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Multilayer networks describing 
urban interactions for building the 
digital twins of five cities in Spain
Jorge P. Rodríguez   1,2 ✉, Alberto Aleta3,4 & Yamir Moreno3,4

Networks specifying who interacts with whom are crucial for mathematical models of epidemic 
spreading. In the context of emerging diseases, these networks have the potential to encode multiple 
interaction contexts where non-pharmaceutical interventions can be introduced, allowing for proper 
comparisons among different intervention strategies in a plethora of contexts. Consequently, a 
multilayer network describing interactions in a population and detailing their contexts in different 
layers constitutes an appropriate tool for such descriptions. These approaches however become 
challenging in large-scale systems such as cities, particularly in a framework where data protection 
policies are enhanced. In this work, we present a methodology to build such multilayer networks 
and make those corresponding to five Spanish cities available. Our work uses approaches informed 
by multiple available datasets to create realistic digital twins of the citizens and their interactions 
and provides a playground to explore different pandemic scenario in realistic settings for better 
preparedness.

Background & Summary
Understanding contact patterns is crucial for modeling the spread of infectious diseases within a population. 
Over the past decade, mathematical and computational models have advanced from the traditional homoge-
neous approximation, incorporating complexities that extend beyond mere knowledge of who interacts with 
whom. These models now aim to account for critical details, including when, where, under what circumstances, 
and the duration of these interactions1. Such nuances can profoundly influence the outcomes of epidemiological 
models, yet the accessibility to this information often remains limited.

One common method for representing interactions is through the use of contact matrices, which contain 
interaction rates among different cohorts, typically categorized by criteria such as age2. These matrices can be 
constructed using data from surveys3, census data4, or a combination of both5,6. However, this approach treats 
all individuals within a given group as equivalent. To capture individual heterogeneities, researchers resort to 
data-driven approaches7–9 or to create contact networks in which each node represents an agent, and the links 
encode their interactions10.

There are several methodologies for collecting data and building interaction networks. The simplest approach 
is to carry out surveys, a technique that is adequate for relatively small populations and situations where contacts 
are easily identifiable, such as sexual interaction networks11–13. However, there are some diseases, like those that 
are airborne, for which the potential number of contacts is much larger and harder to identify.

For these scenarios, high-resolution data collection can be achieved using wearable sensors14, but logistical 
constraints limit their applicability to specific settings15 or small areas16. During the recent COVID-19 pan-
demic, digital contact-tracing apps were rapidly deployed, offering the potential to build large-scale networks. 
However, low participation rates, technical issues, and privacy concerns hindered the success of these apps17–20. 
An alternative approach involves inferring synthetic contact networks from survey data used to create contact 
matrices, but since most surveys only stratify individuals by age, many socio-economic characteristics of the 
population remain unaccounted for21.
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In response to these challenges, we use of publicly available, high-resolution data to construct synthetic 
multilayer networks that faithfully replicate key features of urban areas22–24. In multilayer networks, the system 
is divided into multiple layers, each representing a specific type of interaction25,26. This framework allows us to 
naturally account for different settings in which human interactions occur and also their distinct impacts on 
pathogen transmission. In this work, we present the multilayer networks that describe individual-level interac-
tions in five Spanish cities, identifying six distinct interaction contexts or layers: households, schools, univer-
sities, nursing homes, workplaces, and the broader community. In addition to their utility in studying disease 
spreading across diverse urban settings and measuring the distinct impacts of characteristic features unique to 
each city, they are also a versatile platform that may be used to investigate other spreading processes extending 
beyond epidemics.

Methods
Geographical extents.  To limit the geographical scope of our study, we employed the administrative 
boundaries of each municipality within the respective cities under consideration. Within these municipal limits, 
we utilized census districts as the primary geographical units assigned to individuals. These census districts were 
defined by shapefiles available in the cartography of the 2011 census provided by the Spanish “Instituto Nacional 
de Estadística” (INE).

