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Predicting Missense Mutational Effects on
Cancer Pathogenicity




Problem description & challenges

* To predict the probability of pathogenicity for 430

BRCA1/BRCA2 variants
(ENIGMA) TSy

—_ 318 m issense 3: Uncertain 0.05-0.949

2: Likely not pathogenic  0.001-0.049

¢ C h a I Ie nges 1: Not pathogenic <0.001

— A continuous label p with error estimation is needed
Not classification ...

whereas available data only has discrete label categories
(with corresponding ranges).

Not normal regression or even ordinal regression ...

— Lack of data
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What's the machine learning problem?

* Approach: Design a loss function for the special regression
Pathogenicity (|5¢s (1,...,5)

0,1 N
* Design rationales for l(pi\yzl

Domain-specific
— Only sensitive when falling out of the supposed range

Example i

— Higher as predicted class error increases ‘_(
— Directionality (=> ¥Yi -dependent) l(pi‘yi) | _Pi
Model training (Example: y,=3)

— Convexfor global optimization
— Continuousand smooth for gradient-based methods
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Formulating the problem as a special
ordinal regression

* Approach: Design a loss function for the special case
Pathogenicity (|5¢s (1,...,5)

0,1 N
e Design rationales for l(pi\yil

Domain-specific

— Only sensitive when falling out of the supposed range

— Higher as predicted class error increases Non- Convej
: : : | Naon-smooth

— Directionality (=> Yi -dependent) l(p-| )

Model training i) 4

— Convexfor global optimization \

— Continuousand smooth for gradient-based methods

Example i

Pi
(Example: y;=3)
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Formulating the problem as a special
ordinal regression

* Approach: Design a loss function for the special case
Pathogenicity (|5¢s (1,...,5)

0,1 N
e Design rationales for l(pi\yil

Domain-specific
— Only sensitive when falling out of the supposed range
— Higher as predicted class error increases Non- Convej
: : : | Naon-smooth
— Directionality (=> Yi -dependent) ]
" (Pilyi) §
Model training
.. . Non smoot
— Convexfor global optimization
— Continuousand smooth for gradient-based met ods

Example i

Pi
(Example: y;=3)
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Formulating the problem as a special
ordinal regression

* Final answer: high-order polynomial

[(pily: = 2)

|

l(pi‘yi

= 3)

\

[(pily: = 4)

L Di

pi |
oy L (pi— 5 (1b(ys) + ub(y:)\ "
Hpilye) = 5 ( T (ub(ys) — 16(z) )
Yi 1 2 3 4 5
T6(52), wb(y:)] | [0, 0.001] | [0.001,0.05] | [0.05, 0.95] | [0.95, 0.99] | [0.99, 1]

g needs to be even for [ to be symmetric and high enough to have a flat bottom =>¢g=6 in CAGI5
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Solving the special ordinal regression

* For the ith example of n features: x; = (z},2%,...,27)
Pathogenicity model p; = f(xi): linear in CAGI5

pi = wlix

Can extend to nonlinear

* Finding the optimal model shallow or deep models;
But easy interpretability ...

m 1 (W xi— 3 (Ib(ys)+uby:) | )
m—i.g( T (ub(y)—1b(5:) ) + Allw]

. ™m
w* =argmin) .,

Class-balancing [(pilys) Regularization
e 5-fold cross-validation for optimal hyper-parameter A
All training data for optimal parameters w*
Use the model to predict for the ENIGMA set
Repeat 10 times for average and standard deviation

Convex & smooth =>
Gradient methods can guarantee
the global optimum
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Where is the data?

« ClinVar: ENIGMA-annotated BRCA1/BRCA2

Table 1: Training data characteristics
" Gene | Not | Likely not | Uncertain(3) | Likely | Pathogenic(5)| Total(ratio) |
_ || pathogenic(1) | pathogenic(2) Pathogenic(4)| '
BRCAI 87 0 0 0 21 108(5.4%)
BRCA2 84 0 0 0 9 93(4.7%)

No single example for Classes 2-4!
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Where is the data?

« We also included proteins that interact with
BRCA1 and BRCA2 (in breast-cancer related

pathways) and may share similar mechanisms.

« Top 5 proteins interacting with BRCA1, as

identified by STRINGdb and known as tumor

BRIP1

- IS
suppressor genes, are included. ... £3-.

