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Abstract
Addressing topological properties of real-world networks requires the use
of null models, of which the most common are random Erdős-Rényi graphs
with the same number of nodes and links than the network under study. Yet,
these latter graphs are completely structure agnostic, and can therefore be
disconnected. In this study we analyse the bias introduced by the use of such
null models when evaluating the topology of networks that are connected by
construction, as is the case of transportation systems. By using large sets
of synthetic and real-world networks, we show that metrics like the average
shortest path length are consistently overestimated, while others, like the
diameter, are underestimated. We further propose an eﬃcient algorithm
for creating large connected random networks, which outperforms the naı̈ve
strategy of creating Erdős-Rényi graphs until a connected one is obtained.
We finally discuss the bias introduced by the use of a Z-Score when the
underlying metrics are not normally distributed.
Keywords: Complex networks, Null models, Random graphs
1. Introduction
Within the endeavour of analysing real-world networks, one of the most
important steps is the definition and use of suitable null models. Loosely
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speaking, a null model consists of one network (or a set of networks) that
matches a graph under study in some structural aspects, while being random
in all other characteristics (Maslov and Sneppen, 2002). The simplest case
is therefore a completely random network, i.e. an Erdős-Rényi graph, which
lacks any topological feature. Beyond this, a full spectrum of more complex
solutions can be found: from configuration models, i.e. random networks
with a given (fixed) degree distribution (Catanzaro et al., 2005, Courtney
and Bianconi, 2016); to statistical network models, mimicking some specific
topological feature (Goldenberg et al., 2010); and models designed to reproduce a natural or technological system (Vértes et al., 2012).
The main advantage provided by null models is that they allow breaking
the coupling existing between diﬀerent topological properties, and thus allow
comparing networks with heterogeneous characteristics. As a simple example, let us consider the case of the eﬃciency, a metric assessing how easily is
to move, in terms of number of hops, between two nodes of a network - and
hence how eﬃcient is the network from the information propagation point
of view (Latora and Marchiori, 2001). Caeteris paribus, a large network will
have a lower eﬃciency than a small one - as more hops are needed to cross
the network. Similarly, a densely connected network will have a higher eﬃciency than a loosely connected one. It is thus clear that the simple value of
the eﬃciency does not allow to understand if a given network is optimised
for information propagation - a value of 0.5 can be a remarkable feature for
a large and sparse network, but quite normal for a small and dense one.
Similar problems arise when comparing networks with diﬀerent numbers of
nodes and links; and with all metrics whose value depends on the network
size and density. In these cases, the solution is to resort to a null model: for
instance, the value of the eﬃciency can be normalised with what expected
in an ensemble of random equivalent networks, i.e. with the same number
of nodes and links. This may be done through the calculation of a Z-Score,
which indicates how many standard deviations the observed metric is from
the (null model’s) expected value (see Section 2, and Eq. 2 within, for a definition and additional details). This allows assessing whether the observed
value is special, in the sense of being diﬀerent from what obtained in networks
without structure.
While resorting to completely random networks usually yields good normalisations, it may nevertheless entail some risks. Specifically, this choice is
agnostic about any topological property, being this the main characteristic
of Erdős-Rényi graphs; the resulting graphs can then be connected or dis2

