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Three‑dimensional shape 
and connectivity of physical 
networks
Luka Blagojević * & Márton Pósfai 

Data describing the three-dimensional structure of physical networks is increasingly available, 
leading to a surge of interest in network science to explore the relationship between the shape 
and connectivity of physical networks. We contribute to this effort by standardizing and analyzing 
15 data sets from different domains. Each network is made of tube-like objects bound together at 
junction points, which we treat as nodes, with the connections between them considered as links. 
We divide these networks into three categories: lattice-like networks, trees, and linked trees. The 
degree distribution of these physical networks is bounded, with most nodes having degrees one or 
three. Characterizing the physical properties of links, we show that links have an elongated shape and 
tend to follow a nearly straight trajectory, while a small fraction of links follow a winding path. These 
typical node and link properties must be reflected by physical network models. We also measure how 
confined a link is in space by comparing its trajectory to a randomized null model, showing that links 
that are central in the abstract network tend to be physically confined by their neighbors. The fact 
that the shape and connectivity of the physical networks are intertwined highlights that their three-
dimensional layout must be taken into account to understand the evolution and function of physical 
networks.

Recently available detailed maps of physical networks provide an opportunity to systematically investigate the 
relationship between their shape and their network properties. For example, open-data large-scale experimental 
projects provide a neuron-level mapping of biological neural networks1,2, high-throughput MRI measurements 
map out detailed vascular networks3, or mycelia mapping projects explore local morphological and mechanical 
properties of fungi by representing them as networks of filaments4. The nodes and links of these physical networks 
have two distinguishing features: (1) they are characterized by a complex three-dimensional shape and (2) they 
physically interact with each other, for example, nodes and links obey volume exclusion, i.e., they cannot overlap. 
To understand how physicality affects network evolution and function, we must extend the toolset of network 
science to take these features into account.

Recent work investigated artificial spatial embeddings of complex networks that obey volume exclusion5, the 
entanglement of physical links6, models of physical network growth7,8, and the effect of physical shape on the 
dynamics on networks8. However, systematic exploration of the three-dimensional shape, the network properties, 
and the relationship between them in real networks is still lacking. Such exploration is hampered by the lack of 
standardized representation. First, there is the technical difficulty that experimental maps of physical networks, 
like neural or molecular networks, are collected, processed, and analyzed with domain-specific methodology. 
Therefore, any investigation of physical networks must be preceded by the time-consuming and computationally 
burdensome task of data pre-processing. Second, even seemingly simple questions like what is a node and a link 
in a physical network carry a level of ambiguity: a physical network is a continuous object in space; to represent 
it as a network, we must discretize it into nodes and links. The definition of nodes and links in turn affects, for 
example, what properties of the network we can study or the right choice of null models.

Here, we compile and standardize 15 data sets from various domains. Each of these physical networks is 
composed of tube-like objects bound together at junction points; motivating us to treat the junction points as 
nodes and the tubes connecting them as physical links. We characterize both the physical shape and the abstract 
network structure and the correlations between them. For this, we calculate standard descriptors such as the 
degree distribution of the abstract network or the fractal dimension of the layout. We also introduce a measure 
of link confinement to understand the role of volume exclusion, which compares the physical links to a null 
model that randomizes link trajectories. The remainder of the paper is organized as follows: In the next section, 
we describe the data sets we collected and their standardization. In sections “Abstract network properties”–“Link 
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confinement correlation profiles”, we analyze the data sets’ abstract network properties, their physical shape, and 
the emergent correlations between network and shape. Finally, section “Discussion” provides a brief discussion.

Data
Our goal is to systematically study the three-dimensional layout of physical networks and to understand the 
relationship between their physical properties and their network structure. For this, we collected 15 data sets 
from various domains, including individual neurons9–12, biological neural networks13, plant roots14, vascular 
networks3, a mitochondrial network15, and the imprint of an anthill (see SI S1.). Before any analysis, however, 
we must uniformly represent and standardize these data sets. In the following sections, we propose the use of 
a labeled skeleton representation, which efficiently captures both the physical shape and abstract network of 
physical networks.

Skeleton representation
Experimental imaging techniques that are used to capture the shape of physical networks, such as scanning 
electron microscopy or magnetic resonance imaging, typically output a three-dimensional image composed of 
voxels. Hence, this voxel representation is the most accurate description available of network layouts. A three-
dimensional voxel image, however, is difficult to handle both computationally and analytically; therefore a more 
compact representation of the data is needed.

Physical networks are typically composed of tube-like objects bound together at junction points (Fig. 1a), 
making them suitable to be approximated by a series of straight segments and radii of the network at the 
endpoints of the segments (Fig. 1b). The process of creating these segments from a raw data format is called 
skeletonization16, often employed in the fields of computer graphics17 and neuroscience18,19. Formally, a skeleton 
representation S of a physical network is a graph whose set of vertices V correspond to points in space and set 
of edges E correspond to segments connecting point pairs. Therefore, each vertex i ∈ V has a set of coordinates 
ri = (xi , yi , zi) and a radius ρi associated to it. Figure 1b shows the skeleton of Fig. 1a.

