 6 (103, 106, 107]

https://doi.org/10.1371/journal.pgen.1009754.t1002

approximately 1% of the phenotypic variation in circulating LDL levels [96]. Since these

two SNPs are physically closed to each other and sit in a high LD block (1* = 0.63 with
P<1x107*[97]), the spike and slab prior in the BANNs framework will maintain the non-
zero weight for one and penalize the estimated effect of the other. Indeed, in our analysis,
154970834 was reported to be associated with LDL (PIP = 0.95 versus SuSiE PIP = 1.12 x 10™%),
while the effect size of rs599839 was shrunk towards 0 (PIP = 1 x 10™* versus SuSiE PIP =
0.99). A similar issue can occur in correctly identifying enriched SNP-sets when nearby sets
contain SNPs in tight LD. For example, when augmenting the boundary of SNP-set annota-
tions by a +500 kilobase buffer, BANNs tends to shrink the PIP of at least one member

of overlapping or correlated sets. Due to the variational approximations utilized by BANNs
(Materials and methods, and Supporting information), if two SNPs or SNP-sets are in strong
LD, the model will tend to select just one of them [26, 55].

Independent lipoprotein study using the UK Biobank

To further validate our results from the Framingham Heart Study, we also independently
apply BANN:Ss to analyze HDL and LDL cholesterol traits in ten thousand randomly sampled
individuals of European ancestry from the UK Biobank [31]. Here, we filter the imputed geno-
types from the UK Biobank to keep only the same 394,174 SNPs that were used in the Fra-
mingham Heart Study analyses from the previous section. We then apply BANNS, SuSiE, and
RSS to the individual-level data and in-sample derived summary statistics using the same (a)
18,364 SNP-set annotations based on the NCBI’s RefSeq database from the UCSC Genome
Browser [50] and (b) 35,849 SNP-sets when applying the augmented +500 kilobase buffer. It is
important to note that we restrict this analysis to just ten thousand individuals due to compu-
tational considerations for BANNSs and SuSiE since they take in individual level data. In S31
Fig, we show the BANNSs variant-level Manhattan plots for the independent UK Biobank
cohort with significant SNPs color coded according to their SNP-set annotation. Once again,
we use the median probability model threshold to determine statistical significance for all
weights in the neural network, and a complete breakdown of the overlap of findings between
BANN:S, SuSiE, and RSS between the traits can be found in S20 Table. Lastly, S21 and S22
Tables give the complete list of all SNP and SNP-set level results in this additional UK Biobank
study.
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Despite the UK Biobank being a completely independent dataset, we found that BANNs
was able to replicate two SNPs and two SNP-sets in HDL and two SNPs and one SNP-set that
we observed in the Framingham Heart Study analysis (see specially marked rows in Table 2
and S17 Table, as well as the overlap summary given in S20 Table). For example, in HDL, both
the variants rs1800775 (PIP = 1.00 versus SuSiE PIP = 1.00) and rs17482753 (PIP = 1.00 versus
SuSiE PIP = 0.73) were replicated. BANNS also identified the corresponding intergenic region
between the genes HERPUDI and CETP as being enriched (PIP = 1.00 versus RSS PIP = 1.00).
In our analysis of LDL, BANNS replicated two out of the four associated SNPs: rs693 within
the APOB gene, and rs10402271 which falls within the intergenic region between genes BCAM
and PVRL2.

There were a few scenarios where a given SNP-set was replicated but the leading SNP in
that region differed between the two studies. For instance, while the intergenic region between
LIPG and ACAA2 was enriched in both cohorts, the variant rs7240405 was found to be most
associated with HDL in the Framingham Heart Study; a different SNP, rs7244811, was identi-
fied in the UK Biobank (Fig 4 and S31 Fig) Similarly, in the analysis with the +500 kilobase
buffer for SNP-set annotations, rs4939883 in the intergenic region between LIPG and ACAA2
was found to be significant for HDL in the UK Biobank instead of rs7244811 which was
selected in the Framingham Heart Study. These discrepancies at the variant level are likely due
to: (i) the sparsity assumption imposed by BANNs, which lead the model to select one of two
variants in high LD; and (i) ancestry differences among individuals from the two studies likely
also generate different LD structures in the same genomic region.

As a final step, we took the enriched SNP-sets identified by BANNS in the UK Biobank and
used Enrichr [90, 91] to ensure that we were still obtaining trait relevant results (532 and S33
Figs). Indeed, for both HDL and LDL, the most overrepresented categories in dbGaP and the
GWAS Catalog (i.e., Bonferroni-correct threshold P-value < 1 x 107" or Q-value < 0.05) was
consistently the trait of interest—followed by other functionally related gene sets such as “Met-
abolic syndrome” and “Cholesterol levels”. This story remained largely consistent even when
augmenting SNP-set annotations with a £500 kilobase buffer (532 and S33 Figs). Overall, the
sensible results from performing mapping on the variant-level and enrichment analyses on
the SNP-set level in two different independent datasets, only further enhances our confidence
about the potential impact of the BANNs framework in GWA studies.

Discussion

Recently, nonlinear approaches have been applied in biomedical genomics for prediction-
based tasks, particularly using GWA datasets with the objective of predicting phenotypes
[108-112]. However, since the classical idea of variable selection and hypothesis testing is lost
within these statistical algorithms, they have not been widely used for association mapping
where the goal is to identify significant SNPs or genes underlying complex traits. Here, we
present Biologically Annotated Neural Networks (BANNGS): a class of feedforward probabilistic
models which overcome this limitation by incorporating partially connected architectures that
are guided by predefined SNP-set annotations. This creates an interpretable and integrative
framework where the first layer of the neural network encodes SNP-level effects and the neu-
rons within the hidden layer represent the different SNP-set groupings. We frame the BANNSs
methodology as a Bayesian nonlinear regression model and use sparse prior distributions to
perform variable selection on the network weights. By modifying a well established variational
inference algorithm, we are able to derive posterior inclusion probabilities (PIPs) which allows
researchers to carry out SNP-level mapping and SNP-set enrichment analyses, simultaneously.
While we focus on genomic motivations in this study, the concept of partially connected
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neural networks may extend to any scientific application where annotations can help guide the
groupings of variables.

Through extensive simulation studies, we demonstrate the utility of the BANNSs framework
on individual-level data (Fig 1) and GWA summary statistics (SI Fig). Here, we showed that
both implementations are consistently competitive with commonly used SNP-level association
mapping methods and state-of-the-art SNP-set enrichment methods in a wide range of genetic
architectures (Figs 2 and 3, and S2-S23 Figs, and S1-S8 Tables). The advantage of our
approach was most clear when the broad-sense heritability of the complex traits included pair-
wise genetic interactions. In two real GWA datasets, we demonstrated the ability of BANNS to
prioritize trait relevant SNPs and SNP-sets that have been identified by previous publications
and functional validation studies (Fig 4 and S28-S30 Figs, and Tables 1 and 2 and S11-S19
Tables). Lastly, using a third real dataset, we assess the ability of BANNS to statistically replicate
a subset of these findings in an independent cohort (S31-533 Figs and S21 and S22 Tables).

The current implementation of the BANNs framework offers many directions for future
development and applications. Perhaps the most obvious limitation is that ill-annotated
SNP-sets can bias the interpretation of results and lead to misplaced scientific conclusions
(i.e., might cause us to highlight the “wrong” gene [113, 114]). This is a common issue in
most enrichment methods [28]; however, similar to other hierarchical methods like RSS
[26], BANNS is likely to rank SNP-set enrichments that are driven by just a single SNP as less
reliable than enrichments driven by multiple SNPs with nonzero effects. Another current
limitation for the BANNs model comes from the fact that it uses a variational inference to
estimate its parameters. While the current implementation works reasonably well for large
datasets (59 and S10 Tables), we showed that our sparse prior assumption combined with the
variational expectation-maximization algorithm can lead to slightly miscalibrated PIPs (524
Fig), underestimated approximations of the PVE (527 and S28 Figs), and will occasionally
miss causal SNPs if they are in high LD with other non-causal SNPs in the dataset. For exam-
ple, in the application to the Framingham Heart Study, BANNs estimates the PVE for HDL
and LDL to be 0.11 and 0.04, respectively. Similarly, in the UK Biobank study, BANNSs esti-
mates the PVE for HDL and LDL to be 0.12 and 0.06, respectively. In general, these values
are lower than what is typically reported in the literature for these complex phenotypes
(PVE > 27% for HDL and PVE > 21% for LDL, respectively) [115]. Exploring different prior
assumptions and considering other (more scalable) ways to carry out approximate Bayesian
inference is something to consider for future work [116]. For example, the Bayesian sparse
linear mixed modeling (BSLMM) framework [16, 117, 118] extends the traditional spike-
and-slab prior and could provide a useful, yet alternative, hierarchical specification for
BANNE.

There are several other potential extensions for the BANNs framework. First, in the cur-
rent study, we only consider a single hidden layer based on the annotations of gene bound-
aries and intergenic region between genes. One natural direction for future work would be
to a take more of a deep learning approach by including additional hidden layers to the neu-
ral network where genes are grouped based on signaling pathways or other functional ontol-
ogies (e.g., transcription factor binding). This would involve integrating information from
curated databases such as MSigDB [119, 120] or CADD [121]. Second, while BANNS is able
to account for nonlinear genetic effects, it cannot be used to directly identify the component
(i.e., linear vs. nonlinear) that is driving individual SNP or SNP-set associations. A key part
of our future work is learning how to disentangle this information and provide detailed sum-
maries of variant-level and gene-by-gene interaction effects [122]. Third, the current BANNs
model only takes in genetic information and, in its current form, ignores unobserved envi-
ronmental covariates (and potential gene-by-environment or GxE interactions) that explain
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variation in complex traits. In the future, we would like to expand the framework to also take
in covariates as fixed effects in the model. Fourth, we have only focused on analyzing one
phenotype at a time in this study. However, many previous studies have extensively shown
that modeling multiple phenotypes can often dramatically increase power [123]. Therefore,
it would be interesting to extend the BANNSs framework to take advantage of phenotype cor-
relations to identify pleiotropic epistatic effects. Modeling strategies based on the multivari-
ate linear mixed model (mvLMM) [124] and matrix variate Gaussian process (mvGP) [125]
could be helpful here.

As a final avenue for future work, we only focused on applying BANNs to quantitative
traits. For studies interested in extending this approach to binary traits (i.e., case-control stud-
ies), one might be tempted to simply place a sigmoid or logistic link function on the penulti-
mate layer of the neural network. Indeed, this would allow the BANNs framework to be
expressed as a (nonlinear) logistic classification model which is an approach that has been
well-established in the statistics literature [126-128]. Unfortunately, it is not straightforward to
define broad-sense heritability under the traditional logistic regression framework. As one
alternative, we could implement a penalized quasi-likelihood approach [129] which has been
shown to enable effective heritability estimation and differential analyses using the generalized
linear mixed model framework. As a second alternative, the liability threshold model avoids
issues by assuming that binary traits can be modeled via continuous latent liability scores
[130-132]. Therefore, a potentially effective way to extend BANNS to case-control studies
would be to develop a two-step algorithmic procedure where: in the first step, we find the pos-
terior mean of the liability scores be using existing software packages and then, in the second
step, treat those empirical liability estimates as observed traits in the neural network. Regard-
less of the modeling strategy, new algorithms are likely needed to maximize the appropriate-
ness of BANNS for non-continuous phenotypes.

