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ABSTRACT 41 

Background: Human mobility drives geographical diffusion of airborne infectious 42 

diseases at different scales, and the COVID-19 pandemic has made mobility data 43 

widely available thanks to technological advances. Mobility has been used to 44 

investigate COVID-19 but few studies focus on mobility itself. We used public data 45 

from February 14th 2020 to May 9th 2021 in Spain to characterize mobility patterns 46 

between the 52 provinces to build the Epidemic Diffusion Network using network 47 

science methods to study geographical diffusion phenomena. 48 

Results: A total of 135 (out of 2.264) connections between the 52 provinces were 49 

identified as the most relevant and a weighted, directed network was built. Madrid, 50 

Valladolid and Araba/Álaba scored the highest degree and strength. Shortest routes 51 

(most likely path between two points) were obtained between all provinces A total of 52 

7 mobility communities were found with a network modularity of 63%. COVID-19 53 

cumulative incidence in 14 days (CI14) reflected community structure, with provinces 54 

of the same cluster behaving more similar when compared with the outside ones. 55 

Shortest routes of diffusion between all 52 provinces were obtained. 56 

Conclusions: Mobility patterns in Spain are governed by a small number of high-57 

flow connections that remain constant in time and seem unaffected by seasonality 58 

or restrictions. Most of the travels happen within communities, that does not 59 

completely represent political borders, thus indicating the importance of coordination 60 

between administrations when addressing health emergencies. The most likely 61 

geographical spread pattern in Spain is wave-like with occasional long-distance 62 

jumps, like a small-word network. This information could be of use to enhance 63 

preparedness and response plans with interventions targeted to relevant locations 64 

before the disease spreads, and to inform better models of disease diffusion at the 65 

country level.  66 

 67 

KEYWORDS: 68 
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BACKGROUND 72 

The COVID-19 disease took only a few months since its emergence in the Chinese province 73 

of Wuhan to become a global pandemic affecting all the World regions (1). As other respiratory 74 

viruses, its main route of infection is direct person-to-person contact between an infectious host 75 

and a susceptible individual, and therefore COVID-19 dynamics are shaped mainly by the way both 76 

individuals and populations interact with each other (2). This implies a multi-scale nature of 77 

transmission dynamics in which human mobility plays a key role explaining local outbreaks and 78 

epidemics (3), geographical diffusion (4, 5) and international spread of pandemics (6, 7).  79 

We have seen a surge in mobility information availability mainly due to the innovative development 80 

of big data techniques (8–11).  Studies of the impact of mobility on COVID-19 dynamics were soon 81 

available in China (12–14), Italy (15, 16), Spain (17) or USA (5, 9, 18) among others (19). Mobility 82 

data has been used to model geographical diffusion (12–15, 17–19), epidemic growth (5, 13, 16) or 83 

to evaluate non pharmaceutical interventions in place (5, 12).  84 

Most of these studies treat mobility as another explaining variable within a multiplicity of different 85 

methodologies. But few of them focus on how the subjacent mobility matrix impacts on the 86 

epidemic diffusion  (14, 20).  87 

Network science has long studied the diffusion of epidemics in contact or travel networks (20). 88 

Predicting risks posed by transmission events between a small number of regions (cities, provinces, 89 

states) can be relatively straightforward. These are usually proportional to the number of people 90 

who move between points and the characteristics of the transmitted phenomena (21). But when it 91 

comes to the study of epidemic diffusion in an entire network consisting of several locations 92 

interconnected, a new complexity arises and a multiplicity of possible routes, distances and 93 

geographical patterns emerge (14, 7). 94 

The first COVID-19 cases were detected in Spain in March 2020 (22). As many other countries, a 95 

national-wide lockdown was issued by the government to successfully contain the first wave. During 96 

2020 and 2021, several waves took place (22), with mobility restrictions as one of the main control 97 

measures in place.   98 



The aim of the present study is to characterize mobility patterns in Spain, defining a Mobility Matrix 99 

(MM) native to Spain. This MM is then used to investigate COVID-19 dynamics during 2020 and 2021 100 

and to explore whether mobility patterns are linked to epidemiological outcomes.   101 

METHODS 102 

Data sources 103 

Mobility data is publicly provided by the Ministry of Transportation, Mobility 104 

and Urban Agenda (MITMA) (23). We defined Spain´s 52 provinces as the area of study 105 

(Map 1). Data was aggregated at that level in the form of daily unique travels between 106 

provinces, from February 14th 2020 to May 9th 2021.   107 

COVID-19 data for Spain is available from the Instituto de Salud Carlos III public 108 

information dashboard (22). This information is gathered through the National 109 

