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3D single-cell shape analysis of cancer cells using geometric deep learning
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Cell shape is a sign for disease

Shape is connected to function and aberrations in shape
can be a cause or sign of disease.

Cell shape landscape of metastatic melanoma

Predicting treatment from 3D cell shape

Projecting 128 shape features with UMAP shows the cell shape landscape. These features Trained linear SVM to classify treatments using 128 shape features. One-vs-one
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Quantifying shape in 3D is difficult. Cells exist naturally orge? separate out the small, round, eccentric, and protrusive shaped cells. classification shows a highest accuracy of 89%. Accuracy was dependent on environment.
in 3D 3 \ * Hierarchical protrusions? . . .

: - | |~ Proximal Distal Difference
Instead of hand-crafter features, we learn features using v y 100 orosimal s Diccal
c 5 ean ean
geometrlc deep Iearnlng -- ﬁ/‘ '7‘k r ggi%?:tza%lﬁ 80,8 %° BNlof)%('jatzct)!e -85 . 5;’22&2&2:2
o . o Binimetinib T oc | T T e | cioss
D t d u - _, o df 2 . ( Blebbistatin Blmmce;ggg 75 : No Trea%rf?eetsrft 75 | Blebbistatin
ata and pre-processing - ARG Crose = .- | i
i H : : 6 ] - ' - PR ‘ H1152 L BREZEE M . M Sieo g 10 0.5 (3.4 No eatment [
High-throughput 3D light-sheet microscopy. 70 000 drug-treated WM266.4 metastatic o~ L e s ks y MK1775 EOO CXIEE 6 . 167. 65 0.7 |8 -0.1 1.7
° : _li A ) . A Y NoO Treatment SERLEIIRALREER:EL:E! . .967.4 60. :61-3.4 -1.4 -3.7 -1.8 -2.2
me_lanoma cells embedde_d in tissue-like collagen matrices were. | o % 4 ) A Nocodazole |EjmorE Lty _ 72574, s 333150 0368 54
Point cloud representation of 3D shape. Point clouds are scattered collections of points in s P L 2, Pr228 B B e ol 7653 56.5 64.0188 8 @91 3] o1 i o1 3388
. . . - , - A S \‘ PalbOCiCIib 60.2/75.6 65.0 56.9 70.9 53.1 59.3/79.6 55.3 ‘ . . . . . . : . ‘ 50 -1.2/3.2 1.0 -3.8/3.7 | -6.6 -3. 7 -2. 7
3D space and are arguably the S!mplest shape represen.tatlon. We tested a range of sampling D 5 ) C Y " ccooNbDZ O ccooNn L omo SLRoNnEO®a
densities to trade off between efficiency and representation. ' Ve N EooedA~2RQNDT ERodld-~2QN0 SRl SROQANDT
‘ so¥argEgay coyoFLESED TBRSaTLESE
Inhibitor treated melanoma in 3D collagen - 0 o 8 200 pm £ 8 =99 = £ 28 =99 = £ 8 =39 =
: ' Max. Intensity  Cyto. seg. 1024 2048 4096 & 99 - \ g 2 FSo & g 2 Fo & g 2 Fo &
. 0 m o Z M m o Z M m o =2
¢ H ek - - : :
, 0 2 4 §) 8 10
s UMAP 1

N
(8]
=
3

Explainable Al. We varied the most important feature in classifying between Nocodazole and
Blebbistatin to interpolate between treatment classes.

Drugs and environment effect cell shape landscape

Approximating the distribution using kernel density approximation of the UMAP shows how
myosin inhibitors (Blebbistatin) have different shape distributions than inhibitors of the
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Geometric deep learning to learn 3D cell shape

Combined three techniques to learn 128 shape features and classes simultaneously.
Step 1: Train Autoencoder

Step 2: Add clustering layer
and continue trianing

I D EC Clustering

Layer

EdgeConv

Replicate features m times Linear

EdgeConv Convld

1
1

~ N Linear
dy (g &
f=

Cluster 1 Cluster 24
Cluster distribution

Foldlngl output

_at1
(14 12 = 1 /o)
_afl
Sy (14 11z = gl /)
Target distribution
¢ " 2 / E qij
ij — Z N
@i/ 2o
Step 1: v
- Recon loss: Chamfer Dist. (input, output)
Step 2:
- Cluster loss: KL divergence(P|Q)
- Total loss = Recon loss + Cluster loss
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polymerisation of microtubules (Nocodazole).
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Cell shape is dependent of environment. Cells closer (proximal) to the coverslip are unable
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to take on shapes dominated by cells further away from the coverslip (distal).
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Defined 3D quantitative morphological signature (3DQMS) which represents how similar
each treatment is on average to the 5 shape clusters that exist in the dataset.
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3DQMS groups treatments with
similar mechanisms of action.
This shows potential for use in
phenotypic drug screening
pipeline.
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