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Assortative mixing in spatially-
extended networks
Vladimir V. Makarov1, Daniil V. Kirsanov1, Nikita S. Frolov  1,2, Vladimir A. Maksimenko1, 

Xuelong Li3, Zhen Wang  4, Alexander E. Hramov  1,2 & Stefano Boccaletti5,6

We focus on spatially-extended networks during their transition from short-range connectivities to a 

scale-free structure expressed by heavy-tailed degree-distribution. In particular, a model is introduced 

for the generation of such graphs, which combines spatial growth and preferential attachment. In this 

model the transition to heterogeneous structures is always accompanied by a change in the graph’s 

degree-degree correlation properties: while high assortativity levels characterize the dominance of 

short distance couplings, long-range connectivity structures are associated with small amounts of 

disassortativity. Our results allow to infer that a disassortative mixing is essential for establishing 

long-range links. We discuss also how our findings are consistent with recent experimental studies of 
2-dimensional neuronal cultures.

Spatial constraints are o�en the main factor shaping the structure of connections in real-world networked sys-
tems1,2. For instance, interaction in biological systems (such as populations of animal species) is strongly depend-
ent on the overlap of their habitats3. Other examples are social networks (which frequently demonstrate spatial 
homophily)4, the patterns of disease spreading (which are strongly connected with physical contacts of individu-
als)5, or the topology of urban networks (which is almost completely determined by their spatial con�guration)6–8.

Spatial distribution e�ects are however less studied on the topology of biological networks, such as neuronal 
cultures. �e ability of these latter systems to attain and maintain an optimal connection structure, o�en studied 
on in vitro spatial cultures9, is unique. Di�erent organization layers of neuronal networks exhibit disparate top-
ological scales in the brain10 and, accordingly, distinct and diverse ranges of connectivity. For instance, while the 
existence of long-range interactions between the neurons via synaptic connections is nowadays well-known11, 
recent studies have also highlighted that astrocyte cells12 modulate neural synaptic communication via glutamate 
di�usion and provide slow short-range neural interactions13,14.

�erefore, the importance of understanding the topological properties of spatially-extended connectiv-
ity structures along with the principles beneath their formation and emergence is indubitable. So far, exten-
sive studies have been made15,16, in particular for revealing the properties of spatial scale-free networks17, for 
which a wealth of numerical models18,19 were proposed. However, several recent evidences highlighted that 
spatially-extended networks do not necessarily exhibit scale-free property20,21: spatial social networks together 
with inside-country airport networks22 display small-world structures23 with Poisson-like degree distribution24, 
which intimately depends on short-range connectivity25.

We here investigate the assortativity properties of spatially-extended networks, during their transition from 
short-range to long-range connectivity structures. Our study is motivated by the existing strong relation between 
positive degree-degree correlations and robustness of the networks26,27. In particular, we will �rst design a model 
for the graph evolution, based on spatial growth and preferential attachment principles. With the help of the 
model, we will then show that a topological transition leads to a scale-free network structure in connection 
with a decreased assortativity, thus revealing that emergence of disassortative mixing is essential for establishing 
long-range links in spatial networks. Finally, we will discuss how our results are consistent with a series of recent 
experimental evidence in 2D neuronal cultures9,28.
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Results
A variety of models for the construction of spatially-extended networks has been proposed in the past years. Most 
of them follow the fact that in real networks (such as urban systems or fungal tissues) the nodes are not located 
randomly, and the probability of appearance of new nodes is higher in the vicinity of existing ones29. �is evidence 
is accounted for by the modi�ed correlated percolation model30, which assumes that the probability of appearance 
of a new node, j, depends on the occupancy of the neighborhood. At the same time, other models were proposed 
for the generation of spatial scale-free networks, using preferential attachment18,19. We here combine these two 
principles to obtain both spatial and structural inhomogeneity, i.e. to ensure that even nodes located at the same 
distances can have di�erent probability of connection to each other, depending on their degrees.

In particular, we consider a growth process wherein new nodes are sequentially added to an existing graph, 
and the probability for a newly added node j to form a connection with an already existing node i is

=
λ− ⋅

β−

p e , (1)ij
R dij i

where λ is a density gradient30 which de�nes the decrease of pij with the Euclidian distance Rij between nodes i 
and j, and β is a degree factor allowing to reduce the impact of the density gradient when the degree, di, of the 
existing node i is su�ciently large.