connected, depending, among others, on the density of links. Nevertheless,
many real-world networks are connected by construction, as is for instance
the case of most transportation networks. We here thus focus on the following
question: can obviating this connectedness result in significant biases?
To illustrate, let us consider the example of the subway network of Berlin,
which is composed of 171 nodes and 360 links, for an average degree of
〈k〉 ≈ 4.28 - see Supplemental Informations for details on the network reconstruction procedure. Nodes form a single giant component, clearly to
improve citizens’ mobility; the connectedness of the network is therefore a
property intrinsic to its nature. Nevertheless, due to the relatively low link
density, the probability of obtaining a random network with the same number of nodes and links that is connected is quite small (≈ 0.08). If one then
uses completely random (and thus mostly disconnected) graphs to normalise
the topological properties of the Berlin subway network, how does this influence the final results? A numerical analysis reveals that the obtained Z-Score
for the Average Shortest Path Length (ASPL) is 13.2 when calculated with
random networks, and 377.16 when only connected random networks are
used; similarly, the Z-Scores for the diameter are respectively of −2.31 and
65.72 (metric definitions will be discussed in depth in Sec. 2). These results
strongly aﬀect the conclusions that can be drawn regarding the topology: for
instance, while prima facie the diameter is smaller than expected, it is actually much larger than expected if one takes into account the connectedness
of the network.
Building on this simple example, this contribution firstly aims at quantifying the error introduced by the use of a wrong null model, by analysing
a large set of synthetic graphs and real-world examples drawn from transportation systems and brain functional networks. Secondly, in Sec. 3 we
propose and validate an eﬃcient algorithm for generating connected random
networks, which outperforms a naı̈ve solution based on generating random
graphs until a connected one is found. Sec. 4 discusses the problem of
resorting to a Z-Score in the normalisation process, even when the underlying distributions are not normal, and evaluates the error introduced by
this practice. We finally draw some conclusions in Sec. 5, focusing on the
repercussions that the presented results have for the analysis of real-world
systems.
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2. Connected vs. disconnected random networks
As previously introduced, the first question one ought to ask is whether a
set of completely random networks is suitable to normalise a real-world network that is by construction strongly connected - i.e. in which it is possible
to move between any pair of its nodes. The connectedness of the network is
an inherent property of many real systems, and, as a prototypical example,
one may consider most of the transportation systems (Zanin et al., 2018).
To illustrate, the metro network of any city is necessarily connected (at least
during normal, undisrupted operation), as having two separated subnetworks
would substantially hinder people’s mobility. Similar considerations hold for
other transportation modes, as for instance the air transport. Note that disconnected networks can artificially be created, for instance by considering
the connectivity created by two airlines operating in diﬀerent parts of the
world; this would nevertheless have little business relevance.
In order to assess the eﬀect of such normalisation, we i) created a large set
(n = 1000) of random connected networks, with N = 200 nodes and average
degree < k >= 6; ii) extracted 12 commonly considered topological metrics
(see below for a description); and iii) normalised the value of such metrics
through a Z-Score, calculated against the value obtained in completely random networks. Note that, without loss of generality, we here consider only
undirected networks.
Following the standard notation, a network of N nodes and L links is
fully described by its adjacency matrix A, whose element ai,j is one if a link
exists between nodes i and j, and zero otherwise. Using this notation, we
can define the following topological metrics, which are considered in step ii:
1. Maximum degree: degree (i.e. number of connections) of the most
connected node in the network.
2. Average Shortest Path Length (ASPL): average of the geodesic distance
between all pairs of nodes, i.e. the length of the shortest path connecting them. Note that, if the graph is not strongly connected, there
will be pairs of nodes (i, j) for which the distance is not defined (or
is equal to infinity). Consequently, this metric is not well defined for
disconnected graphs.
3. Eﬃciency: average of the inverse of the geodesic distance between all
pairs of nodes (Latora and Marchiori, 2001). Denoting by di,j the dis4

tance between nodes i and j, the eﬃciency E is defined as:
E=

 1
1
.
N (N − 1) i,j∕=i di,j

(1)

While conceptually similar to the ASPL, it presents the advantage of
being defined also for disconnected graphs - as 1/di,j → 0 when there
is no path between nodes i and j.
4. Modularity: metric quantifying the presence of communities, i.e. groups
of nodes more connected between them than with the remainder of the
network (Newman, 2006, Fortunato, 2010). Given one network partition into a set of (usually non-overlapping) communities, it is calculated
as the fraction of links that fall within the given groups, minus the fraction that would be expected if edges were distributed at random. The
modularity has here been assessed through the well-known Louvain
algorithm (Blondel et al., 2008).
5. Assortativity: Conditional probability P (k ′ |k) that a link from a node
of degree k points to a node of degree k ′ (Noldus and Van Mieghem,
2015). It is calculated as the Pearson’s correlation coeﬃcient between
the degrees at either ends of a link.
6. Transitivity: measure of the density of triangles in the network. It is
calculated as the relationship between the number of triangles in the
network, and the average likelihood that two neighbours of a node are
neighbours themselves (Serrano and Boguna, 2006).
7. Information Content: measure assessing the presence of meso-scale
structures in complex networks, based on the identification of regular
patterns in the adjacency matrix of the network, and on the calculation
of the quantity of information lost when pairs of nodes are iteratively
merged (Zanin et al., 2014).
8. Diameter: largest distance between any pair of nodes in the network,
or alternatively, the maximum eccentricity of any node.
9. Nestedness: measure describing how nested a graph is, understood as
the propensity of low-degree nodes to always connect with the same
high-degree nodes (Jonhson et al., 2013).
5

