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Abstract
The computation of topological measures in large-scale complex networks, such as
those found in transportation systems, is often a resource-intensive process. These
measures, however, are critical for a comprehensive understanding of network struc-
tures and for optimizing their design. A key challenge lies in selecting the appropriate
metrics that encapsulate the essential information of the network, thereby reducing the
computational burden. Traditional methods involve identifying correlations between
various topological measures to infer missing data. In this paper, we introduce an
enhanced analytical framework comprising three stages aimed at selecting a subset of
metrics to efficiently summarize network characteristics and predict measures that are
costly to compute. The methodology involves: a correlation analysis of topological
metrics; a principal component analysis to reduce dimensionality and highlight the
essential features; and the application of SHAP and recursive feature elimination to
assess the predictive significance of each metric. We demonstrate the utility of this
approach usingmetro and road networks from46 cities in the EU/EEA region, yielding
promising results in identifying relationships between metrics and predicting missing
data.
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1 Introduction

A wide set of real-world systems, ranging from neurobiology to statistical physics
[26], has been successfully modeled using complex network theory [6]. This approach
allows for an in-depth analysis of the structural properties underlying these systems,
which is crucial for understanding their dynamics and optimizing their functionality.
To this end, various topological measures and indices have been employed to capture
critical network characteristics [12]. However, the computational complexity of these
measures becomes a significant challenge, especially when dealing with large-scale
networks. Consequently, selecting a subset of informative metrics that can adequately
represent the network while minimizing computational costs is essential.

Several studies have explored the relationships between topological measures to
address this challenge, often focusing on specific domains such as internet AS- and
router-level networks [14, 18], brain networks [16, 17], and other real-world systems
[8]. For example, [19] proposed a framework for selecting a subset of topological mea-
sures that can sufficiently describe network properties. Subsequently, [12] advanced
this methodology by calculating correlation coefficients and principal components
across various network types. More recently, further authors took this pipeline and
carried out experiments on medium/large-size datasets consisting of both model-
generated graphs and real networks [2, 13]. These works have laid the foundation
for identifying meaningful subsets of metrics that capture the essence of a network’s
topology.

However, the focus of themethodologies in the literature is restricted to the determi-
nation of the statistical relationship between the topological metrics. Thus, no insights
on the possibility of predicting specific high-cost measures from a subset of selected
metrics are produced. Nevertheless, in order to reduce the complexity burden of com-
puting most of the topological metrics it is necessary to determine a standardized
pipeline for the forecasting procedure.

Hence, this paper presents an extended analytical pipeline designed to identify key
relationships between topological measures and evaluate those that summarize the
most information of the network. We leverage correlation analysis, principal compo-
nent analysis (PCA), andmachine learning (ML) prediction techniques combinedwith
SHAP and recursive feature elimination (RFE) to enhance the efficiency of network
characterization. Our analysis spans transportation networks from 46 EU/EEA cities,
with the aim of uncovering new insights into the relationships between topological
measures and optimizing the prediction of costly metrics.

The primary contributions of this study are as follows:

• Enhancement of an existing analytical pipeline: We refined a pre-existing method-
ology [12] for analyzing and selecting relevant features that effectively summarize
the fundamental characteristics of complex networks. This improvement involved
extending the PCA framework by incorporating factor loadings and introducing an
additional phase dedicated to selecting the optimal subset of features to enhance
the prediction accuracy of the un-computed metrics.

• Comprehensive analysis of topological metrics: We conducted an in-depth exam-
ination of the topological metrics and their correlations within metro and road
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networks across various European cities, offering insights into the structural prop-
erties of these transportation networks.

• Identification of high-accuracy predictive subsets: We uncovered a subset of cor-
related features that are instrumental in achieving high-accuracy predictions in the
context of transportation networks.
The remainder of this paper is organized as follows. In Section 2, we introduce the

topological measures and networks used in the analysis. In Section 3, we present the
main contribution of the paper: the extended methodology proposed. In Section 4, we
first apply the new approach to metro networks, and then to road networks. In this part,
we gather all the results of the corresponding steps together with a brief discussion.
After reporting all the outcomes for both types of transportation networks, we focus
on comparing the results obtained in Section 5. Finally, we summarize the paper and
draw possible directions for future development.

2 Background

In this section, we first define the topological measures that are studied throughout this
paper in Section 2.1. Then, we introduce the networks investigated, and the procedure
that led us to obtain this data in Section 2.2.

