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Supplementary Fig. 1. Receiver operating characteristic (ROC) curves of ClearVariant and baseline models. ClearVariant outperforms all baseline models. The dotted red line represents the y = x line, and with both All LOF and All GOF curves coinciding with it.
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Supplementary Fig. 2. Multiple performance metrics for GOF/LOF prediction. Comparison of ClearVariant and baseline models. a, Accuracy. b, GOF AUPRC. c, LOF AUPRC. d, AUROC. e, GOF F1. f, LOF F1. g, GOF Precision. h, LOF Precision. i, GOF Recall. j, LOF Recall.
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Supplementary Fig. 3. Performance comparison between ClearVariant and a model with a single ESM-2 encoder. Shown are the learning curves of ClearVariant, which compares reference and variant sequences using two ESM-2 encoders (blue line), and of a model trained only on variant sequences using one ESM-2 encoder (gray line). The Matthews Correlation Coefficient (MCC) is presented as training progress.
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Supplementary Fig. 4. Density plots of in-silico pathogenicity prediction scores for GOF and LOF variants. a, Distribution of AlphaMissense scores for GOF, LOF, and all possible missense variants in canonical human proteins. b, Distribution of 3Cnet scores for GOF and LOF variants (P = N.S., Mann–Whitney U test). c, Distribution of 3Cnet scores for GOF, LOF, and all possible missense variants for RefSeq human proteins. N.S. indicates P > 0.01.
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Supplementary Fig. 5. Density plots of in-silico pathogenicity prediction scores for GOF and LOF variants predicted by ClearVariant. a, Distribution of AlphaMissense scores for predicted GOF, predicted LOF, and all possible missense variants in canonical human proteins. b, Distribution of AlphaMissense score for predicted GOF and LOF variants (P = N.S., Mann–Whitney U test). c, Distribution of 3Cnet scores for predicted GOF, predicted LOF, and all possible missense variants for RefSeq human proteins. d, 3Cnet score distribution for predicted GOF and LOF variants (P = N.S., Mann–Whitney U test). N.S. indicates P > 0.01.
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Supplementary Fig. 6. ClearVariant prediction performance for GOF and LOF classification, based on AlphaMissense-predicted pathogenicity. a-j, Comparison of ClearVariant's predictive performance between likely benign and likely pathogenic variants classified by AlphaMissense. (a) Accuracy. (b) GOF AUPRC. (c) LOF AUPRC. (d) AUROC. (e) GOF F1 score. (f) LOF F1 score. (g) GOF precision. (h) LOF precision. (i) GOF recall. (j) LOF recall. k, Number of predicted benign and pathogenic variants in the test sets of the 5-fold cross-validation.
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Supplementary Fig. 7. Number of labeled variants per protein for variants predicted as likely benign or likely pathogenic by ClearVariant. For each variant, the total number of labeled variants (i.e., variants with ground truth annotations as pathogenic or benign) associated with the same protein was counted. a,b, Prediction of AlphaMissense on likely benign versus likely pathogenic labels for variants with pathogenic GOF or LOF annotations. (a) Comparison of the number of labeled variants per protein between variants predicted as likely pathogenic and those predicted as likely benign. (b) Same as (a), but excluding proteins that contain variants in both the “likely benign” and “likely pathogenic” groups.
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Supplementary Fig. 8. Number of labeled variants per protein for variants correctly and incorrectly predicted by ClearVariant. For each variant, the total number of labeled variants (i.e., variants with ground truth annotations, GoF/LoF) associated with the same protein was counted. a,b, ClearVariant predictions for pathogenic gain-of-function (GOF) and loss-of-function (LOF) variants. (a) Comparison of the number of labeled variants per protein between variants where ClearVariant correctly predicted the GOF/LOF label and those where it did not. (b) Same as (a) but excluding proteins that contain variants in both the "incorrect" and "correct" groups.









