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Exploring the mobility 
in the Madrid Community
Mary Luz Mouronte‑López 1* & Javier Gómez 1,2

Displacements within urban spaces have attracted particular interest among researchers. We 
examine the journeys that happen in the Madrid Community considering 24 travel typologies and 
1390 administrative areas. From an origin–destination (OD) matrix, four classes of major flows are 
characterised through coarse-graining: hotspot–non-hotspots, non-hotspot–hotspots, hotspots–
hotspots, non-hotspot–non-hotspot. In order to make comparisons between them with respect to 
spatial and temporal patterns, several statistical tests are performed. The spatial activity as well 
as transition probabilities between administrative zones are also analysed. The mobility network’s 
topology is examined (some parameters such as maximal connected components, average degree, 
betweenness, and assortativity as well as the k-cores are checked). A model describing the formation 
of links between zones (existence of at least one trip between them) is constructed based on certain 
measures of affinity between areas.

Methods to extract a coarse-grained signature of the urban mobility networks have been suggested1, as well as 
procedures for dissecting the urban spatial structure2–5 from human mobility patterns. The public transport 
networks have been thoroughly analysed6–10 and so too have their travel demands11. The shared mobility services 
have also been investigated12–14.

In particular, several coarse-graining methods have been applied to study certain mobility networks. A non-
parametric clustering algorithm was utilised to separate nodes into hotspot and non-hotspot classes referred to 
taxi mobility data from New York and Chicago11. An origin–destination (OD) matrix with nodes denoting city 
locations and weighted edges representing the number of trips between them, was also augmented with other 
node attributes (such as socio-economic features). This is done in order to study the spatio-temporal charac-
teristics of hotspots in relation to different types of socio-economic activities15. Various methods to estimate 
the OD matrix have also been proposed (data obtained from surveys16, travel diaries17, or vehicle identification 
systems18–20, as well as from mobile phone or GPS based movement evidence11,21. An examination of the transi-
tion probabilities has been utilised to disentangle the human mobility patterns in several contests22,23.

Researchers have studied several aspects of mobility in Madrid (community or city). The pieces of investiga-
tion have performed a comparative analysis on university student mobility to obtain statistics on the basis of 
which methods/modes of transport need to focus on the reduction of CO2 emissions24. The spatial and temporal 
trip behaviours in BiciMAD (a Bike-Sharing System in Madrid city) were explored25 from 21 million GPS records 
and various maps. Research1 suggested a procedure to extract a coarse-grained signature of certain mobility 
networks, from an OD matrix in which each Fij element symbolised the number of persons living in location i 
and commuting to location j in which they had their main activity (work or school). In this way a 2 × 2 matrix 
was generated consisting of four flow categories: Integrated (I), Convergent (C), Divergent (D) and Random (R). 
Integrated flows (I) are those displacements that go to and from residential hotspots, Convergent flows (C) are 
those movements that go from random residential places to work hotspots; Divergent flows (D) are those trips 
that go from residential hotspots to places of random activity; and finally, Random flows (R) are those displace-
ments moving to and from places that are not hotspots. From this characterization as well as by using mobile 
phone records collected during a 5-week period, the entire mobility networks of 31 Spanish urban areas were 
analysed. A clustering of metropolises considering the commuting patterns structure was made1 demonstrating 
that the mobility structure of some cities was not randomly organised. Using a similar method to11, we describe 
through a coarse-graining representation the 1390 administrative areas of the Madrid Community (a much 
larger area than that corresponding to Madrid city) as hotspot and non-hotspot zones considering 24 types of 
displacements. Various commonalities and differences were detected between flows (velocities, distances, and 
temporal patterns). The most probable lengths and durations of displacements between zones are also analysed. 
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Additionally, the 24 mobility networks corresponding to the diverse modes of displacements are studied using 
the networks theory26. A model that correctly reproduces the formation of links (trips) based on local, quasi-
local and global metrics is also built.

Results
The mobility of the inhabitants of the Madrid Community is explored from a household survey conducted by 
the Regional Transport Consortium of Madrid27, (see “Methods” section). As a result, we have 222,744 trips 
with their origins and destinations, both corresponding to the 1390 administrative transport zones into which 
Madrid Community is divided.

Characterization of the displacements.  Reasons, trip modes and trip start times.  According to the 
analysed data set, the motives for the trip with the four highest percentages were Work (25.68%), Study (14.99%), 
Personal Business (12.59%) and Shopping (12.35%) (see the Supplementary Material Document). The most 
highly used travel mode categories were Sport/Walking, Driver in private car, Subway, Urban bus, Commuter 
trains as well as Intercity bus (see Table 1).

The histograms as well the cumulative probability distributions corresponding to the trip start times by travel 
type were calculated. In order to compare them, the Kolmogorov–Smirnov test28 was applied with a significance 
level equal to 0.05. For each pairwise comparisons (Ti ,Tj) , for j  = i , and i, j varying 1, 2, ...24, the number of times 
in which p value was less than 0.05 was counted, finding that those trip types that showing the greatest differ-
ences to the rest were in order T8 (Discretionary bus), T19 (Motorcycle/motorcycle company), T15 (Passenger in 
company car), and T12 (Driver in company car). Some analogies (p value ≥ 0.05 ) were identified between T4–T6, 
T4–T14, T4–T20, T4–T24, T6–T14, T6–T20, T6–T24, T14–T20, T14–T24. Consequently, types T4 (Subway), 
T6 (Urban bus), T14 (Passenger in private car), T20 (private bicycle) and T24 (walking) presented analogies 
with respect to their journey start times cumulative probability distributions. The rest of the trip types did not 
show any commonalities with each other, which points to the existence of connections between the travel mode 
and the departure time choices (see the Supplementary Material Document).

Trip distances.  Taking as a reference the transport zones in which the Madrid Community is divided. An OD 
matrix was generated, in which each element Tij symbolises the number of trips from zone (i) to zone (j)29. For 
each i = 1, 2, . . . , 1390 , various parameters were established:

in− degree kini  , which symbolises the total number of trips arriving to zone i. It can be defined as30:

where Tli is the number of journeys from l area to i area.
out − degree kouti  , which indicates the total number of trips leaving zone i. It can be defined as30:

where Til is the number of journeys from i area to l area. The calculation of the OD matrix was done globally and 
for each of the 24 trip types.

A distance matrix (D) was also constructed where each element dij symbolised the geographical distance in 
kilometres between the zones i and j, for i, j = 1, 2, 3, . . . 1390 . Figure 1 presents the OD and D matrices for all 

(1)kini =

N
∑

l=1

Tli

(2)kouti =

N
∑

l=1

Til

Table 1.   Number and percentage of displacements by priority transport type. Significant values are in [bold].

