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Single Molecule Localization Microscopy (SMLM) breaks the diffraction limit barrier of light 
microscopy and achieves nanometer scale resolution. We applied network analysis and 
machine learning to the protein caveolin-1, a key structural component of caveolae, 50-80 nm 
plasma membrane invaginations, that is also localized to non-caveolar domains called Cav1 
scaffolds. Our analysis of the 3D point clouds of Cav1 clusters (blobs) was used to process 
SMLM data and find biosignatures for caveolae and scaffolds (Khater et al. 2018). 
 
To obtain further insight into the low level molecular interactions and how the molecules are 
distributed to form different structural domains, we have now introduced graphlet decomposition 
to identify the Cav1 domains. Counting network graphlets allow us to study the different 
subgraph patterns that appears more frequently in different blobs. This in turn allows us to 
extract significant local characteristics from the networks of the biological structures and use 
them as features for machine learning approaches to further study the structures (classification, 
identification, automatic labeling, etc.). 
 
Caveolae formation requires both caveolin-1 and the adaptor protein CAVIN1 (also called 
PTRF). We analyzed PC3 prostate cancer cells transfected with PTRF and used a wide-field 
PTRF mask to identify PTFR-positive Cav1 clusters from PTRF-negative clusters. The 
behaviour of the Cav1 interactions in the two classes of subcellular domains was quantified by 
extracting the graphlet features for the PTRF-positive and PTRF-negative Cav1 clusters. The 
subcellular domains were discriminated by training a random forest classifier on the graphlets 
features. The classification accuracy > 90% indicates that some of the graphlet patterns are 
more frequent in some of the domains than the others, which suggests that the PTRF coat 
protein may alter the molecular stoichiometry of Cav1 within these different Cav1 domains.  
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Introduction 
ABSTRACT
❏PC3 cells overexpress and secrete caveolin-1 protein (Cav1) in 

prostate tumors

❏Clusters of Cav1 proteins form more than one type of cellular 

domain in the cell membrane based on the interaction with another 

coat protein known as polymerase I and transcript release factor 

(PTRF or CAVIN1) 

❏Caveolae, 80-100 nm invaginations, formation requires the 

presence of both Cav1 and PTRF proteins

❏Single Molecule Localization Microscopy (SMLM) is used to obtain 

super resolution images of Cav1 at nanometer scale

❏3D SMLM Network Analysis pipeline [1] has been used to process 

the SMLM data and obtain the segmented biological structures

❏The 3D point cloud of Cav1 clusters (blobs) are modeled 

computationally as network to extract graphlet features

GRAPHLETS
❏Graphlets are small k-node induced subgraphs (patterns)

❏They are considered as the basic building blocks of complex 

networks. Calculating the graphlet frequency distribution (GFD) can 

be used as a feature vector for machine learning

1 4
A. Use 3D SMLM Network Analysis [1] to get the blobs

Conclusion6
❏The high classification accuracy results suggest that GFD 

descriptors are discriminatory across the two groups of blobs

❏PTRF affects the molecular interaction of the Cav1 proteins that 

may alter the molecular stoichiometry of Cav1 domains

❏GFD wide histograms show that PTRF- might have more than one 

sub-category (scaffolding domain)

❏Graphlet patterns can be used to detect the similarities and 

dissimilarities within/across the groups
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Objectives2

❏Utilize network based features and machine learning to 

automatically classify 3D point clouds of Cav1 domains (based on 

a PTRF mask) into PTRF+ and PTRF- clusters (blobs)

❏Leverage the graphlet decomposition of the graphs constructed at 

multiple proximity thresholds to identify the different Cav1 

domains and their bio-signatures

❏Study the Cav1 protein-to-protein interaction at the molecular 

level and detect changes in the graphlet patterns with the 

abundance and absence of PTRF protein

Method Results5

❏SMLM point cloud data of 10 PC3-PTRF cells with 

corresponding widefield PTRF masks

• 857 PTRF+ blobs (selected as those blobs with more than 60 

SMLM events and touching the PTRF mask)

• 10,009 PTRF- blobs

❏SMLM point cloud data of 9 PC3 cells

• 14,491 PTRF- blobs
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B. Use the PTRF mask to label the blobs

The Cav1 blinks after 

merging (correcting 

for multiple blinking) 

and filtering the noise

The Cav1 clusters 

(blobs) after the 

segmentation stage

PTRF+ 

PTRF-

D. Classify the blobs based on the GFD features

Graphlets of k = 4

i. We used random forests classifier with 10-fold cross validation

ii. To obtain balanced data, we used all the PTRF+ blobs and 

sampled the same number of blobs from the PTRF- group

C. Construct multi-proximity threshold (PT) blob networks to 

extract the graphlets [2]
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example

g41: 4-clique

g42: 4-chordal-cycle

g43: 4-tailed-triangle

g44: 4-cycle

g45: 3-star

g46: 4-path

g47: 4-node-1-triangle

g48: 4-node-2-star

g49: 4-node-2-edge

g410: 4-node-1-edge

g411: 4-node-independent

Clasification results for multi-PT GFD features

GFD for the blobs from both classes when using PT = 80 nm
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Sample blobs

PTRF+ 

PTRF-

PTRF+ from PC3-PTRF

PTRF- from PC3

PT (nm )

PTRF+ from PC3-PTRF

PTRF- from PC3-PTRF

PT (nm )


	BME abstract
	BME2018 - v3