Figure 1 shows how the probability of forming an edge depends on the distance between nodes, Rij, and on 
the degree, di, of the existing node i, for moderate values of λ and β. When di is small enough, increasing Rij leads 
to a sharp decrease of pij. At the same time, growth of di extends the area of parameter space where pij is rather 
large, i.e. the e�ective connectivity range, allowing one to implement a preferential attachment rule: even those 
high-degree nodes which are far away in space have a relatively high chance to form connections with newly 
added vertices.

�e algorithm for the generation of graphs is as follows. First, one assigns the number of nodes, N, and de�nes 
a square coordinate plane (X, Y) of size (104 × 104). �en, the procedure is implemented according to the follow-
ing steps:

 (i) One randomly assigns the coordinates of an initial node in the range [2500: 7500, 2500: 7500]. �is inter-
vals is chosen for the purpose of avoiding the e�ects of spatial constraints, which may constitute a bias if 
the initial node is placed too close to the boundaries of the coordinate plane.

 (ii) �e N × N adjacency matrix W is constructed, and initially �lled with zeros.
 (iii) A new node j is added with randomly assigned (X, Y) coordinates on the coordinate plane. Its distances Rij 

are calculated with respect to all existing i nodes.
 (iv) If Rij is less or equal to 1 for at least one pair of nodes (i, j), then the coordinates of node j are reassigned, 

until the condition > ∀R i1,ij  is met.
 (v) �e probability pij [of connecting node j with any other node i from the set of the already existing ones] is 

calculated according to Eq. (1).
 (vi) Random numbers with a uniform probability distribution in [0, 1] are generated, and for each pair (i ≠ 

j) Wij = Wji is set to 1 whenever a connection is formed between node i and j [i.e. whenever the generated 
random number is smaller than pij].

 (vii) A�er completion of step (vi), if the added node had not formed any connection with the pristine sub-
graph, then one reassigns the coordinates of the node and returns to step (iv). Otherwise, one goes back to 
step (iii) and continues the growth process of the network until the number of nodes becomes equal to the 
desired value, N.

Figure 1. �e probability of edge emergence, pij, as a function of the Euclidean distance between nodes i and 
j (Rij) and of the degree of node i (di). Several iso-probability lines are shown by contour lines on the lower 
surface (see legend). �e parameters are here set to λ = 0.02 and β = 0.3.
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�e algorithm is schematically illustrated (for N = 50) in Fig. 2, with the same values of control parameters 
as those used for Fig. 1. In panel (a), only one new node is added to the initial node (N = 2). �e cases N = 3 and 
N = 5 are reported in panels (b) and (c) respectively, and correspond to the formation of a main cluster. In the 
last stages of the network’s growth [panels (d) and (e), where N = 20 and N = 50] the mentioned cluster is seen 
distinctly. Moving from each one to the next panel, the scale of the coordinate plane shrinks whereas the average 
node degree increases. Consequently, emergence of spatial inhomogeneity in the node density together with 
formation of spatial clusters are the two main observed e�ects, resulting eventually in an inhomogeneous degree 
distribution over the entire graph, and in the appearance of meso-scale structures.

To gather further insight into the topology of the obtained networks, one can rely on the estimation of a wealth 
of structural measures: the average degree, the clustering coe�cient, the graph’s e�ciency, the assortativity prop-
erties, and the algebraic connectivity. �e average degree is just the sum of the degrees, di, of all nodes divided by 
the number of nodes, N:

∑= .
=

d
N

d
1

(2)
a

i

N

i
1

We use the global clustering coe�cient, which present itself the average of local clustering coe�cient over the 
network, and proposed in ref.31. �e network e�ciency is de�ned by:
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where vij is the length (in steps) of the shortest path between the nodes i and j of the graph.
We here concentrate on degree-degree correlation, the graph’s homophilic property which quanti�es the ten-

dency of nodes to link with vertices with similar (or dissimilar) degree. For this purpose, we quantify the net-
work’s assortativity by means of the Pearson correlation coe�cient of the degree between pairs of linked nodes32:
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where M is the total number of edges, and dk and bk are the degrees of the nodes at the two ends of the kth link 
(k = 1, …, M). A positive value of r re�ects the tendency of nodes to form links with the other nodes of the graph 
featuring the same (or a similar) degree; a negative value of r indicates instead the propensity of low-degree nodes 
to connect to structural hubs. We furthermore consider the average degree of the neighborhood of each node i, 
de�ned by

u
d

W d
1

,
(5)

i
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N

ij j
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where Wij = 1 are the elements of the adjacency matrix accounting for the existence of a link between nodes i and 
j, and dj is the degree of node j. Finally, we also calculate the algebraic connectivity, which is the 2-nd smallest 
eigenvalue of the Laplacian matrix33, and has a prominent role in many relevant dynamical processes on net-
works, such as synchronization and di�usion.