- ~_ . BRCA2

—

More proteins?
Some stratification?
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Training data

o ClinVar: ENIGMA-annotated missense
variants of six genes

Table 1: Training data characteristics

" Gene 1| Not | Likely not | Uncertain(3) | Likely | Pathogenic(5)| Total(ratio) |

pathogenic(1) | pathogenic(2) Pathogenic(4)

" BRCAI || 87 0 [0 0 |21 108(5.4%)
BRCA2 84 0 0 0 9 03(4.7%)
CHEK2 0 3 590 '3 1 | 597(30.0%)
BRIP1 1 9 761 0 0 771(38.8%)
RBBPS 1 2 17 0 ] 21(1.1%)
TP53 0 1 310 66 12 399(20.1%)

" Total(ratio) || 173(8.7%) 25(1.3%) | 1678(84.4%) | 69(3.5%) | 44(2.2%) 1989 |
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What features did we use?

e 15 scores from MutPred2 that provide
posterior probabilities of the loss/gain of
certain structural and functional properties
due to the substitution

Created for CAGI 2018 genomeinterpretation.org Yang Shen



Features

General_effect
Structure_and_dynamics
Secondary_structure
Stability_and_conformational_flexibility
Conformational_flexibility
Special_structural_signatures
Signal_peptide
Transmembrane_protein
Functional_residue
Macromolecular_binding
Protein_binding

Disordered_interface
Ordered_interface
Metal_binding
PTM_site

OCoOoNOULhA,WNRE

N S T
nuhkhwnNnE= O

More or less covering the space of
potential molecular mechanisms...
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Comparing training and testing data

Table 1: Training data characteristics

Created for CAGI 2018

genomeinterpretation.org

Gene Not Likely not | Uncertain(3) | Likely Pathogenic(5)| Total(ratio)
pathogenic(1) | pathogenic(2) Yathogenic(4)
BRCALI 87 0 0 0 21 108(5.4%)
BRCA2 84 0 0 0 9 93(4.7%)
CHEK2 10 3 590 3 1 597(30.0%)
BRIP1 1 9 761 0 0 TT1(38.8%)
RBBPS 1 2 17 0 1 21(1.1%)
TP53 0 11 R 66 12 399(20.1%)
Total(ratio) || 173(8.7%) 25(1.3%) 1678(84.4%) ) 69(3.5%) 44(2.2%)
Table 2: Test data ristics
Gene Not Likely  not | Uncertain(3) | Likely Pathogenic(5)| Total(ratio)
pathogenic(1) | pathogenic(2) Pathogenic(4)
BRCAI 31 100 2 4 7 144(45.3%)
BRCA2 31 2 2 3 174(54.7%)
Total(ratio) 62(19.5%) 236(74.2%) ) 4(1.3%) 6(1.9%) 10(3.1%)

Yang Shen



Classification performances (l)

Predicted
Class

From p

Created for CAGI 2018

5x5 confusion matrix

Observed Class

l"

Cl|C2|C3|C4 ) C5 | Total
Cl |52 186 3 3 - 248
C2 1 2 0 0 0 3
C3 1 5 0 0 1 7
C4 3 1271 1 0 32
C5 5 |16 0 2 5 28
Total | 62 |236| 4 6 | 10 | 318

genomeinterpretation.org
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Classification performances (l)

5x5 confusion matrix (normalized by column)

Sensitivity/Specificit
ensitivity/Specificity Observed Class
\ y
Good c1|c2|c3 c34 | c45 Total
Specificity C1 05 04 248
C2 3
Predicted C3 7
Class
From p C4 32
© 033 05, 28
Total | 62 | 236 | 4 6 | 10 318

Created for CAGI 2018
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0.8
0.7

0.6
0.5
0.4
0.3

0.2
0.1
0.0

P(y|y)

Bad
Miss rate
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What features were important in general?

coefficents wi

2.0 1. General_effect
! \ 2. Structure_and_dynamics
L5 1 3. Secondary_structure
4. Stability_and_conformational
-0 flexibility

5. Conformational_flexibility
ﬁ 6. Special_structural_signatures
W7
8
9

. Signal_peptide
! . Transmembrane_protein
-0.43

w_ M
34
-0.58 -0.59

. Functional _residue
10. Macromolecular_binding
11. Protein_binding
12. Disordered_interface
13. Ordered _interface
14. Metal_binding
15. PTM_site

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Feature;
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What features separated TN (Class 1+2)

well from TP (Class 3+4+5)?