Type of primary transport used for 
the trip Number Percentage (%)

Type of primary transport used for 
the trip Number Percentage (%)

T1: Commuter trains 8955 4.02 T13:Driver or passenger in rented car 
without driver 92 0.04

T2: Intercity bus 9325 4.19 T14: Passenger in private car 20,571 9.24

T3: Urban bus other municipality 1869 0.84 T15: Passenger in company car 303 0.14

T4: Subway 19,057 8.56 T16: Passenger in rented car with 
driver 52 0.02

T5: Light subway 247 0.11 T17: Private motorbike 1805 0.81

T6: Urban bus 13,773 6.18 T18: Public motorbike 5 0

T7: Rest of trains 99 0.04 T19: Company motorbike 13 0.01

T8: Discretionary bus 1106 0.50 T20: Private bicycle 872 0.39

T9: Long-distance bus 38 0.02 T21:Public bicycle 74 0.03

T10: Taxi 1033 0.46 T22: Company bicycle 2 0

T11: Driver in private car 66,036 29.65 T23: Other 728 0.33

T12: Driver in company car 1847 0.83 T24:Walking 74,842 33.60
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types of trip. If we relate the data of the OD matrix with those of the D matrix, it can be observed that a relevant 
number of trips correspond to distances below 100 km. A figure showing for each i, both kini  and kouti  the prob-
ability distributions has also been included in the Supplementary Material Document.

Using the OD matrix, it was possible to analyse mobility in the Madrid Community as a dynamic process, 
establishing the transition probability between administrative zones according to the travel distance, which can 
be defined as:

where the following condition is fulfilled:

Each geographical distance dij , which is the i,j elem of the D matrix, corresponds to transition probability 
w
(out)
i→j  . Figure 2 shows the number of pairs ( log10w(out)

i→j  , log10(
dij
d0
) ) for all trip types, where all longitudes have been 

normalised as dij/d0 , d0 = 1 km30. The most likely displacements correspond to spaces between 5 and 30 km. 
This is in accordance with Fig. 6, which shows that not many journeys between far areas existed. The information 
corresponding to each trip mode has been included in the Supplementary Material Document.

(3)w
(out)
i→j =

Tij

k
(out)
i

(4)
N
∑

l=1

w
(out)
i→j = 1

Figure 1.   Overall inter-zone activity for all trip types (A D matrix, B OD matrix).

Figure 2.   Number of pairs ( log10w(out)
i→j  , log10(

dij
d0
) ) for all trip types in the Madrid Community.
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Table 2 depicts the most frequent travel distances range (calculated as log10(
dij
d0
) ) as well as the transition 

probabilities range (computed as log10w
(out)
i→j  ). The most likely distances were between 1.91 and 26.30 km both 

for public transport and private cars. Among public transport, Urban bus and Subway exhibited the lowest value 
showing that they are commonly utilised for short journeys (many trips could be done on foot). Walks were also 
mostly short in length.

The median of the displacements was also estimated, where (T18) Public motorbike, (T24) Walking, and (T3) 
Urban bus other municipality types exhibited the lowest median (< 2 km). The highest values corresponded to 
(T2) Intercity bus, (T1): Commuter trains, (T7) Rest of trains and (T9) Long-distance bus types (> 20 kilome-
tres). We also calculated the mean distances but a high standard deviation was found (see the Supplementary 
Material Document).

Trip duration.  Analogously to the travel distances explored in the previous section, the travel duration was 
examined. Figure 3 displays the number of pairs ( log10w

(out)
i→j  , log10(

tij
t0
) ) for all trip types, being the journey dura-

tion normalised as tij/t0 where t0 = 1 h. The highest probabilities happened around 0.40 h ( log10w
(out)
i→j = −2.5 ). 

The data corresponding to each trip mode have been incorporated in the Supplementary Material Document. 
Table 3 shows the top frequent travel time range (estimated as log10(

tij
t0
) ) and the transition probabilities range 

(calculated as log10w
(out)
i→j ).

Regarding the median of the journey time, the private car was frequently used for journeys of a shorter time 
period. The displacement as a passenger (T14) showed the lowest value (10 min) and as a driver (T11) also 
exhibited a very close magnitude. The trip types (T3) Urban bus other municipality, (T5) Light subway, (T15) 
Passenger in company car, (T18) Public motorbike, (T19) Company motorbike, and (T24) Walking presented a 
slightly higher median with a value equal to 15 min. Analogy between the duration of trips made on foot with 
those made in other motorised vehicles with more similar likely distances, showed that these journeys could 

Table 2.   The most frequent travel distances range (calculated as log10(
dij
d0
) ) and the transition probabilities 

(estimated as log10w(out)
i→j  ): (T1) Train, T2) Interurban bus, (T4) Subway, (T6) Urban bus, (T11) Driver in 

private driver car, (T14) Passenger in private car, (T24) Walking.

Type of transport log10(
dij
d0
) log10w

(out)
i→j (

dij
d0
) w

(out)
i→j

(T1): Commuter trains 0.95:1.42 − 2.37 : − 2.54 8.91:26.30 4.27× 10
−3 : 2.897× 10

−3

(T2) Intercity bus 0.91:1.40 − 2.43 : − 2.46 8.13:25.12 3.72× 10
−3 : 3.72× 10

−3

(T4) Subway 0.38 : 0.94 − 2.28 : − 2.51 2.40:8.71 5.24× 10
−3 : 3.09× 10

−3

(T6) Urban bus 0.28:0.71 − 2.25 : − 2.50 1.91:5.13 5.62× 10
−3 : 3.16× 10

−3

(T11) Driver in private car 0.87:1.28 − 2.25 : − 2.53 7.41:19.05 5.62× 10
−3 : 2.95× 10

−3

(T14) Passenger in private car 0.31:1.19 − 2.45 : − 2.50 2.04:15.49 3.555× 10
−3 : 3.16× 10

−3

(T24) Walking − 0.22:0.40 − 1.75 : − 2.45 0.60:2.51 17.78× 10
−3 : 3.55× 10

−3

Figure 3.   Number of pairs ( log10w(out)
i→j  , log10(

tij
t0
) ) for all trip types in the Madrid Community.
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have been made by foot without much impact on trip length. The highest values (60 min) corresponded to (T1) 
Commuter trains, (T7) Rest of trains and (T9) Long-distance bus (see the Supplementary Material Document).

Characterisation of the major flows.  Based on the OD matrix, all administrative areas into which the Madrid 
Community is divided were characterised as hotspot or non-hotspot31. Thus, four types of fluxes (displacements) 
between zones were established: HH (origin: hotspot, destination: hotspot), HN (origin: hotspot, destination: 
non-hotspot), NH (origin: non-hotspot, destination: hotspot) and NN (origin: non-hotspot, destination: non-
hotspot)32,33. The number of trips made in the [hl , hl+1] interval, for l = 0, 1, . . . , 23 , where hl symbolises the 1 
h in a day, was computed. The correlations between the types of fluxes were calculated through the Spearman’s 
method, values ≥ 0.94 were obtained. The normality of distributions was tested applying the Anderson–Darling 
test28 with a significance level equal to 0.05. Because the obtained p value was < 0.05, the Spearman’s method was 
utilised for the calculation. According to Fig. 5 (in the graphical representation, those trips that happened in [hl , 
hl+1] were assigned to the value l), all flows presented a maximum at 8:00 a.m. The HH movement exhibited two 
maximum values at 14:00 and 17:00, respectively), while the rest of the flows also showed two maximum values 
at the aforementioned times. The HH flux presented a greater number of trips over all others, while the HN and 
NH movements exhibited very similar magnitudes, with one slightly prevailing over the other by time of day. 
Table 4 presents for the aforementioned times, displaying the reason for the displacements, corresponding the 
highest proportions to Work and Study causes.

