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HISTORECO: Historical Spanish 
transition database on climate, 
geography and economics of the 
20th-21st century
Guillermo Rodríguez-López1, Ana Serrano1, Miguel Martín-Retortillo2 & Ignacio Cazcarro   3,4 ✉

One of the major difficulties in the social sciences is obtaining comparable data from different sources. 
Especially, for small-scale data, such as municipalities within a country, and even more when the 
variables belong to different fields of knowledge. To avoid these problems, we present a database 
containing 45 geographic, climatic, hydrological and demo-economic variables (64 columns) that 
covers the 20th and 21st centuries for all municipalities in Spain. To achieve this, we merged seventeen 
databases/sources, using several methods, software and programming languages (QGIS, R, Python) 
to homogenize and downscale the variables for Spanish municipalities. Technical validation results 
are included with aggregation and alternative sources checks. This database is a valuable resource for 
researchers from different fields of research, as there is no other resource with this temporal breadth 
and spatial disaggregation in the current literature. The dataset can contribute to comprehensive 
analyses with temporal and spatial comparisons around several current debates in the literature and 
policy (local effects of global and climate change, adaptation, demography, land use change, etc.).

Background & Summary
One of the main problems in the social sciences is obtaining comparable data from different sources in order 
to conduct comparative analysis, such as multimethodology1. This problem is even greater when we want to 
compare over the long term. Current socio-economic and environmental issues, such as depopulation in some 
areas, the effects of climate change as, for example, desertification, or differences in the development between 
societies require databases that are comparable in time and space. These problems are deeply rooted in economic 
systems, the environment, and societies, so it is imperative to analyse the causes taking into account long-term 
perspectives but also multidisciplinary variables. Moreover, it is even more difficult to obtain comparable data 
from different sources when they belong to different fields of knowledge. Researchers need these data to carry 
out this multidisciplinary analysis.

All this is even more difficult when we try to analyse municipalities. This territorial level of statistics, which 
is more and more common nowadays, is traditionally not offered by the Statistics Offices, or at least through 
survey methods. For example, in the European Union, the most common level of territorial statistics in the main 
variables is for NUTS 2 (Autonomous Communities in the case of Spain) or NUTS 3 (Provinces in the case of 
Spain). Not even the European Union has used a more disaggregated level beyond the NUTS 3. In this same case, 
Eurostat offers a survey with the main variables of cities with data from 2013, omitting information on smaller 
ones (less than 50,000 inhabitants)2.

The construction of municipal datasets has a growing presence in the literature covering several themes. One 
of the most important efforts to provide geospatial data in multiple topics is the work of UNECA3. Other exam-
ples of the construction of municipal data related to socio-economic debates are the cases of waste collection in 
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Portugal, the implications of belonging to Special Economic Zones in China or the drinking water database in 
US municipalities4–6. Despite their importance, all of these examples do not cover a long period of time. Another 
example is the Norwegian dataset for analysing the local government, which offers data for 50 years (1972–2022) 
with demographic, political or economic measures7.

Taking all these into account, the case of Spain is striking. Spanish statistics make it possible, not with-
out difficulty, to join several databases and obtain comparable variables in a long-term perspective at a highly 
disaggregated level. Spain is included in some databases analysing the global climate and geographical condi-
tions. Furthermore, Spanish statistics make it possible, or at least infer, some variables for the analysis of the 
socio-economic characteristics with a perspective of several decades.

