Cortical-like mini-columns of neuronal cells on zinc oxide nanowire surfaces

V. Onesto1,2, M. Villani3, R. Narducci4, N. Malara2, A. Imbrogno5, M. Allione6, N. Costa7, N. Coppedè3, A. Zappettini3, C.V. Cannistraci8,9, L. Cancedda4,10, F. Amato11, E. Di Fabrizio6, F. Gentile11,*

1 Center for Advanced Biomaterials for HealthCare, Istituto Italiano di Tecnologia, 80125 , Naples, Italy
2 Department of Experimental and Clinical Medicine, University of Magna Graecia, 88100 Catanzaro, Italy
3 IMEM-CNR Parco Area delle Scienze 37/A - 43124 Parma, Italy
4 Istituto Italiano di Tecnologia, Via Morego 30, 16163 Genova, Italy
5 Tyndall National Institute, Cork, T12 R5CP, Ireland
6 PSE division, King Abdullah University of Science and Technology, Thuwal 23955 − 6900, Saudi Arabia
7 Health Department, University of Magna Graecia, 88100 Catanzaro, Italy
8 Biomedical Cybernetics Group, Biotechnology Center (BIOTEC), Center for Molecular and Cellular Bioengineering (CMCB), Center for Systems Biology Dresden (CSBD), Department of Physics, Technische Universität Dresden, Tatzberg 47/49, 01307 Dresden, Germany
9 Brain Bio-Inspired Computing (BBC) Lab, IRCCS Centro Neurolesi “Bonino Pulejo”, Messina, 98124, Italy
10 Dulbecco Telethon Institute, Italy
11 Department of Electrical Engineering and Information Technology, University Federico II, Naples, Italy

Supporting information

	SI 1
	Process parameters for Zinc Oxide Nanowires growth and resulting samples characteristics
	

	SI 2
	Additional SEM and AFM images of Zinc Oxide Nanowires
	

	SI 3
	Determining the value of nanowire density from SEM images
	

	SI 4
	Extended topological measures of networks and optimal choice of Waxman variables
	

	SI 5
	Additional fluorescence images of neuronal networks on Zinc Oxide Nanowires
	

	SI 6
	Evaluating the level of power-law-ness of the distribution of the degree of the graphs 
	

	SI 7
	Imaging neurites in cultured neural networks
	

	SI 8
	Imaging neurite branching in cultured neuronal networks
	

	SI 9
	Cluster analysis of neuronal networks on nanowire surfaces
	

	SI 10
	Non linear fit and confidence levels of neuronal cell densities
	

	SI 11
	Free energy landscape of neural clusters and maximum allowed cluster size
	

	SI 12
	The physical mechanisms of cluster formation
	



Supporting Information 1. Process parameters for Zinc Oxide Nanowires growth and resulting samples characteristics.
Using the methods reported in the main article and references1-4, we produced  different samples. Process parameters utilized for each sample are reported in the Supplementary Table 1.1.

	Sample
	Zn(NO3)2×6H2O
	HMTA
	NaCl

	S1
	20 mmol
	20 mmol
	-

	S2
	40 mmol
	20 mmol
	-

	S3
	80 mmol
	20 mmol
	-

	S4
	80 mmol
	20 mmol
	20 mmol

	S5
	80 mmol
	20 mmol
	80 mmol


Supplementary Table 1.1
The growth mechanisms of Zinc Oxide () nanostructures have been widely investigated4. It is universally accepted that the fastest growth rate occurs along the  direction, possibly enhanced by the use of  which coordinates and bridges two  onto  planes, acting as a bidentate Lewis base. By increasing the  content (samples ) with respect to zinc cations ( to ), the lateral growth of () nanowires is slowed down resulting in the higher aspect ratio of sample  compared to  and . The overall reaction describing the growth stage of  nanowires can be summarized as follows: (1) the zinc salt undergoes dissociation in water; (2-3) the  dissociation promotes alkaline hydrolysis of zinc cations (4) which form nanostructures in form of insoluble hydroxide clusters, which finally dehydrate into  (5).
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A remarkable change in  nanowire morphology is observed by adding chloride anions to the solution; under such conditions, a polarity-controlled growth is achieved. Chloride anions are known to bound electrostatically along the  direction lowering the interfacial energy of the most reactive  plane at a point where it is comparable with that of the six equivalent  planes, resulting in the formation of nano-disks instead of nanowires ().