[image: ]
Supplementary Fig. 9. Similarity in ClearVariant's mutation effect predictions based on the chemical properties of the variant residue, for variants not included in the training set. Similarity was calculated using the mutation effect prediction values for two variants and defined as 1 minus the absolute difference between their predicted effects. a, One of two variant residues is charged positive (Arg, His, Lys). b, One of two variant residues is charged negative (Asp, Glu). c, One of two variant residues is polar uncharged (Ser, Thr, Asn, Gln). d, One of two variant residues is hydrophobic (Ala, Val, Ile, Leu, Met, Phe, Tyr, Trp).
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Supplementary Fig. 10 Similarity in mutational effect predictions based on the chemical properties of wild-type and variant amino acids. The similarity between the predicted mutational effect scores of the wild-type and variant protein was analyzed based on the chemical property similarities between the wild-type and variant amino acids. Similarity was defined as 1 - abs (predicted score of wild-type - predicted score of the variant). a, Wild-type amino acid is charged positive (Arg, His, Lys). b, Wild-type amino acid is charged negative (Asp, Glu). c, Wild-type amino acid is polar uncharged (Ser, Thr, Asn, Gln). d, Wild-type amino acid is hydrophobic (Ala, Val, Ile, Leu, Met, Phe, Tyr, Trp).
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Supplementary Fig. 11. Similarity in mutational effect predictions based on the chemical properties of wild-type and variant amino acids for variants not included in the training set. The similarity between the predicted mutational effect scores of the wild-type protein and variant proteins was analyzed based on the chemical property similarities between the wild-type and variant amino acids. Similarity was defined as 1 - abs (predicted score of wild-type - predicted score of the variant). a, Wild-type amino acid is charged positive (Arg, His, Lys). b, Wild-type amino acid is charged negative (Asp, Glu). c, Wild-type amino acid is polar uncharged (Ser, Thr, Asn, Gln). d, Wild-type amino acid is hydrophobic (Ala, Val, Ile, Leu, Met, Phe, Tyr, Trp).
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Supplementary Fig. 12. Median DMS scores of residues with and without inter-residue interactions in each ProteinGym dataset.
Red dots represent mutated residues involved in inter-residue interactions, while blue dots represent mutated residues without such interactions. Each pair of dots connected by a solid line corresponds to the same dataset. If the interacting residue has a higher DMS score, the line is colored red; if the non-interacting residue has a higher score, the line is colored blue. Dark-coloured dots represent residue pairs with a C-alpha distance ≤ 5 Å, whereas light-coloured dots represent cases where the shortest atomic distance is ≤ 3 Å, defining an interaction.
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Supplementary Fig. 13. Multiple performance metrics for protein mutational effect prediction. Performance evaluation on the ProteinGym dataset. Performance was assessed using a, R². b, Spearman’s rank correlation. c, Kendall’s Tau correlation. d, Pearson correlation.
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Supplementary Fig. 14. Variant coverage by experiment types. Variant coverage across different mutational scanning experiment categories in the ProteinGym dataset. Variant coverage was calculated as number of variants divided by sequence length, with the maximum of 19 missense variants. a, Coverage of all variants, including double mutations. b, Coverage of missense variants. The p-value was determined using the Mann-Whitney U test. Statistical significance is indicated as follows: * for p ≤ 0.05; ** for p ≤ 0.001; and *** for p ≤ 0.0001. Pairs without significance marks indicate that no significant difference was observed. Apart from comparisons involving stability, no significant differences were observed.
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Supplementary Fig. 15. Prediction performance by experiment types. Mutational effect prediction performance across different mutational scanning experiment categories in the ProteinGym dataset. a, R². b, Spearman’s rank correlation. c, Kendall’s Tau correlation. d, Pearson correlation. The p-value was determined using the Mann-Whitney U test. Statistical significance is indicated as follows: * for p ≤ 0.05; ** for p ≤ 0.001; and *** for p ≤ 0.0001. Pairs without significance marks indicate that no significant difference was observed.
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Supplementary Fig. 16. Ratio of the median attention score between domain residues and other residues. A ratio above 0.0 indicates that residues within the same domain as the region of interest (ROI) have higher attention scores than residues in other domains or non-domain regions. The x-axis is log₁₀-transformed. Dots are coloured blue if the ratio is above 0.0 and salmon if below. The Wilcoxon signed-rank test was used to assess whether positive ratios have statistically larger absolute values than negative ratios. Interestingly, attention scores tend to be higher within protein domains, suggesting that residues in other domains and non-domain regions have lower attention scores with the ROI. This pattern reflects established biological knowledge, highlighting the functional importance of intra-domain residue interactions.
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Supplementary Fig. 17. Experimental score coverage and the proportion of variants with experiment scores higher than that of the wild type in each ProteinGym dataset. Experiment score coverage refers to the proportion of possible missense variants for which experimental scores have been measured. The y-axis represents the proportion of variants with measured experimental scores that exceed that of the wild type. Among the 92 proteins in the ProteinGym expression, stability, and activity collections, only 32 proteins for which wild-type experimental values could be identified from the original publications were included in this analysis.
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Supplementary Fig. 18. Multiple performance metrics for chronological GOF/LOF prediction. Prediction performance on a dataset updated in chronological order. a, Accuracy. b, GOF AUPRC. c, LOF AUPRC. d, AUROC. e, GOF F1. f, LOF F1. g, GOF Precision. h, LOF Precision. i, GOF Recall. j, LOF Recall. k, Year of data curation for the training and chronological test datasets used in ClearVariant. The training data for ClearVariant were curated in 2021, while the chronological test data were curated in 2023. The test dataset excludes any variants that were already included in the 2021 training dataset.
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Supplementary Fig. 19. GOF/LOF prediction performance of ClearVariant on variants from novel and non-novel proteins in the chronological test.
Novel proteins are those for which no variants were included in the training dataset. Non-novel proteins are those for which at least one variant was present in the training data, although the specific variants tested here were not. a, Accuracy. b, GOF AUPRC. c, LOF AUPRC. d, AUROC. e, GOF F1 score. f, LOF F1 score. g, GOF precision. h, LOF precision. i, GOF recall. j, LOF recall.
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Supplementary Fig. 20. Balanced sampling of GOF/LOF variants. A schematic representation of the sampling strategy used for input data in each training epoch. To ensure equal representation during model training, GOF variants, which are relatively fewer, were randomly up-sampled, while LOF variants, which are more abundant, were randomly down-sampled. The number of data points per epoch remains the same before and after sampling.
image4.png
Density of Variant Counts
Likely Ben(ign Lﬂ)(ely Pathogenic

