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Analysis of the CAGI6-Sherloc data

Uncertain significance

49.18%

Likely benign

30.09%

Benign

8.42%
Pathogenic

7.56%

Likely pathogenic
4.75%

Fig: The proportion of different
clinical classifications

Table: Distribution of variants in different regions

Percentage Train (n=414 970) Test (n=121 711)

CDS 87.96% 71.28%

intronic 7.90% 24.90%

splicing 3.77% 2.95%

UTR 0.37% 0.84%

upstream 0.00%(n=21) 0.03%(n=31)
downstream 0.00%(n=2) 0.00%(n=0)
intergenic 0.00%(n=2) 0.00%(n=5)

annotated by ANNOVAR1; CDS: coding sequences;
splicing: within 2bp of a splicing junction;
UTR: untranslated regions;
up-/downstream: the 2000-bp up-/downstream of transcripts

• unbalanced dataset: ∼ 10% of variants are pathogenic
• Almost all (> 99%) the variants reside in transcripts
• > 70% of variants are in coding regions

1Wang et al., 2010
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CDS intronic splicing UTR upstream downstreamintergenic
Pathogenic 28429 391 3385 74 3 1 0
Likely pathogenic 4368 222 4252 77 2 0 0
Uncertain significance 199382 9567 6886 602 10 0 1
Likely benign 108791 19132 967 642 2 1 1
Benign 31508 4129 483 163 4 0 2

0

20

40

60

80

100

Pe
rc

en
ta

ge
 %

Fig: The proportion of clinical classifications in different regions (training data)

• splice site variants: RNA-level features (splicing, RBP binding sites, ...)
• coding variants: protein-level features (evolutionary conservation, structure, ...)
• intronic variants: epigenetic&regulatory features (TFBS, eQTL, chromatin

accessibility, histone marks, ...)
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Methods: input features

basic annotation
- length
- frameshift
- start gain/loss
- stop gain/loss
- synonymous

mutation database
- Allele Frequency (AF)
from gnomAD(v3)

- eQTL
merging 49 tissues from GTEx

conservation scores
- phyloP and phastCons
 in mammal, primate & 

vertebrate from UCSC

protein features
- PSSM(protein-level conservation)

 psiblast against Uniref90

- disorder
predicted by SPOT-disorder

other genomics features
- TFBS: CTCF/EP300/POLR2A

 from ENCODE

- chromatin accessibility
 DNase-seq from ENCODE

- core histone marks
from Roadmap

RNA features

- predicted ΔΨ
by MMSplice

- RBP binding sites
 in K562 & HepG2 

from ENCODE

FASVAR: Integrating Functional genomics data And DNA/protein Sequence-derived
features to prioritize pathogenic VARiants
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Position-specific scoring matrix (PSSM)

WT-protein sequence psi-blast
======⇒

Uniref90
MSA

Mk,j=
1
N

N∑
i=1

I(Xi,j=k)

===============⇒ M
position probability matrix

Mk,j=log2(Mk,j/bk)
=============⇒ M

PSSM

residue sequencial number

2
0

 r
o
w

s 
(2

0
 a

m
in

o
 a

ci
d
s)

I
L
M
W
C
H
D
Y

N

G

P

E

R

Q

K

S

A
T
F

F
I
P
V
L
M

HC
D
N
R
Q
K
E
Y
S

T

A

H
Q
E
A

K

FIYD

V
L
G

M
F
L
W
H
C
D
N
G
E
R
K
Y
S

Q

T

A

V

N
T
S
M
F
H
Y
C
V

L

Q

I

P

R

K

E

G

D

A

K
D
P
E

MY
F
I
H
V
T

N

S

A

D
E
WFYM
H
I
P
V
L
N

K

Q

S
A
T

HFY

P
R
D
I
K
E
G
L

Q
R
K
C

F
M
H
Y
V

P

I

L

G

D

T

N
S
A
E

D
Q
E
C

F
Y
M
I
H
V
L
P
T

G

R

A

S

W

F
K
R
C

H
Y
M
I

N

V

G

A

Q

T

E

S

L

M

V
L
I
WHC
N
P
D
Q
E
G
R
K
Y

S

T

A

T

N

G

A

Q

S

HFYM

P
D
I
K
V
L

R

I
Q
K
WY
H
M
P
F
D
N
G
E

V

L

S

A

M

A
I
V
L

H

N
P
R
D
Q
E
Y
K
G
S

W
M

Y

V
I
L
F

H
N
P
R
D
Q
E
K
G
T

A

Q

K
N
E
D

MWH
I
F
Y
P
V
L
R

T

S

A

CF
I

L

V

QNPRKE

T
S

F
T
A
G
S

PRDKENI
L

Q
R
K

F
Y
M
I
P
V
D
L

G

S

A

I
V
F
T

QYRENGK
S
A
L

I

V

A

NRDQYP
F
K
E
G
L

M
F

V
L
I

HPRDQ
K
E
N
G
S

Q
H
W

I
F
V
M
P

D

T

N

L

G

A

K

E

S

F
Y
W
C
N

M

P

R

Q

K

E

H

T

G
S
A

V
I
L

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
M V K L S K E A K Q R L Q Q L F K G S Q F A I R W

