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When using prior D1 , we estimate BFs and posterior distributions via MCMC. Specifically, given observed phenotypes y and observed genotype data Gobs (which for the tag SNP
design will consist of genotypes of all SNPs in the panel, and genotypes of tag SNPs in the cohort), we sample from the joint distribution of the model parameters, (µ, τ, β = (a, k)), and
of the “complete” genotypes G (which will consist of genotypes at all SNPs in all individuals,
including particularly the genotypes at the non tag SNPs in the cohort).
In outline the approach is:
1. Update G given the genotype information available Gobs .
2. Update the genetic effects parameters a, k, µ
3. Update τ from τ |a, k, µ, G, y
These steps are iterated many times to obtain samples from a Markov-Chain whose stationary
distribution is the joint posterior distribution of all model parameters.
Updating the genotypes To update G we first propose a new value G0 from P (G|Gobs ),
and use a Metropolis-Hastings step to accept or reject it. The new configuration is accepted
with probability:
!
P (y|µ, a, k, τ, G0 )
a = min 1,
.
(1)
P (y|µ, a, k, τ, G)
(Here the proposal probability has cancelled with the prior distribution to yield this acceptance probability.)
In practice, we actually generated a large number of samples from P (G|Gobs ), using
PHASE (1; 2) or fastPHASE (3) and propose new configurations by choosing uniformly at
random from this sample.
Update of the genetic effects To describe this update we introduce additional notation.
Let γ denote the set of SNPs which are QTNs, L denote the maximum number of QTNs
allowed under our prior, and nS denote the total number of SNPs in the region. To update the
genetic effect parameters we first propose a new value γ ∗ for γ, as follows. With probability
0.2 we set γ ∗ = γ. Otherwise we propose a new value γ ∗ by adding and/or removing a SNP
from γ:
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1. If γ contains no SNPs, we add a new SNP at random.
2. If γ includes L SNPs: if L = nS then remove a SNP at random; otherwise with
probability 0.5 remove a SNP at random, and with probability 0.5 remove a SNP at
random from γ and add a randomly-chosen SNP currently not in γ.
3. In all other configurations for γ, we either change the status (i.e. from included to not
included or from not included to included) of a SNP at random (with probability 0.5)
or switch a SNP included with a non-included SNP (probability 0.5).
Then, given the proposed new set of QTNs, γ ∗ , we jointly propose new values for their
respective regression coefficients and the reference mean µ, by sampling from the proposal
distribution
qak (µ∗ , a∗ , k∗ |γ ∗ ) ∼ N (B, V),
(2)
where B = VXt y, V = (τ Xt .X + v−1 )−1 and v = diag(σµ2 , σa2 /τ, σk2 σa2 /τ, . . . , σa2 , σk2 σa2 /τ ).
Here, unlike in the main paper, we assume the design matrix, X, has the first column a
vector of 1s, to incorporate the intercept term. The dimensions of X and v are function of
the number of QTNs. We took σµ2 to be very large.
The idea here is that qak is an approximation to the conditional distribution of µ, a, k
given all the other parameters. Specifically, it would be the posterior distribution of the
regression coefficients if priors on the additive effect and dominance effect were joint normal,
with prior distribution p̂(µ, a, k|γ, τ ) ∼ N (0, v). As a result,
qak (µ, a, k|γ) =

P (y|µ, a, k, τ, γ, G)p̂(µ, a, k|γ, τ )
p̂(y|γ, τ, G)

(3)

where the denominator p̂(y|γ, τ, G) is the integral of the numerator over µ, a, k, which can
be computed analytically as in prior D2 below, leading to:
p̂(y|γ, τ, G) = (2π)−n/2 τ n/2

h
i
|V|1/2
t
t −1
exp
−0.5(y
y
−
B
V
B)
.
|v|1/2

(4)

The new proposed values are then accepted with probability:
P (y|µ∗ , a∗ , k∗ , γ ∗ , τ, G)P (µ∗ , a∗ , k∗ |γ ∗ , τ )P (γ ∗ ) qak (µ, a, k|γ) q(γ|γ ∗ )
a = min 1,
P (y|µ, a, k, γ, τ, G)P (µ, a, k|γ, τ )P (γ)
qak (µ∗ , a∗ , k∗ |γ ∗ ) q(γ ∗ |γ)
!
p̂(y|γ ∗ , τ, G)P (µ∗ , a∗ , k∗ |γ ∗ , τ ) p̂(µ, a, k|γ, τ ) P (γ ∗ ) q(γ|γ ∗ )
= min 1,
.
p̂(y|γ, τ, G)p̂(µ∗ , a∗ , k∗ |γ ∗ , τ ) P (µ, a, k|γ, τ ) P (γ) q(γ ∗ |γ)

!
(5)

As the effect of a QTN typically depends substantially on which other SNPs are QTNs,
this joint update of all the QTNs effects at once is essential to achieve a good mixing of the
chain.
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Update of τ

We update τ by sampling from its full conditional distribution:


X
2
τ |µ, β, y, G ∼ Γ n/2, ( (yi − (µ + xi (G)β)) )/2

(6)

i

where xi (G) is the ith row of the design matrix formed from genotypes G.
Approximation of BFs from MCMC output To approximate the BF we applied
the MCMC scheme with a prior odds of 1 (i.e. probability of 0.5 on each of the null and
alternative models), and then estimate the BF for the alternative vs the null model using
the estimated posterior odds, being the ratio of the number of iterations in which γ contains
at least one SNP to the number of iterations in which γ contains no SNPs (adding one to
both the numerator and denominator to deal with potential 0 counts).
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