The radius ρi captures the thickness of the physical network at each vertex i. Therefore, we can approximate 
the original occupied volume of a segment connecting vertex i with radius ρi and vertex j with ρj as a truncated 
cone, and the full volume of the network is approximated by the sum of these truncated cones. More specifi-
cally, for each edge (i, j) in S we add a truncated cone with axis (ri , rj) and parallel faces with radii ρi and ρj 
which has volume:

Three-dimensional physical network data obtained from experiments is routinely skeletonized, and the skeleton 
of the network is published together with the raw data. When their original volume is approximated, they can be 
visualized as shown in Fig. 1d. In fact, all but one of the 15 data sets that we study here was skeletonized by the 
original authors, the only exception is the anthill imprint provided to us as a surface mesh which we skeletonized 
using the Tangent-ball20 algorithm from the Skeletor Python module19. The experimental setup and the choices 
made during the skeletonization may affect our analysis which is performed on the skeleton. For example, 
increasing the number of skeleton segments Nseg increases how well the skeleton approximates the original shape 
of the network. However, increasing Nseg also increases the size of the data set, hence increasing the computa-
tional burden of the analysis. To improve the uniformity of the data sets, we perform two pre-processing steps: 

1.	 Merging segments: If two consecutive segments (ri , rj) and (rj , rk) are appear parallel to each other in the 
data set, we merge them into a single segment (ri , rk) (see SI S2.2).

2.	 Skeleton healing: Due to noisy data, a skeleton may be disconnected even when it represents a single con-
tinuous object in reality. For example, a skeleton of a neuron may appear to have multiple components. To 
remedy this, we add a segment to connect the two nearest skeleton vertices from two disconnected compo-
nents. We repeat this step until the skeleton becomes connected.

Following these pre-processing steps, the number of segments Nseg in a skeleton, as shown in Fig. 1e, spans three 
orders of magnitude from mitochondrial networks, which have approximately 103 segments, to fruit fly neural 
networks which have up to 106 segments.

Network structure
A physical network is a continuous object embedded in Euclidean space, to characterize this object as a network 
we must separate it into discrete nodes and links. For this, first note that all 15 data sets that we collected can be 
seen as a collection of tube-like objects bound together at junction points. Hence, we define the junction and 
terminal points of the tubes as physical nodes and the non-branching tubes pairwise connecting these terminal 
and junction points as physical links. A motivation for this definition is that cutting a physical link (i.e., a tube) 
at any point along its length causes the same disruption to the connectivity of the network.

More formally, for a skeleton representation S of a physical system, we define each physical node to corre-
spond to a skeleton vertex i with degree k(i)  = 2 , and each physical link to corresponds to a path in the skeleton 
given by the ordered set T (i0, il) = [(i0, i1), (i1, i2), . . . , (il−1, il)] , such that k(i0), k(il)  = 2 and k(ij) = 2 for 
j = 1, 2, . . . , l − 1.

With the above definition of nodes and links, we can talk about the abstract or combinatorial network G of 
the system which captures its connectivity without the physical structure. The skeleton S is one possible physical 

(1)Vseg(i, j) =
1

3
· π · (ρ2

i + ρ2
j + ρi · ρj) · |ri − rj|.
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realization of the abstract network G ; however, there are many possible physical realizations of the same G . In 
general, we are interested in understanding the relationship between the physical layout captured by S and the 
network structure captured by G.

As an example consider the physical network shown in Fig. 1a which consists of three tubes bound together 
at a single junction point. Its skeleton representation (Fig. 1b), therefore, has three vertices with degree 1 cor-
responding to the terminal points, one vertex with degree k = 3 corresponding to the junction point, and several 
vertices with degree k = 2 tracing the trajectory of the tubes. This means that the network consists of four physical 
nodes and three physical links, and its abstract network is a star (Fig. 1c).

Finally, note that for a given skeleton S , the above definition of physical nodes and links is not the only viable 
definition. For example, in a neural network, it is natural to treat a neuron as a physical node and synapses 
between them as links, as individual neurons can have complex three-dimensional shapes that can be represented 
by a skeleton itself. More generally, subgraphs of a large S may represent functional units in a physical network 
and it can be useful to treat these functional units as physical nodes8. Note, however, that our definition of the 
abstract network G provides the most detailed picture of the system’s connectivity, and other definitions can be 
thought of as coarse-grained versions of G.

With the skeleton representation and the definition of the abstract network at hand, we are in the position 
to start our analysis. In the following sections, we first explore the structure of the abstract networks of the 15 
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Figure 1.   Physical networks. (a) A physical network composed of three tube-like links bound together at a 
single junction point. (b) The skeleton representation of (a) approximates the original structure as a collection 
of vertices (black points) and edges (colored segments). (c) The combinatorial or abstract network of (a) 
captures the connectivity of the system without the physical structure: nodes represent junction points and 
terminal points, with a link between two nodes that are directly connected by a physical link. (d) The skeleton 
representation allows us to approximate the original volume of real physical networks—e.g., vascular network 
(top) and mitochondrial network (bottom). (e) We compiled a set of 15 physical networks from various 
domains. The size of the networks varies greatly: the number of skeleton segments Nseg capturing the shape of 
each network spans 4 orders of magnitude.
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data sets, then we continue by characterizing their physical properties, and finally, we investigate the relation 
between the two.

