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Abstract

Associations between single-nucleotide polymorphisms (SNPs) and phenotype
are an important research paradigm in genomics and have been extensively stud-
ied, especially for the purpose of bettering our understanding of he emergence
and development of disease. Various methodologies accommodating different data
types, data qualities and genomic properties have been developed. In this work,
we focus on a specific aspect of the analysis, namely the computation of an associ-
ation score using a statistical procedure. We argue that Bayesian inference using
a mixture prior that is learned from the data leads to better predictions than
existing approaches, and suggest its incorporation into existing tools. To demon-
strate its power, we implement the new procedure and compare its performance
to popular tools on simulated data. We also detect associations between disease
and SNPs using a real, modest-size RNA-Sequencing dataset, showing that the
method can produce useful insights and has broad applicability.

Keywords: Bayesian Inference, Region of Practical Equivalence, Single-Nucleotide
Polymorphism

1 Introduction

Association between single-nucleotide polymorphisms, whether those that correspond
to heritable changes to DNA or those resulting from somatic mutations, and pheno-
type have been widely used in genomics for the purpose of understanding conditions
for which a mechanistic understanding is lacking. DNA- and RNA-Sequencing have
generated a large number of high-throughput datasets, which can be utilized for this
purpose, both at the single-cell and at whole-sample resolution [1–3]. Extensive work
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has been done on the topics of data analysis and variant identification, both at the
bulk and single-cell level [4–6]. Association studies may be conducted genome-wide [7],
over the transcriptome [8, 9] or combine insights derived at multiple levels of resolution
[10]. Typically, a statistical procedure is employed in order to separate real associa-
tions from spurious ones, in particular in computational tools that are intended for use
by the research community [11, 12]. The latter aspect of the analysis is the focus of
this paper. When associations are ranked using Null-Hypothesis Significance Testing,
multiple testing correction procedures are applied to the resulting p-values in order
to discard spurious associations [13–15]. This is essential due to the large number of
tests that are required with high-throughout data. As an alternative, the Bayes Factor
has been suggested for evaluating Bayesian models of association [16]. In this work we
suggest a Bayesian approach that accounts for multiple comparisons, and at the same
time produces probabilities of association. It is based on the Region of Practical Equiv-
alence(ROPE) [17], which has been suggested as a summary of the posterior, namely
for producing posterior error probabilities (PEP). It does so by summing the posterior
density in a predefined region of no effect. We harness an application of the ROPE for
multiple comparisons that has been used for the study of differential gene expression
and splicing [18] and adapt it for finding associations between SNPs and phenotypes.
By using a mixture prior with components for significant and spurious associations,
where spurious association value fall within the ROPE, we are able to incorporate the
multiple comparison adjustment of posterior probabilities into the data modeling. The
PEPs are then obtained by using the ROPE summary of the posterior. We argue that
the new approach is more accurate than existing ones, and furthermore that PEPs are
simpler to integrate over different data types, thereby improving the quality of studies
that combine differential gene expression, alternative splicing and genomic elements
that influence them. In the following section (Methods) we describe this procedure in
more detail. We then demonstrate its effectiveness in the Results section.

2 Methods

For modeling allele occurrence in cases and controls, we construct a Bayesian model
that is one component of the hierarchical Bayesian model described in Karlebach et
al. [18, 19]. In Karlebach et al., changes in gene isoform proportions between cases and
control samples are modeled using the Aitchison perturbation [20]. We use the same
parameter for changes in allele probabilities, and the observed data, that is the alle-
les at each sample, are modeled as categorical variables. We are asking the question
whether two multinomial distributions have different parameters. In order to do that,
we need two tools: 1. A parameter that represents the difference, and 2. A way to
determine what is the probability that the parameter in 1 represents a real difference.
The Aitchison perturbation provides us with the first tool, and using a mixture distri-
bution based on the ROPE provides us with the second. More specifically: Denoting
the vector of probabilities of the different alleles in control samples as ϕ⃗, the prior
distribution of ϕ⃗ is:

ϕ⃗ ∼ Dir(⃗1) (1)
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As in Karlebach et al., denote the vector that represents changes in allele probabilities
as α⃗. Then the prior of α⃗ is a mixture of two Dirichlet distributions: one uniform over
all points in its support (as the prior of ϕ⃗), and one concentrated within the Region
of Practical Equivalence(ROPE) [17]:

α⃗ ∼ θ ·Dir(⃗1) + (1− θ) ·Dir(K⃗) (2)