50

40
30

Density

20

10

— GOF (n =719)
LOF (n = 4169)
~ All (n = 216M)

—— ==

00 0.2

04 06 08 1.0

AlphaMissense Score

Density of Variant Counts

Likely Benign
)(l_ g

Likely Pathogenic
y al [¢]

—— GOF (n = 666)
LOF (n = 3878)
— All (n = 779M)

AN

00 0.2

04 06 08 1.0
3Cnet Score

Density
O = N W H OO0 O N

Density of Variant Counts
LikeI)((_Benign

Likely Path i
ikely Pathogenic

—— GOF (n = 666)
LOF (n = 3878)

P =N.S.
M'
0.0 0.2 0.4 0.6 0.8 1.0

3Cnet Score





image5.png
Density

Density of Variant Counts
Likely Ben(ign Li(ely Pathogenic

== Predicted
GOF (n = 666)

Predicted
LOF (n = 4228)

~ All (n = 216M)

Ja

00 02 04 06 08 1.0
AlphaMissense Score

Density of Variant Counts
LikeI)((_Benign Likely Pﬂhogenic

== Predicted
GOF (n = 608)

Predicted
LOF (n = 3936)

~ All (n = 779M)

00 02 04 06 08 1.0
3Cnet Score

B Density of Variant Counts

Likely Benign Likely Pathogenic
y (g 1% y [¢]