A -3 -1 1 -3 -1 -1 0 2 -2 -2 -3 -2 1 -1 1 -1 -1 0 1 -2 -1 3 0 -2 -3
R -3 -4 0 -4 -2 -2 0 -2 2 -1 7 -4 0 1 -4 -4 -1 -3 -2 4 -2 -3 -3 0 -4
N -4 -4 0 -5 1 -1 -1 0 -1 0 -2 -5 2 -1 -4 -4 3 -3 -1 -1 -1 -3 -2 -1 -4
D -5 -5 -2 -6 -1 3 2 -2 -3 1 -4 -5 -1 -2 -4 -4 4 -4 -2 -2 -3 -3 -3 -2 -5
C -3 -3 -3 -3 -2 -5 -4 -3 -6 -5 -5 -3 -3 -4 0 0 -4 1 0 -4 -2 -1 -2 0 -3
Q -2 -3 2 -2 -2 0 0 2 1 5 -1 -4 3 4 -3 -3 1 -3 -2 3 -2 -2 -2 2 -3
E -4 -4 1 -5 -2 4 5 -2 -1 5 -2 -5 0 -1 -4 -4 3 -3 -2 0 -2 -2 -3 -1 -4
G -5 -3 -1 -6 -2 -3 0 -2 -4 -2 -3 -5 1 -2 -3 -3 0 0 2 -2 -2 -1 -3 -2 -3
H -3 -4 1 -4 -3 -1 -2 -3 -3 -1 -3 -5 -2 -1 -4 -3 -2 -3 -1 1 -3 -3 -2 8 -1
I 2 1 -3 0 -3 -4 -4 -2 -4 -5 -4 5 -1 1 2 3 -4 2 -1 -4 1 2 3 -4 -1
L 1 1 -2 5 -5 -4 -4 -2 -5 -5 -1 3 -2 -2 3 2 -4 1 -1 -3 -1 -1 1 -3 -2
K -3 -4 3 -4 -2 2 -1 -2 7 0 1 -4 -1 4 -3 -3 1 -3 -2 4 -1 -2 -3 -1 -4
M 9 7 -2 4 -4 -4 -3 0 -4 -3 -2 1 -1 -1 1 1 -3 0 -1 -2 -1 0 2 -1 -2
F -1 1 -3 3 -5 -4 -5 -4 -6 -5 1 0 -3 -2 -1 5 -3 1 1 -4 3 -1 3 -3 1
P -4 2 0 -3 -2 4 -3 -2 -4 -3 -4 -5 -1 -3 -4 -4 -3 -3 -2 -3 -3 -2 -3 -2 -4
S -3 -3 0 -4 6 -1 0 2 -2 -1 -2 -3 2 -1 -2 -3 -1 -1 2 -2 -1 0 -2 -1 -3
T -2 -2 0 -3 2 -2 0 4 -3 -3 -2 -2 1 0 0 -1 -1 -1 1 0 3 0 0 -2 -3
W -3 -4 -4 -3 -5 -5 -2 -4 -6 -5 1 -4 -2 -1 -4 1 -1 0 -3 -4 -2 -3 -2 -3 10
Y -3 -2 -1 -2 -4 -4 -4 -3 -4 -4 -3 -1 -2 -3 -2 1 -2 0 -2 -3 -1 -1 0 0 6
V 0 2 -1 -1 -4 -3 -3 0 -5 -4 -3 3 -1 -1 4 2 -3 3 0 -3 1 2 2 -4 -2

Fig: PSSM & sequence logo2

PSSM-based mutation score:
• single substitution (SNV),

the j-th AA k1 is substituted by k2:

Sk1→k2,j = |Mk2,j − Mk1,j|

• multiple substitutions (MNV),
from the j-th AA to the j′-th AA:

Sk∗,j−j′ =
j′∑

t=j
|Mk2,t − Mk1,t|

• deletion, j ∼ j′ AAs deleted:
Sdel,j−j′ =

j′∑
t=j

|Mk1,t|

• insertion, a d-AA fragment
inserted at j:
Sins,j−j′ =

j+l−1∑
t=j

|Mk1,t|

2created by Seq2Log-2.0: https://services.healthtech.dtu.dk/service.php?Seq2Logo-2.0
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Methods: model training

n=248 792

n=160 258

n=3634

n=2290

SNV indel/MNV
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split by variant types 5 folds (x 4 groups)
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by chromosome

split

FASVAR model XGBoost model (x 4 groups)

training & fine-tuning

combine

predicted
pathogenicity

1

0.5

predict

• training separated models for coding/non-coding SNVs/indels(MNVs)
• avoid overfitting: chromosome-split 5-fold cross-validation
• FASVAR-meta: a meta-model combining FASVAR with CADD, JARVIS,

ReMM, MVP, and M-CAP
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Results: feature analysis based on training data