Demography.  To construct the synthetic population required for inferring multilayer contact networks, we 
created a population that accurately mirrored the observed distribution of citizens’ age and sex across various 
districts within each city (Table 1). We sourced recent demographic information from local census data, primar-
ily obtained from the municipalities’ online open datasets as of January 1, 2020. This data was readily available 
for Barcelona, Valencia, Sevilla, and Murcia. For Zaragoza, we utilized continuous census data provided by the 
“Instituto Nacional de Estadística” (INE).

The diverse origins of these datasets, spanning local, regional, and national administrative units, resulted 
in varying age groupings, typically organized into 5-year cohorts, with variations in the lowest and highest age 
categories. Specifically, the most elderly age group was designated as +100 for Barcelona and Zaragoza, +90 for 
Valencia and Sevilla, and +85 for Murcia. Moreover, Murcia subdivided the ’0-4’ age category into ’0’ and ’1-4’. 
We decided not to standardize the age-groups, aiming to preserve as much information as possible for each city. 
This decision also allows for assessing the significance of such detailed age information. If necessary, it can be 
easily aggregated to create a standardized model.

Using the census statistics, we created a synthetic population, specifying the age, sex, and residential district 
of each individual. For layers that required precise ages (such as university and school layers), we allocated ages 
with a 1-year resolution for individuals under 30 years old using an interpolation method. This method involved 
considering an age, say ’A’, and then calculating the set of ages: A-2, A-1, A, A+1, A+2. We used the number of 
ages in this set within each binned age-cohort as a weighting factor to estimate the expected number of individu-
als at that specific age. For instance, for an individual aged 29, the contribution from the 25-29 age cohort would 
be 3/5, while the contribution from the 30-34 cohort would be 2/5.

Once this synthetic population was created, we compared the total population count within each district with 
the total population by age and sex in the same district. This validation process matched in Valencia, Sevilla, 
Zaragoza, and Murcia, and thus, these populations were retained. However, in the case of Barcelona, the total 
population count, when summed across ages and sexes, did not align with the reported total population in the 
district. We hypothesize that it was caused by the absence of information on age and sex for some individuals. To 
address this, we randomly sampled from the synthetic population to maintain the total number of individuals 
reported, resulting in the final population considered for the synthetic city. Each synthetic individual in the 
population is represented by a node in the multilayer network of the corresponding city.

Households layer.  To create the households layer, we used various statistical parameters within each dis-
trict, including the number of households, average household size, the distribution of household sizes, and the 
structure of these households. Additionally, for households including adult couples, we considered the average 
age difference between cohabiting partners.

Our approach began by calculating a scaling factor, representing the ratio between the expected population 
(calculated from the product of the average household size and the number of households) and the actual pop-
ulation (as detailed in the Demography section). In most cases, this factor was close to 1, needing no further 
adjustments.

City D N NNH NEU NTOT

Barcelona 10 1,666,530 16,456 129,644 1,812,630

Valencia 19 801,545 75,708 2,193 879,446

Sevilla 11 701,455 2,655 64,371 768,491

Zaragoza 12 681,877 6,905 17,396 706,178

Murcia 8 459,403 1,335 31,800 492,538

Table 1.  Sizes of the studied cities. D is the number of districts considered by the census, N is the population 
according to the available data, NNH is the population living in nursing homes, NEU is the number of external 
university students and NTOT = N + NNH + NEU.
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Household sizes were obtained as integer values for smaller sizes but transitioned to categorical sizes for 
larger households, defined as 9 or more people in Barcelona, and 6 or more people in Valencia, Sevilla, Zaragoza, 
and Murcia. For these larger households, we estimated their average size, ensuring that the district’s overall 
average household size remained unchanged. This average value was then assigned to these larger households.

To account for the specific household structures, which encompassed broad age cohorts and gender, we asso-
ciated each structure with household size. We achieved this by using available categories for each city to create 
a compatibility matrix (see Fig. 1). Note that by using the household structure found in the data, we naturally 
include inter-generational households, which to some extent capture also relationships between the extended 
family if they live together. However, to fully account for these interactions one would require reliable informa-
tion on the structure of extended families - which we were not able to locate.