== Predicted
8 GOF (n = 666)
Predicted
LOF (n = 4228)
>
=6
(72]
C
A 4
2 p=

|
00 02 04 06 08 1.0
AlphaMissense Score

D Density of Variant Counts
LikeI)((_Benign Likely Pﬂhogenic
== Predicted
GOF (n =608)
Predicted

LOF (n = 3936)

P =N.S. \
s E—

Density
O = N W 00 O N

00 02 04 06 08 1.0
3Cnet Score




image6.png
0.92

0.90

il
ull
1]

Accuracy

0.941

1 o0.920 I

Likely Likely
Benign Pathogenic
AUROC
0.931 0.942

Likely
Benign

Likely
Pathogenic

Precision_GOF

0.789 0.815

Likely Likely
Benign Pathogenic
Recall_LOF
0.965 0.971

Likely
Benign

Likely
Pathogenic

AUPRC_GOF

AUPRC_LOF

0.842

0.987

0.982

Likely Likely Likely Likely
Benign Pathogenic Benign Pathogenic
E F-1_GOF F F-1_LOF
0.787
1.00
0.98 0.966

Likely Likely Likely Likely
Benign Pathogenic Benign Pathogenic
H Precision_LOF | Recall_GOF
0.80 - 0.763
1.00
0.98
o 0.960
o
(%]
n

Likely Likely Likely Likely
Benign Pathogenic Benign Pathogenic
K )
Number of Variants
Fold1 | Fold2 | Fold3 | Fold 4 | Fold 5 | Average
Likely 196 | 226 214 210 206 210.4
Benign
Likely 694 | 655 682 687 705 684.6
Pathogenic





image7.png
>

400

Number of labeled variants on same protein

AlphaMissense Prediction

2001

2001

P =9.16e-09
! |
Likely Likely
Benign Pathogenic
n=1,038 n=3419

W

400

Number of labeled variants on same protein

AlphaMissense Prediction
without included in both

2007

100+

P =2.29e-05
! !
Likely Likely
Benign Pathogenic
n=210 n=1,385





image8.png
>

80

Number of labeled variants on same protein

ClearVariant Prediction

60

40

20 1

P =8.70e-07
—— 1
Incorrect Correct

Prediction Prediction
n =303 n=4585

ClearVariant Prediction

B without included in both
80
c _
@ P =1.98e-43
o
o
(0] i
c 60
@
[72]
c
(o)
@ -
c
o
5 40 1
>
o
Q
[0}
O
o
Y
O 20
(0]
o)
&
S
pd
— 1
Incorrect Correct
Prediction Prediction

n=92

n=3,891





image9.png
0.2

0.0

A Charged Positive
P =7.58e-24
' P = 0.0204 '
" P =4.40e-07 '
1
1.0 ?
: ]
0.8 g l 1
S
= :
£ °
» 04 o
0.2
0.0
Charged Charged Polar Hydrophobic
Positive Negative Uncharged
C Polar Uncharged
P = 1.27e-06
f 1 P =4.00e-43
P=141e-08 ™ 1
1
e T T Bl =
0.8 ! 1
> 0.6
=
=
L)
E 3
» 04 °

Charged
Positive

Charged
Negative

Polar
Uncharged

Hydrophobic

Charged Negative

: P = 6.54e-16 |
P = 0.00701
P =6.26e-05
1
1.0 ? ?
' *
8
0.8 ] |
> 0.6
=
S
L) 8
= H
E s
» 04 °
:
[
0.2
0.0
Charged Charged Polar Hydrophobic
Positive Negative Uncharged
D Hydrophobic
P =9.23e-26
: P = 8.34e-42 '
: P=9.58-19 '
1.0 ' '
08 T | 1 i
§ 8
> 0.6 ' °
=
s . 8 s
= ! H
E ° g 8 s
m 04 o o ° o
§ °
]
0.2
0.0
Charged Charged Polar Hydrophobic
Positive Negative Uncharged




image10.png
1.0

0.8

Similarity
o
»

