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Genomic mechanisms are not fully understood
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together, making a loop. The ends

of the exons also move closer

together to eventually jointogether.

3l

Step 3. >

The intron detaches and the splice sites .

connect to make a mature mRNA. The
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“junk” afterwards but most are usedin 5
other processes. The snRNP's detach

from the intron and are used for more

splicing.

https://en.wikipedia.org/wiki/RNA_splicing



Deep Neural Networks can predict function
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General Problem

How can deep-neural networks
reveal biology insight?

* Post-hoc interpretation techniques
show patterns, but do not explain the
semantic mechanisms

* Global interpretable surrogates do
not scale to this complexity

 We need local interpretable
surrogates!
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Specific Problem

On which data should we train a
local surrogate?

* Sequences should be syntactic
neighbours
(biologically similar sequences)

e Sequences should be
semantically diverse
(different outputs)



Specific Problem

Approach

On which data should we train a

local surrogate? Genetic Programming

* Sequences should be syntactic '  Custom Grammar,

neighbours iInspired by biological
(biologically similar sequences) mutations

» Sequences should be » » Custom Fitness
semantically diverse Function

(different outputs)



Custom Grammar

Biological similarity limit

-

Perturbation Sequence DiffSeq DiffUnit{1-6}

Perturbation DiffUnit = SNV
| Insertion
| Deletion Biological mutations
SNV SNV := SNV(Pos, Nuc) /
Insertion Insertion = Ins(Pos, Nucs)
Deletion Deletion = Del(Pos, Size)
Multiple Nucleotides ~ Nucs = Nuc+
Nucleotide Nuc = A
C
G
T Further restricted based on context
Position Pos = int -
Size of deletion Size = int
Original Sequence Perturbation Final Sequence
SNV(1,A)] AATCGCGTTA
Ins(2,CG)]* ATCGTCGCGTTA
ATTCGCGTIA - 517 27" ATTCGCGA
SNV(1,A), Ins(2,CG)] AACGTCGCGTTA




Custom Fitness Function

Bin Filler

Number of empty slots in the current bin

Increased Archive Diversity (IAD)

Increase Iin Inter-bin diversity
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GP with Archive
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Figure 1: Summary of the proposed methodology.



ReSUItS GP is better than Random Search

Arquive Quality = 30% arquive size + 30% inter-bin diversity + 20% intra-bin diversity + 20% <10 sequences bin count
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 Enumerative approaches do not scale to this neighbourhood
« Random search does not take into account biology

e SpliceAl (and Splicing) are more sensitive to biological-inspired mutations



ReSUItS Locality is important
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* A custom mutation operator keeps all mutations in the same sequence
position + .#(0,4)

* High usage (80%) of the custom mutation operator creates better
datasets than just using the syntax-oriented GGGP mutation operator.



Results

Insertions are important

1.00
, 0-98 ® BestConfig * |nsertions increase the
= © NoDels . .
S 0.96 ® Nolns average archive quality at the
£ 0.04 ©  NobelsAndins cost of reducing the
£ ., syntactic similarity, especially
| In the most difficult bins
900 5 10 15

Average edit distance

4000 -

3500 A

3000 A

2500

2000 A

Counts

1500 -~

1000 ~

500 A

S — = o = e — =D v—— P o
[ T

-

Original sequence

0

B
=
—

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

. 0
0
0
0
0 0p -
002
0230
075
2,
%
05 ]
Qébg
ngyq__________________
0%
94



Results Performance scales to other

sequences
0.8
@ Random Search
7 7 _
- . - 2 7
. _i. g 0.4
° [
2kb-4kb i \ 3 3 0.2
" 4 (4 f’ )
. A Archive qualty 0.0
',‘ \ —.‘.. !0.8 1] 1 1 1 1 1
-f i 0.6 00 02 04 06 08 1.0
¢ . Original SpliceAl
4kb—6kb . . A g; riginal spliceAl score
| L& |IP :
o b o J|"® ’ o2 | ou Archive quality difference
'1 " 2 . S0
}. ;. Motifs(Gfr&u:nc;sd)ifm
6kb-8kb \ (. ,. <=0 (N=41)
*%* . ’ * >0(N=103)
':‘. o}‘. s
: v )
- NRAl
— - - - * GP is generally better than RS
- L f:
) - =
10kb—12kb < ¢ e .
@ eotof] o8 A0  GP is generally better than SQUID
T T e s S g S AT (iterative random perturbations

LSRN RN QF O o
GGGP-RS GGGP - SQUID Motifs Diff

 GP finds more known motifs than RS



Conclusion

 Grammar-guided GP can be used to generate datasets for local
explainability

 Domain knowledge is needed, and can be encoded in the
grammar, genetic operators, and fithess function

e Aligning GP operators with biological operators helps in
exploring the rugged fitness landscape of genomics.
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