Materials and methods

Annotations

We used the NCBTI’s Reference Sequence (RefSeq) database in the UCSC Genome Browser
[50] to annotate SNPs with appropriate SNP-sets. In the main text, we define genes with
boundaries in two ways: (a) we use the UCSC gene boundary definitions directly, or (b) we
augment the gene boundaries by adding SNPs within a £500 kilobase (kb) buffer to account
for possible regulatory elements. Genes with only 1 SNP within their boundary were excluded
from either analysis. Unannotated SNPs located within the same genomic region were labeled
as being within the “intergenic region” between two genes. Altogether, a total of G = 28,644
SNP-sets were kept for analysis using the UCSC boundaries and a total of G = 35,849 SNP-sets
were kept for analysis when including the 500kb buffer.

Biologically annotated neural networks

Consider a genome-wide association (GWA) study with N individuals. We have an N-dimen-
sional vector of quantitative traits y, an N x ] matrix of genotypes X, with J denoting the num-
ber of single nucleotide polymorphisms (SNPs) encoded as {0, 1, 2} copies of a reference allele
at each locus, and a list of G-predefined SNP-sets {S,, ..., S;} (Fig 1A). Let each SNP-set g
represent a known collection of annotated SNPs j € S, with cardinality |S,|. For example, S,
may include SNPs within the regulatory region of a gene. The BANNs framework assumes a
partially connected Bayesian neural network architecture based on SNP-set annotations to
learn the phenotype of interest for each observation in the data (Fig 1B). Formally, we specify
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this network as a nonlinear regression model (Fig 1C)

G
Y=Y h(X0, + 16w, + 16, (4)

g=1

where X, = [x,, ..., XISgI] is the subset of SNPs annotated for SNP-set g; 0, = (0, ..., H‘Sg‘)

are the corresponding inner layer weights; hi(s) denotes the nonlinear activations defined for
neurons in the hidden layer; w = (w4, . . ., wg) are the weights for the G-predefined SNP-sets in

the hidden layer; b = (6", ..., b{) and b are deterministic biases that are produced dur-
ing the network training phase in the input and hidden layers, respectively; and 1 is an N-
dimensional vector of ones. For convenience, we assume that the genotype matrix (column-
wise) and trait of interest have been mean-centered and standardized. In the main text, /(o) is
defined as a Leaky rectified linear unit (Leaky ReLU) activation function [49], where h(x) = x if
x > 0 and 0.01x otherwise. Note that Eq (4) can be seen as a nonlinear take on classic integra-
tive and structural regression models [22, 26, 133-136] frequently used in GWA analyses.

A key methodological aspect in the BANNSs framework is to treat the weights of the input
(6;) and hidden layers (w,) as random variables. This, in part, enables us to perform interpret-
able association mapping on both SNPs and SNP-sets, simultaneously. For the weights on the
input layer, our goal is to approximate a wide range of possible SNP-level effect size distribu-
tions underlying complex traits. To this end, we assume that SNP-level effects follow a K-mix-
ture of normal distributions [10, 52-54]

91‘ ~ n(aznek N(0,05,) + (1 — )9y, log(m,) ~ U(—log(]),log(1)) (5)

where & is a point mass at zero; 65 = (03, . .., 05, ) are variance of the K-nonzero mixture
components; 77g = (g1, - - -» Nox) represents the marginal (unconditional) probability that
a randomly selected SNP belongs to the k-th mixture component such that ¥ ng, = 1; and my
denotes the total proportion of SNPs that have a nonzero effect on the trait of interest. We
allow sequential fractions of SNPs (7, . . ., Ngx) to correspond to distinctly smaller effects
(o3, > -+ > a},) [53]. Intuitively, specifying a larger K allows the neural network to learn gen-
eral SNP effect size distributions spanning over a diverse class of trait architectures. For results
in the main text, we fix K = 3 for computational reasons. This corresponds to the hypothesis
that SNPs can have large, moderate, and small nonzero effects on phenotypic variation [28].
We assume a uniform prior on log 71y to coincide with the observation that the number of
SNPs in each of these categories can vary greatly depending on how heritability is distributed
across the genome [16, 65] (see S1 Text).

For inference on the hidden layer, we assume that enriched SNP-sets contain at least one
SNP with a nonzero effect. This criterion is formulated by placing a spike and slab prior on the
hidden layer weights

W, ~ n,N(0,02) + (1 — 7,)d,, log(z,) ~ U(—log(G),log(1)) (6)

where, in addition to previous notation, the parameter 7,, denotes the total proportion of
annotated SNP-sets that are enriched for the trait of interest. Given the structural form of the
joint likelihood in Eq (4), the magnitude of association for a SNP-set will be directly influenced
by the effect size distribution of the SNPs it contains.

We use a variational Bayesian algorithm to estimate all model parameters (S1 Text). As the
BANNSs model is trained, the posterior mean for the weights of non-associated SNP and SNP-
sets will trend towards zero as the neural network attempts to identify a subset of neurons that
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are associated with the phenotype. We use posterior inclusion probabilities (PIPs) as a general
summaries of evidence for SNPs and SNP-sets being associated with phenotypic variation.
Here, we respectively define

PIP(j) = Pr[0; # 0]y, X],  PIP(g) = Prlw, # 0]y, X, 6] (7)

where, again for the latter, the enrichment of SNP-sets is conditioned on the association of
individual SNPs. Overall, the Bayesian formulation in the BANNs framework enables network
sparsity to be targeted for GWA applications through contextually motivated sparse shrinkage
prior distributions in Eqs (5) and (6). Moreover, posterior inference on PIP(j) and PIP(g)
detail the degree to which nonzero weights occur.

Posterior computation with variational inference

We combine the likelihood in Eq (4) and the prior distributions in Egs (5) and (7) to perform
Bayesian inference. With the size of high-throughput GWA datasets, it is less feasible to imple-
ment traditional Markov Chain Monte Carlo (MCMC) algorithms due to the large dimension-
ality of the parameter space. For model fitting, we modify a previously established variational
expectation-maximization (EM) algorithm [55, 56] for integrative neural network parameter
estimation. The overall goal of variational inference is to approximate the true posterior distri-
bution for network parameters with a “best match” distribution from an approximating family
[63]. The EM algorithm we use aims to minimize the Kullback-Leibler divergence between the
exact and approximate posterior distributions.

To compute the variational approximations, we make the mean-field assumption that the
true posterior can be “fully-factorized” [137]. The algorithm then follows three general steps.
First, we assign exchangeable uniform hyper-priors over a grid of values on the log-scale for 7y
and 7, [55]. Next, we iterate through each combination of hyper-parameter values and com-
pute variational updates for the other parameters using co-ordinate ascent. Lastly, we empiri-
cally compute (approximate) posterior values for the network connections (6, w) and their
corresponding inclusion probabilities by marginalizing over the different hyper-parameter
combinations. This final step can be viewed as an analogy to Bayesian model averaging where
marginal distributions are estimated via a weighted average of conditional distributions multi-
plied by importance sampling weights [138]. Throughout the model fitting procedure, we
assess two different lower bounds for the input and hidden layers to check convergence of the
algorithm. The first lower bound is maximized with respect to the SNP-level effects on the
observed trait of interest; while, the second lower bound focuses on the SNP-set level enrich-
ments. The software code first iterates over the “inner” lower bound until convergence and
then uses those weights to compute the hidden neurons and maximize the “outer” lower
bound. Detailed steps in the variational EM algorithm, explicit co-ordinate ascent updates for
network parameters, and pseudocode are given in Supporting information.

Parameters in the variational EM algorithm are initialized by taking a random draws from
their assumed prior distributions. Iterations in the algorithm are terminated when either one
of two stopping criteria are met: (i) the difference between the lower bound of two consecutive
updates are within some small range (specified by argument €), or (if) a maximum number of
iterations is reached. For the simulations and real data analyses ran in this paper, we set € =
1 x 107 for the first criterion and used a maximum of 10,000 iterations for the second.

Extensions to summary statistics

The BANNS framework also models summary statistics in the event that individual-level geno-
type and phenotype data are not accessible. Here, the software takes alternative inputs: GWA
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marginal effect size estimates 0 as the response variable, and an empirical linkage disequilib-
rium (LD) matrix R as the design matrix. In the main text, we refer to this version of the
method as the BANN-SS model. We assume that GWA summary statistics are derived from
the following generative linear model for complex traits

y=X0+e, e ~ N(0,7%) (8)

where e is a normally distributed error term with mean zero and scaled variance 7°, and I is
an N x N identity matrix. For every j-th SNP, the ordinary least squares (OLS) estimates are

based on the generative model = (ijxj)flijy, where x; is the j-th column of the individ-

ual-level genotype matrix X and 0 ,is the j-th entry of the vector 6. In practice, the LD matrix
R can be empirically estimated directly from the in-sample GWA study data or from external
data (e.g., using an LD map from a population with genomic ancestry similar to individuals
in the orginial study). Note that all results presented in the main text are based on estimating
R with the in-sample genotype data. The BANN-SS model treats the observed OLS estimates
and LD matrix as “proxies” for the unobserved phenotype and genotypes, respectively. Spe-
cifically, for large sample size N, we consider the asymptotic relationship between the expec-
tation of the observed GWA effect size estimates # and the true coefficient values  is [28, 45,
53, 139]

E[0) =D _r(x;x)0, (9)

where r(x;, X;) denotes the correlation coefficient between SNPs x; and x;. The above

resembles a high-dimensional regression model with the OLS effect sizes @ as the response
variables, the LD matrix R as the design matrix, and the true coefficients 0 being the
SNP-level effects that generated the phenotype. Note that this observation is also utilized
by other GWA summary-level statistical methods (e.g., CAVIAR [45] and RSS [26, 62]).
With this relationship in mind, the BANN-SS framework implements the following sparse
nonlinear regression for inferring multi-scale genomic effects from summary statistics

(S1 Fig)

G
0= Zh(Rgag + 15w, + 162, (10)

g=1

where, in addition to previous notation, R, is the subset of the LD matrix involving all SNPs
annotated for the g-th SNP-set. Using the rewritten joint likelihood in Eq (10), posterior
Bayesian inference for the parameters in the BANN-SS model directly mirrors the proce-
dure used when we have access to individual-level data (i.e., as described previously in Eqs
(5)-(7) and given in detail in the Supporting information). Again, we use measurements
PIP(j) and PIP(g) to summarize whether the true SNP-level effects and aggregated effects on
the SNP-set level are statistically associated with the trait of interest.

Simulation studies

We implement a simulation scheme to generate quantitative traits under multiple genetic

architectures by using real genotype data on chromosome 1 from individuals of European
ancestry in the UK Biobank. First, we randomly select a subset of associated SNP-sets (i.e.,
collections of genomic regions) and assume that complex traits are generated via the linear
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regression model

y= ZXCQC+W(P+87 SNN(vazl), (11)

ceC

where y is an N-dimensional vector containing all the phenotypes; C represents the set of causal
SNPs contained within the associated SNP-sets; x, is the genotype for the c-th causal SNP
encoded as 0, 1, or 2 copies of a reference allele; 0, is the additive effect size for the c-th SNP; W
isan N x E matrix which holds all pairwise interactions between the causal SNPs with corre-
sponding effects ¢; and £ is an N-dimensional vector of environmental noise. The total pheno-
typic variance is assumed V[y] = 1. The additive and interaction effect sizes of SNPs in
associated SNP-sets are randomly drawn from standard normal distributions and then rescaled
so they explain a fixed proportion of the broad-sense heritability V[>_ x 0 ] + V[W¢] = H%.
Lastly the environment noise is rescaled such that V[g] = 1 — H?. The full genotype matrix
and phenotypic vector are given to the BANNs model and all other competing methods that
require individual-level data. For the BANN-SS model and other competing methods that
take GWA summary statistics, we fit a single-SNP univariate linear model via ordinary

least squares (OLS) to obtain: coefficient estimates 9]. = (ijxj)_lijy, standard errors

s$=J'y~- xjéj)T(y — xjéj)/x;xj, and P-values for all SNPs in the data. We also obtain an
empirical estimate of the linkage disequilibrium (LD) matrix for these methods R, which we
compute directly from the full in-sample genotype matrix. Given different model parame-

ters, we simulate data mirroring a wide range of genetic architectures (S1 Text).