2.1 Topological Measures

We mathematically define a real-world system as a graph G= (V , E) representing a
finite and connected network with the set of vertices V =V (G), and the set of edges
E = E(G). Furthermore, we assume the network to be connected and without self-
loops. In the sequel,we present the set of topologicalmeasures considered in this paper,
along with explanations about their relevance in characterizing the network topology.

The first parameter introduced is the most basic one: the network density (ND)
ND(G) = 2|E |

|V |(|V |−1) , which is the result of the ratio between the actual number of
edges and themaximumpossible ones.Ahigh ratio denotes a dense network,whereas a
low ratio denotes a sparse network [28]. The degree DG(v), which counts the number
of adjacent edges for the vertex v in G, is considered an index of the connectivity
strength of a vertex in the network [28]. However, we need topological measures that
can describe the whole network. For this purpose, we consider the average degree

(AD) AD(G) =
∑

v∈V DG (v)

|V | .
Another valuable feature for the transportation networks is the path length dG(v, w)

between apair of verticesv,w ∈ G,which is the length of any shortest path as a number
of edges [27]. From this, we can derive the average path length (AVP) of a network G

as AV P(G) =
∑

v∈V
∑

w∈V \{v} dG (v, w)

|V |(|V |−1) [27] which is the average of the shortest paths
of all possible pairs of vertices in a network. Closely related to the path length is
the eccentricity of a vertex ε(v,G) = maxw∈V \{v} dG(v, w), which represents the
distance of the longest shortest path between that vertex and any other vertex in the
network [10]. For our scopes, we use the average eccentricity (VE) of a network G

defined as V E(G) =
∑

v∈V ε(v,G)

|V | .
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We also consider the assortativity parameters which provide more insight into the
correlation between vertices. Commonly studied are the average nearest neighbor
degree [1, 24] and the degree assortativity [20, 21]. Average nearest neighbor degree
nn(k,G) of vertices of degree k in graphG is defined as nn(k,G) = ∑|V |−1

l=1 l PG(l|k)
where PG(l|k) is the conditional probability that a vertex of degree k is linked with a
vertex of degree l in graphG. This aspect captures the dependencies betweendegrees of
neighboring vertices in a network [24]. From this formulation,we can then compute the

average nearest neighbor degree (ANN) of a graph G as ANN (G) =
∑|V |−1

k=1 nn(k,G)

|V | .
The degree assortativity (DA) DA(G) of a network G is Pearson’s correlation
coefficient of the degrees between a pair of connected vertices and is defined as

DA(G) = |E |−1 ∑
e∈E jeke−[(2|E |)−1 ∑

e∈E ( je+ke)]2
(2|E |)−1

∑
e∈E ( j2e +k2e )−[(2|E |)−1

∑
e∈E ( je+ke)]2 , where je, ke are the degrees of

the vertices connectedwith the edge e [20]. TheDA identifies if the verticeswith a sim-
ilar degree tend to connect more often (assortativity mixing, when 0 < DA(G) ≤ 1),
tend to mostly not connect (disassortative −1 ≤ DA(G) < 0), or tend to be neutral
(non-assortativity DA(G) = 0).

The clustering coefficient (CC) c(v,G) of a vertex captures how close its neighbors
are to a complete network [29].Given three vertices vi , v j , vk ∈ V having vi connected
with v j and with vk , it represents the likeliness that v j is also connected with vk . If v j

is also connected with vk then the three vertices form a triangle — complete subgraph
or closed triple, and the number of triangles in G that includes vertex v is denoted by
δ(v,G). Otherwise, they form a triple — a path of length two from v j to vk with vi
as center vertex, and the number of triples in G that includes vertex v is denoted by
τ(v,G). Hence the CC of a vertex v is defined as c(v,G) = δ(v,G)

τ (v,G)
, where δ(v,G) =

|{(vi , v j , vk) ∈ V 3|{(vi , v j ), (vi , vk), (v j , vk)} ⊆ E}| and τ(v,G) = |{(vi , v j , vk) ∈
V 3|{(vi , v j ), (v j , vk)} ⊆ E, (v j , vk) /∈ E}|. Therefore,wegeneralize thismeasure for

a network G by considering the average over all the vertices: CC(G) =
∑

v∈V c(v,G)

|V | .
Remaining on the topic of clustering, we now introduce the rich-club coefficient

RCk(G)which is a structural parameter of a network that captures the tendency of hubs
of vertices to connect [5]. The vertices with a high degree also called rich vertices, have
a higher likelihood to interconnect into subgraphs (clubs), when compared with low-
degree vertices [5]. Thismeasure is calculated using the following formula: RCk(G) =

2|E |>k|V |>k(|V |>k−1) , where |E |>k represents the number of edges between the vertices of
degree greater than or equal to k, and |V |>k is the number of vertices with a degree
greater than or equal to k.