Using the available information, our household creation algorithm worked as follows. First, for each census 
district, the average size for unbounded households (e.g., +9 for Barcelona, +6 for Valencia) was calculated and 
rounded to the nearest integer. In the unlikely case of these sizes being smaller than the minimum boundary, 
then these households were assigned that boundary. If the average exceeded 20, households were divided into 
patches of 20 individuals each.

Subsequently, the algorithm generated two vectors for each household: one describing its structure and 
another detailing its size. Given that not all households in the district had available statistics, we generated 
household sizes based on the distribution of those with available information while keeping the district’s popu-
lation fixed (see Demography).

For household structures, we allocated individuals according to the profiles present in the data (for Barcelona, 
sex and age cohorts 0-17, 18-64, +65 and, for Valencia, Sevilla, Murcia, and Zaragoza, sex and age cohorts 0-24, 
25-64 and +65). We started with households of size 1; for all the cities, these structures of households corre-
sponded to 4 combinations: woman/man with ages 18-64 or +65. We generated unoccupied households and 
aimed to fill all of them with synthetic individuals according to their profiles. If, for a given structure, there were 
no remaining individuals to allocate in the household, we kept that household pending for a secondary iteration 
of the algorithm performed after assigning the households of size 2.

We then followed the same approach for the households of size 2, keeping the distribution of structures 
compatible with their sizes (Fig. 1). Additionally, we considered whether the household nuclei were composed 
of a couple of woman-man or not (statistics also available in the age-difference dataset). If this was the case, we 
also considered the distribution of age differences. After assigning the households of sizes 1 and 2 to their struc-
tures and individuals, some pending households could not be filled with the synthetic population, so they were 
assigned to the category ‘Other’ (Valencia, Sevilla, Zaragoza, and Murcia) or ‘Other households with at least a 
0-17 person’ (Barcelona), which in the latter corresponded to households of size 1 and 2 with individuals with 
0-17 age.

Lastly, we repeated the same procedure for households with sizes larger than 2. After that, if there were still 
some unoccupied households that could not be filled according to the distribution of the structures, they were 
completed randomly with the remaining individuals who did not have an assigned household.

School layer.  The creation of the school layer requested detailed information about educational institutions, 
including the levels they offered and their respective districts, as well as data on student groups (such as the 
number of groups per level and their sizes) and the number of students per level or group. This data was sourced 
from regional education councils. However, the data was not consistently formatted, and variations in resolution 
existed among the datasets.

For this layer, we focused on four key educational programs: infant (0-5 years), primary (6-11 years), sec-
ondary (which in Spain encompasses compulsory education for ages 12-15 and baccalaureate for ages 16-17), 
and work training (age 16 and above). Notably, work training programs exhibited a wide range of student ages, 

Fig. 1  Compatibility matrices between the structure of the household and its size. Darker entries represent the 
combinations that are allowed.
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necessitating special consideration. In contrast, for the other educational programs, we assumed that all students 
fell within the expected age ranges for their respective levels.

Discrepancies emerged in the number of enrolled children and those included in our synthetic population 
for specific age groups. This issue did not pose a problem when the synthetic population numbers were higher, 
given the incorporation of recruitment rates below 1. However, in cases where the official enrollment statistics 
reported higher numbers, we scaled them to match the figures within the synthetic population. This divergence 
might arise from variations in data collection times between demographic and educational datasets, as well as 
the registration of children from other municipalities.

To perform this scaling, we also considered that the minimum legal working age in Spain is 16 years old. 
Accordingly, we extracted the employment rate for individuals aged 16-19 as of January 2019. This information 
helped us estimate the number of individuals within this age range who were not in the job market and, there-
fore, were expected to enroll in educational programs. We then compared these estimates with the numbers 
reported in the statistics, aiding in the alignment of data from different sources and resolving discrepancies.