URLs

Biologically annotated neural networks (BANNs) software, https://github.com/Icrawlab/
BANNSs; UK Biobank, https://www.ukbiobank.ac.uk; Database of Genotypes and Phenotypes
(dbGaP), https://www.ncbi.nlm.nih.gov/gap; Framingham Heart Study (FHS), https://www.
ncbi.nlm.nih.gov/gap; NHGRI-EBI GWAS Catalog, https://www.ebi.ac.uk/gwas/; UCSC
Genome Browser, https://genome.ucsc.edu/index. html; Enrichr software, http://amp.pharm.
mssm.edu/Enrichr/; Wellcome Trust Centre for Human Genetics, http://mtweb.cs.ucl.ac.uk/
mus/www/mouse/index.shtml; Mouse Genome Informatics database, http://www.informatics.
jax.org; CAusal Variants Identification in Associated Regions (CAVIAR) software, http://
genetics.cs.ucla.edu/caviar/; Efficient variable selection using summary data from GWA stud-
ies (FINEMAP) software, http://www.christianbenner.com; Generalized Berk-Jones (GBJ)

test for set-based inference software, https://cran.r-project.org/web/packages/GB]/; Gene Set
Enrichment Analysis (GSEA) software, https://www.nr.no/en/projects/software-genomics;
SNP-set (Sequence) Kernel Association Test (SKAT) software, https://www.hsph.harvard.edu/
skat; Sum of Single Effects (SuSiE) variable selection software, https://github.com/stephenslab/
susieR; Multi-marker Analysis of GenoMic Annotation (MAGMA) software, https://ctg.cncr.
nl/software/magma; Precise, Efficient Gene Association Score Using SNPs (PEGASUS) soft-
ware, https://github.com/ramachandran-lab/PEGASUS; and Regression with Summary Statis-
tics (RSS) enrichment software, https://github.com/stephenslab/rss.

Supporting information

S1 Fig. Biologically annotated neural networks also take in GWA summary statistics
(BANNS-SS) for multi-scale genotype-phenotype by specifying a partially connected archi-
tecture based on the hierarchical nature of enrichment studies. (A) The BANN-SS frame-
work requires a J-dimensional vector of SNP-level GWA marginal effect size (OLS) estimates
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0= ((917 ..., 0,); an empirical ] x J linkage disequilibrium (LD) matrix R = [ry, . .., r;], where
r; = [r(x; X1), . . ., 1(X}, X))] is a vector of correlation coefficients between the j-th SNP and all
other SNPs in the study; and a list of G-predefined SNP-sets {S, ..., S.}. In this work, SNP-
sets are defined as genes and intergenic regions (between genes) given by the NCBI'’s Reference
Sequence (RefSeq) database in the UCSC Genome Browser [50]. (B) A partially connected
Bayesian neural network is constructed based on the annotated SNP groups. In the first hidden
layer, only SNPs within the boundary of a gene are connected to the same node. Similarly,
SNPs within the same intergenic region between genes are connected to the same node. Com-
pleting this specification for all SNPs gives the hidden layer the natural interpretation of being
the “SNP-set” layer. (C) The hierarchical nature of the network is represented as nonlinear
regression model. The corresponding weights in both the SNP (6) and SNP-set (w) layers are
treated as random variables with biologically motivated sparse prior distributions. Posterior
inclusion probabilities PIP(j) = Pr[6; # 0 | y, X] and PIP(g) = Pr[w, # 0 | y, X, 6,] summarize
associations at the SNP and SNP-set level, respectively. The BANN-SS framework uses the
same variational inference procedure that is used when we have access to individual-level data.
(PDF)

S2 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANN:S (red) and BANN-SS (black) models with competing SNP and SNP-set mapping
approaches in simulations (British cohort). Here, quantitative traits are simulated to have
broad-sense heritability of H> = 0.2 with only contributions from additive effects (i.e., p = 1).
We show power versus false positive rate for two different trait architectures: (A, B) sparse
where only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-
sets are enriched. We then set the number of causal SNPs with non-zero effects to be 1% and
10% of all SNPs located within the selected enriched SNP-sets, respectively. To derive results,
the full genotype matrix and phenotypic vector are given to the BANNs model and all compet-
ing methods that require individual-level data. For the BANN-SS model and other competing
methods that take GWA summary statistics, we compute standard GWA SNP-level effect sizes
and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping
approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE
requires an input £ which fixes the maximum number of causal SNPs in the model. We display
results when this input number is high (¢ = 3000) and when this input number is low (£ = 10).
(B, D) Competing SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27],
SKAT [21], GSEA [43], and MAGMA [23]. Note that the upper limit of the x-axis has been
truncated at 0.1. All results are based on 100 replicates (see S1 Text).

(PDF)

S3 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANN:S (red) and BANN-SS (black) models with competing SNP and SNP-set mapping
approaches in simulations with population structure (European cohort). Here, quantitative
traits are simulated to have broad-sense heritability of H* = 0.2 with only contributions from
additive effects (i.e., p = 1). In these simulations, traits were generated while using the top ten
principal components (PCs) of the genotype matrix as covariates. We show power versus false
positive rate for two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then set
the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within
the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix and
phenotypic vector are given to the BANNs model and all competing methods that require
individual-level data. For the BANN-SS model and other competing methods that take GWA
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summary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input £
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (¢ = 3000) and when this input number is low (¢ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that the upper limit of the x-axis has been truncated at 0.1. All
results are based on 100 replicates (see S1 Text).

(PDF)

S4 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANN:S (red) and BANN-SS (black) models with competing SNP and SNP-set mapping
approaches in simulations with population structure (European cohort). Here, quantitative
traits are simulated to have broad-sense heritability of H* = 0.6 with only contributions from
additive effects (i.e., p = 1). In these simulations, traits were generated while using the top ten
principal components (PCs) of the genotype matrix as covariates. We show power versus false
positive rate for two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then set
the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within
the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix and
phenotypic vector are given to the BANNs model and all competing methods that require indi-
vidual-level data. For the BANN-SS model and other competing methods that take GWA sum-
mary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input ¢
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (¢ = 3000) and when this input number is low (¢ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that the upper limit of the x-axis has been truncated at 0.1. All
results are based on 100 replicates (see S1 Text).

(PDF)

S5 Fig. Receiver operating characteristic (ROC) curves comparing the performance of
the BANNSs (red) and BANN-SS (black) models with competing SNP and SNP-set map-
ping approaches in simulations (British cohort). Here, quantitative traits are simulated to
have broad-sense heritability of H> = 0.2 with equal contributions from additive effects and
epistatic interactions (i.e., p = 0.5). We show power versus false positive rate for two different
trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and
(C, D) polygenic where 10% of SNP-sets are enriched. We then set the number of causal
SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched SNP-
sets, respectively. To derive results, the full genotype matrix and phenotypic vector are given
to the BANNSs model and all competing methods that require individual-level data. For the
BANN-SS model and other competing methods that take GWA summary statistics, we com-
pute standard GWA SNP-level effect sizes and P-values (estimated using ordinary least
squares). (A, C) Competing SNP-level mapping approaches include: CAVIAR [45], SuSiE
[46], and FINEMAP [44]. The software for SuSiE requires an input € which fixes the maxi-
mum number of causal SNPs in the model. We display results when this input number is
high (¢ = 3000) and when this input number is low (¢ = 10). (B, D) Competing SNP-set map-
ping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and
MAGMA [23]. Note that the upper limit of the x-axis has been truncated at 0.1. All results
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are based on 100 replicates (see S1 Text).
(PDF)

S6 Fig. Receiver operating characteristic (ROC) curves comparing the performance of
the BANNSs (red) and BANN-SS (black) models with competing SNP and SNP-set map-
ping approaches in simulations (British cohort). Here, quantitative traits are simulated to
have broad-sense heritability of H* = 0.6 with equal contributions from additive effects and
epistatic interactions (i.e., p = 0.5). We show power versus false positive rate for two different
trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and
(C, D) polygenic where 10% of SNP-sets are enriched. We then set the number of causal
SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched SNP-
sets, respectively. To derive results, the full genotype matrix and phenotypic vector are given
to the BANNs model and all competing methods that require individual-level data. For the
BANN-SS model and other competing methods that take GWA summary statistics, we com-
pute standard GWA SNP-level effect sizes and P-values (estimated using ordinary least
squares). (A, C) Competing SNP-level mapping approaches include: CAVIAR [45], SuSiE
[46], and FINEMAP [44]. The software for SuSiE requires an input £ which fixes the maxi-
mum number of causal SNPs in the model. We display results when this input number is
high (£ = 3000) and when this input number is low (¢ = 10). (B, D) Competing SNP-set map-
ping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and
MAGMA [23]. Note that the upper limit of the x-axis has been truncated at 0.1. All results
are based on 100 replicates (see S1 Text).

(PDF)

S7 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANN:S (red) and BANN-SS (black) models with competing SNP and SNP-set mapping
approaches in simulations with population structure (European cohort). Here, quantitative
traits are simulated to have broad-sense heritability of H> = 0.2 with equal contributions from
additive effects and epistatic interactions (i.e., p = 0.5). In these simulations, traits were gener-
ated while using the top ten principal components (PCs) of the genotype matrix as covariates.
We show power versus false positive rate for two different trait architectures: (A, B) sparse
where only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-
sets are enriched. We then set the number of causal SNPs with non-zero effects to be 1% and
10% of all SNPs located within the enriched SNP-sets, respectively. To derive results, the full
genotype matrix and phenotypic vector are given to the BANNs model and all competing
methods that require individual-level data. For the BANN-SS model and other competing
methods that take GWA summary statistics, we compute standard GWA SNP-level effect sizes
and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping
approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE
requires an input £ which fixes the maximum number of causal SNPs in the model. We display
results when this input number is high (¢ = 3000) and when this input number is low (£ = 10).
(B, D) Competing SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27],
SKAT [21], GSEA [43], and MAGMA [23]. Note that the upper limit of the x-axis has been
truncated at 0.1. All results are based on 100 replicates (see S1 Text).

(PDF)

S8 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANN:S (red) and BANN-SS (black) models with competing SNP and SNP-set mapping
approaches in simulations with population structure (European cohort). Here, quantitative
traits are simulated to have broad-sense heritability of H> = 0.6 with equal contributions from
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additive effects and epistatic interactions (i.e., p = 0.5). In these simulations, traits were gener-
ated while using the top ten principal components (PCs) of the genotype matrix as covariates.
We show power versus false positive rate for two different trait architectures: (A, B) sparse
where only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-
sets are enriched. We then set the number of causal SNPs with non-zero effects to be 1% and
10% of all SNPs located within the enriched SNP-sets, respectively. To derive results, the full
genotype matrix and phenotypic vector are given to the BANNs model and all competing
methods that require individual-level data. For the BANN-SS model and other competing
methods that take GWA summary statistics, we compute standard GWA SNP-level effect sizes
and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping
approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE
requires an input € which fixes the maximum number of causal SNPs in the model. We display
results when this input number is high (¢ = 3000) and when this input number is low (£ = 10).
(B, D) Competing SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27],
SKAT [21], GSEA [43], and MAGMA [23]. Note that the upper limit of the x-axis has been
truncated at 0.1. All results are based on 100 replicates (see S1 Text).