Abstract network properties
The above definition of physical nodes and links allows us to explore the properties of the abstract networks 
capturing the connectivity of physical networks without their three-dimensional structure; we focus on the 
degree distribution and motif frequencies.

The nodes in our physical networks are terminal and junction points, meaning that by construction nodes 
cannot have degree k = 2 , only degree k = 1 or k > 2 . Figure 2a shows the degree distribution p(k) of all 15 
networks, and our main observation is that most nodes have degree k = 1 or k = 3 , and nodes with a larger 
degree are exceedingly rare, i.e., p(1)+ p(3) ≈ 1 . This means that junctions tend to be bifurcation points along 
the tube-like physical links making up the network. This is in line with previous empirical observations and 
theoretical predictions for neurons21,22 and transport networks23,24. The observed narrow degree distribution is in 
contrast with degree-heterogeneous networks typically in the focus of network science and should be accounted 
for by mathematical models of physical networks7.

In graph topological terms, 7 out of 15 collected physical networks are trees: the individual neurons, the anthill 
imprint, and the plant roots. Each bifurcation point with degree k = 3 in a tree creates one new leaf node with 
degree k = 1 ; therefore the fact that these networks are trees together with the observation that most junctions 
are bifurcation points, completely determines their degree distribution as p(1) ≈ p(3) ≈ 1/2 . The remainder 
of the networks contain cycles: The vascular networks have no terminal points, apart from a few appearing due 
to finite sample size; therefore are almost completely composed of k = 3 nodes. The mitochondrial network 
representing a network of molecular strands has the highest fraction of k > 3 nodes. Finally, the fruit fly neural 
networks represent a collection of individual neurons which are trees, bound together by synapses, and their 
degree distribution closely resembles that of trees.

To explore the local loop structure of the networks, we calculate the abundance of observed 4-node motifs. 
Namely, we focus on two motifs: the star motif and the 4-cycle. To quantify their abundance, we calculate their 
Z-score compared to their degree-preserving randomized counterparts:

where ns/c is the number of occurrences of the star and 4-cycle motifs in the original networks, and the expected 
value 〈ns/c〉 and standard deviation σs/c is estimated by creating 200 independent randomizations25, while keeping 
the degree sequence fixed. Figure 2b shows the scatter plot of zs and zc for the 15 networks. As expected, in tree 

(2)zs/c =
ns/c − �ns/c�

σs/c
,

Zs

Z
c

a b

Cycle motif Star motif

103 102 101 100 0 100 101
101

100

0

100

101

102

103

h_neuron r_neuron

m_neuron z_neuron

vascular_2
vascular_3

vascular_1

mitochon

root_1
root_2 anthill

fruit_fly_2

fruit_fly_3

fruit_fly_1
fruit_fly_4

lattices
trees
linked trees

0.0 0.2 0.4 0.6 0.8 1.0
Proportion of node degree k

h_neuron

r_neuron

m_neuron

z_neuron

vascular_2

vascular_3

vascular_1

mitochon

root_1

root_2

anthill

fruit_fly_4

fruit_fly_3

fruit_fly_2

fruit_fly_1
k=1
k=3
k>3

Figure 2.   Abstract network properties. (a) The abstract networks are composed of terminal and bifurcation 
points; therefore, their degree distribution is mostly concentrated on k = 1 and k = 3 . More specifically, 
lattice-like networks, such as vascular and mitochondrial networks, are mostly made up of branching nodes 
(degree k = 3 ). For the rest of the network, nodes with k = 1 and k = 3 are approximately evenly split, as 
expected for tree networks. (b) We calculate the z-scores of four-node star and cycle motifs of the original 
networks compared to random networks with the same degree distribution. Markers are the average of nt = 200 
independent randomizations, and error bars representing the standard error of the mean are smaller than the 
marker size. Both axes are symlog axes, i.e., linear from − 1 to 1, log otherwise for both positive and negative 
values. The star motif is slightly over- and the cycle motif is slightly under-represented in tree networks (green 
markers), as expected. In contrast, stars are under and cycles are overrepresented in both lattices (blue markers) 
and linked trees (red markers). The high z-scores observed for the 4-cycle indicate a lattice-like structure.
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networks containing no cycles the star motif is slightly over-represented zs > 0 , and the cycle motif is slightly 
under-represented zs < 0 , while for networks containing cycles, we find the opposite. The highest abundance of 
4-cycles is observed for the networks representing different brain regions of the fruit fly brain.

Based on the degree distributions and motif profile of the abstract networks, the physical networks fall into 
three broad categories: (1) topological trees (the individual neurons, the root systems, and the anthill tunnel 
imprint), (2) lattice-like networks that are characterized by a loopy structure and few terminal points (the vascu-
lar networks and the mitochondrial network), and (3) linked trees which are a collection of trees bound together 
by additional links (the fruit fly brain regions).

Physical properties
In the previous section, we measured properties of the abstract network capturing the connectivity of the 15 
physical networks. We continue our investigation focusing on the physical properties of the system: we charac-
terize the three-dimensional shape of the system without considering the abstract network.