Supporting Information 2. Additional SEM and AFM images of Zinc Oxide Nanowires.
We present additional SEM and AFM images of samples in support to the images presented in the main article. Tilted SEM images of samples are reported in the Supporting Information Figures 2.1 (bar in the insets indicate ) for all substrate preparations . Top-view and cross sectional images of sample are reported in the in the Supporting Information Figures 2.2-3. Large format, high-resolution AFM images of samples are reported in the Supporting Information Figures 2.3-8 for all sample types.
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Supporting Information Figure 2.1 Tilted images of samples for different substrate preparations ().
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Supporting Information Figure 2.2 Top-view and cross sectional images of ().
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Supporting Information Figure 2.3 Top-view and cross sectional images of ().
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Supporting Information Figure 2.4 AFM images of sample .
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Supporting Information Figure 2.5 AFM images of sample .
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Supporting Information Figure 2.6 AFM images of sample .
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Supporting Information Figure 2.7 AFM images of sample .
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Supporting Information Figure 2.8 AFM images of sample .


Supporting Information 3. Determining the values of nanowire density from SEM images.
Given sets of nanowire SEM images, we segmented them in Matlab® to obtain their surface fraction and density. We have chosen a method consisting of some basic morphological operations, for its simplicity and ease of implementation, considering the variability in magnification and in rods pattern between one image and another. To extract the nanowires, it is firstly necessary to perform some local contrast adjustments. In particular, we enhanced the contrast of the starting SEM grayscale image (Supporting Information Figure 3.1a) by transforming the values using contrast-limited adaptive histogram equalization (CLAHE)5. CLAHE operates on small regions in the image, called tiles, rather than the entire image and enhances the contrast of these areas by adjusting their local histograms, so that the histogram of each output region approximately matches the specified histogram (uniform distribution in this case, which means that all the intensity ranges have equivalent probabilities) (Supporting Information Figure 3.1d). The neighboring tiles are then combined using bilinear interpolation to eliminate artificially induced boundaries. Even though CLAHE transforms local histograms to the local probability, it does not modify the global histogram much. In addition, it does not cause some of the intensities to be "extra bright" like a global histogram equalization. While on a global level it does not improve the contrast of large objects much, it does indeed make the more subtle (smaller) features in the image more pronounced (Supporting Information Figure 3.1b). For example, notice the contours around the rods. This transformation makes them more suitable for foreground detection of subtle features. On the other hand, it also enhances noise, especially if the tiles of the adaptive histogram are very small.
[image: ]
Supporting Information Figure 3.1 (a) Original SEM image and its histogram (c). (b) Image after CLAHE contrast adjustment and relative histogram (d).
After the local contrast adjustments, we converted the image to binary (Supporting Information Figure 3.2a). The output image replaces all pixels in the input image with luminance greater than a threshold level (in the range [0,1]) with the value 1 (white) and replaces all other pixels with the value 0 (black). The threshold is found using Otsu's method6, which chooses the threshold to minimize the intraclass variance of the black and white pixels. Because of the great morphological and contrast variance in our sets of images, the use of an automatic global threshold for binarization (Otsu's method) caused the algorithm to perform poorly on some images. In these cases, manually adjusting the threshold resulted in much better detection of the bright spots. Because nanowires have varying contrast within themselves, a simple binarization leaves holes in the image. Therefore, we performed a flood-filling operation on background pixels by the imfill function (Supporting Information Figure 3.2b).
[image: ]
Supporting Information Figure 3.2 (a) Binary image before and after (b) filling holes operation.