(PDF)

S9 Fig. Precision-recall curves comparing the performance of the BANNS (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations (British cohort). Here, quantitative traits are simulated to have broad-sense heritabil-
ity of H* = 0.2 with only contributions from additive effects (i.e., p = 1). We show precision
versus recall for two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then set
the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within
the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix and
phenotypic vector are given to the BANNs model and all competing methods that require indi-
vidual-level data. For the BANN-SS model and other competing methods that take GWA sum-
mary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input £
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (¢ = 3000) and when this input number is low (¢ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that, for traits with sparse architectures, the top ranked SNPs
and SNP-sets are always true positives, and therefore the minimal recall is not 0. All results are
based on 100 replicates (see S1 Text).

(PDF)

$10 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations (British cohort). Here, quantitative traits are simulated to have broad-sense heritabil-
ity of H* = 0.6 with only contributions from additive effects (i.e., p = 1). We show precision
versus recall for two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then set
the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within
the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix and
phenotypic vector are given to the BANNs model and all competing methods that require indi-
vidual-level data. For the BANN-SS model and other competing methods that take GWA sum-
mary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
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using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input £
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (£ = 3000) and when this input number is low (€ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that, for traits with sparse architectures, the top ranked SNPs
and SNP-sets are always true positives, and therefore the minimal recall is not 0. All results are
based on 100 replicates (see S1 Text).

(PDF)

S11 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations with population structure (European cohort). Here, quantitative traits are simulated
to have broad-sense heritability of H* = 0.2 with only contributions from additive effects (i.e.,
p = 1). In these simulations, traits were generated while using the top ten principal components
(PCs) of the genotype matrix as covariates. We show precision versus recall for two different
trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C,
D) polygenic where 10% of SNP-sets are enriched. We then set the number of causal SNPs
with non-zero effects to be 1% and 10% of all SNPs located within the selected enriched SNP-
sets, respectively. To derive results, the full genotype matrix and phenotypic vector are given
to the BANNs model and all competing methods that require individual-level data. For the
BANN-SS model and other competing methods that take GWA summary statistics, we com-
pute standard GWA SNP-level effect sizes and P-values (estimated using ordinary least
squares). (A, C) Competing SNP-level mapping approaches include: CAVIAR [45], SuSiE
[46], and FINEMAP [44]. The software for SuSiE requires an input £ which fixes the maximum
number of causal SNPs in the model. We display results when this input number is high

(€ =3000) and when this input number is low (£ = 10). (B, D) Competing SNP-set mapping
approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA
[23]. Note that, for traits with sparse architectures, the top ranked SNPs and SNP-sets are
always true positives, and therefore the minimal recall is not 0. All results are based on 100 rep-
licates (see S1 Text).

(PDF)

S12 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations with population structure (European cohort). Here, quantitative traits are simulated
to have broad-sense heritability of H* = 0.6 with only contributions from additive effects (i.e.,
p = 1). In these simulations, traits were generated while using the top ten principal components
(PCs) of the genotype matrix as covariates. We show precision versus recall for two different
trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C,
D) polygenic where 10% of SNP-sets are enriched. We then set the number of causal SNPs
with non-zero effects to be 1% and 10% of all SNPs located within the selected enriched SNP-
sets, respectively. To derive results, the full genotype matrix and phenotypic vector are given
to the BANNs model and all competing methods that require individual-level data. For the
BANN-SS model and other competing methods that take GWA summary statistics, we com-
pute standard GWA SNP-level effect sizes and P-values (estimated using ordinary least
squares). (A, C) Competing SNP-level mapping approaches include: CAVIAR [45], SuSiE
[46], and FINEMAP [44]. The software for SuSiE requires an input £ which fixes the maximum
number of causal SNPs in the model. We display results when this input number is high

(€ =3000) and when this input number is low (£ = 10). (B, D) Competing SNP-set mapping
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approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA
[23]. Note that, for traits with sparse architectures, the top ranked SNPs and SNP-sets are
always true positives, and therefore the minimal recall is not 0. All results are based on 100 rep-
licates (see S1 Text).

(PDF)

$13 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations (British cohort). Here, quantitative traits are simulated to have broad-sense heritabil-
ity of H* = 0.2 with equal contributions from additive effects and epistatic interactions (i.e., p =
0.5). We show precision versus recall for two different trait architectures: (A, B) sparse where
only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets
are enriched. We then set the number of causal SNPs with non-zero effects to be 1% and 10%
of all SNPs located within the selected enriched SNP-sets, respectively. To derive results, the
full genotype matrix and phenotypic vector are given to the BANNs model and all competing
methods that require individual-level data. For the BANN-SS model and other competing
methods that take GWA summary statistics, we compute standard GWA SNP-level effect sizes
and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping
approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE
requires an input £ which fixes the maximum number of causal SNPs in the model. We display
results when this input number is high (¢ = 3000) and when this input number is low (£ = 10).
(B, D) Competing SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27],
SKAT [21], GSEA [43], and MAGMA [23]. Note that, for traits with sparse architectures, the
top ranked SNPs and SNP-sets are always true positives, and therefore the minimal recall is
not 0. All results are based on 100 replicates (see S1 Text).

(PDF)

S14 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations (British cohort). Here, quantitative traits are simulated to have broad-sense heritabil-
ity of H* = 0.6 with equal contributions from additive effects and epistatic interactions (i.e., p =
0.5). We show precision versus recall for two different trait architectures: (A, B) sparse where
only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets
are enriched. We then set the number of causal SNPs with non-zero effects to be 1% and 10%
of all SNPs located within the selected enriched SNP-sets, respectively. To derive results, the
full genotype matrix and phenotypic vector are given to the BANNs model and all competing
methods that require individual-level data. For the BANN-SS model and other competing
methods that take GWA summary statistics, we compute standard GWA SNP-level effect sizes
and P-values (estimated using ordinary least squares). (A, C) Competing SNP-level mapping
approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE
requires an input £ which fixes the maximum number of causal SNPs in the model. We display
results when this input number is high (¢ = 3000) and when this input number is low (¢ = 10).
(B, D) Competing SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27],
SKAT [21], GSEA [43], and MAGMA [23]. Note that, for traits with sparse architectures, the
top ranked SNPs and SNP-sets are always true positives, and therefore the minimal recall is
not 0. All results are based on 100 replicates (see S1 Text).

(PDF)

S15 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in
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simulations with population structure (European cohort). Here, quantitative traits are simu-
lated to have broad-sense heritability of H* = 0.2 with equal contributions from additive effects
and epistatic interactions (i.e., p = 0.5). In these simulations, traits were generated while using
the top ten principal components (PCs) of the genotype matrix as covariates. We show preci-
sion versus recall for two different trait architectures: (A, B) sparse where only 1% of SNP-sets
are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then
set the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located
within the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix
and phenotypic vector are given to the BANNs model and all competing methods that require
individual-level data. For the BANN-SS model and other competing methods that take GWA
summary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input €
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (£ = 3000) and when this input number is low (€ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that, for traits with sparse architectures, the top ranked SNPs
and SNP-sets are always true positives, and therefore the minimal recall is not 0. All results are
based on 100 replicates (see S1 Text).
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$16 Fig. Precision-recall curves comparing the performance of the BANNs (red) and
BANN-SS (black) models with competing SNP and SNP-set mapping approaches in simu-
lations with population structure (European cohort). Here, quantitative traits are simulated
to have broad-sense heritability of H* = 0.2 with equal contributions from additive effects and
epistatic interactions (i.e., p = 0.5). In these simulations, traits were generated while using the
top ten principal components (PCs) of the genotype matrix as covariates. We show precision
versus recall for two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We then set
the number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within
the selected enriched SNP-sets, respectively. To derive results, the full genotype matrix and
phenotypic vector are given to the BANNs model and all competing methods that require indi-
vidual-level data. For the BANN-SS model and other competing methods that take GWA sum-
mary statistics, we compute standard GWA SNP-level effect sizes and P-values (estimated
using ordinary least squares). (A, C) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input €
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (£ = 3000) and when this input number is low (£ = 10). (B, D) Competing
SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA
[43], and MAGMA [23]. Note that, for traits with sparse architectures, the top ranked SNPs
and SNP-sets are always true positives, and therefore the minimal recall is not 0. All results are
based on 100 replicates (see S1 Text).

(PDF)

S17 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations (Brit-
ish cohort). Quantitative traits are simulated to have broad-sense heritability of H* = 0.2 with
only contributions from additive effects set (i.e., p = 1). We consider two different trait archi-
tectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C, D) poly-
genic where 10% of SNP-sets are enriched. We set the number of causal SNPs with non-zero
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effects to be ~ 1% and ~ 10% of all SNPs located within the enriched SNP-sets, respectively.
Results are shown comparing the posterior inclusion probabilities (PIPs) derived by the
BANNs model fit with individual-level data on the x-axis and (A, C) SuSiE [46] and (B, D)
RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maximum number
of causal SNPs (€ = 3000). The blue horizontal and vertical dashed lines are marked at the
“median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. True
positive causal variants used to generate the synthetic phenotypes are colored in red, while
non-causal variants are given in grey. SNPs and SNP-sets in the top right quadrant are selected
by both approaches; while, elements in the bottom right and top left quadrants are uniquely
identified by BANNSs and SuSie/RSS, respectively. Each plot combines results from 100 simu-
lated replicates (see S1 Text).

(PDF)

S18 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations with
population structure (European cohort). Quantitative traits are simulated to have broad-
sense heritability of H* = 0.2 with only contributions from additive effects set (i.e., p = 1).

We consider two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We set the
number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the
enriched SNP-sets, respectively. In these simulations, traits were generated while also using the
top ten principal components (PCs) of the genotype matrix as covariates. Results are shown
comparing the posterior inclusion probabilities (PIPs) derived by the BANNs model fit with
individual-level data on the x-axis and (A, C) SuSiE [46] and (B, D) RSS [26] on the y-axis,
respectively. Here, SuSie is fit while assuming a high maximum number of causal SNPs (€ =
3000). The blue horizontal and vertical dashed lines are marked at the “median probability cri-
terion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. True positive causal variants
used to generate the synthetic phenotypes are colored in red, while non-causal variants are
given in grey. SNPs and SNP-sets in the top right quadrant are selected by both approaches;
while, elements in the bottom right and top left quadrants are uniquely identified by BANNs
and SuSie/RSS, respectively. Each plot combines results from 100 simulated replicates

(see S1 Text).

(PDF)

S19 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations with
population structure (European cohort). Quantitative traits are simulated to have broad-
sense heritability of H* = 0.6 with only contributions from additive effects set (i.e., p = 1).

We consider two different trait architectures: (A, B) sparse where only 1% of SNP-sets are
enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We set the
number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the
enriched SNP-sets, respectively. In these simulations, traits were generated while also using the
top ten principal components (PCs) of the genotype matrix as covariates. Results are shown
comparing the posterior inclusion probabilities (PIPs) derived by the BANNs model fit with
individual-level data on the x-axis and (A, C) SuSiE [46] and (B, D) RSS [26] on the y-axis,
respectively. Here, SuSie is fit while assuming a high maximum number of causal SNPs (¢ =
3000). The blue horizontal and vertical dashed lines are marked at the “median probability cri-
terion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. True positive causal variants
used to generate the synthetic phenotypes are colored in red, while non-causal variants are
given in grey. SNPs and SNP-sets in the top right quadrant are selected by both approaches;
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while, elements in the bottom right and top left quadrants are uniquely identified by BANNs
and SuSie/RSS, respectively. Each plot combines results from 100 simulated replicates (see
S1 Text).