Space filling and fractal dimension
A fundamental property of a physical network is its space-filling, i.e., the amount of volume it occupies from the 
available space. We expect that networks that are tightly packed in space are strongly affected by physicality5,8,26, 
although the study of random physical networks built from straight links suggests that volume exclusion can 
play a significant role even for diminishing small space filling26. Many real physical networks have irregular 
shapes, hence much of their bounding box is unoccupied. Therefore, instead of measuring space-filling globally, 
we divide the axis-aligned bounding box of each physical network into rectangular boxes. We then measure the 
local space-filling in each box i as

where Vocc(i) is the volume of the intersection of the network and box i and Vbox is the volume of the rectan-
gular box. The distribution of φ(i) depends on the choice of Vbox ; therefore, to ensure consistency, we set them 
separately for each data set such that every bounding box is split into a 10× 10× 10 grid of boxes (SI S4.1.). 
Figure 3a shows the distribution of φ for all 15 physical networks, revealing that the physical networks fill out the 
space with mostly sparse regions and fewer denser regions. Therefore we expect that physicality will also affect 
the network structure unevenly: volume exclusion can limit the number and shape of links in dense regions.

To further characterize the shape of the networks, we calculate their box-counting fractal dimension Df , which 
compactly describes the space-filling of a physical object on multiple scales27–29 and is widely used to characterize 
the shape of complex biological systems29,30. Possible values of Df  for connected networks range between 1 and 
the embedding dimension D = 3 , Fig. 3b shows Df  for the 15 networks, we find that both lattices and linked 
trees have Df � 2 , while trees are typically characterized by Df � 2 , except for the anthill imprint. The fractal 
scaling spans at least two orders of magnitude of length scales (see SI S4.2.), again pointing towards regions of 
high and low physical density at different resolution levels.

Link volume and shape
The distribution of space-filling and the fractal dimension characterize the shape of physical networks as a 
whole. In this section, we continue by quantifying the shape of individual links; we focus on their volume and 
their straightness.

The skeleton describing the three-dimensional shape of a physical network is composed of straight segments 
connecting pairs of skeleton vertices and a radius associated to each skeleton vertex, allowing us to approximate 
the volume belonging to a segment in Eq. (1) as a truncated cone. The total volume of a link (i, j) is then:

where Vseg(v,w) is the volume of each segment tracing the link (i, j). We normalize the link volume by the total 
volume of the network Vtotal , setting the unit of measurement. We find that linked trees, or the fruit fly neural 
networks, have consistently high link volume heterogeneity, as their distributions span 6 to 8 orders of magnitude, 
which is higher compared to most lattices and trees (Fig.4a).

We also measure the aspect ratio of physical links a(i, j) = ρlink(i, j)/llink(i, j) , where ρlink is the average radius 
and llink(i, j) is the length of link (i, j). We find the largest average aspect ratios for one of the fruit fly networks 
and the anthill ( med(a) ≈ 0.3 ), while med(a) is substantially lower for other data sets (see SI S1.1). Overall, this 
confirms that physical links are elongated tube-like objects.

Since physical links are tube-like objects, we can capture most of their shape by characterizing their one-
dimensional trajectory. Here, we calculate the deviation of the link trajectories from a straight line, quantifying 
how curved a link is. For this, we rely on a measure of straightness introduced originally in the context of geo-
graphical networks31, namely we calculate the complimentary straightness for each link

(3)φ(i) =
Vocc(i)

Vbox
,

(4)Vlink(i, j) =
1

Vtotal

∑

(v,w)∈(i,j)

Vseg(v,w),

(5)S̄(i, j) = 1−
|ri − rj|

llink(i, j)
,
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where |ri − rj| is the Euclidean distance between nodes i and j and llink(i, j) =
∑

(v,w)∈(i,j) |rv − rw| is the length 
of the physical link (i, j). The complimentary straightness S̄(i, j) is 0 if the physical link is straight and close to 1 
if it follows a winding trajectory much longer than the straight path between the two points.

Calculating the median of complimentary link straightness distribution, med(S̄) , reveals that links in all of 
the 15 physical networks tend to follow a trajectory close to a straight line: most networks have med(S̄) ≈ 0.1 , 
meaning that the length of links is most often less than 10% longer than the optimal straight trajectory. Similarly 
to link volume heterogeneity, linked trees tend to cluster together and are among the networks with the straight-
est links with med(S̄) = 0.05 . Reference26 introduced random linear physical networks, a minimal model that 
constructs a physical network from straight cylinders. The fact that we observed an abundance of straight or 
close-to-straight links lends support for using such linear physical network models to understand the role of 
physicality in real networks. Note, however, that although most links are close to straight, the distribution of 
S̄ is right-skewed as seen in Fig. 4, which points to a smaller fraction of links that significantly deviate from a 
straight trajectory. (see SI S3.).

Finally, we computed the correlations between link straightness S(i, j) and the total link length llink(i, j) and 
volume Vlink(i, j) for each data set using Kendall’s rank correlation coefficient τ 32. Figure 4b shows that for all 
networks, there is a positive rank correlation τ > 0 between S̄(i, j) and llink(i, j) , indicating that longer links tend 
to follow a more winding path. We also observe a positive correlation τ > 0 between S̄(i, j) and Vlink(i, j) , since 
longer links tend to have larger volume. The only exception to this is the fruit fly neural networks, for which 
S̄(i, j) and Vlink(i, j) are negatively correlated τ < 0.