Figure 4 shows the map of the Madrid Community divided into hotspots and non-hotspots zones. It can 
be observed that a higher concentration of hotspot areas exist in the centre of the community, while most of 
the non-hotspot areas are distributed on the periphery, which responds to a model of the large metropolis with 
nearby dormitory towns35. 543 hotspots and 841 non-hotspots were identified for origins and 539 hotspots and 
833 non-hotspots for destinations (a map showing the 5 areas with the highest number of trips has been included 
in the Supplementary Material Document).

The highest correlations (= 0.99) were found between HH and NN as well as HN and NH fluxes (see the Sup-
plementary Material Document). 16 areas varied their hotspot or non-hotspot status depending on whether they 
were the origins or destinations, while the rest of the 1390 areas maintained their role. Thus, most of the HN and 
NH displacements happened between different zones; however, we can not know from H or N role, whether HH 
and NN movements were inter-zone or intra-zone.

Analogously to what was carried out in the “Trip start times” section, we compared the cumulative prob-
ability distributions by type of flow. In terms of travel distances some similarity was identified between HN and 
NH flows (p value ≥ 0.05) . Various differences were also detected between HN and NH, as well as between HH 
and NN displacements in relation to velocity (p value < 0.05 ). Spanish Law sets a speed limit of 120 km/h, so 
trips over that speed were removed. The highest recorded velocity by a human running is around 44 km/h36, so 
velocities below this value were removed. The travel distance as well as the achieved speed in the [hl , hl+1] interval, 
l = 0, 1, . . . 23 are also shown in Figs. 6 and 7. With reference to velocity, a high level of similarity existed between 
the shape of the flow charts. Higher-speed and higher-distance of travel happened at night for all fluxes, with the 
exception of the HH movements, displayed stable results in the distance travelled during the day.

Topological characterisation of the mobility networks..  Structural analysis.  The mobility net-
works (those determined by the primary type of trip), were represented as a graph G = (NS; LS) , where, NS is 
the set of nodes, each one symbolising the existing administrative zones, and LS is the set of links between them. 
An adjacency matrix of N × N dimension A(G) was built as a bi-dimensional representation of the relationships 
between nodes, where Aij = 1 when a connection between nodes i and j exists and Aij = 0 otherwise. N repre-
sents the number of nodes in NS. All redundant links, as well as ties were eliminated in G.

The connectivity of the networks was examined calculating the number of maximal weakly connected sub-
graphs in each G. T1 (commuter trains), T4 (subway), T11 (private car driver), T14 (private passenger car) and 
T18 (Public motorcycle/moped) networks were fully connected, while three components were detected in the 
whole network. No strongly connected subgraphs were found. We also calculate the largest weakly connected 
subgraph (giant component GC), in order to examine the main structural properties of the networks (see the 
Supplementary Material Document).

Table 3.   The most frequent travel time range (calculated as log10(
tij
t0
) and the transition probabilities 

(estimated as log10w
(out)
i→j  ): (1) Commuter trains, (2) Intercity bus, (4) Subway, (6) Urban bus, (11) Driver in 

private car, (14) Passenger in private car, (24) Walking.

Type of transport log10(
tij
t0
) log10w

(out)
i→j (

tij
t0
) w

(out)
i→j

(T1): Commuter trains − 0.13:0.17 − 2.45 : − 2.53 0.74:1.47 3.55× 10
−3 : 2.95× 10

−3

(T2) Intercity bus 0.02:0.18 − 2.24 : − 2.50 1.05:1.51 5.75× 10
−3 : 3.16× 10

−3

(T4) Subway − 0.29:− 0.13 − 2.28 : − 2.51 0.51:0.74 5.24× 10
−3 : 3.09× 10

−3

(T6) Urban bus − 0.47:− 0.30 − 1.95 : − 2.50 0.34:0.50 10.00× 10
−3 : 3.16× 10

−3

(T11) Driver in private car − 0.60:− 0.32 − 2.16 : − 2.53 0.25:0.48 6.92× 10
−3 : 2.95× 10

−3

(T14) Passenger in private car − 0.60:− 0.29 − 2.21 : − 2.50 0.25:0.51 3.17× 10
−3 : 3.16× 10

−3

(T24) Walking − 0.59:− 0.28 − 2.25 : − 2.50 0.26:0.52 5.62× 10
−3 : 3.16× 10

−3
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The average shortest path (asp) exhibited values in the [1, 8.56] interval. The highest magnitudes corresponded 
to T12 (driver in company car) and T20 (private bicycle), respectively. T7 (other train types), T16 (passenger 
in rental car with driver), T18 (public motorcycle/moped), T19 (motorcycle/moped company), and T22 (other 
transportation) showed the lowest values. The Networks with a low <asp> and many nodes provide a high-level 
communication between zones.

The average degree < k > was in the [1, 65.48] range. Its largest values occurred in type T11 (driver in private 
car ), T4 (subway), and T24 (walking). A higher < k > a higher average accessibility is provided by the mobility 
network. Considering all types of trips, < k > and < asp > were equal to 16.11, and 2.31.

The cumulative probability distributions focusing on stops which include main types of public transport 
(Commuter trains, Intercity buses, Urban buses, Subway and Light subway) by area were also explored. The 
Kolmogorov–Smirnov test28 was applied, similarly to what was calculated in Trip start times. Some analogy was 
detected between Subway and Commuter trains (p value ≥ 0.05 ), while the rest of trip typologies did not exhibit 
any similarity (see the Supplementary Material Document). However, although there are similarities between 
the distributions of both network’s stops by zones, the < k > of the Subway is more than twice as high as the 
figure related to Commuter trains.

All mobility networks showed negative assortativity except type T2 (Interurban bus), T6 (Urban bus), T11 
(driver in private car), T14 (passenger in private car) and T24 (walking) networks. Not distinguishing by type 

Figure 4.   Map categorising the zones per origin. Information retrieved from34 was utilised for the construction 
of the map.

Table 4.   At 08:00 and at [14:00, 17:00] interval, percentage of displacements by priority reason for trip. 
Significant values are in [bold].

Priority reason for trip At 08:00 (%) At [14:00, 17:00] (%) Priority reason for trip At 08:00 (%) At [14:00, 17:00] (%)

Home 0.23 0.38 Accompanying another 
person 16.58 12.19

Work 30.72 27.05 Leisure 0.74 4.73

Work management 1.72 1.84 Sport/walking 2.99 6.42

Study 39.05 22.57 Personal business 4.17 13.21

Shopping 0.82 5.87 Other address 0.25 1.27

Medical 2.41 3.72 Other 0.32 0.74
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of travel, the network exhibited a very low positive assortativity (0.06). Networks with low assortativity are not 
very robust with respect to failures in high-degree nodes and they present a low vulnerability to random failures 
in nodes. Therefore, a public transport design that not only integrates networks with low and high assortativity, 
but also compensates their effects could be an appropriate option.

According to the k-core decomposition37, the whole network showed a high hierarchy with kMax − core = 103 . 
In those networks corresponding to the public transport network, the nodes with the highest kMax − core symbol-
ise the most accessible and transferable capacity areas. (T1): Commuter trains, (T2) Intercity bus, (T4) Subway, 
and (T6) Urban bus exhibited the highest kMax − core (> 10), with a percentage of nodes in kMax − core (> 10%). 
Regarding zones with disabled access, the networks (T1) Commuter trains, (T2) Intercity bus, (T3) Urban bus 
other municipality, (T4) Subway, which had both high kMax − core and number of nodes in the lower k-shells 
(Data related to all mobility network can be found in the Supplementary Material Document) presented a relevant 
level of protection against random disabled zones (random attacks)38.