Then, our goal was to create synthetic educational centers that included students organized into groups 
according to different educational levels, each overseen by a teacher. This general framework guided our meth-
odology, but it was adapted and refined based on the availability, format, and resolution of data for each city. In 
the following, we describe the data and processing methods employed for each city.

Barcelona.  For the case of Barcelona, the statistics were available at the census district level for the academic 
course 2019-2020. There were available datasets associated with the first (0-2) and second (3-5) cycles of infant 
education, primary education, secondary education, baccalaureate, and medium and advanced work training 
programs. The file reports the number of students specified, for each level (generally associated with age), and 
the number of registered students in the centers of each census district, split amongst different management 
modes (regional educational council, local authorities, or private).

Additionally, we had data on the centers and groups, which included the number of centers per district with 
students in each educational program and the number of groups, although not specified by level. Our objective 
was to create synthetic educational centers with groups assigned to specific levels. To do so, we divided the pro-
cess in two steps: 

	 1.	 Group creation: We began by looping through different districts and management modes. For each com-
bination, we ensured that the number of groups was at least as large as the number of levels within that 
educational program. In that case, we created the groups and randomly assigned them a level while making 
sure that at least every level had a group. If the number of groups was lower than the number of levels, we 
assumed that groups encompassed different levels, which was more common in the first cycle of the infant 
program.

	 2.	 Center and group assignment: We then randomly assigned a center to each group, followed by the distribu-
tion of the number of students (scaled from statistics) among these groups and their respective centers.

To populate these centers, we matched individuals in our synthetic population based on their ages and dis-
tricts to the students’ ages and census districts. Initially, we filled the groups with individuals of the same age 
living in the same district as the center. Subsequently, any remaining vacant student positions were filled with 
individuals from neighboring districts. We employed a gravity law approach for this purpose, with the probability 
of transitioning between districts being proportional to the squared inverse of the great circle distance between 
their centroids. Note that, even though there might be some minor differences across Autonomous Regions, in 
Spain students are given priority if they apply to public schools or high-schools that are close to their household.

The procedure was similar across different programs, except for the medium and advanced work training 
programs. For those cases, we utilized an additional dataset that provided the number of individuals registered 
in each district, by management mode and at each level, with specific ages (measured in years). This information 
allowed us to create a more accurate representation of the individuals enrolled in these programs.

To complete the educational centers, we assigned a teacher to each group. We selected individuals from the 
synthetic population aged between 30 and 70 years old who were not already assigned to any school group (note 
that some individuals older than 30 may be registered in the work training programs). The teacher assignment 
process mirrored that of students, ensuring that teachers belonged to the same school group and educational 
center. We followed the same algorithm to assign the teachers to their groups in the rest of the cities. Note that in 
this approach students only interact with students in the same group, as well as with the teacher, while teachers 
may interact with any other teacher in the same center.

Valencia.  For Valencia, our data source provided detailed information for the academic year 2019-2020. 
Specifically, it outlined the number of groups offered and the number of registered students at each level of the 
considered programs, for each specific educational center. This high-resolution data greatly facilitated the crea-
tion of educational centers and groups within our digital city.

However, since the dataset did not include information about census districts, we turned to another dataset 
that included geographical coordinates for each educational center. Using this information, we assigned a specific 
census district to each center based on its geographical location and the boundaries of the districts (as described 
in the “Geographical Extents” section). A similar approach was applied to Sevilla, Zaragoza, and Murcia.

In the case of work training programs, we relied on national statistics related to the ages of registered indi-
viduals for basic, intermediate, and advanced programs. This approach was also applied in Sevilla, Zaragoza, 
and Murcia.
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In scenarios where the number of registered students in the schools of a district exceeded the number of 
synthetic individuals in that district, we adopted a strategy to balance these figures. Specifically, we selected reg-
istered individuals from districts with the opposite scenario, where there were more synthetic individuals than 
registered students. This process followed the gravity-based approach described earlier for Barcelona, ensuring 
a balanced representation of individuals within our synthetic population.