Surveillance Network (RENAVE, in Spanish). Demographic information is provided by 110 

the Instituto Nacional de Estadística (INE) (24). 111 

Map 1. Political map of Spain 112 

Mobility Matrix of Spain and Shortest Distances maps 113 

A description of mobility patterns in Spain is first carried out to characterize 114 

behavioral, seasonal, and geographical properties. Let  be the flux of daily total 115 

travelers emanating from a province  to any different province . Supplementary 116 

materials detail the process and the rationale to turn these fluxes into the fraction  117 

of people leaving  and going to  among all people leaving  (7) (Eq. 1) 118 

 119 



 fractions represent the distribution of the relative importance of each destination 120 

province n connected with m. We define an adjacency matrix containing all  pairs 121 

for the 52 provinces and name it Mobility Matrix (MM).  As stated in Supplementary 122 

Materials, this MM contains a qualitative and quantitative key representation of the 123 

mobility patterns in Spain, regardless of variation in time, season, or measures in place.  124 

To further study transmission phenomena within this MM, all percentages  are 125 

turned into a distance-like unit: Effective Distance (ED), as proposed and tested by (7): 126 

 127 

ED is a measure of proximity: the larger , the lesser  and therefore the closer 128 

is node  from  in terms of disease diffusion (7). Complex connection patterns 129 

emerge from the matrix  and its  derivate (Supplementary material), since 130 

EDs allow to mathematically compute paths along the MM that imply multi-step routes 131 

due to the aggregative property of logarithms compared with the conditional 132 

probability of percentages  (7). We can find the shortest distances between two 133 

provinces  as the minimal sum of  required to reach node n from m.  134 

For example, if   but  and , any travelling disease would 135 

arrive from A to B faster by transitioning through C (  rather than directly from 136 

A to B. The set of shortest paths between pairs of provinces within the MM are obtained 137 

using the classical Dijkstra’s algorithm (25) implemented in the igraph R package. For 138 

each province, a map of all the shortest incoming and outgoing  is created. 139 

Epidemic Diffusion Network and measures 140 

From the MM we define a network (26) to represent and uncover these complex 141 

mobility patterns that might drive diffusion events. To model the network, only 142 



relevant connections (e.g., those with  over 10%, see Supplementary material) are 143 

selected. When applied to the study of disease diffusion dynamics, we name this 144 

network the “Epidemic Diffusion Network” (EDN). 145 

In a network, the degree of a node is the number of edges connected to it (incoming and 146 

outgoing), a representation of connectiveness. In weighted networks, the strength of a 147 

node is the sum of the weights of each edge connected to the node i.e., the weighted 148 

degree. Degree and strength are local measures that account only for neighboring 149 

properties of nodes. Betweenness, on the other hand, sums up the number of times the 150 

node lies within the path between any other two nodes, thus scoring nodes that act as 151 

bridge or intersecting points (27, 28). 152 

Network substructure analysis was performed to detect communities (29). A found 153 

community must be understood as a mobility cluster, in epidemiological terms.  This 154 

implies that nodes are connected in such way that movement (flow) within the 155 

community is much more likely. The percentage of total movements happening within 156 

communities rather than between them is known as the modularity score. Clustering of 157 

nodes happens hierarchically and will be represented with a dendrogram.  158 

Network structure and COVID-19 dynamics 159 

 Since mobility drives the geographical diffusion of COVID-19, it would be 160 

expected that provinces within the same community, which share the most of their 161 

mobility fluxes, also share more similar disease dynamics. These dynamics are summed 162 

up in the cumulative incidence in 14 days (CI14) epidemic curves and therefore we 163 

compare their trajectories, shapes and magnitude along the study period. 164 

We adopt an analytical approximation by proposing a measure of curve proximity. We 165 

compute the absolute difference in daily CI14 between any two provinces  for a 166 

given day  167 



 168 

where  denotes the CI14 at province m on day t. The mean  of these daily 169 

differences over the time under study is the global proximity measure between the 170 

disease dynamics of any two provinces. The lower  value, the more similar 171 

COVID-19 dynamics two provinces have experienced.  172 

The 52*52 possible  are calculated between each province and 1) the rest of the 173 

provinces within its community and 2) the rest of the provinces outside. All obtained 174 

means are compared with a T test with the null hypothesis of no differences in , 175 

i.e., being part of a community does not imply a difference in disease dynamic for the 176 

studied period. 177 

All analysis have been made using R version 4.0.3 (30) and the network package igraph 178 