One possible cause contributing to the negative correlation is that fruit fly neural networks are composed of 
neurons that have large somata, which are represented in the data set as short, yet high-volume segments (see 
SI S1.7.).
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Figure 3.   Space-filling and fractal dimension. (a) The boxplots of local space-filling φ show the coexistence 
of mostly sparse and fewer dense regions, where the vertical lines indicate the median, the boxes span the 
25th-75th percentile range, and the whiskers extend to 1.5 times the interquartile range. (b) The fractal 
dimension of physical networks Df ranges between 1 and the embedding dimension D = 3 . Linked trees (red) 
and lattices (blue) have fractal dimension values between Df ≈ 2.0 and Df ≈ 2.3 , while trees (green) have more 
variation, ranging from Df ≈ 1.5 to Df ≈ 2.0 (except for from the anthill imprint). We estimate Df using the 
box-counting method, the error bars indicate the standard deviation of the local scaling estimates (see SI S4.2).
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Link confinement
In the previous sections, we found that space-filling and link properties are heterogeneously distributed: most 
regions of space are sparse and most links are close-to-straight, yet there exists dense regions of the network 
and a small fraction of links follow paths that deviate from a straight line significantly. This suggests that volume 
exclusion or other repulsive physical interactions may also play an uneven role in shaping the network. To further 
investigate this hypothesis we devise a quantity that captures the confinement of a link by other components of 
a network.

A link (i, j) following a trajectory T (i, j) in a real physical network obeys volume exclusion: it does not overlap 
with other links. Our strategy to quantify the role of repulsive forces that may shape T (i, j) is to calculate the 
number of overlaps with other links for a random ensemble of synthetic links that follow similar trajectories to 
T (i, j) . If the synthetic links typically overlap with many other links, the trajectory T (i, j) is an outlier and must 
be shaped by forces not captured by the random ensemble.

The trajectory of a physical link (i, j) in our data sets is given by the ordered set T (i, j) of oriented three-
dimensional segments. To generate the random trajectory Tr(i, j) , we shuffle the order of the segments while 
maintaining their orientation and length, creating a uniform random permutation of T (i, j) . The randomiza-
tion preserves the endpoints and the total length of the link, but otherwise removes any correlation between 
subsequent segments (see SI S4.4.); therefore, the possible link trajectories Tr(i, j) have the same complimentary 
straightness S̄ as the original link. Next, we estimate I(i, j; l, k), the expected number of intersections between 
the randomized link Tr(i, j) and a non-randomized link T (k, l) . To quantify the confinement of the link (i, j), we 
sum up the expected number of intersections with other links:

where the first term corresponds to intersections when link (i, j) is randomized, and the second term corresponds 
to intersections when link (l, k) is randomized. Note that the summation in Eq. (6) excludes links that share an 
endpoint with (i, j). We do this to exclude trivial intersections from the count, since adjacent links (i, j) and (j, k) 
necessarily overlap at the junction point j even for non-randomized link trajectories.

(6)C(i, j) =
∑

k,l �=i,j

I(i, j; l, k)+ I(l, k; i, j),
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Figure 4.   Link shape, length and volume. (a) Box plots of S̄ and Vlink , where the vertical lines indicate the 
median, the boxes span the 25th-75th percentile range, and the whiskers extend from the 0.1th to the 99.9th 
percentile. We find that the bulk of the distributions fall in the range between med(S̄) = 0 and med(S̄) = 0.1 , 
indicating that the networks are mostly composed of close-to-straight links. Link volume Vlink distributions 
span a wider range for linked trees and are the most narrow for lattices. (b) By computing Kendall rank 
correlation τ between link complementary straightness S̄ , link volume Vlink and link trajectory length llink , we 
observe a consistent trend of τ > 0 , meaning that longer and more voluminous links tend to have more winding 
paths. This trend is only reversed for the fruit fly networks, which have τ < 0 between S̄ and Vlink . This could be 
explained by neuron somatas, which are represented as high-volume, straight links composed of a small number 
of skeleton segments.
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The procedure of calculating C(i, j) is illustrated by Fig. 5a: we start with a link (green) surrounded by two 
neighboring links (red and blue). The figure shows nt = 2 randomization trials of the green link: In trial one, the 
randomized link intersects the red link, but not the blue. In trial two, the randomization creates an intersection 
with the blue link; the two links, however, are adjacent (they share a junction point), hence the intersection is 
not counted. In this particular example, the contribution to the link confinement measure from the randomiza-
tion of the green link will be:

To complete the calculation of C(green) , we also need to randomize the red link to estimate I(red, green) in the 
same manner, while I(blue, green) = 0 by definition. Finally, the confinement of the green link is obtained by 
summing up the contributions, i.e., C(green) = I(green, red)+ I(red, green).

Collision detection between link trajectories is a computationally expensive task, in practice we randomize 
each link nt = 20 times (and nt = 5 for the fruit_fly_1 network) and we rely on an efficient collision detection 
algorithm leveraging kd-trees33 (see SI S4.4. and SI S4.5. for details).