With these stipulations, we �rst set N = 500 and investigate the global characteristics of the obtained networks 
while varying the model parameters λ and β. Figure 3 shows the 2D plots of the nodes’ average degree (panel a, 
in log scale), the network e�ciency as given by Eq. (4) (panel b), the clustering (panel c) and assortativity (panel 
d) coe�cients.

�ree main parameter regions can be isolated in panel a, which are marked with “I”, “II” and “III” respectively, 
and which correspond to completely di�erent emerging topologies. In the region marked by I the average degree 
is higher than 100, and the resulting graph is a globally or nearly-globally coupled network. �is regime occurs at 
very small values of λ, where spatial embedding is almost irrelevant in that the emergence of links between nodes 

Figure 2. Schematic illustration of the network generation algorithm. Visualizations of the network are given at 
di�erent stages of the growth (i.e. di�erent number of attached nodes): (a) n = 2, (b) n = 3, (c) n = 5, (d) n = 20, 
(e) n = 50. For comparison, the spatial scale is given on each �gure. �e color of the node (together with its size) 
denotes its degree (see legends). Once again, the control parameters are λ = 0.02 and β = 0.3.
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is practically uncorrelated to the spatial coordinates. An increase in β widens such a region, due to the fact that 
the connectivity range of higher degree nodes is more and more expanded. In region I, the clustering coe�cient 
and the e�ciency are evidently close to 1, whereas r is almost vanishing. Notably, the increase of the density 
gradient a�er λ ≈ 0.015 does not a�ect the structural properties of the resulting network, leading just to a denser 
arrangement of the nodes.

As opposed to almost global coupling structures, the second region (II) is characterized by nearly one-to-all 
con�gurations, since higher values of β provoke an explosive growth of the connectivity range of the �rst node. 
�e clustering coe�cient here is close to zero, and most of the shortest paths are realized by two steps through the 
central node (and therefore E ≈ 0.5). Notice that r takes large negative values in this region.

Regions I and II appear, however, to be limit cases. �e most interesting (and realistic) regime is that occurring 
in the third region (III), and exhibiting the formation of inhomogeneous networks, as the one reported in Fig. 2. 
Here, the resulting graphs exhibit small, but not negligible values, of the clustering coe�cient, a fact that is typical 
in real-world systems?. Both r and E do not display uniform values over this parameter region, and clearly depend 
on β. �e maximum level of assortativity (r ≈ 0.6) is realized at small values of the degree factor (β < 0.3), and 
r progressively decreases while approaching region II. On the contrary, the network e�ciency E grows with the 
increase of β, due to the emergence of long-range connections in the network, which also results in an increase 
of the average degree.

In order to better understand the generation process of the network in region III, we �x λ = 0.02, and focus 
on four distinct values of β (marked in panel d of Fig. 3 by connected circles). Figure 4 reports the visualizations 
(panel a) and some characteristics (panels b-e) of the generated networks. At low values of β [panel a of Fig. 4] the 
connectivity range of the nodes is almost independent on their degree, and this gives rise to rather homogeneous 
spatial structures of the network with an almost constant distance between connected nodes. �e lower panels of 
Fig. 4 reports the degree distribution of the obtained networks, and the correlation between the degree of a node 
(di) and the average degree of its neighbours (ui). We justify the �tting of observed degree distributions to a par-
ticular law using one way chi square test. We �nd that structures obtained with a low value of β (such as β = 0.1 in 
Fig. 4b) brandish a Poisson degree distribution (p > 0.99), indicating that the obtained graph only slightly deviates 
from a purely random network. At the same time, however, the network exhibits assortative correlations (see the 
positive trend in the lower plot of panel b) caused by spatial constraints on the emergence of new connections: all 
nodes in some area have very similar degree.