Once obtained the final binarized image, with white pixel representing the cross section (the foreground) of the rods and the black pixel the background, we estimated the Solid Fraction. It expresses the packing grade of the structures. The SF is simply calculated as the number of white pixels compared to the total pixels  of the image:
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The method was applied to (i) top-view and (ii) cross-sectional (Supporting Information Figure 3.3-5) SEM images of samples. From the top-view SEM images, we derived the Solid Fraction for each sample type, reported in Figure 3b of the main text. From the cross-sectional images, we derived the internal Density of the nanowires reported in the Supporting Information Table 3.1. Values of Solid Fraction match with values of internal Density with a good level of accuracy. Thus we assume that Solid Fraction obtained from top-view images of samples is a good estimate of sample density.
	Sample type
	Solid Fraction
	Density

	
	
	

	
	
	

	
	
	

	
	
	

	
	
	



Supporting Information Table 3.1 Values of solid fraction and density of nanowires surfaces extracted by (i) top-view and (ii) cross-sectional SEM images of samples.
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Supporting Information Figure 3.3 Morphological operations on SEM micrographs. Original cross sectional image of sample, histogram representation of sample, and binary image of sample (sample ).
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Supporting Information Figure 3.4 Morphological operations on SEM micrographs. Original cross sectional image of sample, histogram representation of sample, and binary image of sample (sample ).
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Supporting Information Figure 3.5 Morphological operations on SEM micrographs. Original cross sectional image of sample, histogram representation of sample, and binary image of sample (sample ).


Supporting Information 4. Extended topological measures of networks and optimal choice of Waxman variables.

Here, extensive network analysis of graphs was performed as a function of the variables of the Waxman model  and  (Supporting Information Figure 4.1).
[image: ]
Supporting Information Figure 4.1 we computed topological measures of networks as a function of the Waxman variables  and .

 topological parameters were measured using a publicly released code7 available at: 
https://github.com/biomedical-cybernetics/topological_measures_wide_analysis

Network measures can be stochastic or deterministic. The stochastic measures included in the present study are three: small-world-ness (two different types) and structural consistency.

Deterministic measures are based on the direct quantification of a considered network topology feature. The deterministic measures included in the present study are seven: characteristic path length, average clustering coefficient, efficiency (two different types), closeness centrality, node betweenness centrality, edge betweenness centrality.

Topological measures of cultured neuronal networks are reported in the Supporting Information Figures 4.2-5 for all sample numbers  to  and for  and  varying in the intervals  and . Network metrics show consistency and coherence for the considered variables of the model. Differences between substrates is maintained across different values of  and . Therefore, results of the paper have the character of generality and the conclusions of the work, presented for the particular case ,  chosen as a reference, are reliable for all wiring conditions of neuronal cells in the considered range of  and .
[image: ]
Supporting Information Figure 4.2 topological measures of networks (clustering coefficient, characteristic path length, small worldness , small worldness , structural consistency) as a function of the Waxman variables  for a fixed .
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Supporting Information Figure 4.3 topological measures of networks (local efficiency, global efficiency, average closeness centrality, average node betweeness centrality, average edge betweeness centrality) as a function of the Waxman variables  for a fixed .
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Supporting Information Figure 4.4 topological measures of networks (clustering coefficient, characteristic path length, small worldness , small worldness , structural consistency) as a function of the Waxman variables  for a fixed .

[image: ]
Supporting Information Figure 4.5 topological measures of networks (local efficiency, global efficiency, average closeness centrality, average node betweeness centrality, average edge betweeness centrality) as a function of the Waxman variables  for a fixed .

1 Small-worldness omega (SWσ). To calculate this measure, the average clustering coefficient C and characteristic path length L of the network are measured and compared with respect to C and L of an equivalent random network (with similar node degree distribution) and the ratio is determined as follows. γ = C/Crand and λ = L/Lrand. These ratios give the small world coefficient σ = γ/λ. A condition for a network to exhibit small world features is that the characteristic path length should be close to that of an equivalent random network, L ≈ Lrand. And the average clustering coefficient should be close to that of an equivalent lattice network, which also implies that C should be much higher than that of equivalent random network, C ≫ Crand. These boundary conditions, if met, restrict the value of σ > 1 for small world networks.
2 Small-worldness sigma (SWω). L of a small world network is near to Lrand of an equivalent random network, and C of a small world network is near to Clatt of an equivalent lattice network. In ‘ω’ the ratio of the average clustering coefficient is calculated with respect to an equivalent lattice network and the ratio of the characteristic path length is calculated with respect to an equivalent random network:
	
	(SI 4.1)