A low betweenness was identified in all types of networks (< 0.06), except for T15 (Passenger in company 
car), T18 (Public motorbike/moped) and T19 (Motorcycle/motorcycle company). Networks exhibiting a low 
betweenness are more robust to failures than those with a high value39,40, which is particularly relevant in the 
public transport mobility networks.

Figure 5.   Temporal average number of hourly trips within different flows.

Figure 6.   Trip distance distribution and travel distance by time of day for HH, NH, HN, and NN flow types.
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Based on the matrix W (out) certain information about the mobility networks can be obtained. Similarly to30, 
we can rank the importance of each node. Although the W (out) matrix is not symmetric, its eigenvalues and 
eigenvectors provide relevant information. For the W (out) matrix, a left eigenvector, which is defined as a row 
vector �φLj exists, if the following condition is satisfied:

where �Lj are the associated eigenvalues to �φLj . The left eigenvector associated with the eigenvalue �Lj = 1 defines 
a ranking vector �P∞ with elements P∞i  con i = 1, 2, . . . ,N and fulfils (�P∞W (out) = �P∞) , therefore:

Three �Lj exist with a value equal to 1 (the highest eigenvalue �Lj is included in the Supplementary Material 
Document for all mobility networks). In the study of random walks on networks, the vector �P∞ is the stationary 
probability distribution. The value P∞i  is the probability of a random walker reaching the node i after a large 
number of steps30. In the analysis of mobility with a transition matrix W (out) , the vector �P∞ establishes a ranking 
of the zones utilised in the definition of the origin-destination matrix. Those zones exhibiting a higher prob-
ability can be considered more important in the mobility network. Figure 8 shows the numerical values of P∞i  
according to their degree ki for i = 1, 2, . . . ,N.

Regarding components P∞i  of the eigenvector �P∞ with eigenvalue � = 1 as a function of k(in)i  , we have car-
ried out a fit polynomial regression model of degree 4, with a R-squared = 0.56950. The equation of the curve 
is as follows:

The obtained R-squared for the polynomial regression fitting from degrees from 1 until 4 has been included 
in the Supplementary Material Document. No better results were achieved for higher degrees. The correlation 
between �P∞ and k(in)i  , was computed utilising the Spearman’s Method, a value equal to 0.80531 was obtained.

Correlations between betweenness centrality and degree have been frequently examined, having shown differ-
ent results by the research41,42. We calculated this correlation using the Spearman’s method, which was 0.252507 
(the normality of the distributions was checked, similarly to what was carried out in the “Trip start times” sec-
tion). We were also unable to find an appropriate fit polynomial regression model for components P∞i  of the 
eigenvector �P∞ with eigenvalue � = 1 as a function of bc(i).

Inter‑zone links formation.  The Generalised Linear Model (GLM) has been shown to appropriately reproduce 
the formation of physical links between nodes in public transport networks8. We examined whether this model 
could also adequately describe the link formation process between zones for the whole of the mobility net-
work. Similar to8, for the undirected GC corresponding to the whole network, the number of pairs of con-
nected and unconnected zones were estimated. Various similarity metrics (local, quasilocal, and global) were 
calculated between pairs of areas. In particular, the following local similarity indexes were computed: Adamic 

(5)�φLjW
(out) = �Lj

�φLj for j = 1, 2, . . . ,N

(6)
N
∑

l=1

P∞l w
(out)
l→j = P∞j

(7)y = −3.180e − 12x4 + 6.780e − 09x3 − 3.091e − 06x2 + 6.303e − 04x + 3.762e − 04

Figure 7.   Speed distance distribution and trip speeds by time of day for HH, NH, HN, and NN flow.
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and Adar43, common neighbours, cosine44, cosine similarity on L+45,46 promoted47, jaccard48, hub depressed49,50, 
Leicht et al.51, preferential attachment52, and Sørensen53. The global similarity metrics used were: average com-
mute time54, normalised average commute time55, Katz56, L+ directly46, matrix forest57, and random walk with 
restart58. Finally, the calculated quasilocal similarity metrics were graph distance and local path50,59 (see the Sup-
plementary Material Document).

With the purpose of choosing those similarity metrics to be utilised as input variables to the model the exist-
ing correlation between them was calculated through the Spearman’s method. This procedure was utilised because 
according to the results of the Anderson–Darling test, the affinity metrics did not exhibit a normal distribution. 
Only those metrics with a correlation less than or equal to 0.75 were considered.

The model has the similarity metrics between pairs of nodes as input variables and the indicator of whether 
a link exists between them as output variable. In order to estimate the model, a cross-validation mechanism was 
applied where kf folds were utilised. The model was trained kf times, where each time 1 fold was taken as a test 
set, and each of the remaining k − 1 folds were utilised as training set. To know the adequacy of the model, an 
average of an estimated parameter (ESTP) was carried out:

(8)< ESTP >=
1

kf

i=kf
∑

i=1

ESTPi

Figure 8.   (A) eigenvalues � of W (out) fulfilling Eq. (6), (B) components P∞i  of the eigenvector �P∞ with 
eigenvalue � = 1 as a function of bc(i), (C) components P∞i  of the eigenvector �P∞ with eigenvalue � = 1 as a 
function of k(in)i .
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ESTP is Accuracy, Sensitivity, Specificity, Precision, F1, GMean, ROC and kappa. An independent end estima-
tion of the aforementioned performance parameters of the model was also computed using the validation set.

A value kf equal to 5 was taken. The dataset used consisted of 53,942 pairs of connected nodes, including those 
constituting the GC, as well as an analogous amount of randomly chosen unconnected pairs taken from all the 
unconnected pairs existing in the GC. 80% of the dataset was taken as training+test set, and 20% as validation 
set. Performance metrics and the importance of each explanatory variable, computed through the absolute value 
of the t-statistics have been included in the Supplementary Material Document.

Discussion
This paper analyses the mobility of the inhabitants of the Madrid Community, in which various aspects have 
been examined, through diverse procedures: 

(i)	 We used a non-parametric clustering method which was applied in a more confined environment, consid-
ering a larger area as well as the 24 trip typologies. The algorithm generates a 2× 2 matrix from the initial 
OD matrix, symbolising the percentage of four major flows: HH (origin: hotspot, destination: hotspot), 
HN (origin: hotspot, destination: non-hotspot), NH (origin: non-hotspot, destination: hotspot) and NN 
(origin: non-hotspot, destination: non-hotspot). A temporary representation covering the whole day shows 
that the fluxes were highly linearly related. Maximum values were also detected at the same time. The HH 
displacement is the one showing the highest number of trips. The main areas with hotspot status were 
identified in the region. Various commonalities were found between flows, in terms of travel distances and 
speeds.

(ii)	 The cumulative probability distributions of trip start times were also analysed by trip type. High similarities 
were identified between Subway, Urban bus, passenger in private car, Private bicycle and Walking.