o
>

0.2

0.0

1.0

0.8

Similarity
o
»

o
>

0.2

0.0

Charged Positive B

| P =4.73e-15 |
P =0.0355
" P =8.97e-11 '
1.0
T |
°
H ]
o ! §
s H g ? 0.6
8 S
. 3 o o
. . E
° » 04
0.2
0.0
Charged Charged Polar Hydrophobic
Positive Negative Uncharged
Polar Uncharged D
P =2.30e-08
f 1 P=3.16e-28
P=746e10 ™ 1
r 1 1.0
LI
- 1
! 0.8
[ ]
i :
8 .
g 0 > 0.6
§ 2 =
° s
§ =
° E
8 8 ° ° » 04
0.2
0.0

Charged Charged

Positive Negative

Polar Hydrophobic
Uncharged

Charged Negative

| P =3.17e-14 |
P = 0.00523
P=1.97e-11
[ ]
8
: |
8 . i
B 8 8
§ : :
o §
° 8
° ° (]
Charged Charged Polar Hydrophobic

Positive Negative Uncharged

Hydrophobic

P = 1.10e-77

: P = 4.70e-84 '
! P=1.82e-50 '
1

— o —_—

Charged Charged Polar Hydrophobic
Positive Negative Uncharged




image11.png
Charged Positive

1.0

0.8

Similarity
o
»

o
>

0.2

0.0

1.0

0.8

Similarity
o
»

o
>

0.2

0.0

P = 2.40e-12
' P =0.216 '
" P =9.17e-06 '
1
T L |
i <
!
8
[ ]
8 ! '
» i
° °
: g °
e ° o
Charged Charged Polar Hydrophobic
Positive Negative Uncharged
Polar Uncharged
P =5.11e-07
f 1_P=1.26e-24
P=6.64e-08 ™ 1
I I I | |
° 8
i : i
i s
g -]
o 8 °
]
[ ] °
° o [}
Charged Charged Polar Hydrophobic
Positive Negative Uncharged

Similarity

Similarity

Charged Negative

P = 3.80e-11 .
P =0.0182
P = 1.32e-05
1.0 , ]
]
[ ]
-]
0.8 M —
8 8
§ 8
[ ]
g °
0.6 ]
: °
° [}
04 ° o (]
0.2
0.0
Charged Charged Polar Hydrophobic
Positive Negative Uncharged
Hydrophobic
P = 3.89e-50
: P = 7.46e-59 '
: P = 8.36e-38
0.8 1
0.6 4
0.4
T
0.2 ’
0.0
Charged Charged Polar Hydrophobic

Positive Negative Uncharged




image12.png
Median of DMS score

DMS score by Interaction Status of Mutated Residues

1.0

0.0

interaction Residue Group non-interaction

== Ca 5 non-interaction > interaction (n = 77)
== Min 3 non-interaction > interaction (n = 76)
== Ca 5 interaction > non-interaction (n = 13)
~ Min 3 interaction > non-interaction(n = 14)




image13.svg
                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                        interaction  DMS score by Interaction Status of Mutated Residues  0.0  0.2  0.4  0.6  0.8  1.0  non-interaction  Residue Group  Median of DMS score   Ca 5 non-interaction > interaction  Min 3 non-interaction > interaction  Ca 5 interaction > non-interaction  Min 3 interaction > non-interaction  (n = 77)  (n = 76)  (n = 13)  (n = 14)    


image14.png
Score

Score

R2

1.0
0.8 —|—
0.6
0.4-
0.2
0.0
ProteinGym
(n=92)
Kendall’s Tau
Correlation
1.0
0.8 —l-
0.6 -
0.4
0.2
0.0
ProteinGym
(n=92)

B Spearman’s Rank
Correlation
1.0
-
0.8 -
o 0.6 -
(=}
»
0.4 -
0.2 -
[+
0.0
ProteinGym
(n=92)
D
Pearson Correlation
1.0
T
0.8 -
o 0.6 -
(=}
»
0.4 -
0.2 - L
0.0
ProteinGym