Increasing β (β = 0.3, Fig. 4c) has two main e�ects. First, the network becomes more centralized, and the den-
sity increases around the initial node. Second, the degree inhomogeneity becomes more and more pronounced 
when moving from the graph’s center to the periphery, a fact which casts the corresponding degree distribution in 
a way that slightly deviates from a Poisson-like function. �e latter is also shown by chi square test indicating less 
pronounced �t with Poisson law (p = 0.79). Strong spatial homophily of the nodes, i.e. the tendency to have the 
spatial neighbours with similar degree, are still present, as well as a positive network degree-degree correlation. In 
this region high degree nodes are capable of maintaining longer connections, but the spatial dependence of pij is 
not sharp enough to provoke an explosive growth of the e�ective connectivity of individual nodes.

�e scenario changes rather dramatically when the degree factor is further increased (β = 0.45, Fig. 4d). �e 
network becomes now markedly centralized, and one observes larger and larger degrees of inhomogeneity, with 
a degree distribution similar to a power law, =

γ−N d d( )i i  (p > 0.99). r almost vanishes, and the loss of assortativ-
ity is caused mostly by small degree nodes which start to connect to structural hubs [see the lower plot of Fig. 4d], 
whereas the nodes with moderate degree still feature an assortative behavior.

Finally, when the degree factor is large enough [as the case of β = 0.6 reported in Fig. 4e], preferential attach-
ment becomes dominant over the spatial constraints: those nodes with rapidly growing degrees obtain the ability 
to form connections at longer and longer distance, with the initial node forming connections to almost all the 
other nodes. Furthermore, the dominant dependence of pij on the node’s degree provokes the emergence of spatial 
and structural degree inhomogeneities. �e degree distribution �ts now very well a power law, with values of the 
exponent γ close to those featured by real systems34 (p > 0.999). �e average ui (black dots in the lower panel) now 
exhibits a negative correlation with the node degree (di), as a result of the emergence of long-range links allowing 

Figure 3. 2D-plots reporting the values of several network’s topological measures in the parameter space (λ, 
β): (a) the average degree over the network (given in log scale), (b) the graph’s e�ciency E, (c) the clustering 
coe�cient C, (d) the assortativity coe�cient r. See the main text for all the de�nitions. For each panel, the color 
code is re�ected in the corresponding legend. �e dashed contour line in panel (d) connects all points where 
r = 0. Other labels appearing in panels (a,d) are de�ned and discussed in the main text. All networks have 
N = 500 nodes.
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hubs to aggregate the connections with peripheral nodes. At the same time, one can see that the values of ui are 
largely spread for lower degree nodes.

Finally, we examine the impact of the network size. To do so, we set the value of the density gradient (λ = 0.04) 
within a stable region (i.e. where variations of the density gradient are not substantially a�ecting the structural 
properties of the graph), and change β and N. In Fig. 5a the coe�cient r is reported in the parameter space (N, 
β). For small networks, the dependence of r on β is rather weak. When however N increases, all e�ects described 
above become pronounced and the scenario stabilizes a�er N = 400. �e corresponding 2D-plot of the algebraic 
connectivity is shown in Fig. 5b. One can easily see that the increase of r is in general re�ected by a decrease of 

Figure 4. �e topologies of the generated network when increasing the degree factor β in region III. (a) Spatial 
visualizations of the obtained network structures. �e size and color of a node is proportional to its degree. �e 
insets zoom on speci�c graph areas. N = 500. (b–e) Degree distributions (N(di), upper plots) and correlation 
between di and ui (lower plots) at di�erent β values: (b) β = 0.1, (c) β = 0.3, (d) β = 0.45, (e) β = 0.6. �e black 
dots on the correlation plots mark the average values of ui for each di value. �e solid lines in the degree 
distributions are marking the �t with speci�c distribution functions: (b,c) Poisson distribution, =

ξ ξ−N d e( )i d !

di

i

, 

with 7 016ξ = .  (b) and ξ = .8 672 (c–e) power law, N d d( )i i=
γ− , with γ = .1 852833809 (d) and 

γ = .2 296646767 (e). �e goodness of �t has been justi�ed by means of one way chi square test with the 
following p-values: (a) p > 0.99, (b) p = 0.79, (c) p > 0.99, (d) p > 0.999.