(iii)	 Utilising the OD matrix the transition probabilities between areas in the region were also computed and 
the most likely distances and duration of trips were obtained. As a result, the distances most frequently 
covered between areas were estimated for each type of transport used. A tendency to move within the same 
zone or between surrounding sectors has been found. The most probable and largest distances correspond 
to Long-distance bus, Rest of trains, passenger in company car, and Commuter trains. Similarly to30, we 
obtained an “OD rank” for all types of trip.

(iv)	 Utilising the Network Theory, an analysis of the mobility networks was performed. Only networks corre-
sponding to trip types: Commuter trains, subway , driver/passenger in private car, and Public and motor-
bike/moped were fully connected. The mobility networks Walking, Others, Private bicycle, and passenger 
in company car, show the highest number of disjoint subgraphs (> 100). In addition, some public transport 
networks, not being fully connected, force the traveller to change means of transport to reach specific areas, 
even if the destination can be located in the same network.

(v)	 We prove that link formation characterising mobility between zones using 24 different trip typologies 
can be correctly reproduced by a GLM model. This model also proved to be suitable for anticipating link 
formation in certain public transport networks40.

Methods
OD matrix construction and characterisation of zones.  The OD matrix was generated utilising data 
collected in the Madrid Community’s Mobility Survey, conducted in 2018 by Consorcio Regional de Transportes 
de Madrid. In this survey, each trip is described by both origin and destination zones as well as by the main mode 
of transportation used and by the priority motive for a trip (see Datasets section).

Using the OD matrix it is possible to establish the importance of each zone as both origin and destination of 
the trip, categorising it as a hotspot or non-hotspot. The above determines the four types of displacements that 
can be made between zones: HH, HN, NH and NN, which can be defined as11:

where M and P are the origin and destination hotspots, respectively, all trips can be classified into one of the 
four categories mentioned above. The sum of the trips grouped into each one corresponds to the total number 
of trips. Similarly to31, in order to separate hotspot and non-hotspot zones, we utilised a centroid-based clus-
tering method, which breaks a sorted list of scalars into two categories of higher and lower values. Initially, we 
sort both the outflow and inflow values of the zones, which correspond to row and column sums of the OD 
matrix. Analogously to31, for n sorted row sums as qu1 > qu2 > · · · > qun , we use the clustering algorithm to 

(9)HH =
∑

i∈M,j∈P

Fij/
∑

i,j

Fij

(10)NH =
∑

i/∈M,j∈P

Fij/
∑

i,j

Fij

(11)HN =
∑

i∈M,j/∈P

Fij/
∑

i,j

Fij

(12)NN =
∑

i/∈M,j/∈P

Fij/
∑

i,j

Fij
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find the separation point corigin establishing the number of origin hotspots corresponding to the corigin largest 
outflow magnitudes, i.e. qu1, qu2, . . . , qucorigin . For n sorted column sums as qu1 > qu2 > · · · > qun , we utilise 
the clustering algorithm to find the separation point cdestination detecting the number of destination hotspots 
corresponding to the cdestination largest inflow magnitudes31, i.e. qu1, qu2, . . . , qucdestination . corigin and cdestination can 
be estimated as follows31:

where qi can be either the sum of a row or a column from the OD matrix. Resolving Eq. (13) for sorted lists of 
row sums and column sums, corigin and cdestination are obtained, respectively31.

Construction of the model describing the interzone links formation.  Considering the output Yi 
and the set of explanatory variables Xi , ( Xi1,Xis ) for i = 1, ..., s. A GLM model incorporating both a random and a 
systematic element, as well as a link function was constructed. Regarding the random element, it can be accepted 
that Yi , 1 ≤ i ≤ n , are independent random variables described by a probability density function belonging to 
the exponential family:

where a, b, c symbolise known functions, and �,φ represent a natural and a dispersion parameters, respectively.
The systematic element relates some vector ( η1 . . . η(n) ) to the s features.

where β = (β0,β1, . . . ,βs) are the regression parameters. We utilised as link function g, a logit function, which 
returns values in the [0, 1] interval for any input:

In order to estimate the parameters that correspond to an exponential family GLM, the maximum likelihood 
mechanism was applied.

We can compute β as in β̂ and then use this estimation to state that

The importance of the predictors, is stated using a t-statistic estimator, which is defined as:

where SE(βj) is the standard error of the calculation.

Software programs.  Various functionalities were coded in R language: (1) Network analysis and graph 
management were performed utilising the igraph package. (2) Modeling was implemented using the caret 
package. The calculation of the importance of the explanatory variables was made using the vip package. The 
estimation of similarities between zones was done using the linkprediction package. (3) Maps were built 
using maps, ggspatial, sf and nortest packages. (4) Plots were made using bothggplot2 and ggplot 
packages. Finally, the transition probabilities representations were carried out using the hexbin package.

Data availability
The main dataset analysed in this study corresponds to the Mobility survey which was conducted in 2018 by the 
Regional Transport Consortium of Madrid27,60,61 (see the Supplementary Material Document). Datasets contain-
ing other complementary information related to the existing transport networks in the Madrid Community were 
also used34: (1) elements of the Intercity Bus Network (8515 objects) (2) components of the Urban Bus Network 
(4,721 objects) (3) parts of the Commuter Network (113 objects) (4) elements of the light subway network (57 
elements ), (5) components of the Subway Network (295 elements). Information retrieved from34,62–64 was utilised 
for the construction of maps. Any data not presented in the Manuscript/Supplementary Material Document is 
available from the corresponding author upon request. Correspondence and requests for materials should be 
addressed to M.L.M.-L.

Received: 28 July 2022; Accepted: 11 January 2023

References
	 1.	 Louail, T. et al. Uncovering the spatial structure of mobility networks. Nat. Commun.https://​doi.​org/​10.​1038/​ncomm​s7007 (2015).

(13)argmin
c

c
�

i=1

�

�

�

�

�

qui −
1

c

�

c
�

k=1

quk

��

�

�

�

�

+

n
�

j=c+1

�

�

�

�

�

�

quj −
1

n− c





n
�

l=c+1

qul





�

�

�

�

�

�

(14)f (y;�,φ) = exp[(y�− b())/(a(φ))+ c(y,φ))]

(15)ηi(β) = xβt
i β = β0 + β1xi1� + β2xi2 + · · · + βsxis

(16)g(µi) = ln(µi/(1− µi))

(17)L(�) =
∏

(

i = 1)n = f (yi;�,φ)

(18)g((µi)) = xti β̂i = 1 . . . n; µ̂i = g−1(x(i)
t β̂), i = 1 . . . n.

(19)t-statistic(βj) =
βj

SE(βj)

https://doi.org/10.1038/ncomms7007


12

Vol:.(1234567890)

Scientific Reports |          (2023) 13:904  | https://doi.org/10.1038/s41598-023-27979-5

www.nature.com/scientificreports/

	 2.	 Marfan, F. J. & Samaniego, H. Dissecting the spatial structure of cities from human mobility patterns to define functional urban 
boundaries. https://​doi.​org/​10.​13140/​RG.2.​2.​23371.​95529 (2017).

	 3.	 Humeres, F. J. & Samaniego, H. Dissecting the spatial structure of cities from human mobility patterns to define functional urban 
boundaries. https://​doi.​org/​10.​48550/​ARXIV.​1709.​06713 (2017).

	 4.	 Bassolas, A. et al. Hierarchical organization of urban mobility and its connection with city livability. Nat. Commun.https://​doi.​
org/​10.​1038/​s41467-​019-​12809-y (2019).