(PDF)

$20 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations (Brit-
ish cohort). Quantitative traits are simulated to have broad-sense heritability of H? =0.2 with
equal contributions from additive effects and epistatic interactions (i.e., p = 0.5). We consider
two different trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the
trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We set the number of causal
SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched SNP-
sets, respectively. Results are shown comparing the posterior inclusion probabilities (PIPs)
derived by the BANNs model fit with individual-level data on the x-axis and (A, C) SuSiE [46]
and (B, D) RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maxi-
mum number of causal SNPs (£ = 3000). The blue horizontal and vertical dashed lines are
marked at the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than
0.5) [57]. True positive causal variants used to generate the synthetic phenotypes are colored in
red, while non-causal variants are given in grey. SNPs and SNP-sets in the top right quadrant
are selected by both approaches; while, elements in the bottom right and top left quadrants are
uniquely identified by BANNs and SuSie/RSS, respectively. Each plot combines results from
100 simulated replicates (see SI Text).

(PDF)

S21 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations (Brit-
ish cohort). Quantitative traits are simulated to have broad-sense heritability of H* = 0.6 with
equal contributions from additive effects and epistatic interactions (i.e., p = 0.5). We consider
two different trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the
trait; and (C, D) polygenic where 10% of SNP-sets are enriched. We set the number of causal
SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched SNP-
sets, respectively. Results are shown comparing the posterior inclusion probabilities (PIPs)
derived by the BANNs model fit with individual-level data on the x-axis and (A, C) SuSiE [46]
and (B, D) RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maxi-
mum number of causal SNPs (£ = 3000). The blue horizontal and vertical dashed lines are
marked at the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than
0.5) [57]. True positive causal variants used to generate the synthetic phenotypes are colored in
red, while non-causal variants are given in grey. SNPs and SNP-sets in the top right quadrant
are selected by both approaches; while, elements in the bottom right and top left quadrants are
uniquely identified by BANNs and SuSie/RSS, respectively. Each plot combines results from
100 simulated replicates (see SI Text).

(PDF)

S22 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations with
population structure (European cohort). Quantitative traits are simulated to have broad-
sense heritability of H* = 0.2 with equal contributions from additive effects and epistatic inter-
actions (i.e., p = 0.5). We consider two different trait architectures: (A, B) sparse where only
1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are
enriched. We set the number of causal SNPs with non-zero effects to be 1% and 10% of all
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SNPs located within the enriched SNP-sets, respectively. In these simulations, traits were gen-
erated while also using the top ten principal components (PCs) of the genotype matrix as
covariates. Results are shown comparing the posterior inclusion probabilities (PIPs) derived
by the BANNSs model fit with individual-level data on the x-axis and (A, C) SuSiE [46] and (B,
D) RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maximum
number of causal SNPs (€ = 3000). The blue horizontal and vertical dashed lines are marked at
the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57].
True positive causal variants used to generate the synthetic phenotypes are colored in red,
while non-causal variants are given in grey. SNPs and SNP-sets in the top right quadrant are
selected by both approaches; while, elements in the bottom right and top left quadrants are
uniquely identified by BANNs and SuSie/RSS, respectively. Each plot combines results from
100 simulated replicates (see S1 Text).

(PDF)

$23 Fig. Scatter plots comparing how the integrative neural network training procedure
enables the ability to identify associated SNPs and enriched SNP-sets in simulations with
population structure (European cohort). Quantitative traits are simulated to have broad-
sense heritability of H* = 0.6 with equal contributions from additive effects and epistatic inter-
actions (i.e., p = 0.5). We consider two different trait architectures: (A, B) sparse where only
1% of SNP-sets are enriched for the trait; and (C, D) polygenic where 10% of SNP-sets are
enriched. We set the number of causal SNPs with non-zero effects to be 1% and 10% of all
SNPs located within the enriched SNP-sets, respectively. In these simulations, traits were gen-
erated while also using the top ten principal components (PCs) of the genotype matrix as
covariates. Results are shown comparing the posterior inclusion probabilities (PIPs) derived
by the BANNs model fit with individual-level data on the x-axis and (A, C) SuSiE [46] and (B,
D) RSS [26] on the y-axis, respectively. Here, SuSie is fit while assuming a high maximum
number of causal SNPs (£ = 3000). The blue horizontal and vertical dashed lines are marked at
the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57].
True positive causal variants used to generate the synthetic phenotypes are colored in red,
while non-causal variants are given in grey. SNPs and SNP-sets in the top right quadrant are
selected by both approaches; while, elements in the bottom right and top left quadrants are
uniquely identified by BANNs and SuSie/RSS, respectively. Each plot combines results from
100 simulated replicates (see SI Text).

(PDF)

$24 Fig. Assessments of posterior inclusion probability (PIP) calibration for both SNP-
level associations and enrichment of SNP-sets. This experiment follows largely from previous
work [46, 65]. Here, SNPs and SNP-sets across simulations are grouped into bins according to
their reported PIPs (using 20 equally spaced bins, from 0 to 1). The plots show the average PIP
for each bin against the proportion of causal SNPs or SNP-sets in that bin. A well calibrated
method should produce points near the x-axis = y-axis line (i.e., the diagonal red lines). Gray
error bars show +2 standard errors. Panel (A, B) shows the comparison of BANNs SNP layer
with SuSiE [46], and (C, D) shows the comparison of BANNs SNP-set layer with RSS [26].
While the inclusion probabilities are not perfectly calibrated for any of the methods, the empir-
ical power and false discovery rate (FDR) above the “median probability criterion” (i.e., PIPs
for SNPs and SNP-sets greater than 0.5) [57] are still reasonably well controlled (see S1-S8
Tables). We hypothesize that these calibration results are due both to consequences of both var-
iational inference and the level of polygenicity with which we simulated synthetic phenotypes.
(PDF)
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$25 Fig. Receiver operating characteristic (ROC) curves comparing the performance of the
BANNs models with different modifications via an ablation test. To investigate how choices
in the model setup contribute to variable selection, we performed an “ablation analysis” where
we modified parts of the BANNSs framework independently and observed their direct effect on
model performance (see S1 Text). We considered two different modifications to our model:
(1) removing the activation function and training a fully linear hierarchical model, and (2)
removing the approximate Bayesian model averaging approach and updating the probabilities
mg and 7,, as additional parameters in the variational EM algorithm. In the normal BANNs
setup, we initialize L different models with varying priors for inclusion probabilities specified
overagrid {n", ..., 7"} € [1/],1] and {nV, ..., 7"} € [1/G, 1], respectively. However, in
the case of the latter ablation modification, we initialize 77y = 1/J and m,, = 1/G as an analogy to
the “single causal variant” assumption frequently used in fine mapping [46]. Next, we update
their values in the M-step of the algorithm according to the following analytic expressions: (A,
C) mo/1 — mg= ¥, Tie /2 2i(1 — ), and (B, D) 7,,/1 — 71, = ¥ 01,/ ¥,(1 — 0t,). Results here are
shown using simulations with the self-identified “white British” ancestry cohort from the UK
Biobank on synthetic traits that have broad-sense heritability H* = 0.6 with sparse genetic
architecture. Each plot combines results from 100 simulated replicates (see S1 Text).

(PDF)

$26 Fig. Boxplots depicting the ability of the BANNs and BANN-SS models to estimate the
phenotypic variation explained (PVE) by SNPs (pink) and SNP-sets (blue) for complex
traits in simulations. In this work, we define PVE as the total proportion of phenotypic vari-
ance that is explained by sparse genetic effects (both additive and non-additive) [16]. Here,
quantitative traits are simulated to have broad-sense heritability of H> = 0.2 with different lev-
els of contributions from additive effects and epistatic interactions. We consider two different
trait architectures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C,
D) polygenic where 10% of SNP-sets are enriched. Panels (A, C) show heritability estimates on
simulations with genetic data from individuals who self-identify as being of “white British”
ancestry in the UK Biobank; while, panels (B, D) show heritability estimates on simulations
with genetic data from individuals who more broadly identify as being of European ancestry.
True heritability values are shown as the dashed grey horizontal lines. The root mean square
error (RMSE) between the BANNSs model estimates of the PVE and the true values are also
provided.
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$27 Fig. Boxplots depicting the ability of the BANNs and BANN-SS models to estimate the
phenotypic variation explained (PVE) by SNPs (pink) and SNP-sets (blue) for complex traits
in simulations. In this work, we define PVE as the total proportion of phenotypic variance that
is explained by sparse genetic effects (both additive and non-additive) [16]. Here, quantitative
traits are simulated to have broad-sense heritability of H* = 0.6 with different levels of contribu-
tions from additive effects and epistatic interactions. We consider two different trait architec-
tures: (A, B) sparse where only 1% of SNP-sets are enriched for the trait; and (C, D) polygenic
where 10% of SNP-sets are enriched. Panels (A, C) show heritability estimates on simulations
with genetic data from individuals who self-identify as being of “white British” ancestry in the
UK Biobank; while, panels (B, D) show heritability estimates on simulations with genetic data
from individuals who more broadly identify as being of European ancestry. True heritability val-
ues are shown as the dashed grey horizontal lines. The root mean square error (RMSE) between
the BANNs model estimates of the PVE and the true values are also provided.

(PDF)
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$28 Fig. Manhattan plots of variant-level fine mapping results for six traits in heteroge-
nous stock of mice from the Wellcome Trust Centre for Human Genetics. Traits are
grouped based on their category and include: (A) body mass index (BMI) and body weight,
(B) percentage of CD8+ cells and mean corpuscular hemoglobin (MCH), and (C) high-density
and low-density lipoprotein (HDL and LDL, respectively) cholesterol. Posterior inclusion
probabilities (PIP) for the input layer weights are derived from the BANNSs model fit on indi-
vidual-level data and are plotted for each SNP against their genomic positions. Chromosomes
are shown in alternating colors for clarity. The black dashed line is marked at 0.5 and repre-
sents the “median probability model (MPM)” threshold [57]. Here, we only color code SNPs
that had a PIP greater than 1% in either trait. SNPs with PIPs exceeding 1% in both traits are
marked by a star and denoted as falling in the “overlap” category. BANNS estimated the follow-
ing PVEs on the SNP and SNP-set levels for these traits, respectively: (i) 0.09 and 0.08 for BMI,
(#7) 0.39 and 0.40 for body weight, (iii) 0.51 and 0.48 for percentage of CD8+ cells, (iv) 0.34 and
0.32 for MCH, (v) 0.34 and 0.28 for HDL, and (vi) 0.15 and 0.15 for LDL.

(PDF)

$29 Fig. Gene set enrichment analyses using the significant SNP-sets identified by BANNs
for high-density and low-density lipoprotein (HDL and LDL, respectively) traits in the
Framingham Heart Study [48]. Here, SNP-set annotations are based on gene boundaries
defined by the NCBI’s RefSeq database in the UCSC Genome Browser [50]. Unannotated
SNPs located within the same genomic region were labeled as being within the “intergenic
region” between two genes. Posterior inclusion probabilities (PIP) for the input and hidden
layer weights are derived by fitting the BANNSs model on individual-level data. A SNP-set is
considered significant if it has a PIP(g) > 0.5 (i.e., the “median probability model” threshold
[57]). We take these significant SNP-sets and conduct “gene set enrichment analysis” using
Enrichr [90, 91] to identify the categories they overrepresent in (A, B) the database of Geno-
types and Phenotypes (dbGaP) and (C, D) the GWAS Catalog (2019). Nearly all enriched
categories are related with (A, C) HDL and (B, D) LDL, respectively. Note that in LDL, the
BANNS framework identified the gene APOB as having a high PIP = 0.976. There have been
hypotheses connecting LDL to cognitive traits [140, 141], and APOB has been shown to be
related to cerebrospinal fluid and memory [142-144]. Therefore, we argue that results in panel
(D) are also relevant.

