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What 1s structural variation?

- Large-scale mutations ranging from 50 bp to 1 Mb +

Many tools call SVs directly:
Long Reads:

STRUCTURAL VARIANTS

- Severus
- Sniffles2

- Cue?
Short Reads:
- Delly

- LUMPY

- Manta :




Structural variation causes copy number alterations

Deletions, Duplications, and Inversions create complex copy
number alterations (CNAS)

- CNAs correspond to read depth, split by SV breakpoints
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What 1s complex structural variation?

- Characterized by a cluster of specific SVs and CNAs
- Separately derived from individual biological processes
- Potential for oncogenesis
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Why study Complex Structural Variation?

- Drivers for oncogenesis
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Genomic Coordinate

_ong Read Sequencing allows discovery
_Limited discriminatory models

Broad definitions
Intercorrelated events
No tool can classity all four events



Can we create a deep learning approach to classifying and
localizing complex SVs?

Project Goals:
1)Classity complex SVs given a genome
2)ldentity subtypes of specific SVs: canonical vs noncanonical

3)Leverage unsupervised learning techniques to identify new
forms of complex SVs




How can we predict complex SVs with deep learning?

Our Method:
A) Call SVs and CNAs

B) Featurize candidate regions with SV+CNA aware embeddings

Classity candidate regions

A: Preprocess Dataset B: Generate Candidates

5 CASTLE Cell Lines & Severus
43 Mixed Cell Lines: (SV) '

Bone, Bladder, Breast,
Cervical, Head & Neck, Lung,
and Pancreatic Cancer Types
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A: Preprocess Dataset

5 CASTLE Cell Lines &
43 Mixed Cell Lines:

Label Generation —

Sequencin g

Event-specitic callers produce training labels

Labels generated from 48 total Cell Lines:

- 9 Breast, 4 Pancreatic, 1 Bone, 1 Bladder, 3 Head & Neck, 28
Cervical, and 2 Lung Cancer Cell Lines




B: Generate Candidates

Autoencoder

Generate

Featurizing Candidate Regions

CNA
Autoencoder

A) Identify clustered CNAs and SVs
B) Train independent masked autoencoders for SVs and CNAs
C) Concatenate embeddings + regional statistics

A: CNA+SV Input B: Self Supervised Pretraining C: Regional Embedding
SV A 1 ' BFB Regions |
‘ I’CS } /®‘INV ' eglors). :trr::"/::la)beled (n=248)
@ INV ‘

| bu ] T
Graph Based Masked Autoencoder ° 28 o oo ?

CN Segments ]

‘ '.i f.'.' -c:
e — —_ q q ] ® :. ® 7 °

Masked Autoencoder bim 1




Featurizing Candidate Regions

B1 — SV Autoencoder) GNN trained on
breakpoint reconstruction

- Edges consist of phasing, locality, and
breakpoints

B2 - CNA Autoencoder) CN, read depth,

and mapping quality reconstruction
- Down sampled to fixed resolution

B: Generate Candidates

— P
B: Self Supervised Pretraining
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Dim 2
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Featurizing Candidate Regions

CNV Embedding Space — 6 Clusters (UMAP)

Silhouette: 0.228
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B: Generate Candidates

q SV

Autoencoder

Generate

Complex SV
Regions
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SV Graph Regional Embeddings — UMAP
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Score

€1 Model Output
S  ikeinoods
1 BFB
Classification Results _,I_'I e
5 ampiiication
Model trained on output labels shows exact match accuracy of
0.81 and macro F1 of 0.69.

F1 and Exact-Match Accuracy across testing folds

Labeled candidate types Per-class held-out performance
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€ Model Output
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Given a candidate region, the model classifies accurately.

Prediction outcome by GT class GT vs predicted class
Cross-fold held-out predictions Cross-fold held-out predictions
300 250
BFBH{ 17 6 10
250
200
chromothripsis - 98 6
200 1
8 150
O & -
C © C
© 150 A O ecDNA - 2 2 3
g 5 8
[ - 100
O
100 1 ecDNA i 2 1 6
BFB
- 50
50
none - 7 13 5 1 3
0 - T T T T T T T —-0
of® (09 oW oWR B s oV oW 0 s oV
¢ eC B eC ® ot e e ® ot %) et o
\“,33\ a omo\“ﬂ oM \“/A\ \:ig\ s oF oo™ e&mo SN0P°
C

Predicted class

Bmm Exact = Partial class mmm Wrong



Discovery Results

Can we use an unsupervised approach to identify new complex-
SVs?

K-means cluster (k=3)
Method class ARI=0.411 | NMI=0.427 | Purity=0.862 | Silhouette=0.198
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Future Works

1) Refine candidate generation

. . . o
2) Weakly supervised localization:
3) Include patient data Crkersomin
. . . GT[ I
4) Harmonize pipeline: ML based =
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CNV Embeddings — UMAP
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Interval length (log1p)
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Potential confounders: tabular only
CN segments (loglp)

. L]
e ©
. °‘.l . .t ® o
L o o °
° | 3 . ° o %
o ° L4 ° © o %00
° “ % °°
. ..' . °
L)
.o" R ° . .'o. o®
oo % °® °
° &8 ©
e o % .o°o
L]
° L]
L] ‘.. M
‘o'.o'
e o 4
P )
..o o
Regional ploidy
%
o..
. ° ®e
[ ]
o
* .\.' ° ...o o ..'
P o o ©
° * ° . o %° o
o° ° ri ° ° o %00
R
° ..' R °
[ ]
.... . ° .. .......
°% o4 ° ° . ° ..
oo % ° °
° .‘: ®
o &% ‘e e
.
° [ ]
LI .
. . oge
‘00.0 .
° o 4
..0.0.

50

40

30

20

10

SV breakpoints (loglp)

° o ¢
L J
. ~.‘ ° o.'. i
e o o o °
1) o ° o %
. o.. ° ). ° ° o o0
° 8 °
. o O . . )
° ® °
..0'0 R ° . P °®
® o XY ° ° .o
o.o. °
oo R o2
o o % °®
°
© .
.
° °
° ° .
°
g o .
° o 4
o ©
o’ ¢
Sample ploidy
%
o..
° ° e
® o
. ] o.'. ° °
P o o ©
g. ° o. o © °
e . . ... l.. . o "o
. e o R
° °
.
.o.' ° ° °
0.0. % ... ° ‘ .:
.
. .' Y,
o o % °®
°
° .
.
° ° o.o
< '.'-:..
® .
°
..o [

5.0

4.5

4.0

3.5

3.0

2.5

2.0

15



Exact method regions: tabular only

Method class

K-means cluster (k=3)
ARI=0.411 | NMI=0.427 | Purity=0.862 | Silhouette=0.198
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Proportion of caller intervals

Caller intervals partitioned by Ayse label and overlap
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