	 5.	 Parthasarathi, P. Network structure and metropolitan mobility. J. Transport Land Use 7, 153. https://​doi.​org/​10.​5198/​jtlu.​v7i2.​494 
(2014).

	 6.	 Buchanan, M. The benefits of public transport. Nat. Phys. 15, 876. https://​doi.​org/​10.​1038/​s41567-​019-​0656-8 (2019).
	 7.	 Zhang, L., Jian, L., Bai-Bai, F. & Li, S.-B. A review and prospect for the complexity and resilience of urban public transit network 

based on complex network theory. Complexity 1–36, 2018. https://​doi.​org/​10.​1155/​2018/​21563​09 (2018).
	 8.	 Mouronte-López, M. L. Modeling the public transport networks: A study of their efficiency. Complexity 1–19, 2021. https://​doi.​

org/​10.​1155/​2021/​32807​77 (2021).
	 9.	 Gallotti, R. & Barthelemy, M. The multilayer temporal network of public transport in Great Britain. Sci. Datahttps://​doi.​org/​10.​

1038/​sdata.​2014.​56 (2015).
	10.	 Ge, L., Voss, S. & Xie, L. Robustness and disturbances in public transport. Public Transporthttps://​doi.​org/​10.​1007/​s12469-​022-​

00301-8 (2022).
	11.	 Hamedmoghadam, H., Ramezani, M. & Saberi, M. Revealing latent characteristics of mobility networks with coarse-graining. Sci. 

Rep. 9, 7545. https://​doi.​org/​10.​1038/​s41598-​019-​44005-9 (2019).
	12.	 Kamargianni, M., Li, W., Matyas, M. & Schäfer, A. A critical review of new mobility services for urban transport. Transport. Res. 

Proced. 14, 3294–3303. https://​doi.​org/​10.​1016/j.​trpro.​2016.​05.​277 (2016).
	13.	 Sopjani, L., Stier, J. J., Hesselgren, M. & Ritzén, S. Shared mobility services versus private car: Implications of changes in everyday 

life. J. Clean. Prod. 259, 120845. https://​doi.​org/​10.​1016/j.​jclep​ro.​2020.​120845 (2020).
	14.	 El Ouadi, J., Malhene, N., Benhadou, S. & Medromi, H. Shared public transport within a physical internet framework: Reviews, 

conceptualization and expected challenges under covid-19 pandemic. IATSS Res.https://​doi.​org/​10.​1016/j.​iatssr.​2021.​03.​001 (2021).
	15.	 Tortosa, L., Nani, M., Vicent, J.-F. & Yeghikyan, G. Ranking places in attributed temporal urban mobility networks. PLoS One 15, 

10. https://​doi.​org/​10.​1371/​journ​al.​pone.​02393​19 (2020).
	16.	 Bierlaire, M. & Toint, P. Meuse: An origin–destination matrix estimator that exploits structure. Transport. Res. Part B Methodol. 

29, 47–60. https://​doi.​org/​10.​24200/​SCI.​2019.​52460.​2726 (1995).
	17.	 Scheffer, A., Cantelmo, G. & Viti, F. Generating macroscopic, purpose-dependent trips through Monte Carlo sampling techniques. 

Transport. Res. Proced. 27, 585–592. https://​doi.​org/​10.​1016/j.​trpro.​2017.​12.​111 (2017).
	18.	 Kim, J., Kurauchi, F., Uno, N., Hagihara, T. & Takehiko, D. Using electronic toll collection data to understand traffic demand. J. 

Intell. Transport. Syst. 18, 190–203. https://​doi.​org/​10.​1080/​15472​450.​2013.​806858 (2014).
	19.	 Barcelo, J., Montero, L., Marquès, L. & Carmona, C. Travel time forecasting and dynamic origin–destination estimation for freeways 

based on bluetooth traffic monitoring. Transport. Res. Record J. Transport. Res. Boardhttps://​doi.​org/​10.​3141/​2175-​03 (2010).
	20.	 Temuri, M., Sheykhmohammady, M., Kashan, A. & Shojaie, A. Developing an iterative procedure to estimate origin–destination 

matrix based on two-point license plate tracking systems. Sci. Iran.https://​doi.​org/​10.​24200/​SCI.​2019.​52460.​2726 (2019).
	21.	 Moreira-Matias, L., Gama, J., Ferreira, M., Mendes-Moreira, J. & Damas, L. Time-evolving o-d matrix estimation using high-speed 

gps data streams. Expert Syst. Appl. 44, 275–288. https://​doi.​org/​10.​1016/j.​eswa.​2015.​08.​048 (2016).
	22.	 Zhao, J., Wu, J., Chen, M., Fang, Z. & Xu, K. K-core-based attack to the internet: Is it more malicious than degree-based attack?. 

World Wide Web 18, 749–766. https://​doi.​org/​10.​1007/​s11280-​014-​0275-3 (2015).
	23.	 Changruenngam, S., Bicout, D. & Modchang, C. How the individual human mobility spatio-temporally shapes the disease trans-

mission dynamics. Sci. Rep.https://​doi.​org/​10.​1038/​s41598-​020-​68230-9 (2020).
	24.	 Balsero, L., Lamarty, K. & Monzón, A. Mobility to university campuses in the Madrid community: Diagnosis and bases for a 

sustainability strategy. Transport. Res. Proced. 58, 511–518. https://​doi.​org/​10.​1016/j.​trpro.​2021.​11.​068 (2021) (XIV Conference 
on Transport Engineering, CIT2021).

	25.	 Talavera-Garcia, R., Romanillos, G. & Arias, D. Examining spatio-temporal mobility patterns of bike-sharing systems: The case 
of bicimad (Madrid) examining spatio-temporal mobility patterns of bike-sharing systems: The case of bicimad (Madrid). J. 
Mapshttps://​doi.​org/​10.​1080/​17445​647.​2020.​18666​97 (2021).

	26.	 Newman, M., Barabasi, A.-L. & Watts, D. The Structure and Dynamics of Networks (Pinceton University Press, 2006).
	27.	 TCM. Encuesta de mobilidad de la comunidad de Madrid 2018. Documento síntesis. https://​www.​crtm.​es/​media/​712934/​edm18_​

sinte​sis.​pdf. Accessed 23 Jun 2022.
	28.	 Sheskin, D. J. Handbook of Parametric and Nonparametric Statistical Procedures 5th edn. (Chapman and Hall/CRC, 2011).
	29.	 Barthélemy, M. Spatial networks. Phys. Rep. 499, 1–101. https://​doi.​org/​10.​1016/j.​physr​ep.​2010.​11.​002 (2011).
	30.	 Riascos, A. P. & Mateos, J. L. Networks and long-range mobility in cities: A study of more than one billion taxi trips in New York 

city. Sci. Rep. 40, 25 (2020).
	31.	 Hamedmoghadam, H., Ramezani, M. & Saberi, M. Revealing latent characteristics of mobility networks with coarse-graining. Sci. 