Our dataset can include multidisciplinary variables for the socio-economic analyses, using data from twenty 
different database sources at a harmonised level of disaggregation (INE8, MITECO9–12, GDW13, SEPREM14, 
HYDE15,HID16, ESYRCE17, GIA18, CRU TS version 4.0519 IPE-CISC20,21, IGN22, Goerlich, 201923, Albertus 
202324, Beltrán Tapia et al.25, Esteban-Oliver and Martí-Henneberg, 202326,27) as well as other extensive data 
sources (i.e. even along historical census data, yearbooks, etc. on paper or/and digitalized as pdfs) and litera-
ture. The Supplementary Information file provides a list of data sources, with the spatial aggregation and tem-
poral coverage indicated (Table S1), and a summary of the main limitations and uncertainties of the original 
sources from which the key variables of the study were calculated, together with the variables affected by them 
(Table S2). Obviously for some of the variables, such as climate data, there are other large international databases 
that provide broad and frequent relevant data (e.g. Menne et al.28; Silvinsky et al.29). One of the most important 
added value features of the database is that there is no other dataset that offers such breadth in time and space 
with different socio-economic and geographical variables. Some projects in the Spanish economic history have 
measured, in a long view, some variables that are included in our dataset, such as the SPAREL30, essays of ine-
quality among Spanish regions31,32 or the publications of Goerlich33,34 they focus on the population of villages, 
towns or municipalities, or on regional inequality. Other analyses with more socio-economic variables are the 
works of Carreras and Tafunell35 but they do not provide a disaggregation at the municipal level. There are also 
other academic works that try to provide or analyse data for Spain. A good example is the work by Goerlich36, 
which is relevant for the treatment of climatic data in relation to the Spanish provinces. Another interesting arti-
cle and data by this author, which we use extensively, is the Municipal Database for the 2011 Census23. Cazcarro 
et al.37 analysed the situation of the main hydraulic infrastructures and water resources providing a context for 
rural development related to agriculture, and particularly to highly water dependent irrigated agriculture. For 
the present decades, obviously one finds a myriad of national and international databases on these topics or 
blocks of variables, at the municipal level or at a resolution that would allow an adequate approximation to this 
level. Recent examples include the Integrated Municipal Data System (SIDAMUN) of the Spanish Ministry for 
Ecological Transition and the Demographic Challenge38, or the new demographic database (DEMOSPA0521) 
with almost 900 million demographic records from Spain for the last two decades (Lledó and Pavía)39. But the 
limitations of historical data remain for many up-to-date databases, tabular or GIS data, particularly for demo-
graphic and other socio-economic variables.

Here, we present a database for Spanish municipalities (departing from a 8,205 objects/polygons shape-
file on municipalities of the Spanish National Geographical Institute40, they were homogenised with the 8,116 
Goerlich’s23 homogeneous municipal population series to reach our 8122 homogeneous municipalities of the 
2016–2017 entities) for decennial data for 45 different variables (apart from the 7 identification columns, 64 
independent columns with variables, hence some of which are presented together in the same box below, list-
ing the names in the dataset for several columns, when they refer to the same variable concept). The time span 
includes data from 1900 to the present with the following cross sections: 1900, 1910, 1920, 1930, 1940, 1950, 
1960, 1970, 1981, 1991, 2001, 2011 and 2021. The following sections describe the variables and how we have 
harmonised them in our database.

Table 1 shows the climatic variables of our dataset. The total precipitation variable is the average of each dec-
ade of total annual rainfall in millimetres for the decadal frequency. For the annual frequency, it is the monthly 
total precipitation in the reference year. The mean temperature is the average of each decade of the annual 
average temperature in degrees Celsius for the decadal variable, and the monthly average temperature in the 
reference year in case of the annual frequency. SPEI “is based on a monthly climatic water balance (precipitation 
minus PET), and it is expressed as a standardised Gaussian variate with a mean of zero and a standard deviation 
of one”41. In this way, the SPEI data is the average of each decade of the annual mean of the SPEI drought index 
in millimetres. In case of the yearly frequency, the value corresponds to the monthly average in the reference 
year. The following variable is the precipitation in the vegetation growth period, namely, the average of each 
decade (or year depending the frequency) of accumulated rainfall in the growth vegetation period (from April 
to October). The frost days variable includes the average of each decade of the number of days with a minimum 
temperature below 0°C. The yearly frequency represents the annual number of days with a minimum tempera-
ture below 0°C. The dummies of Köppen’s climate classification take the value 1 if the municipality has a specific 
climate according to the Köppen’s climate classification, and 0 otherwise. We take into account if the munici-
pality belongs to the dry and hot climate, oceanic climate, Mediterranean climate, Mediterranean climate with 
cool summers, boreal climate, humid and hot climate, continental climate with cool summers and continental 
boreal climate.