(PDF)

$30 Fig. Gene set enrichment analyses using the significant SNP-sets identified by BANNs
for high-density and low-density lipoprotein (HDL and LDL, respectively) traits in the
Framingham Heart Study [48]. Here, SNP-set annotations are based on gene boundaries
defined by the NCBI’s RefSeq database in the UCSC Genome Browser [50]. Unannotated
SNPs located within the same genomic region were labeled as being within the “intergenic
region” between two genes. In this analysis, each gene boundary annotation is modfied by add-
ing SNPs within a 500 kilobase (kb) buffer to account for possible regulatory elements. Poste-
rior inclusion probabilities (PIP) for the input and hidden layer weights are derived by fitting
the BANNs model on individual-level data. A SNP-set is considered significant if it has a PIP
(9) > 0.5 (i.e., the “median probability model” threshold [57]). We take these significant SNP-
sets and conduct “gene set enrichment analysis” using Enrichr [90, 91] to identify the catego-
ries they overrepresent in (A, B) the database of Genotypes and Phenotypes (dbGaP) and (C,
D) the GWAS Catalog (2019). Nearly all enriched categories are related with (A, C) HDL and
(B, D) LDL, respectively.

(PDF)
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$31 Fig. Manhattan plot of variant-level association mapping results for high-density and
low-density lipoprotein (HDL and LDL, respectively) traits in ten thousand randomly
sampled individuals of European ancestry from the UK Biobank [31]. Posterior inclusion
probabilities (PIP) for the neural network weights are derived from the BANNSs model fit on
individual-level data and are plotted for each SNP against their genomic positions. Chromo-
somes are shown in alternating colors for clarity. The black dashed line is marked at 0.5 and
represents the “median probability model” threshold [57]. SNPs with PIPs above that thresh-
old are color coded based on their SNP-set annotation. Here, SNP-set annotations are based
on gene boundaries defined by the NCBI’s RefSeq database in the UCSC Genome Browser
[50]. Unannotated SNPs located within the same genomic region were labeled as being within
the “intergenic region” between two genes. These regions are labeled as Genel-Gene2 in the
legend. Gene set enrichment analyses for these SNP-sets can be found in S31 Fig. Stars (%)
denote SNPs and SNP-sets that replicate findings from our analyses of HDL and LDL in the
Framingham Heart Study (see Fig 4 in the main text).

(PDF)

$32 Fig. Gene set enrichment analyses using the significant SNP-sets identified by BANNs
for high-density and low-density lipoprotein (HDL and LDL, respectively) traits in ten
thousand randomly sampled individuals of European ancestry from the UK Biobank [31].
Here, SNP-set annotations are based on gene boundaries defined by the NCBI’s RefSeq data-
base in the UCSC Genome Browser [50]. Unannotated SNPs located within the same genomic
region were labeled as being within the “intergenic region” between two genes. Posterior inclu-
sion probabilities (PIP) for the input and hidden layer weights are derived by fitting the
BANNs model on individual-level data. A SNP-set is considered significant if it has a PIP(g) >
0.5 (i.e., the “median probability model” threshold [57]). We take these significant SNP-sets
and conduct “gene set enrichment analysis” using Enrichr [90, 91] to identify the categories
they overrepresent in (A, B) the database of Genotypes and Phenotypes (dbGaP) and (C, D)
the GWAS Catalog (2019). Nearly all enriched categories are related with (A, C) HDL and

(B, D) LDL, respectively. Note that in LDL, the BANNs framework again identifies the gene
APOB as having a high PIP (replicating the finding in the Framingham Heart Study). There
have been hypotheses connecting LDL to cognitive traits [140, 141], and APOB has been
shown to be related to cerebrospinal fluid and memory [142-144]. Therefore, we argue that
results in panel (B) are also relevant (a similar argument can be made for S33 Fig).

(PDF)

$33 Fig. Gene set enrichment analyses using the significant SNP-sets identified by BANNs
for high-density and low-density lipoprotein (HDL and LDL, respectively) traits in ten
thousand randomly sampled individuals of European ancestry from the UK Biobank [31].
Here, SNP-set annotations are based on gene boundaries defined by the NCBI’s RefSeq data-
base in the UCSC Genome Browser [50]. Unannotated SNPs located within the same genomic
region were labeled as being within the “intergenic region” between two genes. In this analysis,
each gene boundary annotation is modfied by adding SNPs within a 500 kilobase (kb) buffer
to account for possible regulatory elements. Posterior inclusion probabilities (PIP) for the
input and hidden layer weights are derived by fitting the BANNSs model on individual-level
data. A SNP-set is considered significant if it has a PIP(g) > 0.5 (i.e., the “median probability
model” threshold [57]). We take these significant SNP-sets and conduct “gene set enrichment
analysis” using Enrichr [90, 91] to identify the categories they overrepresent in (A, B) the data-
base of Genotypes and Phenotypes (dbGaP) and (C, D) the GWAS Catalog (2019). Note that
for panel (A), BANNSs did not find many enriched SNP-sets with PIPs meeting the “median
probability model” threshold and so we used a lower SNP-set threshold (PIP > 0.1) to enable
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Enrichr to find associated dbGaP categories.
(PDF)

S1 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations.
Here, quantitative traits are simulated to have broad-sense heritability of H* = 0.2 with only
contributions from additive effects set (i.e., p = 1). We consider two different trait architec-
tures: sparse where only 1% of SNP-sets are enriched for the trait; and polygenic where 10% of
SNP-sets are enriched. We set the number of causal SNPs with non-zero effects to be 1% and
10% of all SNPs located within the enriched SNP-sets, respectively. (Top) Competing SNP-
level mapping approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The soft-
ware for SuSiE requires an input € which fixes the maximum number of causal SNPs in the
model. We display results when this input number is high (¢ = 3000) and when this input
number is low (£ = 10). (Bottom) Competing SNP-set mapping approaches include: RSS [26],
PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Results for the BANN,
BANN-SS, and other Bayesian methods are evaluated based on the “median probability crite-
rion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. Results for the frequentist
approaches are based on Bonferroni-corrected thresholds for multiple hypothesis testing
(P=0.05/36518 = 1.37 x 10~° at the SNP-level and P = 0.05/2816 = 1.78 x 10" at the SNP-set
level, respectively). All results are based on 100 replicates and standard deviations of the esti-
mates across runs are given in the parentheses. Approaches with the greatest power are bolded
in purple, while methods with the lowest FDR is bolded in blue.

(PDF)

$2 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations.
Here, quantitative traits are simulated to have broad-sense heritability of H> = 0.6 with only
contributions from additive effects set (i.e., p = 1). We consider two different trait architec-
tures: sparse where only 1% of SNP-sets are enriched for the trait; and polygenic where 10% of
SNP-sets are enriched. We set the number of causal SNPs with non-zero effects to be 1% and
10% of all SNPs located within the enriched SNP-sets, respectively. (Top) Competing SNP-
level mapping approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44]. The soft-
ware for SuSiE requires an input £ which fixes the maximum number of causal SNPs in the
model. We display results when this input number is high (¢ = 3000) and when this input
number is low (¢ = 10). (Bottom) Competing SNP-set mapping approaches include: RSS [26],
PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Results for the BANN,
BANNS-SS, and other Bayesian methods are evaluated based on the “median probability crite-
rion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. Results for the frequentist
approaches are based on Bonferroni-corrected thresholds for multiple hypothesis testing

(P =0.05/36518 = 1.37 x 10~° at the SNP-level and P = 0.05/2816 = 1.78 x 10" at the SNP-set
level, respectively). All results are based on 100 replicates and standard deviations of the esti-
mates across runs are given in the parentheses. Approaches with the greatest power are bolded
in purple, while methods with the lowest FDR is bolded in blue.

(PDF)

$3 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations with
population structure (European cohort). Here, quantitative traits are simulated to have
broad-sense heritability of H* = 0.2 with only contributions from additive effects set (i.e.,

p =1). We consider two different trait architectures: sparse where only 1% of SNP-sets are
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enriched for the trait; and polygenic where 10% of SNP-sets are enriched. We set the number
of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched
SNP-sets, respectively. (Top) Competing SNP-level mapping approaches include: CAVIAR
[45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input € which fixes
the maximum number of causal SNPs in the model. We display results when this input num-
ber is high (¢ = 3000) and when this input number is low (£ = 10). (Bottom) Competing SNP-
set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43],
and MAGMA [23]. Results for the BANN, BANN-SS, and other Bayesian methods are evalu-
ated based on the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than
0.5) [57]. Results for the frequentist approaches are based on Bonferroni-corrected thresholds
for multiple hypothesis testing (P = 0.05/36518 = 1.37 x 10° at the SNP-level and P = 0.05/
2816 = 1.78 x 10~ at the SNP-set level, respectively). All results are based on 100 replicates
and standard deviations of the estimates across runs are given in the parentheses. Approaches
with the greatest power are bolded in purple, while methods with the lowest FDR is bolded in
blue.

(PDF)

$4 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations with
population structure (European cohort). Here, quantitative traits are simulated to have
broad-sense heritability of H> = 0.6 with only contributions from additive effects set (i.e.,

p =1). We consider two different trait architectures: sparse where only 1% of SNP-sets are
enriched for the trait; and polygenic where 10% of SNP-sets are enriched. We set the number
of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the enriched
SNP-sets, respectively. (Top) Competing SNP-level mapping approaches include: CAVIAR
[45], SuSiE [46], and FINEMARP [44]. The software for SuSiE requires an input € which fixes
the maximum number of causal SNPs in the model. We display results when this input num-
ber is high (¢ = 3000) and when this input number is low (£ = 10). (Bottom) Competing SNP-
set mapping approaches include: RSS [26], PEGASUS [25], GB] [27], SKAT [21], GSEA [43],
and MAGMA [23]. Results for the BANN, BANN-SS, and other Bayesian methods are evalu-
ated based on the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets greater than
0.5) [57]. Results for the frequentist approaches are based on Bonferroni-corrected thresholds
for multiple hypothesis testing (P = 0.05/36518 = 1.37 x 10™° at the SNP-level and P = 0.05/
2816 = 1.78 x 10" at the SNP-set level, respectively). All results are based on 100 replicates
and standard deviations of the estimates across runs are given in the parentheses. Approaches
with the greatest power are bolded in purple, while methods with the lowest FDR is bolded in
blue.

(PDF)

S5 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations.
Here, quantitative traits are simulated to have broad-sense heritability of H* = 0.2 with contri-
butions from both additive and epistatic effects set (i.e., p = 0.5). We consider two different
trait architectures: sparse where only 1% of SNP-sets are enriched for the trait; and polygenic
where 10% of SNP-sets are enriched. We set the number of causal SNPs with non-zero effects
to be 1% and 10% of all SNPs located within the enriched SNP-sets, respectively. (Top) Com-
peting SNP-level mapping approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44].
The software for SuSiE requires an input £ which fixes the maximum number of causal SNPs
in the model. We display results when this input number is high (¢ = 3000) and when this
input number is low (£ = 10). (Bottom) Competing SNP-set mapping approaches include: RSS
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[26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Results for the
BANN, BANN-SS, and other Bayesian methods are evaluated based on the “median probabil-
ity criterion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. Results for the frequentist
approaches are based on Bonferroni-corrected thresholds for multiple hypothesis testing

(P =0.05/36518 = 1.37 x 10~° at the SNP-level and P = 0.05/2816 = 1.78 x 10" at the SNP-set
level, respectively). All results are based on 100 replicates and standard deviations of the esti-
mates across runs are given in the parentheses. Approaches with the greatest power are bolded
in purple, while methods with the lowest FDR is bolded in blue.