Moving to centrality measures we focus on the vertex betweenness centrality
BV (v,G) [11], or simply vertex betweenness (BV). This measure is a central-
ity parameter that determines the occurrence of a vertex on the shortest paths
between any pair of vertices. In our study, we also consider the edge betweenness
centrality BE(e,G) [11], or simply edge betweenness (BE), which is the equiva-
lent of BV (v,G) for edges. Mathematically, these parameters can be expressed as

BV (v,G)=
∑

s �=v �=t
σst,G (v)

σst,G
(|V |−1)(|V |−2) and BE(e,G) =

∑
s �=t

σst,G (e)
σst,G

(|V |−1)(|V |−2) where σst,G(·) is the num-
ber of the shortest path (inG) between the vertices s and t that includes the input vertex
or edge (depending on the measure used) and σst,G is the number of all the shortest
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path (in G) between the vertices s and t . As mentioned before, we can then define the
corresponding general metrics for the network G just by considering the average.

Related to the connectivity of a network, we have the algebraic connectivity (AC)
AC(G) which represents the second smallest eigenvalue of the Laplacian matrix of
G [7]. This parameter is useful for measuring how difficult it is to cut a graph into
independent components (not connected anymore to the remaining part of the graph).
The last measure that we used in this work is the average vertex coreness AVC(v,G),
which gives an insight into the position of the vertex v and indicates its influence on
spreading dynamics [3]. In fact, for larger coreness values we have vertices that are
more central in the network. The average vertex coreness is defined as the maximum
k such that this vertex is still in the k-core but removed in the (k + 1)-core. Finally,
in order to have a measure related to the full network, we compute the average and
define AVC(G) as the average coreness (AVC) of G.

2.2 Transportation Networks Data

This paper analyzes transportation networks from 46 European cities within the
EU/EEA region, specifically focusing on metro and road networks. A comprehen-
sive list of the cities included in the analysis is provided in Appendix. An example
of both network types for a single city, Munich, is shown in Fig. 1, where the metro
and road networks are depicted graphically. In these graphs, vertices represent either
metro stations or street junctions, while edges denote the direct connections between
these points. The following paragraphs provide further details on the data collection
and processing methodologies essential for the analysis.

The metro network data were collected individually from the official websites of
metro operators. In cases where the available information was insufficient, external
sources were used. Each of the 46metro networks is represented by an individual table
that lists metro stations per line in each city. A custom algorithmwas then developed to
generate adjacency matrices based on these tables. In the case of cities with more than
one metro system, such as London (which operates both the London Underground

Fig. 1 Graph visualization of Munich metro on the left and of road system on the right
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and the Docklands Light Railway), the networks were combined, with shared stations
merged into one dataset. This method was applied to other cases, such as the Amster-
dam Metro, where light rail line 51 was treated as part of the regular metro network.

Although all networks are required to be connected, exceptions were made for
cities like Berlin and Naples, where some metro lines operate as isolated components.
In these cases, only the largest connected component was considered for the analy-
sis. A similar approach was taken for networks with walking connections, such as
Valencia Metro’s line 10, where transfers occur by walking between nearby stations.
These connections were treated as regular edges, adding new links between previously
unconnected components.

The process of obtaining road network data was more streamlined than for metro
networks. The OpenStreetMap package for Python [4] was used to extract road data
for the selected cities. However, preprocessing was required before the data could
be analyzed. Specifically, we transformed the directed road networks into undirected
graphs, eliminating self-loops caused by circular roads. The structure of these graphs
was simplified by retaining only the vertices that represent junctions ofmultiple streets.

3 Methodology

In this section, we propose an extended (from [12]) analytical pipeline designed to
analyze the relationships between topological measures in complex networks. This
methodology is particularly well-suited for large, complex networks where the com-
putational cost of calculating all topological measures is prohibitive. By understanding
the relationships among these measures, it becomes possible to limit the number of
metrics that need to be computed, thereby reducing computational demands while
maintaining a comprehensive understanding of the network structure.

The examination of feature interdependencies encompasses various methodolo-
gies, ranging from elementary statistical correlation to sophisticated ML assessments.
Therefore, our comprehensive approach incorporates three distinct analytical phases:
correlation analysis, PCA, and training of the predictive models and feature selection.

The preliminary step in the proposed methodology consists of the computation
of the topological measures discussed in Section 2.1. These parameters serve as the
cornerstone upon which all the subsequent analysis are built.