Table 2 presents the main information on the geographical variables. The distance variables measure the 
distance in kilometres from the centroid of the municipality to the nearest coast, to the centroid of Madrid and 
to the centroid of the provincial capital in a straight line. The distance to the nearest municipality with more 
than 10,000 and 5,000 inhabitants measure the distance in kilometres of the centroid of both municipalities. The 
latitude and longitude coordinates correspond to the centroid of the municipality in decimal degrees (DD). The 
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altitude variable is the average altitude of the municipality in metres above sea level. The ruggedness is the stand-
ard deviation of the altitude of the municipality. The area is the surface of the municipality in square kilometres.

All the land use variables included in Table 3 are measured in hectares. The irrigated surface of neighbouring 
municipalities includes all the irrigated surface of neighbouring municipalities, i.e., the municipalities sharing a 
common boundary with the reference municipality.

Table 4 presents the main information on the hydrological variables. The river basin indicates the river basin 
to which each municipality belongs. The reservoir water volume capacity of the municipality is measured in 
cubic hectometres. The usable volume capacity of dammed water in cubic hectometres. The nearest main river 
provides the name of the nearest river basin bigger than 500 square kilometres. The distance to this main river 
is in kilometres. The nearest watercourse shows the name of the nearest watercourse, and the distance of this 
watercourse is in kilometres, regardless of its size.

Finally, Table 5 lists the socioeconomic-demographic variables. The population of the municipalities is the 
number of inhabitants. The variables of the population residing in municipalities with more than x inhabitants 
(in thousands) located within a radius between i and j km are measured in number of inhabitants. These varia-
bles include all the population who lived in municipalities with more than x inhabitants and they are within 
specific distance radio, defined by i and j kms. The denomination of the variables follows the pattern: Pxi j, , being 
p the population (in thousands), x the threshold of the population (in thousands) residing in municipalities with 
more than this population than the threshold x located in the radius between the i and j kilometres. For example, 
p50_25_50km shows the population of municipalities with more than 50,000 inhabitants which are situated in 
a radius of the referenced municipality between 25 and 50 kilometres (inspired also in Beltrán Tapia et al.25). The 
following variables are the distance in kilometres to the nearest municipality with more than 5,000 and 10,000 
inhabitants. The Simpson42 regional classification variables indicate the Spanish agrarian region to which each 
municipality belongs, depending on whether it is divided into 5 or 11 areas. This classification can be useful for 
the treatment of different variables. The Population_class initiates a classification, in line with INE, of type of the 
municipality only with respect to the population size (urban, intermediate, rural). It is based on the classification 
of the Spanish Statistics Institute in the 1950 Population Census43. This classification indicates that a municipal-
ity is rural, if it has less than 2,000 inhabitants. An urban municipality has more than 10,000 inhabitants. The 

Variables Name in the dataset Data source Timespan Frequency Units

Total precipitation pp CRU TS. Version 4.05 1900–2020 
(1950–2021) Decadal (& Yearly) Decadal mean of total annual 

precipitation (mm)

Mean temperature t_average CRU TS. Version 4.05 1900–2020 
(1950–2021) Decadal (& Yearly) Decadal mean of mean annual 

temperature (C°)

SPEI spei IPE – CSIC 1900–2020 
(1950–2021) Decadal (& Yearly) Decadal mean annual mean SPEI 

drought index (mm)

Precipitation in 
vegetation growth 
period

grow_period_pp CRU TS. Version 4.05 1900–2020 
(1950–2021) Decadal (& Yearly)