Figure 5b shows a large variation in link confinement C. Across all networks, physical links are character-
ized by C ≈ 0 , indicating that these links are not affected by the physical proximity of other components of the 
network. However, we also find highly confined links with C > 10 and even C > 100 expected intersections, sug-
gesting again that physicality tends to play a heterogeneous role in forming networks. In particular, the linked tree 
networks typically have heavy-tailed link confinement distributions (see SI S5.). In terms of absolute counts, the 
linked trees or the fruit fly neural networks show the highest values of link confinement. This can be explained by 
the fact that these networks are composed of multiple neurons, hence in these networks, we have more complete 
information about the physical environment of the links, compared to networks that describe single neurons.

Link confinement correlation profiles
In the previous section, we defined the link confinement C as the expected number of intersections if a link 
would follow a random trajectory, allowing us to identify links whose trajectory is most affected by repulsive 
forces in the network. Here, we characterize the properties of such confined links by calculating the Kendall rank 
correlation τ between the link confinement C and other link properties. Specifically, we focus on the (1) physical 
properties, complementary straightness S̄ and link volume Vlink (2) abstract network properties link betweenness 
Blink and link degree klink(i, j) , where the latter is defined as the sum of the degrees of the endpoints of link (i, j).

Figure 6 shows the correlation profiles of all 15 networks. A persistent pattern we observe is the positive 
correlation between link confinement C and link volume Vlink . This is expected since larger links have more 
opportunities to intersect or be intersected by neighboring links. On the other hand, correlations between link 
confinement and straightness show a more curious pattern: we observe that most networks tend to have positive 
and significant correlations τ between the link confinement C and link complementary straightness S̄ , as expected, 
indicating that more winding links are also more confined. However, for linked trees (fruit fly neural networks) 
we find a negative τ between C and S̄ . To explain this recall that in the fruit fly neural networks we found a nega-
tive correlation between link volume and link length and a positive correlation between straightness S̄ (Sec. 4.2). 
This means that short links tend to be more confined due to their large volume, while also follow a straighter path.

For correlations between link confinement C and the abstract network properties, such as link betweenness 
Blink and degree klink , we find consistent and significant positive correlations for fruit fly neural networks. This 
indicates emergent correlations between the three-dimensional layout and abstract network properties of physical 
networks: more central links in the abstract network tend to be more confined in physical space. For lattice-like 
networks and trees, we find less consistent and weaker positive correlations. Overall, we are able to show that the 
abstract network structure and physical layout are intertwined for networks where we have sufficient information 
about the surrounding environment of the physical links, such as the fruit fly neural networks, which contain 
multiple neurons in close proximity with each other.

Discussion
Experimental data describing the three-dimensional shape of physical networks is increasingly becoming avail-
able, and the growth in the number and size of these data sets is expected to continue: connectome of the human 
brain consists of ≈ 109 neurons and fungal mycorrhizal networks are estimated to span ≈ 1017 km in Earth’s 
soil34. The new data calls for extending the toolset of network science to analyze, model, and understand how the 
three-dimensional layout and physical interactions shape the structure and function of physical networks. Here, 
we contributed to this effort in three distinct ways: (1) We collected and standardized 15 data sets describing 
the three-dimensional layout of physical networks from diverse domains. (2) We characterized the structure of 
both the abstract network and physical layout of the 15 systems using descriptors such as the degree distribution 
and fractal dimension. (3) We introduced link confinement as a method to quantify how physical interactions 
shape link trajectories in physical networks, allowing us to investigate emergent correlations between physical 
and abstract network properties.

Our work may support future research on physical networks in several ways. First, we promote the use of 
labeled skeleton graphs to represent both the layout and the connectivity of physical networks. The skeleton 
captures the shape of the network, while the labeling identifies the physical objects corresponding the the nodes 

(7)I(green, red) =
0+ 1

2
= 0.5

(8)I(green, blue) =
0+ 0

2
= 0
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and links of the abstract network. Here, we focused on treating junction points in the skeleton as nodes 
and sequences of segments connecting them as links; however, the labeled skeletons are not limited to such 
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Figure 5.   Link confinement. (a) To quantify volume exclusion at the link level, we introduce link confinement 
C, the expected number of intersections after randomizing a link’s trajectory. To estimate C of the green link, 
we randomize its trajectory twice. In trial #1, the green link intersects the red link, while in trial #2, it intersects 
the blue link. The blue link, however, shares an endpoint with the green link; therefore their intersection is not 
counted. (b) The distribution of C for each physical network. There are many links with link confinement values 
close or equal to C = 0 , and typical values of link confinement are around C ∼ 10 , and only for the fruit fly 
networks, there are links with link confinement values C > 100 , indicating highly confined links for the linked 
tree networks.
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interpretation. For example, sub-graphs representing larger functional units, such as neurons in the brain, can 
be identified as physical nodes.