In our implementation, we followed [18] and set K = 50. With a large number of
tests, it is impractical to compute the posterior distribution of the mixture weight
parameter for all the tests jointly, but the mode can be efficiently obtained through
numerical optimization. The mode can then be used as a prior for each test/SNP
separately. In other words, the parameter θ can be replaced by a constant. Since it
is the only parameter that is common to all the events, the parameters of each event
can be inferred separately after this substitution. When the data does not contain any
significant associations, the prior will restrict all the posteriors into the ROPE. With
larger fractions of significant tests, the weight of the prior’s first component increases,
and more associations will be detected. Hence the weights of the prior components
will be different for different datasets. This approach has the attractive property that
performing more tests only reduces the number of findings if the added tests contain
a smaller fraction of true associations. Now the ith allele in the control samples can
be modeled as:

allele controli ∼ Cat(ϕ⃗) (3)

And the jth allele in the case samples as:

alelle casej ∼ Cat(
ϕ⃗j · secαi∑
1≤k≤T ϕ⃗k · α⃗k

) (4)

The Categorical variable can represent a number of variants, but can also repre-
sent heterozygote and homozygote genotypes, and even include a category for samples
where no call was made, in order to test for technical issues with the caller or the data.
Both the search for the mode of the mixture weight θ and the sampling from the pos-
terior are implemented using the R interface to Stan, rstan [21].
Once a sample from the posterior is obtained, the posterior error probability is the
fraction that falls within the ROPE. Since all the values in the ROPE are practically
equivalent to no effect, the density of the posterior there is the probability of no effect.
In fact, two slightly different summaries are possible here due to the nature of the
Aitchison perturbation, as described in [19]. One produces the probability of change
for each individual proportion, and the other the probability that a change occurred
at the genomic site, without assigning it to a specific allele/proportion. Whichever
summary is chosen, we can then set a probability threshold for true associations, or
we can choose to include the largest group of associations such that their expected
PEP is less than a threshold such as 0.05. Assuming that the probabilities of no effect
are independent, the fraction of false positives can be computed as the mean of the
PEPs of the group of events selected for consideration.
The PEP can also be used as-is in calculations of the joint probability of different
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events, such as the occurrence of a somatic mutation and a change in gene expression.
If PEPDE is the PEP for differential expression of a gene and PEPSNP is the PEP
for a specific SNP occurring in that gene, the probability of both events occurring is
(1− PEPDE) · (1− PEPSNP ). PEPs for both differential gene expression and alter-
native splicing are computed by the HBA-DEALS tool [18], although at the moment
it is only applicable to genes with more than a single expressed isoform. However, it
is rather straightforward to generalize the HBA-DEALS model for genes with a single
expressed isoform.
While using MCMC is computationally demanding, the bottleneck of the calculation
is the computations of the posteriors of the individual alleles, which can be dis-
tributed over multiple cores. With extensive computational resources being dedicated
to next generation sequencing pipelines, investing resources for improvements in anal-
ysis results is quite reasonable. All the calculations in this work were done using a
multicore personal computer.

3 Results

3.1 Simulation

In order to test the suggested approach on data where the ground truth is known, we
generated 10 simulated SNP datasets of cases and controls, where the genotype can be
homozygous for the reference allele, heterozygous or homozygous for a single alterna-
tive allele. This setting has the advantage that it is compatible with popular tools and
is also focused on the core task of scoring association between genotype and phenotype.
Since the changes in allele proportions due to somatic mutations are not restricted to
a specific type of mapping, we assign equal probability to each possible change. Each
sample has 10,000 sites, including 100 in which allele proportions change between
cases and controls. RNA-Seq experiments often include a modest number of samples,
and therefore we create 50 control samples and 50 case samples in each dataset. For
comparison to the new procedure, we run the association tests that are implemented
in PLINK [11] and SNPTEST [12]. The arguments for PLINK were –condition-list
vid.txt dominant –assoc - -adjust, the arguments for the frequentist test of SNPTEST
were -frequentist 2 -method newml , the arguments for the Bayesian test of SNPTEST
were -bayesian 2 -method score and the arguments for the script implementing the
new method were mcmc.warmup = 20000,mcmc.iter = 200000,allele.level = F. The
first two procedures produce BH-corrected p-values, the third produces Bayes Factors
and the latter PEPs. We set an FDR threshold of 0.05 for the frequentist scores, and
for compatibility select the largest set of events such that their mean PEP is at most
0.05. For the SNPTEST Bayesian score, we set a threshold of a fold-change of 2. The
fraction of true proportion-changes that were detected for each of the 10 datasets are
shown in Figure 1, as well as the fraction of false-positives out of the total number of
predictions. As can be seen in the figure, the new method (ROPE in the figure) detects
on average 21.5% true associations with a fraction of false-positives under the required
threshold(0.5%), compared to (SNPTEST) (11.3% and 7.6%, respectively), PLINK
(25% and 51%, respectively) and SNPTEST Bayesian (32.8% and 88.1%, respetively).
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Figure 2 shows the mean recall false positive fractions for each tool for varying thresh-
olds. These figures illustrates that ROPE controls the false positives rate and for a
given rate produces more correct findings. The performance of the different methods
did not change when using 106 instead of 104 sites, and therefore using our approach
for GWAS can also be beneficial.