Sensitivity/Specificit
ensitivity/Specificity Observed Class
\ y
€11 c3|ca|cs | Total
Good . 3 4
Specificity C1 i 05 04| 248
1
C2 | 3
=1
Predicted C3 L7
Class :
From p ca | 32
2 )
G 033 05,1 %8
| E— — e —————
Total | 62 | 236 4 6 10 318

Created for CAGI 2018

5x5 confusion matrix (normalized by column)
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0.8
0.7

0.6
0.5
0.4
0.3

0.2
0.1
0.0

P(y|y)
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What features separated TN (Class 1+2)
well from TP (Class 3+4+5)?

j3§

w; T 17 . g .
Sl [Qf-@[ it
g ._ |

[a ;

- OO ERERER. 51'2 s 12 15

Same as the important features in general. Feature;

e g
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2.0

1.5 A

1.0

Created for CAGI 2018

Recall: Important features in general?

coefficents wi

N\
™

~

0.07 ﬁ
34 o
-0.58 -0.59

3 4 5 6 7 8 9 10 11 12 13 14 15

Feature;

1. General_effect

2. Structure_and_dynamics

3. Secondary_structure

4. Stability_and_conformational
_flexibility

5. Conformational_flexibility
6. Special_structural_signatures
7. Signal_peptide

8. Transmembrane_protein

9. Functional_residue

10. Macromolecular_binding

11. Protein_binding

12. Disordered_interface

13. Ordered _interface

14. Metal_binding

15. PTM_site
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What features confused the model for some

actual Class 5 (Pathogenic) variants?

S itivity/S ificit
ensitivity/Specificity Observed Class
\ y
_Cl | C2 | C3 | C4 | C5 | Total |
1 1 1
Cl 05 {oa | | 248
| ' |
c2 ! P 3
1 1
1 1
Predicted C3 i i 7
Class L 4
From p C4 32
2 :
5 0.33{ 05, | 28
Total | 62 236 | 4 6 10 318
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5x5 confusion matrix (normalized by column)
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What features confused the model for some
actual Class 5 (Pathogenic) variants?

FN aa substitution:

—3

R->G X2

R—>T =
Q—>K Z ]
Q-R 3

ySyhatl23 vyS5Syhats

==

3

T T T T T T T
S 10 11 12 13 14 15

Feature;

T T T T T
a4 5 S 7 8

FN vs TP (Class 5)

FN vs TN (Class 1-3)

Naturally(?), features behind some success (1, 2, 10, 11) are also the biggest reasons behind
some failures. In particularly feature 12 (disordered interface) caused much confusion (FN).

Created for CAGI 2018
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Classification performances (1)

Predicted
Class

From p

Created for CAGI 2018

5x5 confusion matrix

Observed Class

l"

Cl|C2|C3|C4 ) C5 | Total
Cl |52 186 3 3 - 248
C2 1 2 0 0 0 3
C3 1 5 0 0 1 7
C4 3 1271 1 0 32
C5 5 |16 0 2 5 28
Total | 62 |236| 4 6 | 10 | 318
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Classification performances (ll)

5x5 confusion matrix (normalized by row)

|y
PPV/NPV Observed Class P(y|y)
AN y
Total
Good NPV o1 a5 08 . Go]?o:
(Predicted not pathogenic 0.7 o.w. alse
" omission of
ones are often not) Py ' C
2 3 ‘©pathogenicity)
0.5
Predicted . c3 v 0.4
Cl y
ass s
From p Ca 32
0.2
| Bad FD_R cs5 >3 0.1
(High false discovery 00
of pathogenicit -
P Y Total 318
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What features confused the model for some incorrectly
predicted Class 4+5 ([Likely]Pathogenic) variants?

yvi2yhatas vi2yhatl2
8 8
o

g 8

i o 8
’LU]ZUZ ° }ﬁ%é%g@ ﬂ?ﬁﬁ{? WL FP vs TN (Class 1+2)
Ugg |

: m ;E?' ¥ ﬂﬁ = &F Q@ H{{R&T ﬂj ?.'j i FP vs TP (Class 4+5)

T T T T T T T T T T T T T T T
1 2 3 a4 5 S 7 8 S 10 11 12 13 14 15

Feature;