(31). 179 

RESULTS 180 

Mobility Matrix of Spain and Shortest Distance maps 181 

Daily aggregated total mobility from February 14th, 2020, to May 9th, 2021, is 182 

shown in figure 1. The first week (Feb 14th to Feb 21st 2020) is considered the 183 

reference mobility value before pandemic began. A first sharp decline in March 2020 184 

happens after the first declaration of the stay-at-home order, lifted in June when 185 

mobility almost reached pre-pandemic values. By the end of August, it declines again 186 

not to recover to the end of our study period, even after the second state of alarm came 187 

into force from October 24th to May 9th.  188 



 Figure 1. Daily total travels between provinces and 14-day cumulative 189 

incidence in Spain, 14th Feb 2020 – 9th May 2021 190 

Cumulative incidence in 14 days per 100.000 inhabitants.  191 

Epidemic Diffusion Network 192 

The 52 provinces are the network´s nodes and, between them, 135 weighted edges (26) 193 

represent the main MM connections as defined in Supplementary material. An example 194 

of shortest distances maps is shown in figure 2. The modelled network is presented in 195 

Fig 3. Madrid scores the highest degree (11), followed by Valladolid (9), Araba/Álava 196 

(8), Málaga (8), Sevilla (8) and Valencia (8). Madrid, Valladolid and Araba/Álava also 197 

record the highest strength (25.7, 25.3 and 20.2). Network flow betweenness, on the 198 

other hand, concentrates in provinces of the southernmost community. Mean (SD) 199 

values for the entire network are 5.2 (2) degree, 12.5 (5.5) strength, 318.1 (408.9) flow 200 

betweenness (Table S1).   201 

Figure 2. Shortest distances maps from (outgoing) and to (incoming) two 202 

provinces, Huesca and Madrid 203 

A) Shortest distances to Madrid; B) Shortest distances from Huesca 204 

A total of 7 communities are detected within the network (Fig 3). The biggest 205 

community is the southernmost consisting in a total of 12 provinces connected to the 206 

outside only by two provinces. On the other hand, the smallest communities are the two 207 

composed by Canary Islands (two provinces) and Galicia (4 provinces). The first is 208 

dependent only from Madrid as main connection. The other four communities 209 

represent different geographical regions. Highest scoring provinces in terms of 210 

degree/strength are well divided among communities. Network´s modularity is 63%. 211 

Hierarchical clustering dendrogram and qualitative conclusions derived from it are 212 

depicted in Supplementary materials. 213 



Figure 3. Effective distance network (EDN) representation of network measures 214 

and map of communities 215 

A) vertex size is proportional to incoming/outgoing connections (degree). Each edge represents 216 

a connection. Communities are represented by color. B) Map of Spain with provinces colored by 217 

community belonging. 218 

Network structure and COVID-19 dynamics  219 

COVID-19 CI14 epidemic curves by provinces grouped by community can be 220 

seen in figure 4. Provinces in the same network community seem to share more similar 221 

COVID-19 incidence, represented by their curves’ trajectories, shapes and magnitude. 222 

This is confirmed by the fact that all provinces have a statistically significant lower 223 

mean daily difference  with other provinces within their same community 224 

compared with outer ones. Excluding Canarias, with only two provinces, the higher 225 

difference score is for the provinces in the southern community (106.3 vs 68.4; p < 226 

.000). On the contrary, the smaller difference is found with the central-eastern 227 

community encompassing Madrid and Valencia (116 vs 97.2; p < .000) (Figure 5). 228 

Figure 4. CI14 per 100.000 inhabitants by province, grouped by community 229 

during the study period 230 

Figure 5. Mean daily differences between CI14 curves within communities’ vs 231 

outside community for every detected community 232 

Note: all mean differences between groups for all communities were statistically significant  233 

DISCUSSION 234 

 We used raw mobility data gathered during the COVID-19 pandemic to curate 235 

and develop a Mobility Matrix (MM) in the form of an adjacency matrix between the 52 236 



provinces of Spain that was used to build a network model to unveil complex properties 237 

that drive geographical diffusion phenomena linked to mobility (such as, but not limited 238 

to, epidemics). This network has been described and linked to COVID-19 dynamics 239 

between March 2020 and May 2021. 240 

Mobility has been analyzed and described in successive layers of complexity: 241 

first, by depicting the raw fluxes of daily travelers. Secondly, by turning them into a 242 

distance-like variable and unveiling the constant relationships and patterns emerging 243 

from the data. And third, by building up a network model to further understand 244 

diffusion phenomena within that network. The latter was mainly achieved through 245 

hierarchical clustering for community detection and the shortest distances maps. Each 246 

of these layers of study allowed us to gain a share of insight into the complexity of 247 