Second, our results also inform theoretical models of physical network growth. Recent work that modeled 
physical nodes as spheres and links between them as tubes5,7. We found that most physical links follow close to 
straight trajectories, suggesting that linear physical network models where links are straight cylinders are indeed 
a useful class of models to understand physicality in networks. On the other hand, these physical network models 
generalize the classic Erdős-Rényi and Barabási-Albert models to physical space and thus do not restrict the 
node degree. We, however, found that junction points in real physical networks almost exclusively have degree 
three, a fact that must be accounted for by future models. Note that to obtain real physical networks with non-
trivial degree distributions one must abandon identifying junction points as nodes, instead we must identify 
larger sub-graphs of the skeleton as physical nodes. In more formal terms, these networks can be modeled as a 
network-of-networks: we represent each physical node as a skeleton that has junction points with degree 3, and 
these physical sub-networks are bound together to form a network-of-networks with no restriction on the num-
ber of connections a sub-network can make with other sub-networks8. Future work may explore the relationship 
between the network-of-networks representation and the more fine-grained junction network representation.

Finally, we quantified the physical confinement of individual links by comparing the path that links follow to 
randomized trajectories, allowing us to identify correlations between physical and abstract network properties. 
In general, understanding the relationship between physical shape and abstract network structure is one of the 
key challenges of physical network research7,8,35. Future work may rely on other spatially randomized null models 
and abstract network measures to probe the relation between the two.

Our work is limited by the scope of the available data sets and computational constraints. First, our data 
sets do not contain information about the environment the networks are embedded in; therefore, we can only 
investigate interactions between the components of the network and not interactions between the networks and 
their surroundings. For example, we found the strongest relationship between link confinement and abstract net-
work structure for the fruit fly neural network data sets and we found a weaker or no relationship for individual 
neurons. This is likely due to the fact that the fruit fly data sets contain multiple neurons, thus capturing more of 
the environment of individual physical links. Future work may consider more complete data sets as they become 
available or theoretical models of network growth could incorporate non-trivial environments.

 Data availability
All data used in the manuscript is publicly available. Code to process the data is provided at: https://​github.​com/​
lukab​lagoje/​three-​dimen​sional-​shape-​conne​ctivi​ty-​physi​cal-​netwo​rks.
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Figure 6.   Link confinement correlations. We compute the Kendall rank correlation τ between the link 
confinement C and the physical and the abstract network properties of links, obtaining a correlation profile for 
each physical network. Across all datasets, except some trees, link volume Vlink and link confinement C have 
a statistically significant ( p < 0.01 ) moderate positive relationship. We also find a significant association with 
complementary straightness S̄ , which is positive for lattices and trees, and negative for linked trees, consistent 
with the correlations between Vlink and S̄ (Fig. 4). For the linked trees, which are the data sets with the most 
complete information about the environment of the physical links, we find a significant positive association 
between the centrality of the links in the abstract network (link degree klink and link betweenness Blink ) and 
their link confinement C.

https://github.com/lukablagoje/three-dimensional-shape-connectivity-physical-networks
https://github.com/lukablagoje/three-dimensional-shape-connectivity-physical-networks


11

Vol.:(0123456789)

Scientific Reports |        (2024) 14:16874  | https://doi.org/10.1038/s41598-024-67359-1

www.nature.com/scientificreports/

Received: 30 May 2024; Accepted: 10 July 2024

References
	 1.	 Xu, C. S. et al. A connectome of the adult drosophila central brain. BioRxiv 2020, 01 (2020).
	 2.	 Shapson-Coe, A. et al. A connectomic study of a petascale fragment of human cerebral cortex. BioRxiv 2021, 05 (2021).
	 3.	 Gagnon, L. et al. Quantifying the microvascular origin of bold-fmri from first principles with two-photon microscopy and an 

oxygen-sensitive nanoprobe. J. Neurosci. 35(8), 3663–3675 (2015).
	 4.	 Islam, M. R., Tudryn, G., Bucinell, R., Schadler, L. & Picu, R. C. Morphology and mechanics of fungal mycelium. Sci. Rep. 7(1), 

13070 (2017).
	 5.	 Dehmamy, N., Milanlouei, S. & Barabási, A.-L. A structural transition in physical networks. Nature 563(7733), 676–680 (2018).
	 6.	 Liu, Y., Dehmamy, N. & Barabási, A.-L. Isotopy and energy of physical networks. Nat. Phys. 2020, 1–7 (2020).
	 7.	 Pósfai, M. et al. Impact of physicality on network structure. Nat. Phys. (2024).
	 8.	 Pete, G. et al. Physical networks as network-of-networks. Nat. Commun. (2024).
	 9.	 Coskren, P. J. et al. Functional consequences of age-related morphologic changes to pyramidal neurons of the rhesus monkey 

prefrontal cortex. J. Comput. Neurosci. 38, 263–283 (2015).
	10.	 Barthó, P. et al. Cortical control of zona incerta. J. Neurosci. 27(7), 1670–1681 (2007).
	11.	 Koch, C. & Jones, A. Big science, team science, and open science for neuroscience. Neuron 92(3), 612–616 (2016).
	12.	 Torvund, M. M., Ma, T. S., Connaughton, V. P., Ono, F. & Nelson, R. F. Cone signals in monostratified and bistratified amacrine 

cells of adult zebrafish retina. J. Compar. Neurol. 525(7), 1532–1557 (2017).
	13.	 Scheffer, L. K. et al. A connectome and analysis of the adult drosophila central brain. Elife 9, e57443 (2020).
	14.	 Ohashi, M. et al. Reconstruction of root systems in cryptomeria japonica using root point coordinates and diameters. Planta 

249(2), 445–455 (2019).
	15.	 Viana, M. P. et al. Mitochondrial fission and fusion dynamics generate efficient, robust, and evenly distributed network topologies 

in budding yeast cells. Cell Syst. 10(3), 287–297 (2020).
	16.	 Saha, P. K., Borgefors, G., Sanniti, G. & Baja, K. A survey on skeletonization algorithms and their applications. Pattern Recogn. 