In this case, no feature significantly gets more similar from the top to the bottom two groups. Rather,
this seems to be collective results from features 10+12 (1) and 11(}). In particular, feature 11 (and 9)
overestimated the probability to be close to pathogenic classes (TP).
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Prelim. lessons learned from the features*

. In general, important features were

General_effect, Protein_binding
Macromolecular_binding, Structure_and_dynamics
Disordered_interface, Conformational flexibility, functional residue

« These are responsible for some failures as well
[False negative contributor: Disordered_interface, Protein_binding]”
[False positive contributor: Protein_binding]’

* Limited study. More accurate, higher-resolution, or simply more
features? Introducingnonlinearity and joint effects?
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What if we had ...

" Misclassification rate when actual class and neighbor class(es) are regarded correct.

e Only used
1.0 1 = ?upl\lcc’;)‘afamaanfinqdj:(5 B RCAl B RCAZ
full data and q=12 o /
. B full data and q=24 tralnlng data?
No significant difference?!
06 1 « Used higher-order
polynomial for loss
0.4 .
function?
0.2 - Almost every case is
predicted Class 1 [?]
o0 —classl class2 class3 class4 class5 (eXpeCtable due to Steep

cross-class walls rather
than slopes to “guide”)
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Uncertainty estimation

« Standard deviations
[0, 0.01):291/318; [0.01, 0.1): 20/318; [0.21, 0.32]: 7/318
(includingthe only 3 predicted to be Class 2 “Likely not pathogenic”
and 17/32 predicted to be Class 4 “Likely pathogenic”)

Predicted Class Actual Class “

14/20
3/20
2/20
1/20

4
4
2
2

R N P DN
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What could be improved?

* Nonlinear shallow or deep models
e Stratified training data
* |ntron mutations

e Features (and structures)!
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ICFN for multistate protein design and
mutational effect analysis

* Exact algorithm with guaranteed optimum

* Considers positive and negative objectives

iCFN.: an efficient exact algorithm for multistate protein design,
Mostafa Karimi and Yang Shen, accepted to ECCB’18.

ISMB (3Dsig) poster (B-549, July 9 evening) & talk (July 10 talk)
* Application to somatic mutations for pan-
cancer DDR (DNA damage repair)

“Genomic and Molecular Landscape of DNA Damage Repair
Deficiency across The Cancer Genome Atlas”, TA Knijnenburg
et. al., Cell Reports, 23(1), 239-254.
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FN’s interpretation of DDR mutations
in the context of PPIs

354 (64.7%) such mutations were predicted to
strongly destabilize (AAGw. = 3ksT) complexes
formed by protein-protein interactions (PPIs),

some of which are through disrupting binding.

446 Mutations «sen=moi wes
(2.3% of 19,598 unique
pan-can missense
ones; structure limit)

Q

45

II\‘|\||| “\ ||| 22 20

Missense Mutation

Non-interfacial

RN

THIRHR
H
zz o
$Ehg

AAGy,(kcalimol)

v P P F P P T S

& & 0" 0‘8’ é‘ e~ QV & T F & & E
547 Mut. Exp. meemmen v

- - FEN1 PARP1 PCNA TDG TDP1 RD1 BRCA1 BRCA2 PALB2 RADS51 RADS52 LIG4 NHEJ1 XRCC4a XRCC5 XRCC6
155 [1/3] Interfacial)
2
=
£ 5
@ 51 £
S50 48 =
w 45 [
s s
g S
S 26
) I I I 22 <

PN © ~ o & > 5 P P
ég & §~4@ é§ & & o o v o Cp §@ & &
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What features separated well TN (Class 1)

from TP (Not Class 1)?

5x5 confusion matrix (normalized by column)

Sensitivity Observed Class
AN S
€1l c2/c3|calcs | Total
- 3 4
14 05 04| 248
. 1
C2 | 3
1
Predicted C3 L7
Class :
From p ca | 32
2 :
G 033 05,1 %8
] S S S ——— 1,.....‘,_'
Total | 62 236 4 | 6 | 10 | 318
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What features separated TN (Class 1) well
from TP (Not Class 1)?

8 g

e - g1

O

(]
...0
H9% 0

@

e
1 oS
3|
- 8 g Disordered interface
o
o
0
0
_3 1 Q 1 1 | 1 1 L | T 1 L 1
1 2 3 4 5 6 7 8 91011@131415
Feature;
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