Rep.https://​doi.​org/​10.​1038/​s41598-​019-​44005-9 (2019).
	32.	 Louail, T. et al. From mobile phone data to the spatial structure of cities. Sci. Rep. 4, 1–12 (2014).
	33.	 Louail, T. et al. Uncovering the spatial structure of mobility networks. Sci. Rep. 6, 25 (2015).
	34.	 Datos abiertos CRTM. Consorcio Regional de Transportes de Madrid CRTM. Powered by CRTM. https://​data-​crtm.​opend​ata.​

arcgis.​com/. Accessed 23 June 2022.
	35.	 Isaacman, S. et al. Human mobility modeling at metropolitan scales. In Proceedings of the 10th International Conference on Mobile 

Systems, Applications, and Services, MobiSys ’12, 239–252. https://​doi.​org/​10.​1145/​23076​36.​23076​59 (Association for Computing 
Machinery, New York, NY, USA, 2012).

	36.	 Superlativefastest. https://​www.​guinn​esswo​rldre​cords.​com/​produ​cts/​books/​super​lativ​es/​faste​st#:​~:​text=​On%​2016%​20Aug%​
202009%​2C%​20Usa​in,%​2Fh%​20(27.​34%​20mph). Accessed 23 June 2022.

	37.	 Kong, Y., Shi, G.-Y., Wu, R.-J. & Zhang, Y.-C. k -core: Theories and applications. Phys. Rep. 832, 25. https://​doi.​org/​10.​1016/j.​physr​
ep.​2019.​10.​004 (2019).

	38.	 Burleson-Lesser, K., Morone, F., Tomassone, M. & Makse, H. K-core robustness in ecological and financial networks. Sci. Rep. 10, 
25. https://​doi.​org/​10.​1038/​s41598-​020-​59959-4 (2020).

	39.	 Butz, M., Steenbuck, I. & van Ooyen, A. Homeostatic structural plasticity increases the efficiency of small-world networks. Front. 
Synapt. Neurosci. 6, 25. https://​doi.​org/​10.​3389/​fnsyn.​2014.​00007 (2014).

	40.	 Mouronte, M. L. Modeling the public transport networks: A study of their efficiency. Complexity 1–19, 2021. https://​doi.​org/​10.​
1155/​2021/​32807​77 (2021).

	41.	 Cheng, J.-J., Cao, W., Chen, H.-Q., Zhou, X. & Xiong, F. Empirical analysis of centrality characteristics in real online social networks. 
J. Comput. 27, 71–80. https://​doi.​org/​10.​3966/​19911​55920​16102​703008 (2016).

	42.	 Meghanathan, N. Correlation coefficient analysis of centrality metrics for complex network graphs. In Intelligent Systems in Cyber‑
netics and Automation Theory (eds Silhavy, R. et al.) 11–20 (Springer, 2015).

	43.	 Adamic, L. A. & Adar, E. Friends and neighbors on the web. Soc. Netw. 25, 211–230. https://​doi.​org/​10.​1016/​S0378-​8733(03)​
00009-1 (2003).

https://doi.org/10.13140/RG.2.2.23371.95529
https://doi.org/10.48550/ARXIV.1709.06713
https://doi.org/10.1038/s41467-019-12809-y
https://doi.org/10.1038/s41467-019-12809-y
https://doi.org/10.5198/jtlu.v7i2.494
https://doi.org/10.1038/s41567-019-0656-8
https://doi.org/10.1155/2018/2156309
https://doi.org/10.1155/2021/3280777
https://doi.org/10.1155/2021/3280777
https://doi.org/10.1038/sdata.2014.56
https://doi.org/10.1038/sdata.2014.56
https://doi.org/10.1007/s12469-022-00301-8
https://doi.org/10.1007/s12469-022-00301-8
https://doi.org/10.1038/s41598-019-44005-9
https://doi.org/10.1016/j.trpro.2016.05.277
https://doi.org/10.1016/j.jclepro.2020.120845
https://doi.org/10.1016/j.iatssr.2021.03.001
https://doi.org/10.1371/journal.pone.0239319
https://doi.org/10.24200/SCI.2019.52460.2726
https://doi.org/10.1016/j.trpro.2017.12.111
https://doi.org/10.1080/15472450.2013.806858
https://doi.org/10.3141/2175-03
https://doi.org/10.24200/SCI.2019.52460.2726
https://doi.org/10.1016/j.eswa.2015.08.048
https://doi.org/10.1007/s11280-014-0275-3
https://doi.org/10.1038/s41598-020-68230-9
https://doi.org/10.1016/j.trpro.2021.11.068
https://doi.org/10.1080/17445647.2020.1866697
https://www.crtm.es/media/712934/edm18_sintesis.pdf
https://www.crtm.es/media/712934/edm18_sintesis.pdf
https://doi.org/10.1016/j.physrep.2010.11.002
https://doi.org/10.1038/s41598-019-44005-9
https://data-crtm.opendata.arcgis.com/
https://data-crtm.opendata.arcgis.com/
https://doi.org/10.1145/2307636.2307659
https://www.guinnessworldrecords.com/products/books/superlatives/fastest#:%7e:text=On%2016%20Aug%202009%2C%20Usain,%2Fh%20%2827.34%20mph)
https://www.guinnessworldrecords.com/products/books/superlatives/fastest#:%7e:text=On%2016%20Aug%202009%2C%20Usain,%2Fh%20%2827.34%20mph)
https://doi.org/10.1016/j.physrep.2019.10.004
https://doi.org/10.1016/j.physrep.2019.10.004
https://doi.org/10.1038/s41598-020-59959-4
https://doi.org/10.3389/fnsyn.2014.00007
https://doi.org/10.1155/2021/3280777
https://doi.org/10.1155/2021/3280777
https://doi.org/10.3966/199115592016102703008
https://doi.org/10.1016/S0378-8733(03)00009-1
https://doi.org/10.1016/S0378-8733(03)00009-1


13

Vol.:(0123456789)

Scientific Reports |          (2023) 13:904  | https://doi.org/10.1038/s41598-023-27979-5

www.nature.com/scientificreports/

	44.	 Rodriguez, A. et al. New multi-stage similarity measure for calculation of pairwise patent similarity in a patent citation network. 
Scientometrics.https://​doi.​org/​10.​1007/​s11192-​015-​1531-8 (2015).

	45.	 Fouss, F., Pirotte, A., Renders, J.-M. & Saerens, M. Random-walk computation of similarities between nodes of a graph with 
application to collaborative recommendation. IEEE Trans. Knowl. Data Eng. 19, 355–369. https://​doi.​org/​10.​1109/​TKDE.​2007.​46 
(2007).

	46.	 Fouss, F., Pirotte, A., Renders, J. M. & Saerens, M. Random-walk computation of similarities between nodes of a graph with 
application to collaborative recommendation. IEEE Trans. Knowl. Data Eng. 19, 25 (2007).

	47.	 Ravasz, E., Somera, A. L., Mongru, D. A., Oltvai, Z. N. & Barabási, A. L. Hierarchical organization of modularity in metabolic 
networks. Science 297, 1551–1555. https://​doi.​org/​10.​1126/​scien​ce.​10733​74 (2002).

	48.	 Jaccard, P. Étude comparative de la distribution florale dans une portion des alpes etdes jura. Bull. Soc. Vaudoise Sci. Nat. 37, 
547–579 (1901).

	49.	 Lü, L. & Zhou, T. Link prediction in complex networks: A survey. Phys. A 390, 1150–1170. https://​doi.​org/​10.​1016/j.​physa.​2010.​
11.​027 (2011).