Figure 5. �e coe�cient r (panel a) and the algebraic connectivity L (panel b) in the parameter space (N, β). 
See main text for de�nitions. λ = 0.04.
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the second smallest eigenvalue (L) of the Laplacian matrix. �is, in turn, is responsible for the loss of network’s 
robustness, caused by the absence of long-range connections in the backbone of the graph: values of L close to 
zero indicate indeed that the network can be broken into isolated modules in a relatively easy way35.

Discussion and Conclusions
In conclusion, we have revealed the existence of non trivial relationships between the spatial organization of a 
network and its assortativity and robustness. In particular, we have pointed out that spatial networks with strong 
restrictions on the connectivity range demonstrate high degrees of assortativity, and Poisson-like degree distri-
butions. A gradual increase in the connectivity range of the higher degree nodes leads instead to the formation of 
long-range connections, allowing hubs to aggregate links not only with other hubs (in order to form a backbone 
of the graph), but also with peripheral nodes, resulting in a decrease of assortativity. At the same time, the net-
work shapes its structure according to a scale-free topology re�ected by heavy-tailed degree distribution.

To give an idea of how our results are applicable to real systems, we compare our �ndings with the main fea-
tures of two real-world networks, whose visualizations are given in Fig. 6a,c. In particular, we focus on two very 
distinct spatial connectivity cases: the functional resting-state fMRI macroscale network of the human brain (638 
nodes, 18,625 links) published in ref.36, and the global airline transport network (2,939 nodes, 31,354 links) taken 
from the website Open�ight.org, and largely analyzed in ref.37.

�e �rst one is an example of a network whose structure is the result of several spatial restrictions, and is a 
weighted network distributed in 3D space. Figure 6b shows the correlation between each node degree and the 
average degree of its neighbours: it is clearly seen that the real structure is characterized by an assortativity mixing 
with r = 0.3886. �e degree distribution (shown in the inset) is rather homogenous featuring a high average value 

≈d( 43)a . �ese characteristics have a strong similarity to those reported in Fig. 4b,c. �is fact is strengthening 
our presumptions about the spatial restrictions of the real network. When one focuses on clustering coe�cient 
and e�ciency (the formulas for weighted networks can be found in ref.38 and ref.39, respectively), one obtains 
rather high values: C = 0.4128 and E = 0.3224. �is set of network characteristics is consistent with the border 
between two parameter regions of our model: at moderate values of β ≈ .0 3 and small values of the density gra-
dient, λ, the density of links is still high implying small shortest-path lengths and high clustering in the system.

As for the second case, the airline network is a clear example of a spatially-distributed network with a very 
large number of long-range connections. Such a graph is unweighted and undirected, allowing a more straight-
forward comparison with our model. �e assortativity coe�cient is very small (r = 0.461), due to the existence of 
hub-periphery connections. Looking at the corresponding (di, ui) scatter-plot in Fig. 6d, one can observe a pattern 
which is very similar to the one reported in Fig. 4d,e. Furthermore, long-range connectivities determine here a 
power-law degree distribution (see inset), a fact that con�rms the predictions made by our model.

Our results qualitatively agree also with a series of observation made in other spatially-extended networks. 
Indeed, we pointed out that a complex topology may emerge in association with local assortative behavior and 
long-distance connections to structural hubs. �is pattern has been recently observed in spatial networks of 

Figure 6. �e network visualizations (a,c) and the (di, ui) scatter plots (b,d) of two real-world networks: (a,b) 
the resting-state fMRI network of human brain36 and (c,d) the global airline network from the website 
Open�ight.org37. �e assortativity coe�cient is r = 0.3886 in panel a, and r = 0.0461 in panel c. �e 
corresponding degree distributions are shown in the insets. Here, degree distribution in (b) is well �tted with 
Poisson law with 4 94ξ = .  (p > 0.99) and degree distribution in (c) is well �tted with power law with γ = 1.25 
(p > 0.99). �e graphs’ visualizations are obtained by Gephi so�ware41 using the OpenOrd layout.
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cultured neurons28, in close relationship with the ability of neural networks to maintain an optimal and robust 
topology11. In particular, recent studies demonstrated that the formation of patterns of local cooperation between 
nodes, together with the emergence of a backbone of hubs in the network provide a structure much more stable 
and resilient (against external attacks) than simple assortative or disassortative mixing40.