(PDF)

$6 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations.

Here, quantitative traits are simulated to have broad-sense heritability of H* = 0.6 with contri-
butions from both additive and epistatic effects set (i.e., p = 0.5). We consider two different
trait architectures: sparse where only 1% of SNP-sets are enriched for the trait; and polygenic
where 10% of SNP-sets are enriched. We set the number of causal SNPs with non-zero effects
to be 1% and 10% of all SNPs located within the enriched SNP-sets, respectively. (Top) Com-
peting SNP-level mapping approaches include: CAVIAR [45], SuSiE [46], and FINEMAP [44].
The software for SuSiE requires an input £ which fixes the maximum number of causal SNPs
in the model. We display results when this input number is high (¢ = 3000) and when this
input number is low (£ = 10). (Bottom) Competing SNP-set mapping approaches include: RSS
[26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Results for the
BANN, BANN-SS, and other Bayesian methods are evaluated based on the “median probabil-
ity criterion” (i.e., PIPs for SNPs and SNP-sets greater than 0.5) [57]. Results for the frequentist
approaches are based on Bonferroni-corrected thresholds for multiple hypothesis testing
(P=0.05/36518 = 1.37 x 10~° at the SNP-level and P = 0.05/2816 = 1.78 x 10" at the SNP-set
level, respectively). All results are based on 100 replicates and standard deviations of the esti-
mates across runs are given in the parentheses. Approaches with the greatest power are bolded
in purple, while methods with the lowest FDR is bolded in blue.

(PDF)

S7 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations with
population structure (European cohort). Here, quantitative traits are simulated to have
broad-sense heritability of H* = 0.2 with contributions from both additive and epistatic effects
set (i.e., p = 0.5). We consider two different trait architectures: sparse where only 1% of SNP-
sets are enriched for the trait; and polygenic where 10% of SNP-sets are enriched. We set the
number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the
enriched SNP-sets, respectively. (Top) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input €
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (¢ = 3000) and when this input number is low (¢ = 10). (Bottom) Com-
peting SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21],
GSEA [43], and MAGMA [23]. Results for the BANN, BANN-SS, and other Bayesian methods
are evaluated based on the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets
greater than 0.5) [57]. Results for the frequentist approaches are based on Bonferroni-cor-
rected thresholds for multiple hypothesis testing (P = 0.05/36518 = 1.37 x 10~° at the SNP-
level and P = 0.05/2816 = 1.78 x 10~ at the SNP-set level, respectively). All results are based on
100 replicates and standard deviations of the estimates across runs are given in the parenthe-
ses. Approaches with the greatest power are bolded in purple, while methods with the lowest
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FDR is bolded in blue.
(PDF)

S8 Table. Comparing the empirical power and false discovery rates (FDR) of the BANNs
framework against competing SNP and SNP-set mapping approaches in simulations with
population structure (European cohort). Here, quantitative traits are simulated to have
broad-sense heritability of H* = 0.6 with contributions from both additive and epistatic effects
set (i.e., p = 0.5). We consider two different trait architectures: sparse where only 1% of SNP-
sets are enriched for the trait; and polygenic where 10% of SNP-sets are enriched. We set the
number of causal SNPs with non-zero effects to be 1% and 10% of all SNPs located within the
enriched SNP-sets, respectively. (Top) Competing SNP-level mapping approaches include:
CAVIAR [45], SuSiE [46], and FINEMAP [44]. The software for SuSiE requires an input ¢
which fixes the maximum number of causal SNPs in the model. We display results when this
input number is high (€ = 3000) and when this input number is low (¢ = 10). (Bottom) Com-
peting SNP-set mapping approaches include: RSS [26], PEGASUS [25], GBJ [27], SKAT [21],
GSEA [43], and MAGMA [23]. Results for the BANN, BANN-SS, and other Bayesian methods
are evaluated based on the “median probability criterion” (i.e., PIPs for SNPs and SNP-sets
greater than 0.5) [57]. Results for the frequentist approaches are based on Bonferroni-cor-
rected thresholds for multiple hypothesis testing (P = 0.05/36518 = 1.37 x 10™° at the SNP-
level and P = 0.05/2816 = 1.78 x 10" at the SNP-set level, respectively). All results are based on
100 replicates and standard deviations of the estimates across runs are given in the parenthe-
ses. Approaches with the greatest power are bolded in purple, while methods with the lowest
FDR is bolded in blue.

(PDF)

S9 Table. Computational time for running Bayesian annotated neural networks (BANN’)
and other SNP-level association mapping approaches, as a function of the total number
SNPs analyzed and the number of samples in the data. Methods compared include: BANNS,
CAVIAR [45], SuSiE [46], and FINEMAP [44]. Each table entry represents the average compu-
tation time (in seconds) it takes each approach to analyze a dataset of the size indicated. Run
times were measured on an Intel i5-8259U CPU with base frequency of 2.30GHz, turbo fre-
quency of 3.80GHz, and memory 16GB 2133 MHz LPDDR3. Here, we used 4 cores for paralle-
lization when applicable. The software for SuSiE requires an input £ which fixes the maximum
number of causal SNPs in the model. We display results when this input parameter is high (£ =
3000) and when this input parameter is low (€ = 10). Note that we implemented BANNS using
the Python 3 version of the software, and the timing for its variational algorithm includes
inference on both SNPs and SNP-sets. CAVIAR and FINEMAP are set up to work with GWA
summary statistics, so their inputs (and timing) are the same irrespective of the sample size.
(PDF)

$10 Table. Computational time for running Bayesian annotated neural networks (BANNs)
and other SNP-set level enrichment approaches, as a function of the total number SNP-
sets analyzed and the number of SNPs within each SNP-set. Methods compared include:
BANNS, RSS [26], PEGASUS [25], GBJ [27], SKAT [21], GSEA [43], and MAGMA [23]. Here,
we simulated 10 datasets for each pair of parameter values (number of SNP-sets analyzed and
number of SNPs within each SNP-set). Sample size was held constant at n = 10,000 individuals.
Each table entry represents the average computation time (in seconds) it takes each approach
to analyze a dataset of the size indicated. Run times were measured on an Intel i5-8259U CPU
with base frequency of 2.30GHz, turbo frequency of 3.80GHz, and memory 16GB 2133 MHz
LPDDR3. Here, we used 4 cores for parallelization when applicable. Note that PEGASUS, GB]J,
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SKAT, and MAGMA are score-based methods and, thus, are expected to take the least amount
of time to run. Both the BANNs framework and RSS are regression-based methods. The
increased computational burden of these approaches results from its need to do (approximate)
Bayesian posterior inference; however, the sparse and partially connected architecture of the
BANNSs model allows it to scale more favorably for larger dimensional datasets. Note that we
implemented BANNs using the Python 3 version of the software, and the timing for its vari-
ational algorithm includes inference on both SNPs and SNP-sets.

(PDF)

S11 Table. SNP and SNP-set results for body mass index (BMI) in the heterogenous stock
of mice from the Wellcome Trust Centre for Human Genetics. We analyze ] ~ 10,000 SNPs
and G = 1, 925 SNP-sets from N = 1,814 mice—with specific numbers varying slightly depend-
ing on the quality control procedure for each phenotype (Supporting information). Here,
SNP-set annotations are based on gene boundaries defined by the Mouse Genome Informatics
database (see URLs listed in the main text). Unannotated SNPs located within the same geno-
mic region were labeled as being within the “intergenic region” between two genes. This file
gives the posterior inclusion probabilities (PIPs) for the input and hidden layer neural network
weights after fitting the BANNSs model on the individual-level data. We assess significance for
both SNPs and SNP-sets according to the “median probability model” threshold [57] (i.e.,

PIP > 0.5). Page #1 provides the variant-level association mapping results with columns corre-
sponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in base-pair (bp) coordi-
nates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level posterior inclusion
probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level enrichment results
with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the starting and end-
ing position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6) RSS PIP, which cor-
responds to the posterior inclusion probabilities computed by RSS [26]; (7) the number of
SNPs that have been annotated within each SNP-set; (8) the “top” associated SNP within each
SNP-set; (9) the PIP of each top SNP.

(XLSX)

$12 Table. SNP and SNP-set results for body weight in the heterogenous stock of mice from
the Wellcome Trust Centre for Human Genetics. We analyze ] ~ 10,000 SNPs and G = 1, 925
SNP-sets from N = 1,814 mice—with specific numbers varying slightly depending on the quality
control procedure for each phenotype (Supporting information). Here, SNP-set annotations are
based on gene boundaries defined by the Mouse Genome Informatics database (see URLs in the
main text). Unannotated SNPs located within the same genomic region were labeled as being
within the “intergenic region” between two genes. This file gives the posterior inclusion proba-
bilities (PIPs) for the input and hidden layer neural network weights after fitting the BANNSs
model on the individual-level data. We assess significance for both SNPs and SNP-sets accord-
ing to the “median probability model” threshold [57] (i.e., PIP > 0.5). Page #1 provides the vari-
ant-level association mapping results with columns corresponding to: (1) chromosome; (2) SNP
ID; (3) chromosomal position in base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP,
which corresponds to SNP-level posterior inclusion probabilities computed by SuSiE [46]. Page
#2 provides the SNP-set level enrichment results with columns corresponding to: (1) chromo-
some; (2) SNP-set ID; (3-4) the starting and ending position of the SNP-set chromosomal
boundaries; (5) SNP-set PIP; (6) RSS PIP, which corresponds to the posterior inclusion proba-
bilities computed by RSS [26]; (7) the number of SNPs that have been annotated within each
SNP-set; (8) the “top” associated SNP within each SNP-set; (9) the PIP of each top SNP.

(XLSX)
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$13 Table. SNP and SNP-set results for percentage of CD8+ cells in the heterogenous stock
of mice from the Wellcome Trust Centre for Human Genetics. We analyze ] ~ 10,000 SNPs
and G = 1, 925 SNP-sets from N = 1,814 mice—with specific numbers varying slightly depend-
ing on the quality control procedure for each phenotype (Supporting information). Here,
SNP-set annotations are based on gene boundaries defined by the Mouse Genome Informatics
database (see URLs listed in the main text). Unannotated SNPs located within the same geno-
mic region were labeled as being within the “intergenic region” between two genes. This file
gives the posterior inclusion probabilities (PIPs) for the input and hidden layer neural network
weights after fitting the BANNSs model on the individual-level data. We assess significance for
both SNPs and SNP-sets according to the “median probability model” threshold [57] (i.e.,

PIP > 0.5). Page #1 provides the variant-level association mapping results with columns corre-
sponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in base-pair (bp) coordi-
nates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level posterior inclusion
probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level enrichment results
with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the starting and end-
ing position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6) RSS PIP, which cor-
responds to the posterior inclusion probabilities computed by RSS [26]; (7) the number of
SNPs that have been annotated within each SNP-set; (8) the “top” associated SNP within each
SNP-set; (9) the PIP of each top SNP.