(n = 92)





image15.png
140
120

-
(=
o

80
60

variant ratio

40
20

Variant Ratio

*kk

- 1
o o
o
= L]
Binding Organismal Stability
Activity Fitness Expression
(n=7) (n = 20) (n=27) (n=15) (n=23)

Missense Ratio

*%

1

T = T E3
1

[+]

LT 7 :
Binding Organismal Stability

Activity Fithess Expression

(n=7) (n=20) (n=27) (n=15) (n=23)





image16.png
Score

0.0;

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

()
pud

o
=)

e
>

*kk

Organismal Binding Stability
Fitness  Activity Expression
(n=27) (h=20) (n=7) (n=15) (n=23)
Kendall’s Tau
Correlation
I 1
I - 1
*kk
I * 1
I 1
I 1
o
o
Organismal Binding Stability
Fitness  Activity Expression
(n=27) (h=20) (n=7) (n=15) (n=23)

0.21

Spearman’s Rank

Correlation
I 1
I 1
*kk
I 1
I - 1
-
T T =
[]
Organismal Binding Stability
Fitness  Activity Expression
(n=27) (h=20) (n=7) (n=15) (n=23)
Pearson Correlation
I 1
I - 1
*kk
I u 1
I 1
I u 1
T T T =
Organismal Binding Stability
Fitness  Activity Expression
(n=27) (h=20) (n=7) (n=15) (n=23)





image17.png
N=13 N =31
In protein chlNEEmpear o @ _J
L 1
P =0.000320
N=33 N =43
In domain - ® o mamse @& o ® e L J
L 1
P =0.00617
-0.5 0.0 0.5 1.0 15 20 25

Ratio of attention scores
(log,,domain residues/out of domain residues)




image18.png
Proprotion of variants with
experiment scores higher than WT

0.5

0.4

0.3

0.2

0.1

PPARG
CASP3 PAI1 °
®
SRC_Chakraborty @ S22A1
KCNE1_expression ®gegag
°
CASP7 ERBB2 RASH
° _ ®
KCNE1_function @
° SRC_Ahler sooae PILF3
. °
VKOR1_activity LYAM1 PT.EN
° ®MET
GLPA
) ®
TPMT PRKN
PTEN HEM3 ®
° [ ]
° VKOR1_abundancd ® HXK4
CP2C9
NPC1_RPE1
KCNH2
oTc 0® RASK® ®
NPC1_HEK293T o
) NUD15
2.5 5 75 10 125 15 17.5 20

Experiment score coverage
((Measured missense count / Possible missense count), MAX = 19)





image19.png
A Accuracy
1.0
9220 0.813
0.8- = 0759 °27
0.650
o6 M, 0520
3 0.4
0.2 087
0.0-
(' (' 00 a\ 6’1'
g \l’b‘\?@(‘é R\ ‘,\\0 c,o?"\,e e
¥
Ge(\e Ge("‘é\‘o
D AUROC
1.0
0.801 0.819
0.8 -
0.612
© 0.6 &
5 0.6 0.499 0,500 0.500 0.525
o
» 0.4
0.2
00 o oF o o
o <\° & 8
. SR »g’ ?“ S
() e v
o Ge""e\‘o
G Precision_GOF
1.0
0.8
0.625
g 0.6 1
o 0.419
» 0.4 =
OEO 0.250
0.2 0.187 0.187 =1 0.197
0.0 0.000 .
NP o" © & &
N e
e 60 v
o Ge""e\‘o
J Recall_LOF
1.0 L0
- 0.926
0.848
0.8 0.767 |
0.672
o5 B ., o516
3 0.4
0.2
0.0 - N T ?I 0?9'90 \I T fLI
) P\ CI{
‘\a(\ A0 \\,0 00 63'(‘ ?\)(\ e\ﬁ (€
N ™ W PB\erGtoc;g\d\gﬁ w¥
c,e“e e

v

E

Qo

7]