Sevilla.  In the case of Sevilla, the available data had a lower level of resolution compared to other cities. 
Specifically, we had access to datasets detailing the number of registered students for each program, with fur-
ther breakdowns by management modes (public, private, and private concerted centers). Additionally, another 
dataset provided information on the number of groups associated with each program. These datasets pertained 
to the academic year 2017-2018.

To address the lack of information at the district level, our approach involved iterating over the educational 
programs, taking into account the programs offered by each school. Note that for infant programs, there was no 
differentiation between the first (0-2 years) and second (3-5 years) cycles. Therefore, we assumed that students 
in the first cycle attended centers exclusively offering the infant program.

To populate the synthetic city, we assigned individuals to groups located within their respective census dis-
tricts. When allocating individuals to groups, we followed the gravity-based approach for centers that included 
all students from the same district. This method helped ensure that individuals were assigned to groups in a 
manner consistent with their geographical proximity, considering both program and district-specific factors.

Zaragoza.  For Zaragoza, our data sources provided information at the municipality level, with data corre-
sponding to the academic year 2019-2020. Specifically, we had access to the number of students enrolled in each 
program, along with specifications regarding the management mode of the educational centers (public, private, 
and private concerted centers). Additionally, data on the number of groups were available, detailing the number 
of groups per age group and management mode. The information also included details on how many centers 
offered each program, further categorized by management mode. Within this center description, we found 
information regarding the types of centers that we matched with the educational programs under consideration.

Then, our approach closely mirrored that used for Seville. We iterated over educational programs, ensuring 
that each center offered at least one group for each level when possible. Any remaining groups were assigned 
randomly. Following the group assignment, we distributed registered students among these groups and matched 
them with individuals in our synthetic population. Lastly, we applied the gravity-based approach, as previously 
described, in cases where the number of registered students in a district exceeded the population of the district 
at a specific age.

Murcia.  In the last city, Murcia, we encountered data of a similar nature as in Sevilla and Zaragoza, with infor-
mation available at the municipality level and data corresponding to the academic year 2016-2017. The available 
data included details on how many students were registered for each program, categorized by two management 
modes (public and private). Similarly, the number of groups was also reported at this resolution. Additionally, 
we had access to data on the number of centers, their geographical coordinates, management mode, and type. 
The center-type information was particularly useful for associating the different educational programs with each 
center.

To create groups, we iterated over educational programs, ensuring that each center offered at least one group 
per age when possible. Following this group assignment, we distributed registered students among these groups 
and matched them with individuals in our synthetic population. As in previous cases, when the number of 
registered students of a specific age in a district exceeded the number of individuals of that age in our synthetic 
population, we applied the gravity-based method to balance these figures.

University layer.  This layer connects students within the same academic program at both the Degree and 
Master’s levels. We utilized data from the Ministry of Science and Innovation in Spain, which provided informa-
tion on the number of registered students and the percentage of women in each program at various universities. 
To ensure geographical relevance, we focused on universities located in the municipality of the city or its metro-
politan area. The only exception was the Universidad Politécnica de Cartagena, located in the region of Murcia 
but outside the capital’s metropolitan area.

Next, we incorporated information on the age distribution of students. This data, also obtained from the 
Ministry of Science and Innovation, categorized students into age and sex groups for the academic year 2019–2020.  
For Degree students, the age groups were [18-21, 22-25, 26-30, +31], while for Master’s students, they were 
[<25, 23-50, 31-40, +41]. Using this data, we constructed vectors indicating the age group of each female and 
male student in both Degree and Master’s programs.