10. Randić index: metric firstly introduced in chemistry, and assessing the
extent of branching of the graph (Li and Shi, 2008). It is defined as the
sum of the weights (ku kv )α of all edges uv of the graph, being ku the
degree of the node u, and α a constant. We here assume α = −1/2, as
initially suggested in (Randic, 1975).
11. 3-nodes motifs: specific patterns of connectivity that arise between a
small number of nodes (in this case, three) (Milo et al., 2002). As only
undirected networks are here considered, only two motifs can arise:
three nodes connected to form a line, and forming a complete triangle.
These two motifs are respectively denoted as (1) and (2) throughout
this work.
The third step of the analysis here reported entails normalising each metric by calculating its Z-Score. Specifically, suppose one is interested in a
topological metric M (e.g. the diameter), and that the network under study
yielded a specific value m (e.g. 6). The Z-Score is then defined as:
m − µM
.
(2)
σM
µM and σM respectively indicate the average and standard deviation of
the same metric M obtained in an ensemble of random networks. Note that
the networks here analysed are random, i.e. without structure, and therefore there should be no diﬀerence between them and the ensemble of random
networks used in the normalisation; in other words, all Z(m) should be distributed around zero. Any statistically significant deviation from Z(m) = 0
is thus due to the connectedness of the analysed networks. Also note that
positive Z-Score values indicate that the metric is overestimated, due to the
inappropriate normalisation process; and conversely, negative values that the
metric is underestimated.
As it can be appreciated in Fig. 1, many metrics show significant deviations, and especially those that describe the macro-scale of the system.
The eﬃciency (p-value of 10−138 for a two-sided t-test for the null hypothesis
that the expected value of the distribution is equal to zero), average shortest path length (p-value < 10−300 ), Information Content (p-value = 10−47 ),
nestedness (p-value = 10−22 ) and Randić index (p-value = 10−22 ) present
a statistically significant greater-than-zero Z-Score; on the other hand, the
diameter (p-value < 10−300 ) and the first type of 3-nodes motifs (p-value
Z(m) =
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Figure 1: Box plot of the distribution of the Z-Score of the 12 considered topological
metrics, when one connected random network is normalised using a set of random graphs.
Central horizontal lines, boxes, whiskers and circles respectively represent medians, 25th75th percentiles intervals, 5th-95th percentiles intervals and outliers.

= 10−11 ) have a statistically significant negative Z-Score. These results are
easy to interpret. For instance, a connected network will present a higher
eﬃciency than a disconnected one, as all nodes are reachable and therefore
positively contribute to the metric; therefore, a wrong normalisation will result in an overestimation of this metric. Similarly, in order to understand
the behaviour of the ASPL, one must take into account that this metric
cannot be calculated for disconnected networks; the set of values used in
the normalisation will thus only correspond to those random graphs that
are connected. Due to the stochastic nature of the creation of Erdős-Rényi
graphs, in which the actual number of links may vary, connected graphs will
usually be those with a higher link density, and thus with smaller ASPL;
henceforth the positive Z-Score. All other metrics, which represent microand meso-scale structural properties, do not present a statistically significant bias, for a significance level of 0.01. In order to avoid spurious results
introduced by multiple comparisons, we here applied a Šidák correction conceptually similar to the well-known Bonferroni correction, but presenting
the advantage of being exact (Šidák, 1967). The absence of further biases
7

Figure 2: Bias due to the non-connectedness of random graphs in transportation networks.
Each panel reports the scatter plot of the Z-Score of a given topological metric, as obtained
by disregarding (X axis) and considering (Y axis) the connectedness of the network in the
null model. See Supplemental Information for details on the networks.

is to be expected, as these are due to the connectedness of the network,
clearly a macro-scale property, which should not aﬀect any local pattern of
connectivity. It can then be concluded that normalising connected real-world
networks by completely random graphs, which may therefore be or not be
connected, introduces significant biases in macro-scale topological aspects.
In order to further illustrate this point, we here compare the values of the
same 12 topological metrics in a large set of real transportation networks.
These networks are characterised by being connected by construction, and
by having a low link density - see Supplemental Information for details. The
resulting topological values have been normalised through a Z-Score, calculated using two sets of random equivalent networks: one in which all random
networks were accepted, and a second one in which the connectedness was
ensured. Fig. 2 depicts the results with 12 scatter plots. It can be appreciated that most instances are located away from the diagonal (dashed grey
line), thus suggesting the presence of a significant bias. Of special interest
are the cases of the eﬃciency, ASPL and diameter, which are associated with
8