References
 1. Boccaletti, S., Latora, V., Moreno, Y., Chavez, M. & Hwang, D.-U. Complex networks: structure and dynamics. Phys. Reports 424, 

175–308 (2006).
 2. Boccaletti, S. et al. �e structure and dynamics of multilayer networks. Phys. Reports 544, 1–122 (2014).
 3. Fortuna, M. A., Gómez-Rodríguez, C. & Bascompte, J. Spatial network structure and amphibian persistence in stochastic 

environments. Proc. Royal Soc. Lond. B: Biol. Sci. 273, 1429–1434 (2006).
 4. Sailer, K. & McCulloh, I. Social networks and spatial con�guration – how o�ce layouts drive social interaction. Soc. networks 34, 

47–58 (2012).
 5. Vazquez-Prokopec, G. M., Kitron, U., Montgomery, B., Horne, P. & Ritchie, S. A. Quantifying the spatial dimension of dengue virus 

epidemic spread within a tropical urban environment. PLoS Neglected Trop. Dis. 4, e920 (2010).
 6. Strano, E., Nicosia, V., Latora, V., Porta, S. & Barthélemy, M. Elementary processes governing the evolution of road networks. Sci. 

reports 2, 296 (2012).
 7. Makarov, V. V. et al. Interplay between geo-population factors and hierarchy of cities in multilayer urban networks. Sci. reports 7, 

17246 (2017).
 8. Crucitti, P., Latora, V. & Porta, S. Centrality measures in spatial networks of urban streets. Phys. Rev. E 73, 036125 (2006).
 9. de Santos-Sierra, D. et al. Emergence of small-world anatomical networks in self-organizing clustered neuronal cultures. PLoS One 

9, e85828 (2014).
 10. Maksimenko, V. A. et al. Multiscale neural connectivity during human sensory processing in the brain. Phys. Rev. E 97, 052405 

(2018).
 11. Bullmore, E. & Sporns, O. Complex brain networks: graph theoretical analysis of structural and functional systems. Nat. Rev. 

Neurosci. 10, 186 (2009).
 12. Halassa, M. M. & Haydon, P. G. Integrated brain circuits: astrocytic networks modulate neuronal activity and behavior. Annu. review 

physiology 72, 335–355 (2010).
 13. Makovkin, S., Kumar, A., Zaikin, A., Jalan, S. & Ivanchenko, M. Multiplexing topologies and time scales: �e gains and losses of 

synchrony. Phys. Rev. E 96, 052214 (2017).
 14. Postnov, D., Koreshkov, R., Brazhe, N., Brazhe, A. & Sosnovtseva, O. Dynamical patterns of calcium signaling in a functional model 

of neuron–astrocyte networks. J. biological physics 35, 425–445 (2009).
 15. Gastner, M. T. & Newman, M. E. Shape and e�ciency in spatial distribution networks. J. Stat. Mech. �eory Exp. 2006, P01015 

(2006).
 16. Barthélemy, M. Spatial networks. Phys. Reports 499, 1–101 (2011).
 17. Barthélemy, M. Crossover from scale-free to spatial networks. EPL (Europhysics Lett.) 63, 915 (2003).
 18. Rozenfeld, A. F., Cohen, R., Ben-Avraham, D. & Havlin, S. Scale-free networks on lattices. Phys. Rev. Lett. 89, 218701 (2002).
 19. Kaiser, M. & Hilgetag, C. C. Spatial growth of real-world networks. Phys. Revi. E 69, 036103 (2004).
 20. Jamakovic, A. & Uhlig, S. On the relationships between topological measures in real-world networks. Networks Heterog. Media 3, 

345 (2008).
 21. Herrmann, C., Barthélemy, M. & Provero, P. Connectivity distribution of spatial networks. Phys. Rev. E 68, 026128 (2003).
 22. Zanin, M., Buldú, J. M., Cano, P. & Boccaletti, S. Disorder and decision cost in spatial networks. Chaos: An Interdiscip. J. Nonlinear 

Sci. 18, 023103 (2008).
 23. Iotti, B. et al. Infection dynamics on spatial small-world network models. Phys. Rev. E 96, 052316 (2017).
 24. Wong, L. H., Pattison, P. & Robins, G. A spatial model for social networks. Phys. A: Stat. Mech. its Appl. 360, 99–120 (2006).
 25. Cellai, D., López, E., Zhou, J., Gleeson, J. P. & Bianconi, G. Percolation in multiplex networks with overlap. Phys. Rev. E 88, 052811 