Hence this measure neglects fluctuations of Crand. Since for small world networks boundary condition is that L ≈ Lrand and C ≈ Clatt, the values of ω come out to be near 0 for small world networks. The equation suggests that ω ∈ [−1, 1], with positive values suggesting the network having more randomness, L ≈ Lrand∧ C ≪ Clatt, and negative values suggesting network to be more latticed, L ≫ Lrand ∧ C ≈ Clatt.
3 The structural consistency (SC) is a global measure and a quantitative index for measuring the link predictability of a complex network. The link predictability quantifies the inherent facility to predict the missing or non-observed links of a complex network regardless of the specific algorithm used for the prediction. SC relies on the random perturbation (which is origin of stochasticity) and first-order approximation of the adjacency matrix. The hypothesis on which is based this measure suggests that a group of links is predictable if removing them has only a small effect on the network structural features. In fact, the topological regularity of a network is reflected in the consistency of structural features before and after a random removal of a small set of links. This measure exists in the interval , where  indicates absence of link predictability and  indicates full link predictability.
4 The average shortest path distance a.k.a. characteristic path length (CPL) is a global measure and describes the average of all shortest path lengths between all the pairs of vertices. A small value of characteristic path length means that the information flow between the nodes across the network is facilitated, and that the nodes are able to send messages with each other easily. In other words the nodes across connectomes are functionally convergent.
5 The average efficiency (AE) is a global measure and quantifies how efficiently the information is exchanged within the network. It is inversely proportional to the CPL. If the CPL is low then efficiency is high.
6 The average clustering coefficient (ACC) is a local measure and offers an average evaluation of the cross-interaction density between the first neighbours of each node in the network. Large values of this measure indicate that the nodes in the network tend to have highly connected neighbours.
7 The average closeness centrality (ACCE) is a global measure, represents an indicator of node centrality, and calculates the average closeness of the nodes from all the others in the network. The closer a node is to the others, the faster it can spread information to the others sequentially. It is calculated by averaging all the reciprocals of the mean shortest distance of a particular node to all other nodes.
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If the average closeness centrality of the network is low then the activity of each node would be functionally more relevant to the other nodes.
8 The average node betweeness centrality (ANBC) is a global measure and also a node centrality indicator. The single node betweeness centrality measures how crucial is a particular node in maintaining an optimum information flow path between any other node pair. In other words this average measure calculates the average stress of information burden on the network nodes.
9 The average edge betweeness centrality (AEBC) is a global measure and an edge centrality indicator. The single edge betweenness centrality measures the betweenness or information stress on an edge. The average measure calculates the average stress of information burden on the network edges.


Supporting Information 5. Additional fluorescence images of neuronal networks on Zinc Oxide Nanowires.
We report additional, large format, high-definition fluorescence images of neuronal cell networks cultured on zinc oxide nanowires surfaces, in support to those presented in the main article. Images are reported for all considered substrates: . Some of them are accompanied by the corresponding wiring diagrams obtained by applying the Waxman algorithm to the positions of the cells. First three figures are a larger format of the images of the neuronal cell networks cultured on substrates , ,  as in Figure 5 of the main text, and not contained in Figure 4 of the main text. 

[image: ]
Supporting Information Figure 5.1 Fluorescence image of neuronal cell on substrate .
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Supporting Information Figure 5.2 Fluorescence image of neuronal cell on substrate .
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Supporting Information Figure 5.3 Fluorescence image of neuronal cell on substrate .
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Supporting Information Figure 5.4 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.5 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.6 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.7 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.8 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.9 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.10 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.11 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.12 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.13 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.14 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.15 Fluorescence images of neuronal cell on substrate .
[image: ]
Supporting Information Figure 5.16 Fluorescence images of neuronal cell on substrate .
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Supporting Information Figure 5.17 Fluorescence images of neuronal cell on substrate .
[image: ]
Supporting Information Figure 5.18 Fluorescence images of neuronal cell on substrate .


Supporting Information 6. Evaluating the level of power-lawness of the distribution of the degree of the graphs .