Figure 3: Bias due to the non-connectedness of random graphs in brain networks. Each
panel reports the scatter plot of the Z-Score of a given topological metric, as obtained by
disregarding (X axis) and considering (Y axis) the connectedness of the network in the
null model. See main text and Supplemental Information for details on the networks.

strong biases - the latter even presenting a negative correlation between the
original and the corrected values. This is in agreement with what previously
discussed for the results of Fig. 1.
How common is this problem? As previously discussed, typical connected
networks include those representing transportation systems. Note that some
noteworthy exceptions can be found, i.e. transportation networks that are
not strongly connected (Bhatia et al., 2015); this is nevertheless usually due
to limitations in the data used to reconstruct the network. Connected networks are further considered in other research fields. For instance, it is
customary in neuroscience to limit the pruning of functional brain networks
to ensure the connectedness of the network, and further normalise topological metrics according to what observed in random equivalent networks examples can be found in (Bassett et al., 2008, Zalesky et al., 2010). Does
disregarding the non-connectedness of random networks have a significant
impact in the final result? To explore this point, we have further analysed a
large set of brain functional networks with the same procedure as in Fig. 2
9

Figure 4: Analysis of the bias (Z-Score) as a function of nodes’ average degree. Only
the six metrics with a significant deviation from zero are here reported. Plotted values
correspond to the average of 100 repetitions, for networks of size N = 200.

- see Supplemental Information for details on their reconstruction. Results,
presented in Fig. 3, suggest that this is not the case, as most points are well
aligned along the main diagonal. Due to the large modularity of these networks, the link density required to reach a connected network is much higher
than what observed for the transportation systems of Fig. 2; in other words,
links are firstly added within each community, and only afterwards between
communities. Therefore, the random networks used in the normalisation are
mostly connected, and the resulting bias is small.
One general conclusion can then be drawn: the lower the link densities of
the networks under analysis, the more important is to take into account the
connectedness in the definition of a null model. Such hypothesis is validated
in Fig. 4, which reports the evolution of the bias of several topological metrics
as a function of the average degree 〈k〉 of the network. As before, the bias is
estimated through the Z-Score obtained by normalising a connected network
with equivalent Erdős-Rényi graphs.
We further explore this issue in Fig. 5, whose left panel depicts the evolution of the bias corresponding to the diameter of the network, for diﬀerent
average degrees and network sizes. As is to be expected, the higher 〈k〉, the
lower the bias (i.e. the Z-Score converges towards zero). The right panel
further depicts the evolution of the critical 〈k〉, i.e. the minimum average
degree needed to obtain a Z-Score above −0.5; in other words, this value
10

Figure 5: Evolution of the bias when obtaining the normalised diameter of a network.
The left panel reports the evolution of the Z-Score as a function of the average degree 〈k〉
and number of nodes N of the networks to be normalised. The right panel reports the
evolution of the critical 〈k〉, i.e. the minimum average degree needed to obtain a Z-Score
above −0.5; and the best fit, given by 〈k〉 ≈ 1.285 ln N (dashed grey line).

indicates how connected should a network be in order to safely disregard the
problem of the connectedness of the null model. The best fit, represented
by the dashed grey line, is 〈k〉 ≈ 1.285 ln N . Note that this dependence of
the critical 〈k〉 to the logarithm of the number of nodes is to be expected,
as it is equivalent to the critical link density required to obtain a connected
Erdős-Rényi graph (Gilbert, 1959):
p≈

ln N
.
N

(3)

3. Fast creation of connected random networks
The previously described problem can easily be solved by normalising the
observed (real) networks through an ensemble of connected random graphs;
in turn, such ensemble can be created by constructing a large set of ErdősRényi graphs with the desired number of nodes and links, for then selecting
only those of them that are strongly connected. This is nevertheless extremely ineﬃcient when the studied network is large and sparse, as most of
the graphs will not be connected - as per Eq. 3. The higher the number of
nodes, and the lower the number of links, the more diﬃcult is to create such
11