human mobility in one specific way.  248 

In February 2020, before the COVID-19 crisis began, more that 5 million people 249 

travelled daily between any two provinces in Spain. With the first stay-at-home order 250 

in March, when just essential work-related travels were allowed, only 600.000 people 251 

still travelled. By the summer restrictions had been fully lifted and mobility came back 252 

to normal only to start declining again as the second COVID-19 wave was happening, to 253 

never recover in the studied period.  254 

The MM reveals that diffusion phenomena are governed by major fluxes rather than 255 

small variations i.e., holidays, and how measures put in place were able to reduce the 256 

number of people travelling but not their usual destinations. Bilateral relationship and 257 

major fluxes between provinces are constant. Each province has a unique set of main 258 

neighbours and a way of interacting with them. These constitute the properties of 259 

provinces which will determine their role in diffusion phenomena as the nodes of a 260 

network, connected by their effective distances on the edges.  261 

Finally, the network itself reveals some emergent properties such as modularity, the 262 

presence of communities of mobility and the estimation of all the shortest paths 263 



between provinces. It is in this layer where we will mainly discuss epidemiological 264 

implications of our findings for disease transmission. 265 

Disease epidemiology in networks is a growing field with a solid background, especially in 266 

animal ecology (32, 33). Network measures have been studied in this context, centrality measures 267 

being the most relevant for infectious diseases study (32). They unveil the role and position each 268 

node holds within the network, thus translating it into epidemiological risks, e.g., of infectivity, 269 

exposure, or disease facilitators (32, 27, 20). These properties are directly given by the MM and it is 270 

of no surprise that the higher scoring provinces in terms of degree and strength are capital regions 271 

(Madrid, Valladolid, Araba/Álava, Sevilla and Valencia) in their respective Autonomous 272 

Communities. In fig 2 a hub-based configuration of mobility can be observed for most communities 273 

in which one or two nodes act as main attractor and “receiver”. 274 

The network shows a configuration of hubs that connect with smaller provinces rather than 275 

between them, acting more like local gravitating poles for adjacent lesser provinces rather than 276 

drivers of the whole network, in accordance with the high modularity score observed (63%).     277 

However, the province of Barcelona, 2nd largest city of Spain, is an exception.  Contrary to the rest 278 

of communities, the northeastern shows a completely different behavior in which no main hub 279 

emerges. Degree and strength are more equally distributed, and it is Zaragoza (another capital city) 280 

which scores higher, but not too different from the rest. We are unable to explain these findings, 281 

but the resulting sub-network points towards a differentiated diffusion dynamic compared with the 282 

rest of Spain. 283 

The seven communities found are consistent with the administrative division of Spain (figure 3), yet 284 

there is no perfect fit. This is especially true for the 2nd and 3rd largest central communities, with 285 

Madrid acting as main bridge between two mobility clusters and several Autonomous Communities 286 

(including the Canary Islands). Hierarchical clustering (Fig 4) shows how the southern community 287 

conforms an independent area from the rest of Spain. Whereas, the remaining areas are more 288 

closely related, making hard to contain the spread of a disease, especially when involving the capital, 289 

Madrid. However, at the same time, the north-east community shares a different relationship 290 

between its components, with no clear hub emerging. This region has been specially affected during 291 

successive COVID-19 waves, for no known reason so far. These findings could shed light in this 292 

matter in future studies.  293 



We have demonstrated how communities impacted COVID-19 dynamics at the province level as 294 

CI14 evolution showed less differences between provinces sharing a mobility community for all 295 

communities independently. This effectively links mobility patterns and spatial diffusion of COVID-296 

19 in Spain. Together, our findings point towards a locally wise approach to measures like mobility 297 

restrictions. 298 

 Our network, the EDN, is directed, weighted and thresholded but many different networks 299 

can be modeled for disease transmission depending on underlying assumptions, giving rise to what 300 

is called the network´s structure (27, 34). The network in which a disease spreads highly determines 301 

the evolution and dynamics it will experience (20). It links the individual behaviour to broad 302 

population effects through either contact patterns during an outbreak (35) or the spatial 303 

(geographical) component, as well as distances, paths or clustering degrees (20). Among many 304 

idealized types of networks, small-world networks (36) are characterized by a high clustering and 305 

short paths lengths, such as the one we find in the EDN, but also by the presence of random links 306 

that connect otherwise distant elements of the network.  307 

This implies that diffusion would take the form of a spreading wave from an origin source, with the 308 

ability to reach distant elements quickly (20). These wave-like patterns were also observed by 309 