We therefore conclude that the new method is more sensitive and accurate than
existing procedures.

3.2 Application to RNA-Sequencing Data

To demonstrate the method on a real dataset, we use the RNA-seq dataset of Hooks
et al. [22], including 30 hepatoblastoma tumor vs. 30 normal samples, and excluding
the cell line samples. Fastp [23] was used for sample quality control , the STAR aligner
[24] to align reads to the human genome, and cellSNP [25] in order to call variants in
each sample. As a list of variants for cellSNP, we chose variants that are predicted to
destabilize protein structure [26]. The three proportions to compare between cases and
controls were a genotype of 0/0 (homozygous for the reference, or non-destabilizing
allele), a genotype with at least one affected allele (0/1 or 1/1), and no variant call at
the site. Significant change in the latter proportion is used as an indicator that calling
at that site was not reliable and should be discarded. Since the mutations are pre-
dicted to destabilize protein structure, we aggregate all the mutations that fall within
the same gene. Hence if a gene does not have a destabilizing mutations it would be
homozygous for all the reference alleles that fall within that gene, and if a destabilizing
variant occurs at any position the protein product will be destabilized. After variant
predictions, as an additional quality control measure, we removed genomic sites where
cellSNP did not call any allele for more than 25% of the samples.
After computing the PEPs for each proportion of each gene, we selected the largest
set of changing proportions such that their mean PEP is at most 0.05. We performed
the analysis at the single-proportion level and not at the gene level in order to be able
to detect significant differences in variant-call rates between cases and controls. The
genes in which such sites were detected were removed from the results, as their analy-
sis could have been affected by confounding factors. Seven significantly mutated genes
passed all filters (Table 1). Figure 3 displays the ratio between the number of case sam-
ples and control samples in which each gene was mutated. As the figure shows, all the
genes were mutated in more case samples than control samples, as should be expected,
since control samples are from normal tissues which typically will not include protein-
destabilizing mutations. Figure 4 shows a histogram of the library-size normalized
log-read-counts for the gene PIK3R2, in cases and control samples. PIK3R2 is signif-
icantly affected by destabilizing mutations in case samples compared to controls, and
it is also down-regulated in case samples, possibly as a cellular response to its defec-
tive protein product. In fact, all of the detected genes were down-regulated in case
samples. Their mean expression log-fold-changes are displayed in Figure 5. As can be
seen in the figure, all the genes had at least a twofold reduction (log-fold change of -1)
in mean expression in controls compared to cases. This finding suggests an interesting
possibility that protein-destabilizing mutations in hepatoblastoma are systematically
followed by up-regulation of expression, potentially contributing to pathology.
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Table 1 Significantly Mutated Genes

Entrez Gene ID Ensembl Gene ID Gene Symbol

5296 ENSG00000105647 PIK3R2
145173 ENSG00000187676 B3GLCT
3339 ENSG00000142798 HSPG2
51199 ENSG00000100503 NIN
63895 ENSG00000154864 PIEZO2
64283 ENSG00000214944 ARHGEF28
9820 ENSG00000044090 CUL7

Fig. 1 Recall and false-positives fractions (y-axis, red- and blue- outlined bars, respectively) on each
of 10 simulated datasets (x-axis)

4 Conclusion

In this work we presented a novel procedure for identifying associations between
SNPs and phenotypes. Our procedure improves the accuracy of significance scores
and produces a posterior error probability that can be easily interpreted and used for
downstream analysis. Using a modest-size RNA-Seq dataset, we were able to detect
mutations that occur significantly more frequently in hepatoblastoma samples vs.
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Fig. 2 Mean recall and false-positives fractions (y-axis, red- and blue- outlined bars, respectively)
for varying cutoff thresholds.

control samples, and postulated a possible link between these mutations and disease
pathology. In the future, we plan to apply the new procedure to a broad range of
datasets and integrate gene expression, alternative splicing and SNP information using
posterior error probabilities, in order to elucidate the interplay between the three
processes. Better recall and fewer false positives can help us establish a clearer under-
standing of the roles of SNPs and their induced expression and splicing changes in
disease.
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and cases(blue), for the gene PIK3R2, which is also significantly mutated in case samples.

The data is used in this work is available publicly at the Gene Expression Omnibus
at https://www.ncbi.nlm.nih.gov/geo/

4.3 Ethics Declaration

Not applicable.

4.4 Consent to Publish Declaration

Not applicable.

4.5 Consent to Participate Declaration

Not applicable.

8



−2.0

−1.5

−1.0

−0.5

0.0

5296 51199 145173 9820 63895 3339 64283
Entrez Gene ID

E
xp

re
ss

io
n 

lo
gF

C

Fig. 5 Log-fold change of mean expression values in controls vs. cases, for genes that are significantly
mutated in cases. All seven genes are down-regulated in controls.
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