Decadal mean of the accumulated 
precipitation in the months from April 
to October, both included (mm)

Frost days frost_days CRU TS. Version 4.05 1900–2020 
(1950–2021) Decadal (& Yearly)

Decadal mean of number of 
days per year with a minimum 
temperature < 0 °C

Dummies of 
Köppen’s climate 
classification

dry_hot_climate
dry_cold_climate
oceanic
mediterranean
mediterranean_fresh_summer
humid_hot
continental_fresh_summer
continental_boreal

IGN 1900 - 2020 Decadal
0 – 1: Dummy variable that takes 
the value 1 if the municipality has a 
specific climate type, and 0 otherwise

Table 1.  List, sources, timespan and units of climatic variables.

Variables Name in the dataset Data source Timespan Units

Distance to coast to_coast_km IGN Static variable Kilometres

Distance to Madrid to_mad_km IGN Static variable Kilometres

Distance to province capital city to_prov_cap_km IGN Static variable Kilometres

Coordinates (X,Y) longitude
latitude IGN Static variable Latitude and longitude coordinates of the 

centroid of the municipality (DD)

Altitude altitude IGN Static variable Average altitude in metres above the sea

Ruggedness ruggedness IGN Static variable Standard deviation of the altitude of 
municipality

Area area IGN Static variable Area of the municipality (km2)

Table 2.  List, sources, timespan and units of geographical variables. Note: Values for several statistics were 
also consistently checked with data from Francisco Beltrán-Tapia (e.g. used in Beltrán Tapia et al., 2021)25. The 
authors want to greatly acknowledge his help in providing his data, revealing a very high consistency of both 
databases.
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intermediate municipalities have between 2,000 and 10,000 inhabitants. Our dataset shows the denomination of 
this classification in each decade. Mainly following Albertus24 (also Monclús and Oyón, 198844, Villanueva and 
Leal45) a dummy variable is elaborated on whether a municipality has colonization towns in the municipal area, 
adding also a column on the decade in which it had it/them and the town population associated to it. A dummy 
variable is a binary variable (which takes values 0 or 1) used in statistical models to represent categorical data 
with two levels, such as the presence or absence of a characteristic. It allows qualitative information to be 
included in quantitative analyses, helping assess the impact of categorical factors on outcomes.

Based on Esteban-Oliver and Martí-Henneberg26,27 we compute (for each decade and year) distances of the 
municipality (centroid) to High-Speed Railway (HSR), to Iberian gauge and to narrow gauge stations. HSR lines 
are sections of recently built track for high-speed rail services, since 1992, corresponding to the European stand-
ard gauge (1435 mm). Iberian gauge network is the largest in Spain (formed by lines which opened after 1848 
with the Iberian gauge width, 1668 mm) and the narrow-gauge network includes various types (with widths of 
1435 mm, 1062 mm, 1000 mm, 915 mm and 750 mm). Similarly, distances to airports in each decade/year are 
computed using as reference the year in which the passengers’ airports initiated their activity (AENA, 2025)46. 
For all those variables, it should be noted that if returned an “inf ” value, it means that there was not such a sta-
tion or airport in the decade within Spain (hence the algorithm returns “an infinite” distance).

Our reference dataset could be interesting for the environmental, historical, social and economics literature, 
due to the transversality between different types of variables and the long-time span period it covers (more than 
a century), as well as data with a high level of disaggregation, considering the municipalities. The diversity of 
the dataset allows to develop research with several variables included in it or combined with other variables 
obtained by other researchers. Besides, this dataset allows to evaluate and contribute to several debates in the 
current literature. One of the potential uses of the data is on the causes, effects and consequences of climate 
change in a Mediterranean country, allowing the analysis of the long-term trends of these variables and the 
evaluation of causal effects. For example, Spain has one of the highest levels of hydric stress due to climate 
change in the EU, mainly due to the potential desertification of a high percentage of its territory47–49. Indeed, 
one of the key future works with the database is to further project and understand, based on past trends, how 
variables such as temperature or drought indicators affected by climate and environmental change, are expected 