o\w

H

Qo
—

o
O
0

o\w

AUPRC_GOF C AUPRC_LOF
1 0 b 1 0 71 o0.922 021 0&3
0.8 0.3 [ a2 om0z i @6
0.6 0570 0,588 0.6
S
0.4 4 0.4+
0.2 0.187 0,187 0.187 022 022 0.189 0.2-
0.0- of o ? X 00- of o ? @
<\° fa\ . <\° fa\ o5
,&“""\9@“6 Y P3\ 0°(Az\>9 \;\)’8 N""\?@“é A\ P3\ (A) R \:\)’8
&° Ge‘ag\ G° Ge‘ ﬁ5\
F-1_GOF F F-1_LOF
1.0 1 1.0 0.910
: 0£7 0.838 Oﬁl
0.8 0.8 0757
0.627 OEB
0.6 0367 o531 © 0.6- =
- o
0.4 0371 3 0.4
0.270 0316 0.306 9,287
0.2- 0.2
0 <\° a\ 6 0 <\° a\ 6
8‘2\‘\?@“6 P‘\\\;P)\Co 00('\;)5 ;;\\)\? @ \l’b‘ ?;&‘6 Px\ P’\\G Go('\i\)e ;;\\)\? <@
06060 25" o G\ Ge‘\eo ae\‘«b
et et
Precision_LOF I Recall_GOF
1.000
104 0924 0516 1.0 00
T o012 0.813 27T T osaa
0.8 =205 = 0.8 0727
0.6 g 0.6 ;522 ose 0552 0.534
0.4- ? 0.4 0394
0.2- 0.2
0.0 ? o:oo - 0.0 o(}ooo ” n
O <\° 'a\ . \O o <\° 'a\ .
(“""\?@“6 P’\\\'PX\G 0°(Ai\>9 \;\)’8 “""\?@“6 N P&G 0°(Ai\>9 \;\)’8
6000 g ﬁ G\ 6000 \‘(\ﬁ
Of Ge‘ﬁe (¢} Ge‘aﬁ
K
ClearVariant
Training
Chronological
Test
L R
& &
2021 2023

Data Curated Year





image20.png
Accuracy

Recall_LOF

Precision_GOF
o
3

Accuracy

0.87 4

0.86

0.85

0.84

o

[

@
1

0.82 4

p = 0.547

T

all

novel non-novel

AUROC

p = 7.937e-03

=

all

non-novel
Precision_GOF

novel

p = 7.937e-03

—

T

all

novel non-novel

Recall_LOF

0.97 1

0.96 1

0.95 1

o

[(e]

e
1

0.93 1

o

©

N
1

0.91 1

0.90 1

0.89 1

p = 0.421

all

novel non-novel

Precision_LOF

AUPRC_GOF AUPRC_LOF
p = 7.937e-03 0951 p = 0.841
0.7 1
= 094{ o
056 °
— .
[ 9 0.931
8 05 |
o Q =
iz 5 092
g 041 2
<
0.3 1 0.911
021 é 0.90
[o]
0.1 T T T T T T
all novel non-novel all novel non-novel
E F-1_GOF F F-1_LOF
p = 7.937e-03 0.930 p =0.222
0.7 1 T
I___"I:: 0.925 4
0.6 1
%I 0.920 A
0.5 W
L 0.915 4 1
o} o °
904 <!
- = 0.910 4
(T8
031 0.905 1
o %
0.2+ 0.900 -
0.1+ 0.895
all novel non-novel all novel non-novel
H Precision_LOF | Recall_GOF
p =0.151 p = 7.937e-03
0.910 A 074 °
0.905 - fo 0.6 =
0.900 - w 05 é
(o]
= 2
0.895 - = 041
Q
]
4
0.890 1 031
(o]
0.2 4
0.885 4
0411 =
0.880 4
a'II no'vel non-'novel a'II nc;vel non-'novel





image21.png
Up sampling

@O — @00e00

@000

Down sampling




image1.png
True Positive Rate

1.0

0.8

0.6

0.4

0.2

0.0

Receiver Operating Characteristic Curve

ClearVariant (0.940)
LoGoFunc (0.933)
Gene Dependent (0.793)
Gerasimavicius et al. (0.599)
MutPred2 (0.511)