Moving the focus on the actual pipeline, the first stage, represented in the yellow
boxes of Fig. 2, involves a statistical analysis to examine the correlations between the
topological measures. By calculating pairwise correlations between metrics, we iden-
tify dependencies and potential redundancies. This analysis enables the identification
of clusters of correlated measures, facilitating dimensionality reduction while pre-
serving the network’s essential structural characteristics [22]. As observed in previous
studies [12], the relationships between topological measures may vary across different
contexts, making it crucial to reassess these relationships for each application.

In the second step, shown in the orange boxes of Fig. 2, PCA is employed to reduce
the dimensionality of the dataset by transforming the correlatedmeasures into a smaller
set of uncorrelated variables, known as principal components [23]. This process cap-
tures the most significant patterns of variation within the data, allowing the complex
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Fig. 2 Proposed pipeline for the analysis of the topological metrics in networks

network’s structure to be summarized using a reduced set of orthogonal variables. To
ensure accurate results, the data are first standardized to avoid skewed eigenvectors due
to varying magnitudes. The factor loadings of the topological measures are also com-
puted, providing insight into the importance of each variable in relation to the principal
components. Thereby, this procedure enhances the interpretability of the PCA results
and provides further discoveries on the clusters obtained in the correlation analysis.

The final stage, portrayed in the red boxes of Fig. 2, considers the application of
ML algorithms to predict the topological measures based on a subset of features.
Specifically, linear regression, random forests, and extreme gradient boosting (XGB)
are the predictive models used in our study. The selection of these ML algorithms is
justified by the limited amount of data points. Linear regression, random forests, and
XGB perform efficiently when trained considering small datasets while more com-
plex algorithms, e.g., neural networks, achieve remarkable results only when properly
trained with large amount of data.

Additionally, two feature selection techniques are employed: SHAP and RFE.
SHAP is a game-theoretic approach to explain the contribution of each feature to the
model’s predictions [15], while RFE iteratively removes the least important features
based on their contribution to the prediction accuracy (evaluated using the coefficient
of determination R2) or the importance weights of the features [9]. These methods
allow for the identification of the most informative subset of features, optimizing the
trade-off between prediction accuracy and computational efficiency.

By integrating these three components (correlation analysis, PCA, and predictive
modeling) the proposed methodology offers a comprehensive approach to efficiently
analyze complex networks. It not only reduces the computational burden but also
provides a systematic way to predict uncalculated topological measures, ultimately
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enhancing our understanding of the network’s structure. Moreover, the most appropri-
ate subset of measures summarizing the underlying structure of the complex networks
is determined from the comparison of the statistical results and ML outputs.

4 Results

In this section, we present the results of our analysis for both metro and road networks,
following the methodology described previously. The computations were performed
using parallel processing on a 2x AMD EPYC 7763 CPU, with 256 cores (2 × 64 +
hyperthreading) and 1007GB of RAM. The analysis utilized Python libraries such as
NetworkX 3.1, SHAP 0.41.0, and Scikit-learn 1.2.2.

4.1 Metro Networks

The first step in this analysis was to calculate the topological measures. The values
obtained for each metric are listed in Appendix in Table 15, while the computational
time for eachmetric is shown in Table 16. These computations reveal that, despite their
complexity, the calculations were completed in under a second due to the relatively
small size of the metro networks. The number of vertices ranged between 8 and 309,
and the number of edges between 7 and 356, classifying these networks as small to
medium in size.

A key observation in this analysis is that the CC for most metro networks is zero.
This outcome is likely due to the linear structure ofmost metro systems, where stations
are typically connected in a sequence, forming lines rather than triangles, which are
necessary for high clustering values.

Moving to the correlation analysis, Pearson’s correlation coefficients for each pair
of topological measures are shown in Fig. 3. Strong correlations (absolute values
greater than 0.60, as generally considered in the literature [25]) were observed in 25
out of 66 possible comparisons, with 11 positive and 14 negative correlations. To better
visualize these relationships, we generated a correlation graph shown in Fig. 4, which
revealed two principal clusters. The first cluster includes BE, BV, ND, and AC, while
the second contains AVC, ANN, CC, DA, AVP, VE, and AD. The CC and DA are only
weakly connected to this second cluster, and the RC remains largely uncorrelated.

The next step in the analysis involved calculating the principal components using
PCA. The explained variance for the first 12 principal components is illustrated in
Fig. 5. After standardization, we observe that the first principal component accounts
for 61.48% of the total variance. However, to adequately represent the dataset (i.e.,
capturing at least 95% of the explained variance), it is necessary to consider five
principal components.