Here, we show results of a power-law test that demonstrate that the distribution of the degree of the graphs  is not power-law, but has an exponential decay. We used the test for power-lawness described in7.
The power-lawness (PL) is a local measure that offers a confidence level to claim whether power-law node distribution governs a particular network or not7. To ensure power law as a plausible hypothesis, p-value is calculated. If the calculated p-value , the power law hypothesis is accepted for the network, otherwise rejected.
Calculated values of p-values are  for the networks for each substrate preparation, as shown in the Supporting Information Table 6.1.
	Substrate
	p-value

	
	

	
	

	
	

	
	

	
	


Supporting Information Table 6.1

Moreover, log-log plots of the distributions reported in the Supporting Information Figure 6.1 show that the decay is exponential and not power-law.
[image: ]
Supporting Information Figure 6.1


Supporting Information 7. Imaging neurites in cultured neural networks.
We used Phalloidin that selectively binds to F-Actin and fluorescence microscopy (Methods) for imaging neurites in cultured neural networks. Actin is a family of globular multi-functional proteins that form microfilaments in the cytoskeleton. It is comprised in axons in neural cells and its content indicates progress of neurite growth and formation in neuronal morphogenesis and neurite branching8,9. Upon staining, we observe that, for high substrate numbers , anatomical connectivity among individual neurons exhibits small world architectures, with few clusters featuring sparse connections inter-cluster and over-abundance of connections intra-cluster (Supporting Information Figures 7.1-7.5).
[image: ]
Supporting Information Figure 7.1 Phalloidin + DAPI staining of cells ().
[image: ]
Supporting Information Figure 7.2 Phalloidin + DAPI staining of cells ().
[image: ]
Supporting Information Figure 7.3 Phalloidin + DAPI staining of cells ().
[image: ]
Supporting Information Figure 7.4 Phalloidin + DAPI staining of cells ().
[image: ]
Supporting Information Figure 7.5 Phalloidin + DAPI staining of cells ().

Supporting Information 8. Imaging neurite branching in cultured neuronal networks.

We present images of synapses and neurite branching in neuronal networks cultured on nanowires substrates from  to . In the same image, measured number of synapses to the number of neurons in a region of interest, reveals that neurons are preferentially connected on substrates  and , with high values of fractal dimension.

[image: ]
[bookmark: _GoBack]Supporting Information Figure 8.1




Supporting Information 9. Cluster analysis of neural networks on nanowire surfaces.
Neuron centers were determined for each configuration using image analysis algorithms. To an extent depending on sample number and nanowire density, we observe that neurons are sparsely distributed in space and are preferentially grouped into clusters (Supporting Information Figure 9.1a). Emerging patterns in the distributions can be analyzed using convenient clustering algorithms. For each cell distribution, we partitioned elements into groups using a density based clustering algorithm10. The algorithm classifies elements into categories on the basis of their similarity. Cluster centers are determined as those points (cells) in the set with higher density than their neighbors and by a relatively large distance from points (cells) with higher densities (Supporting Information Figure 9.1b). These points are the cluster centers (Supporting Information Figure 9.1c). Upon determination of cluster centers, remaining points are assigned to specific clusters on the basis of their distances to the clusters. In the Supporting Information Figure 9.1d, points are colored according to the cluster to which they are assigned. Black points belong to the cluster halos.

[image: ]
Supporting Information Figure 9.1

Supporting Information 10. Non linear fit and confidence levels of neuronal cell densities.
We report the maximum cluster size measured on zinc oxide nanowires substrates for different substrate preparations. In the same Supporting Information Figure 10.1, we report raw data, model fit, and confidence levels resulting from the non linear fit of data with the model .

