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Supporting Information 1. Image segmentation and analysis. 

Fluorescence images (Figure S1.1a) of H4, H460, PC3 and T24 cells treated at 0, 2, 4, 6 Gy were 

segmented with Matlab® (2017b) to extract cell networks 1. Images were converted to grayscale 

and low-

method (Figure S1.1b) 2. Morphological opening was performed to remove any small white noises 

in the image, and morphological closing to remove any small holes in the object. All connected 

components that had fewer than 8 pixels were removed and structures that were connected to the 

image border were suppressed. The images were segmented by a watershed transformation 3 and a 

distance transform 4 was used as segmentation function to split out the regions (Figure S1.1c). To 

avoid over-segmentation a minima imposition procedure 5 was implemented: tiny local minima 

were filtered out and the distance transform was modified so that no minima occurred at the 

filtered-out locations. With watershed segmentation, single cells were identified. 

 

 

Figure S1.1. Image processing workflow and topological analysis. a) Fluorescence, b) binarized 

and c) watershed images; d) Connections between the cells with probability p  

 

  



Supporting Information 2. Generating networks using the Waxman algorithm. 

In order to evaluate cell connectivity properties, we extracted network parameters such as the 

clustering coefficient (cc), the characteristic path length (cpl), and the small-world-ness (SW), as 

described in 1,6. Briefly, the connections between the nodes of the network (Figure S1.1d) were 

established through the Waxman model 7, whereby the probability of being a link between two 

nodes u and v exponentially decreases with the Euclidean distance d between them: 

 (Eq.1) 

Where L is the largest possible Euclidean distance between two nodes of the grid and  and  are 

the Waxman model parameters that were set to 1 and 0.025, respectively. We decided whether a 

pair of nodes was connected using the following formula: 

 (Eq.2) 

in which R is a constant that we have chosen being 0.1, 0.05, 0.02 so that the probability of being a 

connection was p  

 

  



Supporting Information 3. Topological analysis of cell networks. 

The information about the connections among the nodes of the graph was stored in the adjacency 

matrix A=aij, where the indices i and j run through the number of nodes n in the graph. In the 

analysis, reciprocity between nodes was assumed, and thus if information could flow from i to j, it 

could reversely flow from j to i (undirected graph). 

With these premises, we extracted the local clustering coefficient as 

 (Eq.3) 

Where  is the number of neighbors of a generic node i, is the number of existing connections 

between those, /2 is the maximum number of connections, or combinations, that can exist 

among k nodes. A global value, cc, was derived upon averaging over all the nodes that composed 

the graph. Then, the characteristic path length (cpl) was determined as the average number of steps 

along the shortest paths for all possible pairs of network nodes. Once obtained cc and cpl, such 

values were compared with those extracted from equivalent Erdos-Rényi (E R) random graphs to 

determine the small-world coefficient: indeed, a network G with n nodes and m edges is considered 

small-world if it has a similar path length but greater clustering of nodes than an equivalent Erdos-

Rényi (E R) random graph with the same m and n 8.

Finally, the network degree k was determined as the average number of links per node in a graph. 

  



Supporting Information 4. Examples of graphs associated to different cell-lines subjected to 

increasing values of radiation. 

 

 

Figure S4.1. Examples of cancer-cell graphs associated to H4 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.2. Examples of cancer-cell graphs associated to H4 cells subjected to  Gy. (Waxman 

parameters , , ). 

 

 



 

Figure S4.3. Examples of cancer-cell graphs associated to H4 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.4. Examples of cancer-cell graphs associated to H4 cells subjected to  Gy. (Waxman 

parameters , , ). 

 

 



 

Figure S4.5. Examples of cancer-cell graphs associated to H460 cells subjected to  Gy. (Waxman 

parameters , , ). 

 

 



 

Figure S4.6. Examples of cancer-cell graphs associated to H460 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.7. Examples of cancer-cell graphs associated to H460 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.8. Examples of cancer-cell graphs associated to H460 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.9. Examples of cancer-cell graphs associated to PC3 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.10. Examples of cancer-cell graphs associated to PC3 cells subjected to  Gy. (Waxman 

parameters , , ). 