Variables Name in the dataset Data source Timespan Frequency Units

Dryland surface dryland HYDE 3.2, HID, GIA and ESYRCE 
(Ministry of Agriculture)

1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Pastures surface pastures HYDE 3.2, HID, GIA and ESYRCE 
(Ministry of Agriculture)

1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Irrigated surface irrigated HID, GIA, ESYRCE (Ministry of 
Agriculture) and HYDE 3.2

1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Cultivated area cultivated_area HYDE 3.2, HID, GIA and ESYRCE 
(Ministry of Agriculture)

1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Irrigated surface of bordering 
municipalities irrig_neighb HID, GIA, ESYRCE (Ministry of 

Agriculture) and HYDE 3.2
1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Cultivated area of bordering 
municipalities cultivated_area_neighb HID, GIA, ESYRCE (Ministry of 

Agriculture) and HYDE 3.2
1900–2020 
(1950–2021) Decadal (& Yearly) Hectares

Table 3.  List, sources, timespan and units of land use variables.

Variables Name in the dataset Data source Timespan Frequency Units

River basin Basin MITECO (2022) Static variable Categorical variable

Reservoir area in the 
municipality Reservoir_area MITECO (2011, 2025) 1900–2020 

(1950–2021) Decadal (& Yearly) Square kilometers

Reservoir water volume 
capacity Reservoir_volume Global Dam Watch (GDW), MITECO 

(2011, 2025) and SEPREM
1900–2020 
(1950–2021) Decadal (& Yearly) Hm3

Usable volume capacity 
of dammed water Usable_reservoir_volume Global Dam Watch (GDW), MITECO 

(2011, 2025) and SEPREM
1900–2020 
(1950–2021) Decadal (& Yearly) Hm3

Main use of the 
Reservoir Reservoir_main_use Global Dam Watch (GDW) 1900–2020 

(1950–2021) Decadal (& Yearly) Categorical variable

Reservoir water volume 
capacity by use

Vol_Irrigation
Vol_Electricity
Vol_Supply
Vol_Other

Global Dam Watch (GDW), MITECO 
(2011, 2025) and SEPREM

1900–2020 
(1950–2021) Decadal (& Yearly) Hm3

The nearest main 
river (basin surface 
>500 km2)

nearest_main_river MITECO (2018) Static variable Categorical variable

Distance to the nearest 
main river Dist_main_rivers MITECO (2018) Static variable Km

The nearest watercourse nearest_all_river MITECO (2018) Static variable Categorical variable

Distance to the nearest 
watercourse Dist_all_rivers MITECO (2018) Static variable Km

Table 4.  List, sources, timespan and units of hydrological variables.
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to affect socio-economic variables and performance. Other types of potential studies can be developed related 
to the environmental impacts of economic activities, and vice versa50–53. Alternative future applications are the 
analysis of the causal relationship between some geographical or hydrological characteristics of the territory 
and economic activities54 and/or demographic/settlement decisions. In this sense, the database has already been 
used in Cazcarro et al.54 to study the extent to which irrigated agriculture has contributed to population change 
in Spanish municipalities. Another example of potential use in this line is the analysis of the determinants of 
population location, agglomeration problems and market potential31,55,56.

Figure 1 summarises and classifies the process of obtaining each of the variables corresponding to the differ-
ent thematic blocks of the database.

Methods
The techniques used for the elaboration of the database presented in this article are based on a variety of statisti-
cal approaches, GIS and data analysis techniques oriented especially to the homogenisation and spatio-temporal 
re-scaling of data from primary sources. These techniques vary widely, depending largely on the nature of the 
original data and the format in which they are originally found. In this section, the methodological process fol-
lowed to integrate each of the variables into the database is detailed by thematic group of data. Despite the diver-
sity of applied techniques, to ensure spatial-temporal coherence in the analysis, we have used a static database 
of municipalities with homogeneous administrative boundaries from 2016 (available at Geographical National 
Institute INE web portal) throughout the study period. This approach is essential to avoid distortions arising 
from changes in municipal boundaries, which could affect the interpretation of key variables.