Figure 6: Computation time required to obtain a random connected graph, as a function
of the number of nodes N (left panel) and the average degree < k > (right panel). Black
dashed and green solid lines respectively correspond to a standard (i.e. just creating
Erdős-Rényi graphs until a connected one is found) and optimised algorithm.

an ensemble. This is illustrated in Fig. 6, in which the black lines depict
the evolution of the computation time required to get a connected random
graph, as a function of the number of nodes and average degree 〈k〉. Creating
a connected random graph of just 500 nodes and average degree of 4 can take
more than 10 minutes in a standard computer (estimation calculated with a
2.8GHz Intel Xeon).
To tackle this problem, we here propose an optimised algorithm that
generates a network with a specific number of nodes N and number of links L.
The idea is to generate networks of diﬀerent size until the desired properties
emerge in the giant component of one of them. Specifically, the algorithm
firstly generates a random Erdős-Rényi graph with N nodes and L links.
As long as the size of the giant component of such graph has less than N
nodes, the process is repeated while doubling the number of nodes, essentially
performing an exponential search. Once the size of the giant component is
larger than N , one knows that the ideal value for the network size is between
N
and N . Accordingly, the algorithm performs a binary search in the interval
2
[ N2 , N ] until a network whose giant component has N nodes is found. Finally,
while the number of links in the giant component is smaller than L, links
are added between nodes in a random fashion. The complete code of the
algorithm is available in Supplementary Information, along with additional
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analyses of its behaviour.
As can be seen in Fig. 6, the proposed algorithm is substantially faster
than a standard search, i.e. than creating random graphs until one is connected. This is especially true when the number of nodes is large (left panel),
and when the desired link density is small (right panel). Note that, as may be
expected, using this algorithm is counterproductive when the random graphs
are surely connected, as for instance when 〈k〉 is large.
We show that the graphs yielded by the proposed optimised algorithm
are topologically indistinguishable from true connected random graphs, i.e.
from graphs obtained by creating Erdős-Rényi graphs until a connected one
is found. Fig. 7 reports the histograms of the 12 previously considered topological metrics, as obtained by both the standard and optimised approaches.
The analysed ensemble comprised networks with N = 200 nodes, and average degrees of k = [6, 7, . . . , 11, 12], for a total of 7000 graphs. It can
be appreciated that the distributions corresponding to the two methods are
indistinguishable. Additionally, the Supplemental Information includes the
same histograms, broken down by average degree; and a statistical analysis
using a two-sample Kolmogorov-Smirnov test.
4. Is the Z-Score a good normalisation metric?
As a final issue, we here explore whether the Z-Score is a good method
for normalising the observed topological metrics. Specifically, the Z-Score
is based on the underlying assumption that the reference (or population)
distribution is normal. It is yet easy to see that this is not always true,
even for a constant average degree k - see Supplemental Information. When
checked with a D’Agostino and Pearson’s test (D’Agostino and Pearson,
1973) on the metrics obtained for k = 3, the normality of the maximum
degree (p-value = 10−21 ), Information Content (p-value = 10−56 ), diameter
(p-value = 10−61 ), nestedness (p-value = 0.00079) and Randić index (p-value
= 1.83 · 10−5 ) is rejected (significance level of α = 0.01).
If there is a bias, it can be estimated by firstly constructing a random
network, with a given number of nodes and links, and afterwards obtaining
a large set of equivalent (same number of nodes and links) random networks.
The Z-Score of a given topological metric can then be calculated using the
mean and standard deviation observed in the random ensemble, as in Eq.
2, and the corresponding p-value can be obtained through the cumulative
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Figure 7: Histograms of the 12 considered metrics, for random connected networks (black
bars) and networks generated by the algorithm proposed in Sec. 3 (green bars).