Lett. 76, 3–12 (2016).
	17.	 Tagliasacchi, A., Delame, T., Spagnuolo, M., Amenta, N., & Telea, A. 3d skeletons: A state-of-the-art report. In Computer Graphics 

Forum, vol. 35 573–597 (Wiley Online Library, 2016).
	18.	 Siddiqi, K. & Pizer, S. Medial Representations: Mathematics, Algorithms and Applications (Springer Science & Business Media, 

2008).
	19.	 Kin-Chung, A. et al. Skeleton extraction by mesh contraction. ACM Trans. Graph. (TOG) 27(3), 1–10 (2008).
	20.	 Whited, B. S. Tangent-Ball Techniques for Shape Processing. Georgia Institute of Technology (2009).
	21.	 Percheron, G. Quantitative analysis of dendritic branching. i. Simple formulae for the quantitative analysis of dendritic branching. 

Neurosci. Lett. 14(2–3), 287–293 (1979).
	22.	 Desai-Chowdhry, P., Brummer, A. B. & Savage, V. M. How axon and dendrite branching are guided by time, energy, and spatial 

constraints. Sci. Rep. 12(1), 20810 (2022).
	23.	 LaBarbera, M. Principles of design of fluid transport systems in zoology. Science 249(4972), 992–1000 (1990).
	24.	 Durand, M. Architecture of optimal transport networks. Phys. Rev. E 73(1), 016116 (2006).
	25.	 Milo, R. et al. Network motifs: Simple building blocks of complex networks. Science 298(5594), 824–827 (2002).
	26.	 Pósfai, M. et al. Impact of physicality on network structure. Nat. Phys. 2023, 1–8 (2023).
	27.	 Soddell, J., & Seviour, R. Using box counting techniques for measuring shape of colonies of filamentous micro-organisms. In 

Complex Systems: Mechanism of Adaptation (eds. Stonier, R. J. & Yu, X. H.) 313–319 (IOS Press, 1994).
	28.	 Foroutan-pour, K., Dutilleul, P. & Smith, D. L. Advances in the implementation of the box-counting method of fractal dimension 

estimation. Appl. Math. Comput. 105(2–3), 195–210 (1999).
	29.	 Vicsek, T. Fractal Growth Phenomena (World scientific, 1992).
	30.	 Bunde, A. & Havlin, S. Fractals in Science (Springer, 2013).
	31.	 Crucitti, P., Latora, V. & Porta, S. Centrality measures in spatial networks of urban streets. Phys. Rev. E 73(3), 036125 (2006).
	32.	 Abdi, H. The Kendall Rank Correlation Coefficient. Encyclopedia of Measurement and Statistics 508–510 (Sage, 2007).
	33.	 Schauer, J. & Nüchter, A. Collision detection between point clouds using an efficient kd tree implementation. Adv. Eng. Inform. 

29(3), 440–458 (2015).
	34.	 Leake, J. R. & Read, D. J. Mycorrhizal symbioses and pedogenesis throughout earth’s history. In Mycorrhizal Mediation of Soil 9–33 

(Elsevier, 2017).
	35.	 Flores-Ortega, A. C., Nicolás-Carlock, J. R. & Carrillo-Estrada, J. L. Network efficiency of spatial systems with fractal morphology: 

A geometric graphs approach. Sci. Rep. 13(1), 18706 (2023).

Acknowledgements
This research was funded by ERC grant No. 810115-DYNASNET.

Author contributions
L.B. performed the data processing, analysis and numerical simulations. M.P and L.B. designed the study and 
wrote the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://​doi.​org/​
10.​1038/​s41598-​024-​67359-1.

Correspondence and requests for materials should be addressed to L.B.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1038/s41598-024-67359-1
https://doi.org/10.1038/s41598-024-67359-1
www.nature.com/reprints


12

Vol:.(1234567890)

Scientific Reports |        (2024) 14:16874  | https://doi.org/10.1038/s41598-024-67359-1

www.nature.com/scientificreports/

Open Access   This article is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivatives 4.0 International License, which permits any non-commercial use, sharing, 

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 Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this 
article or parts of it. The images or other third party material in this article are included in the article’s Creative 
Commons licence, unless indicated otherwise in a credit line to the material. If material is not included in the 
article’s Creative Commons licence and your intended use is not permitted 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 
licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by-​nc-​nd/4.​0/.

© The Author(s) 2024

http://creativecommons.org/licenses/by-nc-nd/4.0/

	Three-dimensional shape and connectivity of physical networks
	Data
	Skeleton representation
	Network structure

	Abstract network properties
	Physical properties
	Space filling and fractal dimension
	Link volume and shape
	Link confinement

	Link confinement correlation profiles
	Discussion
	References
	Acknowledgements