Climatic variables.  As can be seen in Table 1, the climate data are from CRU TS. Version 4.05. The only 
exception is the SPEI drought index, which comes from the portal generated by the Pyrenean Institute of Ecology, 
part of the Spanish National Research Council (IPE-CSIC). The SPEI used is the 1-month time resolution SPEI. 
From these data, the entire historical series of SPEI for each of the Spanish municipalities has been constructed 
and aggregated by decades to homogenise it with the rest of the database.

Variables Name in the dataset Data source Timespan Frequency Units

Number of inhabitants population Goerlich (2019) and INE 1900–2010 Decadal Inhabitants

Population residing in municipalities 
with more than x population (in 
thousands) that are located within a 
radius between i and j km away (i < j); 
Px_i_j_km

p10_25_50km
p50_25_50km
p100_25_50km
p500_25_50km
p10_0_25km
p50_0_25km
p100_0_25km
p500_0_25km

Beltrán Tapia et al.25 and INE 1900–2010 Decadal Inhabitants

Distance to the nearest municipality 
of more than 10,000 inhabitants distance_pop_10000 INE 1900–2010 Decadal Kilometres

Distance to the nearest municipality 
of more than 5,000 inhabitants distance_pop_5000 INE 1900–2010 Decadal Kilometres

Classification of Simpson’s region Simpson_Areas_5
Simpson_Areas_11 Simpson (1995) Static variable Categorical variable

Type of the municipality with respect 
to the population size (urban, 
intermediate, rural)

Population_class INE 1900–2020 Decadal Categorical variable

Dummy of whether a municipality 
has colonization towns in the 
municipal area

municip_coloniz_in_municip Monclús and Oyón (1988)44, Villanueva 
and Leal (1991)45 and Albertus (2023)

1900–2020 
(1950–2021) Decadal (& Yearly) Boolean (0–1)

Decade of creation of the colonization 
town in the municipal area decade_coloniz_in_municip Monclús and Oyón (1988)44, Villanueva 

and Leal (1991)45 and Albertus (2023)
1900–2020 
(1950–2021) Decadal (& Yearly) Decade

Population of colonization towns in 
the municipality (reference) pop_coloniz_in_municip Albertus (2023), Goerlich (2019) and INE 1900–2020 

(1950–2021) Decadal (& Yearly) Inhabitants

Distance to the closest Iberian Gauge 
railway stations railwaystation_distance Esteban-Oliver and Martí-Henneberg 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Kilometres

Name of the closest Iberian Gauge 
railway stations nearest_station_name Esteban-Oliver and Martí-Henneberg, 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Categorical variable

Distance to the closest High-Speed 
Railway (HSR) stations highspeedstation_distance Esteban-Oliver and Martí-Henneberg, 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Kilometres

Name of the closest High-Speed 
Railway (HSR) stations nearest_highspeed_name Esteban-Oliver and Martí-Henneberg, 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Categorical variable

Distance to the closest Narrow Gauge 
railway stations narrowrail_line_distance Esteban-Oliver and Martí-Henneberg, 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Kilometres

Name of the closest Narrow Gauge 
railway stations narrowrail_line_name Esteban-Oliver and Martí-Henneberg, 2023 1900–2021 

(1950–2023) Decadal (& Yearly) Categorical variable

Distance to the closest (of 48) national 
airport airport_distance Based on AENA46 1900–2021 