Not all registered students were likely represented in our synthetic population as university students often 
have high geographical mobility. We estimated the number of registered students present in our synthetic pop-
ulation using two sets of data. First, we used publicly available statistics describing the province of origin of 
the students registered in each university. This allowed us to estimate the fraction F of students who reside in 
the same province as their university’s location. Then, we obtained data from a private request to the Ministry 
of Science and Innovation which provided the number of registered university students per municipality. We 
calculated the ratio R between the number of registered students from the city and the total number of stu-
dents from any municipality in the province, considering 5 students for municipalities that specified ‘5 or less’. 
Consequently, the fraction of registered university students present in our synthetic population was estimated to 
be F × R. The remaining students were treated as external university students who interacted exclusively within 
the university layer of our multilayer network.
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With all this data in hand, we created synthetic university groups as fully-connected patches considering the 
number of registered students in each Degree or Master’s program, their gender distribution, and their age dis-
tribution based on regional statistics. For programs with more than 50 registered students, we randomly divided 
them into multiple groups, each consisting of 50 students, plus any remainder. Within these groups, a fraction 
(FR) represented our synthetic population, and we selected individuals with matching ages and genders to pop-
ulate these synthetic university groups. We also stored the features (age and gender) of the external university 
students and assigned them to their respective university groups.

Nursing homes layer.  In the context of studying infectious disease dynamics, and particularly in light of the 
recent COVID-19 pandemic, nursing homes are recognized as high-risk locations that warrant inclusion in our syn-
thetic cities27,28. However, determining the registration status of residents in the local census proved to be challeng-
ing. To address this uncertainty, we decided to treat nursing home residents as an external population separate from 
our synthetic population. These residents were considered to interact exclusively within the nursing home layer.

We gathered information about nursing homes and their capacities from the program “Envejecimiento en 
red” (Aging in a network) from the Spanish National Research Council. In particular, for each province, there 
was available a file detailing the number of nursing homes, their location, and their respective capacities. While 
the general dataset was updated in 2020, some nursing homes had older updates.

To build this layer, we assumed that the number of residents in each nursing home was equal to its capacity. 
Additionally, we introduced a caretaker for every 4 residents selected from the synthetic population among 
those within the legal age limits to work, and who did not have any connections in the school layer (neither as 
teachers nor students). As previously mentioned, residents were considered as part of the external population, 
so their age and sex were randomly assigned based on national statistics of residents in nursing homes, obtained 
from the Instituto Nacional de Estadística (INE).

Work layer.  This layer represents interactions within the working environment. To realistically model this 
layer, we obtained data on both employee attributes and company sizes.

For the employee information, we considered the number of individuals affiliated with Social Security in 
each city i as of January 2019, Ai. It is important to note that this number includes various categories, such as 
unemployed individuals actively seeking employment. To refine this data, we obtained the occupancy rate Oi 
which represents the fraction of eligible individuals who were currently employed. Additionally, we calculated 
the total number Ti of individuals in each city who were eligible to work, meaning they were older than 16 years. 
Consequently, the number of workers is OiTi.

With all this information, we estimated the number of workers in each city as follows. First, we obtained 
the number of freelance workers Fi from the Social Security dataset. Second, we defined an activity ratio rW,i as 
OiTi/Ai, representing the ratio between the expected number of workers (OiTi) and the number of individuals 
registered in the Social Security system (Ai). Finally, we rescaled the difference between Ai and Fi with the activ-
ity ratio to obtain the final number of active workers in companies in the city i, Wi = (Ai − Fi)rW,i.

Before proceeding to assign ages and sex to these workers, we excluded those who had already been allocated 
to other layers, such as teachers in the school layer and caretakers in the nursing homes layer. For the remain-
ing workers, we assigned ages and genders using national statistics from INE for January 2019. These statis-
tics categorized individuals into various age groups: [16-19,20-24,25-29,30-34,35-39,40-44,45-49,50-54,55-59, 
60-64,+65] (with +65 representing ages 65-69). We randomly selected the sex first, based on the estimated 
distribution, and then randomly assigned an age group to each worker.