PSSM-mutation-score

SPOT-Disorder

MMSplice

phyloP46way.vertebrate

phyloP100way

phastCons100way

phastCons46way.vertebrate

phyloP46way.primates

gnomAD.v3.AF

phastCons46way.primates

length

H3K9me3

H3K27me3

H3K36me3

H3K27ac

distance to eQTL

H3K4me3

DNase I

PLS

no
n-

co
di

ng
 S

NV

UTRin
tro

ni
c

sy
no

ny
m

ou
s

in
de

ls/
M
NVs

sp
lic

in
g

m
iss

en
se

CDS

0.85

0.78

0.77

0.74

0.73

0.67

0.62

0.61

0.52

0.52

0.59

0.52

0.53

0.5

0.51

0.51

0.67

0.76

0.74

0.75

0.75

0.71

0.6

0.71

0.54

0.64

0.67

0.54

0.63

0.63

0.62

0.61

0.63

0.87

0.77

0.76

0.73

0.73

0.66

0.62

0.61

0.51

0.53

0.51

0.58

0.53

0.53

0.52

0.51

0.5

0.92

0.84

0.84

0.78

0.76

0.74

0.69

0.59

0.51

0.58

0.55

0.52

0.53

0.54

0.53

0.51

0.5

0.9

0.75

0.59

0.62

0.62

0.63

0.63

0.61

0.65

0.62

0.63

0.53

0.55

0.51

0.55

0.52

0.54

0.54

0.53

0.68

0.73

0.82

0.73

0.73

0.61

0.59

0.59

0.66

0.52

0.52

0.54

0.54

0.53

0.53

0.52

0.53

0.53

0.51

0.93

0.77

0.62

0.72

0.72

0.66

0.65

0.64

0.67

0.57

0.51

0.5

0.53

0.51

0.51

0.5

0.51

0.5

0.95

0.81

0.57

0.68

0.69

0.63

0.62

0.6

0.69

0.56

0.67

0.54

0.53

0.53

0.52

0.51

0.52

0.52

0.51

0.0

0.2

0.4

0.6

0.8

Fig: The AUC of top-20 features on training data in
different groups (a mutation could be categorized to
multiple groups)

• PSSM-mutation-score: effective for variants
that alter protein sequence

• Protein disorder predicted by
SPOT-disorder23 is also informative, especially
for indels/MNVs and coding variants

• MMSplice-based features4

• effective for synonymous mutations &
non-coding SNVs

3Cheng et al., 2019; 4Hanson et al., 2016
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Results: evaluation
• Test data labels: taken from ClinVar 5 (date: 2022-04-03)

• 68 432 labeled variants (8856 pathogenic/likely pathogenic variants)
• Methods for comparison

• whole-genome methods: CADD6, JARVIS7, ReMM8

• missense-only methods: MVP9, m-CAP10

• A more challenging scenario:
• data leakage11: genes with rich labeled variants in training data may

result in an inflated evaluation of performance
• A hard test dataset: excluding genes with more than 10 variants in the

training data from the test dataset
⇒ 7026 variants on 904 genes (329 pathogenic and 6697 non-pathogenic
(benign/uncertain significance) variants)

5https://ftp.ncbi.nlm.nih.gov/pub/clinvar/
6Kircher et al., 2014; Rentzsch et al., 2019.
7Vitsios et al., 2021.
8Smedley et al., 2016.
9Qi et al., 2021.

10Jagadeesh et al., 2016.
11Grimm et al., 2015.
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Results: performance on different datasets

FASVAR FASVAR-meta
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Results: comparing FASVAR with other methods
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NOTE: Only the variants that can be predicted by all the models in each group are retained
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Results: evaluation on the hard test dataset

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.2

0.4

0.6

0.8

1.0

P
re

ci
si

o
n

FASVAR - CADD (n=6537)

FASVAR-meta(0.563)

FASVAR(0.533)

CADD(0.447)

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.2

0.4

0.6

0.8

1.0

P
re

ci
si

o
n

FASVAR - JARVIS (n=6201)

FASVAR-meta(0.565)

FASVAR(0.539)

JARVIS(0.033)

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.2

0.4

0.6

0.8

1.0

P
re

ci
si

o
n

FASVAR - ReMM (n=6590)

FASVAR-meta(0.563)

FASVAR(0.535)

ReMM(0.066)

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.2

0.4

0.6

0.8

1.0

P
re

ci
si

o
n

FASVAR - M-CAP (n=4039)

FASVAR-meta(0.191)

FASVAR(0.116)

M-CAP(0.092)

0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.0

0.2

0.4

0.6

0.8

1.0

P
re

ci
si

o
n

FASVAR - MVP (n=4115)

FASVAR-meta(0.196)

FASVAR(0.124)

MVP(0.172)

Created for CAGI 6 genomeinterpretation.org Ken Chen



Summary

• Evolutionary information contributes the most to the prediction
• Protein evolutionary information: PSSM substitution score
• DNA evolutionary information: conservation scores

• Protein disordered regions are likely12 to be more tolerant to mutations
• Disrupting splicing may be one mechanism of the pathogenicity of synonymous

and non-coding mutations
• The chromosome-split cross-validation strategy effectively avoids data leakage

and makes the model robust for genes with rare labeled variants

12Ahmed et al., 2022.
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Thanks!
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