(2013).
 26. Zhou, D., Stanley, H. E., D’Agostino, G. & Scala, A. Assortativity decreases the robustness of interdependent networks. Phys. Rev. E 

86, 066103 (2012).
 27. de Franciscis, S., Johnson, S. & Torres, J. J. Enhancing neural-network performance via assortativity. Phys. Rev. E 83, 036114 (2011).
 28. Teller, S. et al. Emergence of assortative mixing between clusters of cultured neurons. PLoS computational biology 10, e1003796 

(2014).
 29. Heaton, L. L., López, E., Maini, P. K., Fricker, M. D. & Jones, N. S. Advection, di�usion, and delivery over a network. Phys. Rev. E 86, 

021905 (2012).
 30. Makse, H. A. et al. Modeling urban growth patterns with correlated percolation. Phys. Rev. E 58, 7054 (1998).
 31. Watts, D. J. & Strogatz, S. H. Collective dynamics of small-world networks. Nat. 393, 440 (1998).
 32. Newman, M. E. Assortative mixing in networks. Phys. rev. letters 89, 208701 (2002).
 33. Fiedler, M. Algebraic connectivity of graphs. Czechoslov. mathematical journal 23, 298–305 (1973).
 34. Pastor-Satorras, R. & Vespignani, A. Epidemic spreading in scale-free networks. Phys. review letters 86, 3200 (2001).
 35. Newman, M. E. Finding community structure in networks using the eigenvectors of matrices. Phys. review E 74, 036104 (2006).
 36. Crossley, N. A. et al. Cognitive relevance of the community structure of the human brain functional coactivation network. Proc. Natl. 

Acad. Sci. 110, 11583–11588 (2013).
 37. Verma, T., Araújo, N. A. & Herrmann, H. J. Revealing the structure of the world airline network. Sci. reports 4, 5638 (2014).
 38. Fagiolo, G. Clustering in complex directed networks. Phys. Rev. E 76, 026107 (2007).
 39. Onnela, J.-P., Saramäki, J., Kertész, J. & Kaski, K. Intensity and coherence of motifs in weighted complex networks. Phys. Rev. E 71, 

065103 (2005).
 40. Xu, X.-K., Zhang, J. & Small, M. Rich-club connectivity dominates assortativity and transitivity of complex networks. Phys. Rev. E 

82, 046117 (2010).
 41. Bastian, M. et al. Gephi: an open source so�ware for exploring and manipulating networks. Icwsm 8, 361–362 (2009).

Acknowledgements
�is work has been supported by Russian Science Foundation (Grant 17-72-30003) in the part of development 
ofmathematical model and numerical simulation, and the National 1000 Young Talent Plan W099102, the 
Fundamental Research Funds for the Central Universities G2017KY0001 in the part of experimental data 
analysis.

Author Contributions
A.E.H., V.V.M., X.L. and S.B. conceived the study; A.E.H., V.V.M., Z.W. and S.B. designed the numerical model. 
D.V.K., N.S.F. and V.A.M. studied the model and analyzed the numerical data. All Authors wrote the Manuscript.



www.nature.com/scientificreports/

8SCIENTIFIC REPORTS |  (2018) 8:13825  | DOI:10.1038/s41598-018-32160-4

Additional Information
Competing Interests: �e authors declare no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional a�liations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. �e images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© �e Author(s) 2018

http://creativecommons.org/licenses/by/4.0/

	Assortative mixing in spatially-extended networks
	Results
	Discussion and Conclusions
	Acknowledgements
	Figure 1 The probability of edge emergence, pij, as a function of the Euclidean distance between nodes i and j (Rij) and of the degree of node i (di).
	Figure 2 Schematic illustration of the network generation algorithm.
	Figure 3 2D-plots reporting the values of several network’s topological measures in the parameter space (λ, β): (a) the average degree over the network (given in log scale), (b) the graph’s efficiency E, (c) the clustering coefficient C, (d) the assortati
	Figure 4 The topologies of the generated network when increasing the degree factor β in region III.
	Figure 5 The coefficient r (panel a) and the algebraic connectivity L (panel b) in the parameter space (N, β).
	Figure 6 The network visualizations (a,c) and the (di, ui) scatter plots (b,d) of two real-world networks: (a,b) the resting-state fMRI network of human brain36 and (c,d) the global airline network from the website Openflight.