 

 



 

Figure S4.11. Examples of cancer-cell graphs associated to PC3 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.12. Examples of cancer-cell graphs associated to PC3 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.13. Examples of cancer-cell graphs associated to T24 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.14. Examples of cancer-cell graphs associated to T24 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.15. Examples of cancer-cell graphs associated to T24 cells subjected to  Gy. (Waxman 

parameters , , ). 

 



 

Figure S4.16. Examples of cancer-cell graphs associated to T24 cells subjected to  Gy. (Waxman 

parameters , , ). 

  



Supporting Information 5. Statistical analysis. 

We have calculated for each statistical analysis performed in this study the values of sample size, P-

value, t-stat, and degree of freedom, recapitulated in the following as: 

 
Cell line/dose 0 Gy 2 Gy 4 Gy 6 Gy 
H4 135 119 97 118 
H460 106 111 114 97 
PC3 132 125 102 114 
T24 74 105 103 94 

Table S5.1. Sample size. 
 
Dose/Dose 0 Gy 2 Gy 4 Gy 6 Gy 
0 Gy - - 0.0032 

-5.2362 
99 

0.0063 
-6.31691 

99 
2 Gy - - - - 
4 Gy 0.0032 

-5.2362 
99 

- - - 

6 Gy 0.0063, -6.31691 
99 

- - - 

Table S5.2. H4 cells  -test comparison between sample groups: P-value, t-stat and 
degree of freedom resulting from the comparison of samples subjected to different values of dose. 

 
Dose/Dose 0 Gy 2 Gy 4 Gy 6 Gy 
0 Gy - - 0.035 

-1.28122 
99 

0.004 
-4.52024 

99 
2 Gy - - - - 
4 Gy 0.035 

-1.28122 
99 

- - - 

6 Gy 0.004 
-4.52024 

99 

- - - 

Table S5.3. H460 cells  -test comparison between sample groups: P-value, t-stat and 
degree of freedom resulting from the comparison of samples subjected to different values of dose. 

 
Dose/Dose 0 Gy 2 Gy 4 Gy 6 Gy 
0 Gy - - - 0.00910 

2.03136 
99 

2 Gy - - - - 
4 Gy - - - - 
6 Gy 0.00910 

2.03136 
99 

- - - 



Table S5.4. PC3 cells  -test comparison between sample groups: P-value, t-stat and 
degree of freedom resulting from the comparison of samples subjected to different values of dose. 

 
Dose/Dose 0 Gy 2 Gy 4 Gy 6 Gy 
0 Gy - 0.01900 

-2.36477 
99 

0.00066 
-3.51402 

99 

0.00050 
-3.59899 

99 
2 Gy 0.01900 

-2.36477 
99 

- - - 

4 Gy 0.00066 
-3.51402 

99 

- - - 

6 Gy 0.00050 
-3.59899 

99 

- - - 

Table S5.5. T24 cells  -test comparison between sample groups: P-value, t-stat and 
degree of freedom resulting from the comparison of samples subjected to different values of dose. 

  



Supporting Information 6. Examining the sensitivity of the small-world-coefficient to the 

Waxman probability P. 

The mean -coefficient of cancer-cell graphs as a function of the exposing dose, determined for 

different cancer-cell lines (H4, H460, PC3, T24) and for different values of the model parameter  

in the network-Waxman generator model ( , , ) (Figure S6.1). (The 

remaining parameters in the Waxman model have been set as , ). 

The small-world coefficient of cancer cell graphs varies as a function of the cut-off probability   

for different values of the radiation dose (Figure S6.2). Diagrams illustrate that the trend of  

depends on cell type and the dose. For smaller values of the dose comprised between  and , 

the  coefficient increases moderately with . In contrast, for larger values of the dose ( , ) 

the  coefficient decreases moderately with , with the exception, notably, of the H460 cells  for 

which  always increases with the probability  regardless of the dose. 

 

Figure S6.1 

 



 

Figure S6.2 
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