	50.	 Zhou, T., Lü, L. & Yi-Cheng Zhang, Y.-C. Predicting missing links via local information. Eur. Phys. J. B 71, 623–630. https://​doi.​
org/​10.​1140/​epjb/​e2009-​00335-8 (2009).

	51.	 Leicht, E. A., Holme, P. & Newman, M. E. J. Vertex similarity in networks. Phys. Rev. E.https://​doi.​org/​10.​1103/​physr​eve.​73.​026120 
(2006).

	52.	 Huang, Z., Li, X. & Chen, H. Link prediction approach to collaborative filtering. In Proceedings of the 5th ACM/IEEE-CS Joint Con‑
ference on Digital Libraries, JCDL ’05, 141–142. https://​doi.​org/​10.​1145/​10653​85.​10654​15 (Association for Computing Machinery, 
New York, NY, USA, 2005).

	53.	 Sorensen, T. A. A method of establishing groups of equal amplitude in plant sociology based on similarity of species content and 
its application to analyses of the vegetation on Danish commons. Biol. Skrifter 5, 1–34 (1948).

	54.	 Costenbader, E. & Valente, T. The stability of centrality measures when networks are sampled. Soc. Netw. 25, 283–307. https://​doi.​
org/​10.​1016/​S0378-​8733(03)​00012-1 (2003).

	55.	 Klein, D. & Randic, M. Resistance distance. J. Math. Chem. 12, 81–95. https://​doi.​org/​10.​1007/​BF011​64627 (1993).
	56.	 Katz, L. A new status index derived from sociometric analysis. Psychometrika 18, 39–43 (1953).
	57.	 Chebotarev, P. & Shamis, E. The matrix-forest theorem and measuring relations in small social groups. Autom. Remote Control‑

https://​doi.​org/​10.​48550/​ARXIV.​MATH/​06020​70 (2006).
	58.	 Jia-Yu, P., Hyung-Jeong, Y., Christos, F. & Pinar, D. Automatic multimedia cross-modal correlation discovery. In Proceedings of 

the Tenth ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, KDD ’04, 653–658. https://​doi.​org/​
10.​1145/​10140​52.​10141​35 (Association for Computing Machinery, New York, NY, USA, 2004).

	59.	 Lü, L., Jin, C.-H. & Zhou, T. Similarity index based on local paths for link prediction of complex networks. Phys. Rev. E Stat. 
Nonlinear Soft Matter Phys. 80, 046122. https://​doi.​org/​10.​1103/​PhysR​evE.​80.​046122 (2009).

	60.	 Datos Abiertos CRTM. Consorcio Regional de Transportes de Madrid CRTM. edm2018viajes. Powered by CRTM. https://​datos.​
crtm.​es/​docum​ents/​6afd4​db817​5d490​2ada0​803f0​8ccf5​0e/​about. Accessed 23 June 2022.

	61.	 Datos Abiertos CRTM. Consorcio Regional de Transportes de Madrid CRTM. zonificacionzt1259. Powered by CRTM. https://​
datos.​crtm.​es/​docum​ents/​6afd4​db817​5d490​2ada0​803f0​8ccf5​0e/​about. Accessed 23 June 2022.

	62.	 Ministerio de Transportes, Movilidad y Agenda Urbana. Sistema de Información Urbana. https://​www.​mitma.​gob.​es/​portal-​del-​
suelo-y-​polit​icas-​urban​as/​siste​ma-​de-​infor​macion-​urbana/​siste​ma-​de-​infor​macion-​urbana-​siu. Accessed 23 Nov 2022.

	63.	 http://​www.​tesin​tegra.​net/​maps/​geojs​on/​es/​munic​ipios/. Accessed 23 Nov 2022.
	64.	 Instituto nacional de estadística.cifras oficiales de población resultantes de la revisión del padrón municipal a 1 de enero. https://​

www.​ine.​es/​jaxiT3/​Tabla.​htm?t=​2881&L=0. Accessed 23 Nov 2022.

Acknowledgements
This work was supported by a Predoctoral Research Grant which was granted in the internal call in 2021 at the 
Universidad Francisco de Vitoria. This work was partially funded by Telefonica Chair at Francisco de Vitoria 
University. This work was also partially supported by the Spanish Ministry of Science and Innovation, Gobierno 
de España, under Contract No. PID2021-122711NB-C21.

Author contributions
J.G. developed the coarse-grained method, and the calculation of distances, durations and velocities according 
probabilities transitions. M.L.M.-L. implemented the topological study, the statistical analysis and designed the 
model. All authors developed plotting scripts and reviewed 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-​023-​27979-5.

Correspondence and requests for materials should be addressed to M.L.M.-L.

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/10.1007/s11192-015-1531-8
https://doi.org/10.1109/TKDE.2007.46
https://doi.org/10.1126/science.1073374
https://doi.org/10.1016/j.physa.2010.11.027
https://doi.org/10.1016/j.physa.2010.11.027
https://doi.org/10.1140/epjb/e2009-00335-8
https://doi.org/10.1140/epjb/e2009-00335-8
https://doi.org/10.1103/physreve.73.026120
https://doi.org/10.1145/1065385.1065415
https://doi.org/10.1016/S0378-8733(03)00012-1
https://doi.org/10.1016/S0378-8733(03)00012-1
https://doi.org/10.1007/BF01164627
https://doi.org/10.48550/ARXIV.MATH/0602070
https://doi.org/10.1145/1014052.1014135
https://doi.org/10.1145/1014052.1014135
https://doi.org/10.1103/PhysRevE.80.046122
https://datos.crtm.es/documents/6afd4db8175d4902ada0803f08ccf50e/about
https://datos.crtm.es/documents/6afd4db8175d4902ada0803f08ccf50e/about
https://datos.crtm.es/documents/6afd4db8175d4902ada0803f08ccf50e/about
https://datos.crtm.es/documents/6afd4db8175d4902ada0803f08ccf50e/about
https://www.mitma.gob.es/portal-del-suelo-y-politicas-urbanas/sistema-de-informacion-urbana/sistema-de-informacion-urbana-siu
https://www.mitma.gob.es/portal-del-suelo-y-politicas-urbanas/sistema-de-informacion-urbana/sistema-de-informacion-urbana-siu
http://www.tesintegra.net/maps/geojson/es/municipios/
https://www.ine.es/jaxiT3/Tabla.htm?t=2881%20&L=0
https://www.ine.es/jaxiT3/Tabla.htm?t=2881%20&L=0
https://doi.org/10.1038/s41598-023-27979-5
https://doi.org/10.1038/s41598-023-27979-5
www.nature.com/reprints


14

Vol:.(1234567890)

Scientific Reports |          (2023) 13:904  | https://doi.org/10.1038/s41598-023-27979-5

www.nature.com/scientificreports/

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

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. 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/4.​0/.

© The Author(s) 2023

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

	Exploring the mobility in the Madrid Community
	Results
	Characterization of the displacements. 
	Reasons, trip modes and trip start times. 
	Trip distances. 
	Trip duration. 
	Characterisation of the major flows. 

	Topological characterisation of the mobility networks.. 
	Structural analysis. 
	Inter-zone links formation. 


	Discussion
	Methods
	OD matrix construction and characterisation of zones. 
	Construction of the model describing the interzone links formation. 
	Software programs. 

	References
	Acknowledgements