[image: ]
Supporting Information Figure 10.1



Supporting Information 11. Free energy landscape of neural clusters and maximum allowed cluster size.
We, we derive the potential energy of systems of cell on a substrate as a function of cluster size and determine the effect of cluster size and cell motility on the stability of the cluster. We find that maximum allowed cluster size is a result of the competition between cell-cell binding forces and forces exerted by the cells on the substrate during migration. We generated randomly distributed sets of points on a surface. Each point represents a neuronal cell on a plane. In generating neural clusters, we maintained constant cell density as   while we varied the size of the cluster in the  interval. We then introduced a probing cell  in the cluster and calculated the potential energy  produced by the entire system on that cell:
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where  is an harmonic potential associated to the cell pair ,  is the Euclidian distance between cell  and cell ,  is a position of equilibrium,  is the effective spring constant of the structural linkages between cells,  is the maximum allowed separation distance between cells before link disruption. The potential describes the chemical energy of interaction between cells due to specific (cell adhesion molecules, CAM, mediated adhesion) and not specific (electrostatics, electrodynamics, van der Waals) adhesion forces 11-13.  would depend on the position of  on the domain, thus, moving the probing cell from the center to the periphery of the cluster, we may derive the free energy landscape of the system as a function of the generalized coordinate .  is the distance from cluster center in fractions of cluster diameter units. We observe that the energy landscape of the cluster depends on cluster size (Supporting Information Figure 11.1). Moreover, depending on the number of elements within the cluster, the difference of potential energy  between center and border of the cluster varies to a great extent. We found that calculated values of energy barrier  vary between  for  to  for  cells in the cluster. Height of the barrier  is proportional to the adhesion strength of individual cells to the cluster and  is the resisting force that in any position a cluster exerts on cell to prevent its evasion. Thus  can be determined from the energy landscape of individual clusters (Supporting Information Figure 11.2). For each cluster size, we can find the maximum value of , , in the cluster.  is the value of propelling force that a cell should exert to break anchorages and evade from the cluster. Supporting Information Figure 11.3 reports calculated values of  as a function of cluster size. Since cluster size is experimentally observable (i.e. average cultured neural cluster size determined through fluorescence microscopy and clustering analysis algorithms), diagram in the Supporting Information Figure 11.3 is akin to a design map that can support scientists to estimate values of cell motility forces on a substrate. For the present configuration, measured value of cluster size is  that, combined with the Supporting Information Figure 11.3, yields an estimated value of force during adhesion dependent migration of neurons on nanowire surfaces of . This value falls within the same dimensional range of measured values of propelling forces () and stresses () of adherent cells on solid surfaces14-16.
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Supporting Information Figure 11.1
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Supporting Information Figure 11.2
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Supporting Information Figure 11.3

Supporting Information 12. The physical mechanisms of cluster formation.

The behavior of cells on a substrate is determined by a complex interplay between the cell-cell and the cell-substrate interaction forces11-13,17-19. Since the potential energy of a set of cells is minimized for compact arrangements of those cells20, when left free of evolve, neuronal cells would likely accumulate into clusters. The characteristics of the substrate would either facilitate or prevent cell clustering. In previous works it has been observed that substrates with intermediate values of roughness and high values of fractal dimension enhance cell clustering20,21.
Roughness () is necessary to take cells out of equilibrium – it develops those forces that perturb the system, break equilibrium and make the systems collapse into energetically favorable small-world configurations.
Fractal dimension () quantifies the degree of complexity of a surface. Surfaces with high values of fractal dimension have details over multiple scales - every subset of the original topological space contains an infinite number of points with similar characteristics of the original set.  provides means to measure how densely a property is expressed along a surface.
Since roughness is determined through a mathematical operation of average, it encodes more the extensive characteristics of a material, and less the intensive characteristics revealed by that material at all scales. Surfaces with high values of roughness may be flat on a local scale without appreciable effects on a cell. However, surfaces that have both high  and high , have cracks, rifts or holes distributed along the entire profile of the surface – and if they enable cell motility and cell assembly at a certain scale, it is probable that would continue to do that indefinitely until complete formation of the networks. Fractal dimension is a measure of how much roughness is ubiquitous along a profile.
To examine how fractal dimension influences cell clustering, we use a revised version of the mono-dimensional model already introduced in references22,23
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In Equation (SI 11.1),  is the cell density function of space () and time (),  encodes the cell-cell forces proportional to the parameter,  describes the interaction between the substrate and the cells, proportional to  – the larger the roughness of a surface, the larger . In the equation,  is a random function of  – it incorporates the contribution of fractal dimension. For small values of fractal dimension,  is nearly zero. For high values of fractal dimension,  is an array of ones, extending the effects of  to all length scales.
Using a finite differences numerical scheme23, we solved Equation (SI 12.1) to obtain the steady state value of cell density for fixed values of  (roughness induced forces to the cell-cell adhesion force) and varying . Results, reported in the Supporting Information Figure 12.1, indicate that for small values of  and fractal dimension () cells remain uniformly distributed on a substrate. For high values of  and fractal dimension () cells assemble into clusters with multiple peaks in the cell density distribution.

[image: ]
Supporting Information Figure 12.1
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