(XLSX)

$14 Table. SNP and SNP-set results for high-density lipoprotein (HDL) cholesterol in the
heterogenous stock of mice from the Wellcome Trust Centre for Human Genetics. We ana-
lyze ] ~ 10,000 SNPs and G = 1, 925 SNP-sets from N = 1,814 mice—with specific numbers
varying slightly depending on the quality control procedure for each phenotype (Supporting
information). Here, SNP-set annotations are based on gene boundaries defined by the Mouse
Genome Informatics database (see URLSs listed in the main text). Unannotated SNPs located
within the same genomic region were labeled as being within the “intergenic region” between
two genes. This file gives the posterior inclusion probabilities (PIPs) for the input and hidden
layer neural network weights after fitting the BANNs model on the individual-level data. We
assess significance for both SNPs and SNP-sets according to the “median probability model”
threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level association mapping results
with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in
base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level
posterior inclusion probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level
enrichment results with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the
starting and ending position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6)
RSS PIP, which corresponds to the posterior inclusion probabilities computed by RSS [26]; (7)
the number of SNPs that have been annotated within each SNP-set; (8) the “top” associated
SNP within each SNP-set; (9) the PIP of each top SNP.

(XLSX)

$15 Table. SNP and SNP-set results for low-density lipoprotein (LDL) cholesterol in the
heterogenous stock of mice from the Wellcome Trust Centre for Human Genetics. We ana-
lyze J = 10,000 SNPs and G = 1, 925 SNP-sets from N = 1,814 mice—with specific numbers
varying slightly depending on the quality control procedure for each phenotype (Supporting
information). Here, SNP-set annotations are based on gene boundaries defined by the Mouse
Genome Informatics database (see URLs listed in the main text). Unannotated SNPs located
within the same genomic region were labeled as being within the “intergenic region” between
two genes. This file gives the posterior inclusion probabilities (PIPs) for the input and hidden
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layer neural network weights after fitting the BANNs model on the individual-level data. We
assess significance for both SNPs and SNP-sets according to the “median probability model”
threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level association mapping results
with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in
base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level
posterior inclusion probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level
enrichment results with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4)
the starting and ending position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6)
RSS PIP, which corresponds to the posterior inclusion probabilities computed by RSS [26]; (7)
the number of SNPs that have been annotated within each SNP-set; (8) the “top” associated
SNP within each SNP-set; (9) the PIP of each top SNP.

(XLSX)

$16 Table. SNP and SNP-set results for mean corpuscular hemoglobin (MCH) in the heter-
ogenous stock of mice from the Wellcome Trust Centre for Human Genetics. We analyze ]
~ 10,000 SNPs and G = 1, 925 SNP-sets from N = 1,814 mice—with specific numbers varying
slightly depending on the quality control procedure for each phenotype (Supporting informa-
tion). Here, SNP-set annotations are based on gene boundaries defined by the Mouse Genome
Informatics database (see URLs listed in the main text). Unannotated SNPs located within the
same genomic region were labeled as being within the “intergenic region” between two genes.
This file gives the posterior inclusion probabilities (PIPs) for the input and hidden layer neural
network weights after fitting the BANNs model on the individual-level data. We assess signifi-
cance for both SNPs and SNP-sets according to the “median probability model” threshold [57]
(i.e., PIP > 0.5). Page #1 provides the variant-level association mapping results with columns
corresponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in base-pair (bp)
coordinates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level posterior inclu-
sion probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level enrichment
results with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the starting
and ending position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6) RSS PIP,
which corresponds to the posterior inclusion probabilities computed by RSS [26]; (7) the num-
ber of SNPs that have been annotated within each SNP-set; (8) the “top” associated SNP within
each SNP-set; (9) the PIP of each top SNP.

(XLSX)

$17 Table. Notable enriched SNP-sets after applying the BANNs framework to high-den-
sity and low-density lipoprotein (HDL and LDL, respectively) traits in the Framingham
Heart Study [48] where each SNP-set annotation has been augmented with a +500 kilobase
(kb) buffer to account for possible regulatory elements. Here, SNP-set annotations are
based on gene boundaries defined by the NCBI's RefSeq database in the UCSC Genome
Browser [50]. Unannotated SNPs located within the same genomic region were labeled as
being within the “intergenic region” between two genes. These regions are labeled as Genel-
Gene2 in the table. Posterior inclusion probabilities (PIP) for the input and hidden layer
weights are derived by fitting the BANNs model on individual-level data. A SNP-set is consid-
ered enriched if it has a PIP(g) > 0.5 (i.e., the “median probability model” threshold [57]). We
report the “top” associated SNP within each region and its corresponding PIP(j). We also
report the corresponding SNP and SNP-set level results after running SuSiE [46] and RSS [26]
on these same traits, respectively. The last column details references and literature sources that
have previously suggested some level of association or enrichment between the each genomic
region and the traits of interest. See S18 and S19 Tables for the complete list of SNP and SNP-
set level results. #: SNPs and SNP-sets replicated in an independent analysis of ten thousand
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randomly sampled individuals of European ancestry from the UK Biobank [31].
(PDF)

S18 Table. SNP and SNP-set results for high-density lipoprotein (HDL) cholesterol in indi-
viduals assayed within the Framingham Heart Study. We analyze ] = 394,174 SNPs and

G =18, 364 SNP-sets from N = 6,950 people. Here, SNP-set annotations are based on gene
boundaries defined by the NCBI’s RefSeq database in the UCSC Genome Browser [50]. Unan-
notated SNPs located within the same genomic region were labeled as being within the “inter-
genic region” between two genes. This file gives the posterior inclusion probabilities (PIPs) for
the input and hidden layer neural network weights after fitting the BANNs model on the indi-
vidual-level data. We assess significance for both SNPs and SNP-sets according to the “median
probability model” threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level associa-
tion mapping results with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chro-
mosomal position in base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which
corresponds to SNP-level posterior inclusion probabilities computed by SuSiE [46]. Page #2
provides the SNP-set level enrichment results with columns corresponding to: (1) chromo-
some; (2) SNP-set ID; (3-4) the starting and ending position of the SNP-set chromosomal
boundaries; (5) SNP-set PIP; (6) RSS PIP, which corresponds to the posterior inclusion proba-
bilities computed by RSS [26]; (7) the number of SNPs that have been annotated within each
SNP-set; (8) the “top” associated SNP within each SNP-set; (9) the PIP of each top SNP. Pages
#3 and #4 provide similar results based on analyses where each SNP-set annotation has been
augmented with a +500 kilobase (kb) buffer to account for possible regulatory elements.

(Z1P)

$19 Table. SNP and SNP-set results for low-density lipoprotein (LDL) cholesterol in indi-
viduals assayed within the Framingham Heart Study. We analyze ] = 394,174 SNPs and

G =18, 364 SNP-sets from N = 6,950 people. Here, SNP-set annotations are based on gene
boundaries defined by the NCBI’s RefSeq database in the UCSC Genome Browser [50]. Unan-
notated SNPs located within the same genomic region were labeled as being within the “inter-
genic region” between two genes. This file gives the posterior inclusion probabilities (PIPs) for
the input and hidden layer neural network weights after fitting the BANNs model on the indi-
vidual-level data. We assess significance for both SNPs and SNP-sets according to the “median
probability model” threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level associa-
tion mapping results with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chro-
mosomal position in base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which
corresponds to SNP-level posterior inclusion probabilities computed by SuSiE [46]. Page #2
provides the SNP-set level enrichment results with columns corresponding to: (1) chromo-
some; (2) SNP-set ID; (3-4) the starting and ending position of the SNP-set chromosomal
boundaries; (5) SNP-set PIP; (6) RSS PIP, which corresponds to the posterior inclusion proba-
bilities computed by RSS [26]; (7) the number of SNPs that have been annotated within each
SNP-set; (8) the “top” associated SNP within each SNP-set; (9) the PIP of each top SNP. Pages
#3 and #4 provide similar results based on analyses where each SNP-set annotation has been
augmented with a £500 kilobase (kb) buffer to account for possible regulatory elements.

(Z1P)

$20 Table. Complete summary of the results after applying BANNS, SuSiE [46], and RSS
[26] to high-density lipoprotein (HDL) and low-density lipoprotein (LDL) cholesterol in
both individuals assayed within the Framingham Heart Study and ten thousand randomly
sampled individuals of European ancestry from the UK Biobank. The first page compares
the overlap of significant SNPs and SNP-sets found by each method according to the “median
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probability model” threshold [57] (i.e., PIP > 0.5) in the Framingham Heart Study. The second
page lists how many SNPs and SNP-sets were replicated for each method when analyzing the
independent dataset from the UK Biobank. Results are based on defining gene boundaries in
two ways: (a) we use the UCSC gene boundary definitions directly, and (b) we augment the
gene boundaries by adding SNPs within a +500 kilobase (kb) buffer to account for possible
regulatory elements.

(XLSX)

$21 Table. SNP and SNP-set results for high-density lipoprotein (HDL) cholesterol in ten
thousand randomly sampled individuals of European ancestry from the UK Biobank. We
analyze the same J = 394,174 SNPs and G = 18, 364 SNP-sets used in the Framingham Heart
Study analyses. Here, SNP-set annotations are based on gene boundaries defined by the
NCBTI’s RefSeq database in the UCSC Genome Browser [50]. Unannotated SNPs located
within the same genomic region were labeled as being within the “intergenic region” between
two genes. This file gives the posterior inclusion probabilities (PIPs) for the input and hidden
layer neural network weights after fitting the BANNSs model on the individual-level data. We
assess significance for both SNPs and SNP-sets according to the “median probability model”
threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level association mapping results
with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in
base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level
posterior inclusion probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level
enrichment results with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the
starting and ending position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6)
RSS PIP, which corresponds to the posterior inclusion probabilities computed by RSS [26]; (7)
the number of SNPs that have been annotated within each SNP-set; (8) the “top” associated
SNP within each SNP-set; (9) the PIP of each top SNP. Pages #3 and #4 provide similar results
based on analyses where each SNP-set annotation has been augmented with a £500 kilobase
(kb) buffer to account for possible regulatory elements.

(Z1P)

$22 Table. SNP and SNP-set results for low-density lipoprotein (LDL) cholesterol in ten
thousand randomly sampled individuals of European ancestry from the UK Biobank. We
analyze the same ] = 394,174 SNPs and G = 18, 364 SNP-sets used in the Framingham Heart
Study analyses. Here, SNP-set annotations are based on gene boundaries defined by the
NCBUI’s RefSeq database in the UCSC Genome Browser [50]. Unannotated SNPs located
within the same genomic region were labeled as being within the “intergenic region” between
two genes. This file gives the posterior inclusion probabilities (PIPs) for the input and hidden
layer neural network weights after fitting the BANNs model on the individual-level data. We
assess significance for both SNPs and SNP-sets according to the “median probability model”
threshold [57] (i.e., PIP > 0.5). Page #1 provides the variant-level association mapping results
with columns corresponding to: (1) chromosome; (2) SNP ID; (3) chromosomal position in
base-pair (bp) coordinates; (4) SNP PIP; and (5) SuSiE PIP, which corresponds to SNP-level
posterior inclusion probabilities computed by SuSiE [46]. Page #2 provides the SNP-set level
enrichment results with columns corresponding to: (1) chromosome; (2) SNP-set ID; (3-4) the
starting and ending position of the SNP-set chromosomal boundaries; (5) SNP-set PIP; (6)
RSS PIP, which corresponds to the posterior inclusion probabilities computed by RSS [26]; (7)
the number of SNPs that have been annotated within each SNP-set; (8) the “top” associated
SNP within each SNP-set; (9) the PIP of each top SNP. Pages #3 and #4 provide similar results
based on analyses where each SNP-set annotation has been augmented with a £500 kilobase
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(kb) buffer to account for possible regulatory elements.
(ZIP)

$1 Text. Supplementary and background information for results mentioned in the main
text. Specifically, we give description of the variational inference algorithm for the BANN
framework, the data quality control procedures, simulation setup and scenarios, and additional
results for the traits analyzed from the Framingham Heart Study and the UK Biobank.

(PDF)
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