Now that we had our “virtual” workers (not yet matched with the synthetic population), we allocated them 
to companies. Data on company size distributions were available from INE at the province level. This data spec-
ified the number of companies within one of the following size ranges: [1-2,3-5,6-9,10-19,20-49,50-99,100-199, 
200-499,500-999,1000-4999,+5000]. We represented these distributions by assigning the central value to 
each range, resulting in values [1.5,4,7.5,14.5,29.5,69.5,149.5,349.5,749.5,2999.5]. Notably these distributions 
followed the same shape across the 50 Spanish provinces, which was described by a power-law distribution 
pdf(S) ~ S−2. Thus, we used this information to generate the companies’ sizes using the Python package pow-
erlaw29. The minimum company size was set to 1, and the maximum size was determined by the number of 
workers who had not yet been allocated.

Finally, after generating the size of each company, we randomly assigned workers from the virtual set. For 
companies with more than 20 workers, employees were distributed randomly among a number of patches equal 
to P = 1 + S (mod 20) patches.

Community layer.  All individuals participate also in the community layer, reflecting all the other encounters 
not considered in the other layers. We further assume that they only interact with individuals located within the 
same census district. If one wishes to disregard this restriction, this layer could be substituted by any random 
network generated from the individuals located in the layer.

Interactions.  In all the layers, as previously discussed, individuals were classified in patches, such as residents 
in a household, students in a certain class in school or workers in a specific company. We assume that an individ-
ual in a certain patch can interact with any other individual in the same patch. In network terminology, we estab-
lish a link between each node in a patch and every other node in the same patch. Thus, each layer (except for the 
community layer) is made of several disconnected patches of nodes, with each of them being a fully-connected 
network. Note that there cannot be a direct connection from a node located in a patch in layer A and another 
node located in a patch in layer B. However, since all nodes are matched to a synthetic individual, the same node 
can participate in two different layers, implicitly establishing connections across layers.
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Due to limited data availability for the community layer, we adopted a data-driven approach based on the 
contact matrices reported in5 for the category “Other locations” in Spain. These matrices specified contact pat-
terns between individuals grouped into 5-year age brackets up to the age of 80. For older age groups, we extrap-
olated from the last available age group.

Our modeling approach assumed that community interactions occurred among individuals residing in the 
same census district. Then, we estimated the total number of links from a specific age group i to another age 
group j, Eij as 

= ⋅
+

E P
C C

2 (1)ij i
ij ji

Where Pi represents the population in age group i, and Cij is the number of contacts between individuals in 
age group i and those in age group j30. Then, we simply extracted Eij random links from all the possible links 
between individuals in age groups i and j and added them to this layer.

Data records
The generative process leading to our multilayer networks was informed by datasets which in most cases were 
publicly available. This section details which datasets were particularly used, together with the details of the 
final products, i.e. the multilayer networks. The final dataset is available in the official repository of the Spanish 
National Research Council57.

Scientific literature.  We downloaded the contact matrices for 152 countries5,31, using the data for Spain 
and the contacts categorized as ‘other locations’, to inform the generation of the contacts in the community layer.

Statistics at the national level.  We obtained from INE32 the following information at the district level: 
population by age and sex, home sizes, and home structure.

The Ministry of Science, Innovation and Universities (Spain) provided the number of registered students per 
university and specific degree33. This contributed to the generation of the university layer, together with infor-
mation on the students’ ages per region, obtained from the Ministry of Education, Culture and Sport34,35. We 
also included another dataset after a request to the Ministry of Universities, detailing the number of registered 
students in BsC and MsC programs per municipality in the academic course 2018-2019.

In the school layer, we considered training program students’ ages, obtained from the Ministry of Education, 
Culture, and Sport36.

To create the work layer, we used the number of companies per region and their number of employees37, the 
results of the national employment survey38, both available from INE, together with the statistics of affiliated 
workers to the Spanish Social Security system by municipality39.