Brockman and Helbing in the international air-travel network during the pandemics of H1N1 in 2009 310 

or SARS in 2003 (7). A recent study of COVID-19 during the summer 2020 in Spain points towards 311 

the same conclusion: a rapid spread in a region (north-east of Spain) but then a sudden jump to 312 

Madrid from where it reached the rest of Spain (37). This could be associated with the effective 313 

distance map emanating from the first provinces to experience the epidemic in July 2020 (Fig 2). 314 

High modularity was also found in our network, meaning that the disease is less likely to quickly 315 

spread through the network (38), yet other authors consider this effect rather humble, especially in 316 

highly contagious diseases which would only be affected with a modularity over 80%, which is rare 317 

(39). In spite of this, modularity is still a determining factor to consider for control strategies in 318 

epidemiology since in the presence of a less transmissible disease, chances are that appropriate 319 

measures increase the so-called structural trapping of the network i.e., the ability to prevent the 320 

diffusion of the disease from one community to another (39). 321 

Reducing human mobility has been the main tool for COVID-19 control worldwide. At the 322 

geographical level, both diffusion patterns and local epidemics are affected by the way we 323 



collectively move. This network approach has provided valuable insight into the properties of 324 

mobility in Spain and their implications in epidemiological terms regarding disease diffusion.  325 

By knowing the main travel routes and patterns we can move from the simple metric of mobility 326 

reduction, which is only useful when affecting all the population, a situation every day less likely to 327 

happen.  Potentially susceptible locations could implement measures in advance under the event 328 

of local outbreaks taking place. Three levels of relation have been presented: direct relation 329 

(effective distance), indirect relation (shortest paths) and community structure. It is by combining 330 

information from all of them that preventive measures should be tackled.  331 

The relation between the network position and disease dynamics has been pointed out but needs 332 

further research.  We lack evidence or a solid framework to decide which measures are the most 333 

useful (32).  A particular measure can be calculated in different networks yet not every measure 334 

will mean the same in all network structures (27).  335 

All the relations between network components and disease epidemiology need to be further tested 336 

with more advanced models including SIR-like models within the network to fully characterize 337 

relations and implications of these finding. Simple SEIR models are able to fully capture the 338 

complexity of these dynamics when paired with the adequate subjacent network (3). The massive 339 

amount of epidemiological and social information made available during the COVID-19 pandemic 340 

poses a unique opportunity to address these gaps in knowledge and help us advance towards a 341 

more generalized theoretical framework if the field.  342 

Limitations 343 

This is an ecological study using only aggregated mobility without any individual information which 344 

may determine the implications for disease transmission events. Mobility data was gathered 345 

through mobile phone information, so not all travels might have been captured. The administrative 346 

unit used in this work, the province, might hide subtle patterns at smaller level e.g., municipalities, 347 

that could lead to different conclusion. The reasons for choosing the province were pragmatic: 348 

public health units usually operate at this level and restrictions are mostly imposed by provinces 349 

rather than municipalities. Regarding COVID-19 incidence, limitations are those of surveillance data: 350 

reporting bias, different interpretation by date, testing and reporting capacities changing over time 351 

and the aggregation of information.  352 



Network science when applied to epidemiology is an emerging field. More research is needed to 353 

effectively extract definitive conclusions. Network measures are affected by its design and methos 354 

implemented, different groups may reach different conclusion and no general framework for 355 

making such decisions exist.  356 

Conclusion and recommendations 357 

We have unveiled stable patterns of human mobility that allowed us to model geographical 358 

transmission routes between provinces in Spain and to study mobility properties through network 359 

methods. This information can be adopted by public health authorities to inform future measures 360 

to tackle outbreaks or health emergencies of infectious nature. Routes of transmission allow to 361 

preventively act in case of necessity, and properties of the provinces (nodes) allow to design specific 362 

interventions adapted to each region’s characteristics. Infectious diseases do not know about 363 

borders, and mobility communities encompass multiple administrations in Spain, thus requiring a 364 

strong coordination between regional and central authorities. Including mobility information as 365 

routine part of epidemiological surveillance can yield important benefits and requires further study.  366 

367 
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Figures

Figure 1

Daily total travels between provinces and 14-day cumulative incidence in Spain, 14th Feb 2020 – 9th May
2021



Figure 2

Shortest distances maps from (outgoing) and to (incoming) two provinces, Huesca and Madrid



Figure 3

Effective distance network (EDN) representation of network measures and map of communities

Figure 4



CI14 per 100.000 inhabitants by province, grouped by community during the study period

Figure 5

Mean daily differences between CI14 curves within communities’ vs outside community for every
detected community
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