Random (0.503)

All LOF (0.500)

All GOF (0.500)

0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate




image2.png
Accuracy
1.0 o.938
0.855 Oﬁloﬁz
0.8 o1
gO.G- 0510 0,527
x}
0 0.4
0.2 0.145
0.0' N T ?I ? \I c \I ’LI
22 3ORAOE GOF 9o cof 1 20 (ed
RENR AN SO S Sl
o @ F 200"6\9(;4\‘ W
o™ S
e
D AUROC
1.0 o.040 0.932
0.8- o=
0.599
gos_ 0230200@0 = 0.511
o
0 0.4
0.2
0.0- € o s O B P
O &
0% 00 \9 ° 60“(»“ & P@
o g\ ‘;\\0 \’c,o \\)e\‘\\)\?
c,e“ Ge‘aé\

Precision_GOF

1.0
0.8 0.814
g 0.6' 0%6 o':SIZB
? 0.4
0.227
0.2 0.146 0.145 ™ 0145
0 0' T O:OO ? |
<\° 'a\ 6’1'
‘\‘,‘,(\% 06 P’\\\’ P’\\G e“é (»\z\)e \’;\\)\ Q@
o® 060 -
c,e Ge‘ag\
J Recall_LOF
1.0 oonn 1,000
0.888 0.897
0.8- | B
g 0.6 0.513 0533
? 0.4
0.2
0.0- 0.000
' of o" B
\‘ﬁ‘k (\6 P‘\\\’P’ Qe“éc,o?\t\)e ;;\\)\?‘e
% %
Ge‘\ ‘ﬁé\‘(\

B AUPRC_GOF
1.0
0.825
0.8 1 0758
0.6 1
% 0.4 =
0.224
0.2 0.146 0,145 0.145 =1 0.142
0.0 - T
\ ¢ of o &
R Of O W (o o
e ‘>\‘\">\‘G G°(» \:\)‘?
=
o o0 5‘\“‘
e
E F-1_GOF
1.0
0.8 0778
) 0.670
2 0.6 o222 |35
0.
S
0 0.4
0.2 0.225 0.253 0254 0223
0 0 = T 0:00 ? | T T {i
O N
o 6 A0 Go ° ?\)‘\ 2 oc@
G\ Nﬁ ?~ ‘\ P’\\ Pe’\\o Go\o\\)e \&\)\
c,e“ Ge‘aé\

H

Precision_LOF

1.0
0.8-
© 0.6
3
® 0.4
0.2-

0.0—

o\

0.958 0.946 0&2

0.856 0.855 0.845 0.866
=2° 0.8 845 020

0. 000

? ? \):Z \:’: ‘G&L
\

e“e ‘\ ¥
[¢) Ge‘aﬁ

C AUPRC_LOF
1.0 0986 0.986
) 0.935 -
0.9+ 0.856 0,855 0.855 08790863
2 0.8
S
0 0.7 1
0.6
0 5 - T T T
o? o? ENTIR I S 3
N4 6 A0S & AR A A 2
e
o &
o
F F-1_LOF
1.0 o224 0.922 0.916 0,928
0.8 =
. 0.641 0.660
2 0.6
S
0 0.4
0.2
0. 0- ? : 000 . {L
o) o 0 <\° L
oe® e
o ,‘,,e\
o
| Recall_GOF
1.0 1,000
0.796
0.8 0747 0895 A
g 0.6 0.492 0.489
o T =
0 0.4 o380
0.2
0.0- : 0. 000 | :
(' (’ N 'a\ 6’1'
oe® e ©
o® ,‘,,e‘\
o





image3.png
0.75
0.70
8 0.65
0.60

0.55

Learning Curve

—— ClearVariant
Mono ESM2

200

400

600
Epoch

800

1,000