Examining the factor loadings for the topological measures in the first five compo-
nents, as shown in Table 1, we find that the first principal component is predominantly
influenced by a cluster of measures, including ND, BE, BV, and AC. As previously
discussed in the correlation analysis, this cluster exhibits a strong negative correla-
tion with another major cluster centered around AD. The second principal component
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Fig. 3 Pearson’s correlation coefficients of the topological measures for the metro networks (colored in
blue for the positive correlation and red for negative correlation)

highlights isolated features, showing a strong positive correlation with the CC and the
RC, along with a moderate positive correlation with the DA. This suggests that the
first component already encapsulates significant information from the second cluster.
The remaining three components consist of more diverse combinations of features,
but they do not reveal any substantial or influential correlations.

After conducting various statistical analyses of the relationships between features
in metro networks, the focus has been turned to predicting individual features using
the remaining ones as inputs. Specifically, we compared the performance of linear
regression, random forest, and XGB for forecasting, while employing SHAP and RFE
for feature selection. The RFE process was conducted using both feature importance
weights (RFEI) and changes in the R2 metric (RFEM). To validate the analysis, we
divided the full dataset of 11 topological metrics (with one as the output) from the 46
cities into training and test sets, following a 3 : 1 ratio. This resulted in a training set
of 34 data points and a test set of 12.

We report the results in terms of the selected features and R2 values, starting with
the linear regression model. For brevity, we focus on the most significant findings,
while the full results for the selected feature sets are provided in Table 2, and the
corresponding R2 values are shown in Table 3. Notably, the models struggled to
predict features that were disconnected or isolated from the main clusters, such as
the DA, CC, and RC. In these cases, the R2 values were negative, indicating the
difficulty of accurately predicting these features. Indeed, these topological measures
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Fig. 4 Representation of the correlation cluster graph for the topological measures of metro networks

Fig. 5 Explained variance for the first 12 principal components for the metro networks
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are inherently unpredictable through this set of information as attested by the poor
correlations shown with the other variables. For this reason, it is necessary to extend
the data included in the analysis to obtain acceptable results in their prediction.

A further observation arises from the feature selection process: only for the CC
prediction did we identify a clear rule for selecting the subset of features. For the other
metrics, the choice of input features varied depending on the method used, largely due
to the absence of a definitive optimal subset. This issue was also encountered in the
experiments with random forest and XGB.

For the remaining topological measures, prediction errors were generally low. It
is worth noting that in some cases, the full model did not provide optimal forecasts,
particularly for the ANN and AVC. However, when we compared these metrics with
those obtained by selecting specific features, we found that the coefficient of deter-
mination could be improved to 0.79 using SHAP for ANN, and to 0.76 using RFEI
for AVC. Overall, prediction errors did not vary significantly between using the full
dataset or a reduced set of features.

Similar conclusions can be drawn from the random forest results. The selected
features and corresponding coefficients of determination for the test set are listed in
Tables 4 and 5. In this case, the recursive feature eliminationmethods tended to include
a larger number of features. However, this did not result in improved prediction accu-
racy. Interestingly, SHAP achieved comparable performance using only four features
at a time, indicating that the output can be well approximated with a minimal set of
relevant inputs.

Another noteworthy observation is the comparison between the R2 values for linear
regression and random forest. In most cases, linear regression outperformed random
forest. Exceptions occurred with the DA, CC, and AC, where random forest provided
better approximations. However, as observed in the linear regression analysis, DA and
CC belong to the class of isolated features, making it challenging to select appropriate
input features for their prediction. For AC, despite the random forest’s better perfor-
mance, the coefficient of determination for linear regression was still scientifically
acceptable at 0.79.

Finally, the selected features varied depending on the regression model used. Only
two instances shared the exact same subset of features for both linear regression and
randomforest:BVwithSHAP, andBEwithSHAPandRFEI. In other cases, themodels
selected different combinations of topological measures, although some overlap was
observed when predicting the same output.

The considerationsmentioned earlierwere also validated through experiments using
the XGB method. The variables selected for this context are provided in Table 6, with
the corresponding R2 values shown in Table 7. Notably, there was an exceptional
case involving the isolated feature DA. For this feature, the RFEI model produced
a positive coefficient of determination, a result that had not been achieved with any
previous method. Additionally, for the AVC, the model was able to approximate the
output reasonably well using only the features selected by the RFEM method.

Moreover, when comparing the results with those obtained using SHAP, it becomes
clear that the ANN is a key feature. ANN is included in the RFEI model but not in
the SHAP model, highlighting its importance. A similar observation can be made
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when comparing RFEI selections, where AVP was chosen instead of BV, resulting in
a reduction of approximately 0.14 in the R2 value.