(1950–2023) Decadal (& Yearly) Kilometres

Table 5.  List, sources, timespan and units of socioeconomic-demographic variables.
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In any case, the methods used for the data from both sources are identical, as is the distribution of the data. 
Both sources distribute the data in a raster format with a cell size of 0.5° × 0.5° with a monthly time resolution. 
The GIS operation known as zonal statistics was used to re-scale the data to the municipal level, starting from the 
raster format with the climatic variable in question and a shapefile of the municipalities of Spain. This operation 
applies, for each municipality, an average of the value of the cells of the raster file contained in the municipal 
polygon weighted by the proportion of the surface area of the cell included within the polygon. Thus, through 
Eq. 1, we can approximate the value of each of the climate variables at the municipal level.
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application of zonal statistics has been implemented through the R package exactextract57. In Fig. 2, we can see 
a schematic of how the zonal statistics operation works as reflected in equation number 1. This figure is also 
representative of equation number 2, in which we will simply compute the weighted standard deviation instead 
of the weighted mean.

Once the downscaling to the municipal level has been carried out in this way, we obtain a monthly value. 
Since we need to aggregate the data at a decadal level in order to homogenise the data at a temporal level, we use 
the most appropriate statistic (average, sum, etc.) to aggregate them at an annual level, after which the decadal 
average is carried out.

Although this was the common methodological process, some of the variables have required complementary 
and/or alternative methodological procedures. The variable grow_period_pp, is one of them (see Fig. 3). This 
variable refers to the total precipitation received during the months of plant growth, i.e. the months from April 
to October (both included). The temporal resolution of the original data (CRU TS. Version 4.05) is monthly. 
Therefore, after calculating the total monthly precipitation received in the municipality, the growing months for 
each of the years were filtered out and the annual total added. To obtain the decadal value, a simple average was 
taken between the years of the decade. The other variables that required special treatment due to the nature of 
the original data were those related to the Köppen climate classification. Given that the original data (National 
Geographic Institute of Spain) are in a polygonal shapefile format, where each polygon represents a specific type of 
climate, other types of processes were needed to adapt them to a municipal framework. For this purpose, the GIS 
operation known as intersect was used from the shapefiles of the Köppen climate classification and the municipal 
one. This has created a polygon for each type of climate in relation to each municipality. In this way, we obtain the 
climate types found in each of the Spanish municipalities and generate a dummy variable for each of them.

Fig. 1  Structure of the development of variables through each of the 5 blocks of variable types.
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Geographical variables.  The geographical variables are basically aspects of distance, location and relief. 
As we can see in Table 2, we have the distance to Madrid (capital of Spain), the distance to the capital of the 
province and the distance to the coast. We also have the latitude (y) and longitude (x) coordinates. The first step 
in calculating these variables is to extract the centroids for each municipality from the shapefile of the Spanish 
municipalities of the National Geographic Institute58, using the QGIS algorithm Generate points (pixel centroids) 
inside polygons59. From the centroids of the municipalities, the X and Y coordinates were estimated from the ad 
hoc algorithm of the field calculator in QGIS. Once these had been calculated, the distance variables were also 
calculated from the municipal centroids. The distance variable to Madrid and to the provincial capital was per-
formed by generating 2 independent layers for each of them through a selection by attributes, using the R package 
dplyr60 on the shapefile attribute table loaded in an sf object61. An sf object (short for simple features object) in R 
is a data structure designed for handling spatial data efficiently while adhering to international standards. It com-
bines geometric information (such as points, lines, and polygons) with attribute data in a format similar to a data 
frame. This makes it easy to integrate spatial analysis with common R workflows. Additionally, sf objects support 
coordinate reference systems (CRS), enabling precise spatial analysis and visualization.

