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S1 Supplementary Figures
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Supplementary Figure S1: Differences in validation correlation with respect
to BayesR for four annotation scenarios. For h? = 0.2 and h? = 0.5 and
Elarge = 1%, Kiarge = 2.5% and kiarge = 5%, the difference in validation correla-
tion between the three models including annotations (BayesRC, BayesRCw and
BayesRC+, gathered under the BayesRC* label) and BayesR, which does not
include annotations. Colored bars and error bars represent averages and the
95% confidence interval across 50 simulated datasets.
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Supplementary Figure S2: Using the PAIP to interpret annotation importance
for BayesRCn. Results are shown for h2 = 0.5, klarge = 5%, and scenario A. (A)
Posterior mean frequency of marker assignment to the strongly enriched annota-
tion (i.e., strongly enriched PAIP) by simulated effect size category (null, small,
medium, high). Results are averaged across 50 independent datasets. (B) Dis-
tribution of the log posterior variance of markers by PAIP-assigned annotation
for one illustrative dataset.

S3



k=2.5%

g .
o L ]
83 : °
®© .
>
=
L k=5%
2
1]
o
L 14 ____J____ I =
(o)) l 1 [ ] L T ]
] [ ] [ ] [

2 3 4 5
Number of annotations for large QTLs

Supplementary Figure S3: Impact of number of annotations on markers for
BayesRC+ model. Log posterior variance of large effect QTLs by the number
of associated annotations. All QTLs across the 50 independent datasets are
represented. Results are shown for h? = 0.5 and scenario D (including 9 anno-
tations), and for kiarge = 2.5% (top panel) and kiarge = 5% (bottom panel). The
black dotted lines represent the true simulated value of log V; for each Kijarge.
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Supplementary Figure S5: Impact of annotation construction on variance esti-
mation in BayesRCr for ADG trait. The three panels correspond to “regular”
(top), “fuzzy” (middle), and “hard” (bottom) annotations for BayesRCw. For
each, the posterior variance of markers, averaged on the 10-fold datasets, is rep-
resented and colored according to its fuzzy window annotation: unannotated,
annotated or ambiguously annotated (i.e both annotated and unannotated).
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S2 Algorithm pseudocode and details

Algorithm 1 BayesR pseudo-code

Initialization
for each iteration do
update p.
for iin 1:p do
=9+ ibi
for k in 1:4 do
compute LogL(i, k|r)
end for
assign SNP i to k € {1,2,3,4} |LogL(i, .|7)
update [32|I%
y=y- xZ/B’L
end for
update 03, o2,
end for

Algorithm 2 BayesRC pseudo-code; #C; = 1 Vi

Initialization
for each iteration do
update p.
for iin 1:p do
g=y+z i c=C;
for k in 1:4 do
compute LogL(i, k|c,7.)

end for
assign SNP i to k € {1,2,3,4} |LogL(i, |c, 7.)
update 3; |k
y=9—.b
end for
update 07,02, e, , Tey, T,
end for
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Algorithm 3 BayesRCrm pseudo-code; #C; > 1 Vi

Initialization
for each iteration do
update p|.
for iin 1:p do
for c € C; do
compute LogL(i, c|p;)
end for
assign SNP i to ¢ € C; |LogL(i,.|p;)
=9+ iBi
for k in 1:4 do
compute LogL(i, k|é, 7s)
end for
assign SNP i to k € {1,2,3,4} |LogL(i,.|¢,mz)
update ,81|l%
y=9—x.ibi
end for
update 03,03,7@1,7@2, i TTe s D1y D25 s Dp
end for

Algorithm 4 BayesRC+ pseudo-code; #C; > 1 Vi

Initialization
for each iteration do
update pu|.
for iin 1:p do
y=9+.ibi
for ¢ € ¢; do
for k in 1:4 do
compute LogL(i, k|c, 7.)
end for
assign SNP i to k € {1,2,3,4} |LogL(i, .|c, 7.
update 5i,c|i€
ﬂ = g - x.,iﬁi,c
end for
61' = Zceci ﬁi,c
end for
update 03, 02 Moy, My, - Te
end for
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