In conclusion, selecting a specific subset of topological measures can improve
accuracy while reducing the time required to compute excluded metrics. However, it
is important to note that this selection is influenced by the predictive model used. For
metro networks, we found that linear regression provided the best performance across
both the restricted and full datasets.

4.2 Road Networks

In this subsection,wepresent the results from the analysis of roadnetworks for the same
46 European cities previously analyzed in themetro study. However, the road networks
differ significantly in scale compared to the metro networks. The size of these graphs
ranges from Lausanne, the smallest network with 1, 358 vertices and 1, 859 edges, to
London, the largest, with 127, 540 vertices and 160, 010 edges. As a result, this section
focuses on the analysis of large-scale graphs. In Appendix, detailed information on
the fundamental measures calculated for each network is provided in Table 17, while
Table 18 outlines the computation times for each topological measure across cities.

One notable observation is the dramatic increase in computational time compared to
metro networks. For instance, calculating BE and BV requires several hours, while VE
and AVP can be computed in a few minutes. Consequently, identifying and selecting
the most representative features of a graph for computation becomes a critical task to
optimize efficiency.

The first step of the proposed analytical pipeline involves calculating the correlation
coefficients, illustrated in Fig. 6. In this case, we observed that the interactions between
features were relatively weak. Out of 66 possible pairs, only 10 coefficients had an
absolute value greater than 0.60. This aspect is justified by the structural difference
between the two transportation networks: metro networks generally have simpler, lin-
ear structures, where stations are sequentially connected along defined lines, while,
road networks exhibit a more complex topology, characterized by a dense interconnec-
tion of junctions and streets. Additionally, the latter networks span much larger areas,
containing significantly more vertices and edges (up to hundreds of thousands). Such
a large scale introduces greater variability and structural heterogeneity. This complex-
ity results in weaker correlations among the topological metrics, since there are many
possible routes and structural variations leading to less uniformity across the network.
Moreover, all of the strong correlations were positive, while the negative correlations
were of moderate magnitude [25], falling within the range of 0.40 to 0.60. Despite
this, we were still able to clearly define multiple clusters of topological measures,
shown in Fig. 7.

The first prominent cluster comprises the AD, DA, AVC, and ANN. Within this
cluster, the relationships are strong, with all four variables being closely intercon-
nected. A second visible group includes ND, BE, and BV. This set of features can be
expanded by incorporating AC and the RC through positive medium correlations.

Additionally, this extended cluster has a negative influence on the final pair of
metrics: AVP and VE. All of the medium negative correlations occur between these
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Fig. 6 Pearson’s correlation coefficients of the topological measures for the road networks (colored in blue
for the positive correlation and red for negative correlation)

two groups. Furthermore, AVP and VE exhibit a very high correlation with each other,
forming the last identifiable group of features in road networks. The CC, in contrast,
remains completely isolated from all other clusters in this analysis.

To assess the relative importance of each cluster, we examined the results of the
PCA. First, it is noteworthy to observe the explained variance of each principal com-
ponent, as shown in Fig. 8. Unlike the metro network analysis, the first two principal
components account for substantial variance, with values of 0.39 and 0.28, respec-
tively.Despite the high explained variance of these components, at least five orthogonal
directions are needed to reach an acceptable total variance of approximately 0.93.

Subsequently, we computed the factor loadings of the topological measures, as
presented inTable 8. From this analysis,weobserve that thefirst principal component is
positively correlated with the cluster comprising VE and AVP. It also shows a negative
correlation with the extended group of features. These correlations, particularly in
absolute terms, are the strongest, confirming that these two sets of topologicalmeasures
are closely interconnected.

The second principal component provides insights into the remaining highly corre-
lated cluster. The subsequent components primarily involve combinations of different
measures, resulting in medium-level interactions with the other features. Notably,
the fourth principal component exhibits a significant factor loading for the CC, an
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Fig. 7 Representation of the correlation cluster graph for the topological measures of road networks. The
dotted lines represent a medium correlation (absolute value between 0.40 and 0.60) while normal lines are
the strong correlations (absolute value > 0.60)

Fig. 8 Explained variance for the first 12 principal components for the road networks
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otherwise isolated feature. Additionally, this component has a strong positive correla-
tion with the DA, suggesting a potential relationship between these two metrics.

Following the same training approach used for the metro networks, we validated
the earlier results through the prediction phase of the analytical pipeline. In this case,
we focus on the most significant findings, while the remaining outcomes are presented
in the accompanying tables.