Finally, the nursing homes layer was created using data describing the age and gender of residents in nursing 
homes40 from INE, as well as the number of places in each of the nursing homes located at each municipality, 
from the ‘Envejecimiento en Red’ program41.

Barcelona.  To create the synthetic population, we used the local census detailing how many individuals, by 
age and sex, were registered in each district from Barcelona City Council42.

In the school layer, we used a dataset from the Catalan Government describing the number of registered 
students, units and centers per district43.

Valencia.  We obtained from Valencia City Council the population statistics at the district level, specifying 
ages and sexes44.

We used data on the number of students per level of each program in school, by centers45, the same informa-
tion for job training programs46, and the list of scholar centers, together with their geographical coordinates47, 
available from Valencia Regional Government.

Sevilla.  We considered the population by age and sex, specified at district resolution, available from Sevilla 
City Council48.

To create the school layer, we downloaded data describing the number of students, number of centers, and 
number of units, per level and municipality49, and the list of scholar centers, including their coordinates50, pro-
vided by Andalucía Regional Government.

Zaragoza.  We considered, at the level of municipality, the number of students, number of units, and number 
of centers per level51, together with the list of scholar centers that included their coordinates, both available from 
the Aragón Regional Government.

Murcia.  Considering that districts were divided into sections, we used the population by age, at section reso-
lution for men52 and women53.

To create the school layer, we used a dataset detailing at each level and within each municipality, the number 
of registered students, the number of units, and the number of centers54, together with the list of centers that 
included their coordinates55.

Multilayer networks and metadata.  We are releasing, together with this article, the multilayer networks 
of each layer in each city, as a link list in a file in CSV format, where each row represents a link and reports the two 
individuals that it connects.

https://doi.org/10.1038/s41597-025-05551-2
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Additionally, we include three metadata files in CSV format describing the individuals’ features: first for the 
generic population, second for the nursing home residents, and third for the external university students. Each 
file details the age and sex (male: 0, female: 1) of each individual, together with the census district for the generic 
population.

Technical validation
We conducted an analysis of the macroscopic features of the multilayer network that describes the contact 
within our digital cities to validate our methodology. First, we computed the average degree for individuals who 
had links in each of the layers, as shown in Table 2. Note that the average number of links in each layer may vary 
significantly, and thus they should be properly weighted depending on the process being studied6.

Second, we analyzed the contact matrices at an aggregated level and for each layer extracted directly from the 
multilayer network. The results of this analysis are presented in Fig. 2 and are consistent with previous studies 
analyzing contact matrices5.

City ⟨kH⟩ ⟨kS⟩ ⟨kU⟩ ⟨kNH⟩ ⟨kW⟩ ⟨kC⟩
Barcelona 3.74 26.25 45.43 139.88 14.21 4.31

Valencia 2.05 24.62 45.77 143.73 15.32 3.64

Sevilla 2.26 25.87 46.36 158.32 14.33 3.72

Zaragoza 2.03 23.19 46.56 149.22 18.35 3.64

Murcia 2.48 22.61 46.29 145.19 12.40 3.87

Table 2.  Average number of contacts in the synthetic cities per layer: households, ⟨kH⟩; schools, ⟨kS⟩; 
universities, ⟨kU⟩; nursing homes⟨kNH⟩; work, ⟨kW⟩; and community, ⟨kC⟩.

Fig. 2  Contact matrices in each digital city aggregated (Total) and per layer. Each entry Eij indicates the average 
number of connections that the individuals of the age represented by row i will have with the individuals in the 
age group of column j.

https://doi.org/10.1038/s41597-025-05551-2
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Lastly, these multilayer networks were used to study the spreading of COVID-19 during the first and second 
waves in Spain. The calibrated models on these networks showed a good agreement with the data extracted from 
surveillance reports and offered insights on the mechanisms behind the spreading through the population56.

Data availability
The data is available in the official repository of the Spanish National Research Council57.

Code availability
The custom Python code and raw data processed to create the digital twins is available in the official repository of 
the Spanish National Research Council57.
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