distribution function of the normal distribution. Note that the resulting pvalue is an estimation, which relies on the metric to be normally distributed.
On the other hand, it is possible to calculate the real p-value, as the fraction
of times the observed value of the topological metric is larger than the ones
obtained in the random ensemble.
Results, for 1000 random networks with N = 200 and 〈k〉 = 8, are shown
in Fig. 8. It can be seen that, in most cases, the black dots (estimated pvalues) are close to the blue line (real p-value). Nevertheless, some important
deviations can be observed, especially for those metrics that are not normally
distributed, or that assume discrete values - note the red line, depicting the
magnitude of the error (right axes).
Two important conclusions can be drawn from Fig. 8. First of all, being
the evolution of the Z-Score (and of the corresponding p-value) monotonic, it
is possible to assess how abnormal the observed value is. At the same time,
the magnitude of the Z-Score cannot reliably be compared among diﬀerent
networks. In other words, a Z-Score of 0.2 may not be twice as far away from
the mean as 0.1, when normality cannot be guaranteed. While the error is
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Figure 8: Error in the Z-Score due to the non-normality of the metric distributions. Black
dots represent the calculated p-value as a function of the observed Z-Score; the blue lines,
the real p-value that would have been obtained by directly calculating it against the
distribution for random networks. The red lines (right axes) represent the error between
the estimated and real p-value - the horizontal magenta dashed lines being the zero. Results
correspond to 1000 random networks with N = 200 and < k >= 8.

small and usually occurs close to the mean, this is an issue that should be
taken into account.
5. Discussion and conclusions
Within the process of analysing real-world networks, the normalisation
of the obtained topological metrics by means of a null model is an essential
step. It allows, on one hand, to understand if a given topological characteristic is noteworthy, or on the contrary to be expected given some general
construction principles; and, on the other hand, to fairly compare diﬀerent
networks.
The use of Erdős-Rényi graphs as null models for the normalisation
of complex networks’ topological features is nowadays a standard practice,
which presents some important advantages - like its simplicity and reduced
computational cost. It is nevertheless important to note that, by lacking
15

any topological structure, those graphs are agnostic about the connectedness
of the network under study. In other words, when analysing a real-world
network that is connected by construction, the random graphs used for its
normalisation may or may not be connected. In this contribution we have
shown that disregarding this aspect introduces a significant bias, especially
for macro-scale topological metrics and for networks with low densities.
Far from being just a theoretical problem, this has profound implications
in the analysis of real-world systems. We have here presented the case of
transportation systems, which must be connected in order to foster mobility,
while, at the same time, their link density is usually low in order to minimise
operational costs (Zanin et al., 2018). Metrics like the eﬃciency, average
shortest path length or diameter are strongly biased by the use of purely
random networks in the normalisation - see Fig. 2. We have further shown
that the magnitude of the resulting error decreases with the link density
of the network (Figs. 4 and 5), as clearly sparse random graphs have a
higher probability of being disconnected (Eq. 3). This implies that the
discussed problem is less relevant in functional brain networks (Fig. 3), as
their modular structure implies a higher link density. Still, many real-world
networks are sparse and thus vulnerable to analysis biases, especially those
whose structure is mainly defined by cost constraints, as for instance power
grids and long-range road networks.
If the solution is then to use connected random networks, a naı̈ve approach
based on generating large sets of Erdős-Rényi graphs and then selecting those
that are connected is not feasible. As it becomes extremely unfrequent to
obtain a connected random graphs for low link densities, this results into
a high computational cost. In order to solve this problem we presented
an optimised algorithm, based on constructing larger-than-required random
graphs from which the giant component is extracted and further tuned. This
optimised algorithm is extremely fast and scalable (see Fig. 6), while still
yielding networks indistinguishable from random connected ones (Fig. 7).
We finally discussed the bias introduced by normalising the topological
metrics through a Z-Score, a process that assumes normality of the underlying distributions. Most of the topological metrics here considered do not
fulfil such requirement, presenting long tails and asymmetries in their probability distributions. As a result, some biases may emerge; and, especially
for Z-Scores close to zero, their magnitude cannot directly be compared.
In synthesis, while topological metric normalisation through random graphs
is a powerful and eﬀective technique for the analysis of real-world networks,
16

its use is not free of dangers, and biases can emerge when the nature of the
studied system is disregarded.
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E. T. Bullmore. Whole-brain anatomical networks: does the choice of
nodes matter? Neuroimage, 50(3):970–983, 2010.
M. Zanin, P. A. Sousa, and E. Menasalvas. Information content: Assessing
meso-scale structures in complex networks. EPL (Europhysics letters), 106
(3):30001, 2014.
M. Zanin, X. Sun, and S. Wandelt. Studying the topology of transportation
systems through complex networks: handle with care. Journal of Advanced
Transportation, 2018, 2018.

19