The first model considered was linear regression and the corresponding results are
reported in Tables 9 and 10. As shown in Table 10, the predictions did not consistently
yield optimal performance. A notable example is the prediction of the ANN. Despite
being a highly correlated feature, it remains challenging to predict accurately, regard-
less of the input features selected. Table 9 demonstrates that all measures correlated
with ANN were chosen as key inputs, yet the R2 value remained negative. Similar
results were observed for the CC, though in this case, the poor prediction accuracy
can be attributed to the isolation of CC from other feature clusters.

Overall, the trend indicates that prediction accuracy improves with careful feature
selection. This was confirmed across multiple tests, where the coefficient of determi-
nation increased by approximately 0.25 when a specific set of features was selected.

However, this strong result is not reflected in the other two models (see Tables 11,
12, 13 and 14). In particular, with random forest, there were no significant changes
(less than 0.10) when using different subsets of features, as shown in Table 12. The
only exceptions, where performance improved beyond this threshold, were for AVP
and CC, both using SHAP.

An interesting observation arises when examining the selected features listed in
Table 11. The choice of topological measures is fairly consistent across the different
methodologies applied. This consistency is also mirrored in the R2 results: using the
same subset of inputs tends to produce similar forecasting outcomes. Furthermore,
since the prediction errors are comparable to those obtained with the full model, the
most informative features have been successfully selected.

Before transitioning to the next model analysis, it is worth noting the results related
to the ANN.While the coefficient of determination was always positive (around 0.64),
this value is still not satisfactory.

Better results were achieved with the XGB model. The topological measures
selected for each prediction using XGB are presented in Table 13, while the cor-
responding coefficients of determination from the testing phase are listed in Table 14.
As mentioned earlier, the RFEM method yielded good performance in predicting the
ANN. Specifically for theXGB case, we observed a notable difference betweenRFEM
and SHAP. However, when comparing SHAP with RFEI (which performs similarly
to the full model), the only variation in feature selection was the inclusion of AVP.
Despite the lack of a significant correlation between ANN and AVP, it is clear that
AVP has a considerable influence on the model’s ability to predict ANN.

Overall, the accuracies achieved with XGB and random forests were compara-
ble. However, as in previous cases, poor results were obtained for isolated features,
reinforcing the importance of directly calculating these metrics.
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5 Discussion

This section provides a comparative analysis between the results obtained from the
transportation networks analyzed here and those found in the existing literature. Begin-
ning with the correlation analysis, certain recurring patterns are evident in both metro
and road networks. Specifically, two primary clusters of features exhibit strong corre-
lations in both network types. The first cluster, referred to as theDistance-Connectivity
group, includes BE, BV, ND, and AC. In road networks, the correlations involving
AC are of moderate strength. Nevertheless, this metric is included due to its multiple
negative correlations with VE and AVP, similar to other measures within this group.

The second identifiable cluster consists of Degree-associated features, including
AD, AVC, and ANN. For road networks, this cluster also includes a strong correlation
with DA, a relationship that is not observed in metro networks. This discrepancy may
stem from the structural differences between the two types of networks: metro sys-
tems typically consist of long, linear vertex sequences, while road networks exhibit
more complex interconnections. As a result, road networks demonstrate more intri-
cate dependency patterns between vertex degrees, offering deeper insights into their
connectivity.

A third notable set of correlated features includes VE and AVP, which together
form aDistance cluster. An important observation is the lack of significant correlations
involving the CC and the RC. These two metrics do not exhibit notable correlations
with other features, making them difficult to predict or approximate, as demonstrated
in the forecasting analyses. Nonetheless, these measures have been shown to correlate
with others in different types of networks [12], suggesting that their lack of significance
in transportation networks may be context-specific.

The clusters of highly correlated features identified in this study can be com-
pared with those reported in the literature. For instance, [12] identified four clusters
based on distance, degree, intra-connectivity, and inter-connectivity. When comparing
these findings with our results, the Distance-Connectivity group observed in our study
appears to be a combination of the Distance and Intra-connectivity clusters from their
work. Furthermore, the Degree cluster in our analysis includes the ANN rather than
the CC. It is important to note that [12] study covered a broad range of networks,
including infrastructure and social systems, which may explain the absence of some
correlation links observed in our transportation network analysis. This highlights the
fact that the relationships between topological measures are highly context-dependent,
a conclusion supported by multiple authors [2, 16].

From the PCA, we gathered insights regarding the variance explained by a smaller
number of principal components. Factor loadings enabled us to evaluate the relative
importance of each feature. In metro networks, the first principal component was
strongly correlated with the Distance-Connectivity group, while in road networks, it
wasmore strongly linked to theDistance cluster. Notably, the first principal component
explained 61% of the variance in metro networks, compared to only 39% in road
networks. This difference is likely due to the varying scale and complexity of the
networks analyzed; metro networks tend to be smaller or medium-sized, whereas
road networks often encompass a significantly larger number of vertices and edges.
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Consequently, it is necessary to consider multiple features in larger graphs, such as
those representing road networks.

Finally, when comparing the features selected in the prediction phase with the
identified correlation groups, some overlap is evident. However, the most correlated
measures are not always selected for improving prediction accuracy. This can be
attributed to the fact that having features outside of a specific cluster is often nec-
essary to avoid redundancy. Over-reliance on highly correlated features may result
in redundant information, which can limit the effectiveness of the predictive models.
Conversely, metrics that exhibit multiple correlations are easier to predict, while those
with fewer or no correlations remain challenging. The selection of features and pre-
diction accuracy are thus highly dependent on the specific model and experiment. A
generalized approach applicable to all scenarios is difficult to achieve. For instance,
linear regression outperformed other models in metro networks, while XGB proved
more effective for road networks. Overall, selecting an appropriate subset of features
for trainingmachine learningmodels enhances the predictive performance and reduces
computational complexity.

6 Conclusion and FutureWork

In this paper, we present an enhanced analytical pipeline for network analysis. Our
approach is structured into three distinct phases. First, we compute the correlation
coefficients of the topological measures and visualize the resulting clusters to identify
patterns and relationships. Next, we apply PCA to assess how much of the data can
be explained by a reduced set of components, allowing us to extract relevant infor-
mation from the previously identified clusters. Finally, a predictive modeling phase is
carried out to guide the selection of the most informative features. In particular, we
employ a game-theoretic approach known as SHAP and the RFE algorithm (using fea-
ture importance and the coefficient of determination as metrics) to select inputs for the
training phase. This methodology was tested on 46 EU/EEAmetro and road networks,
yielding promising results in terms of discovering correlations between features and
predicting missing information. Furthermore, our findings are compared with existing
literature, offering new perspectives and insights for future research.

In comparisonwith thework of [12], our study reveals that the relationships between
features can vary significantly depending on the network context. This suggests the
need for further investigation across different types of networks to better understand
the correlation patterns that emerge in various domains. A natural extension of this
study would involve exploring railway and tram networks to assess whether simi-
lar patterns hold. Additionally, comparing the selected features for prediction with
the most highly correlated measures could help validate the reliability of the feature
selection algorithms used. Lastly, optimizing the selection of features for ML mod-
els by taking into account the computational time required for each metric would be
valuable. This would enable a more balanced approach to gaining insights into the
network while minimizing the computational burden.
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Appendix. Metro and road network data

In this appendix, are reported additional information concerning the metro and road
network considered in our study. Specifically, we first list in alphabetical order all the
cities included in our analysis:

1. Amsterdam,
Netherlands

2. Athens,
Greece

3. Barcelona,
Spain

4. Berlin,
Germany

5. Bilbao, Spain
6. Brescia, Italy
7. Brussels,

Belgium
8. Bucharest,

Romania
9. Budapest,

Hungary
10. Catania, Italy
11. Charleroi,

Belgium
12. Copenhagen,

Denmark

13. Frankfurt,
Germany

14. Genoa, Italy
15. Glasgow, UK
16. Hamburg,

Germany
17. Helsinki,

Finland
18. Lausanne,

Switzerland
19. Lille, France
20. Lisbon,

Portugal
21. London, UK
22. Lyon, France
23. Madrid,

Spain
24. Malaga,

Spain
25. Marseille,

France

26. Milan, Italy
27. Munich,

Germany
28. Naples, Italy
29. Nuremberg,

Germany
30. Oslo, Norway
31. Palma de

Mallorca,
Spain

32. Paris, France
33. Porto,

Portugal
34. Prague,

Czech
Republic

35. Rennes,
France

36. Rome, Italy
37. Rotterdam,

Netherlands

38. Sevilla, Spain
39. Sofia,

Bulgaria
40. Stockholm,

Sweden
41. Toulouse,

France
42. Turin, Italy
43. Tyne and

Wear, UK
44. Valencia,

Spain
45. Vienna,

Austria
46. Warsaw,

Poland

For the sake of completeness, we include in the following pages the tables reporting
the different topological measures computed (in Table 15 for the metro networks and
Table 17 for the road networks) and the corresponding time required for the calculation
of the specific values (in Table 16 for the metro networks and Table 18 for the road
networks).
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