After that, the distance of all the municipalities centroids to each of the centroids of the layers was calculated 
and filtered to match, in the case of the provincial capital, the entity of the same province as the municipality 
in question. The QGIS algorithm Distance to nearest hub (points) implemented in the R package qgisprocess62 
was used for this purpose. For the coastline, the procedure was similar, except that the distance between the 
centroids of the municipalities and the coastline was calculated using the Distance to nearest hub (line to hub) 
algorithm, also implemented in the R package qgisprocess. The municipal area was calculated using the $area 
algorithm in the QGIS field calculator applied to the municipalities’ shapefile. Finally, altitude and ruggedness 
were again calculated using the zonal statistics operation implemented in the exactextract R package from the 
shapefile of municipalities (zones) and a digital elevation model. In the case of altitude, the weighted mean is 
used in the same way as in Eq. 1. Ruggedness, as we know, can be estimated as the standard deviation of the alti-
tude of each municipality, so the zonal standard deviation is applied according to Eq. 2 (see also Fig. 4).
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The nomenclature is the same as in Eq. 1, adding H m, which is the average altitude in each municipality.

Land use variables.  The land use variables are related to agricultural uses. Among them, we can distinguish 
between the area of rainfed crops, the area of irrigated crops and the area of pasture. The area of irrigated crops 
(equipped for irrigation, to be specific) comes from the Historical Irrigation dataset (HID henceforth) (Siebert et al.)16  
and from the Global Irrigation Area (GIA) database (Meier et al.)18 combined with Crop area and yield survey 
(ESYRCE hereafter17) to extend the series to the decade of the 2010s and 2020 s (see Fig. 5). This variable includes 
the irrigated land under plastic greenhouses. Since the format of the main climatic variables is identical (data in 
raster format with a spatial resolution of 0.5°, the value of each cell refers to the number of hectares contained in 
it), the procedure is similar. For the other land uses, the format is the same, but the source of the data is the 
History Database of the Global Environment (HYDE version 3.2)15. In this case, in order to know the total munic-
ipal hectares of each land use, a sum weighted by the area of the cell located in the municipal polygon of the hec-
tare value of each cell is made. The calculation of the municipal hectares of land use can be expressed according 
to Eq. 3. The nomenclature of Eq. 3 is very similar to Eq. 1, only the sub-index c is replaced by the sub-indice l, 
which refers to each land use. This method has been used for the variables Dryland (dryland), Pastures (pasture) 
and Irrigated (irrigated_ha) area.
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Fig. 2  Graphic scheme of zonal statistics processing operation.
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The variable Cultivated area is derived from the sum of Dryland Surface and Irrigated Surface. The variables 
Irrigated surface of adjacent municipalities and Cultivated surface of adjacent municipalities, on the other hand, 
have undergone a different transformation. In both cases, the first step has been to generate an adjacency matrix, 
i.e., for each of the municipalities, the municipalities that are in contact with it take a value of 1, and 0 otherwise. 
From this matrix, the value of the Irrigated or Cultivated surface of those municipalities that have a value of 1, 
i.e. the municipalities that are adjacent to the municipality in question, is added. This process is represented by 
Eq. 4. In it, C is a contiguity matrix of size n x n  , where n is the number of municipalities. Therefore, Cm j,  will be 
an element of the matrix that is 1 if municipality m is adjacent to municipality j, and 0 otherwise. On the other 
hand, Vj will be a vector of size n containing the land use values in hectares for each municipality.
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Hydrological variables.  Hydrological variables are essentially linked to the access of different municipal-
ities to water resources, watercourses or variables related to water infrastructure such as reservoirs (see Fig. 6). 
These variables are detailed in Table 4. To calculate the basin variable, the GIS Spatial join operation was used, 
implemented in QGIS using the municipality shapefile and the hydrographic basin shapefile (Ministry for the 
Ecological Transition and the Demographic Challenge)10. In this operation, each of the municipalities takes the 
value of the hydrographic basin in which it is located. If a municipality is located between two basins, it takes 
the value of the basin that covers the largest area of the municipality. Then, we have the variables related to the 
reservoirs, i.e., the reservoir area, the reservoir volume and the usable reservoir volume. The difference between 
total reservoir volume and usable reservoir volume lies in their specific definitions and functions. Total reservoir 
volume refers to the entire amount of water stored in the reservoir at a given time, encompassing all the water 
from the bottom to the surface, including portions that may not be accessible for practical use. In contrast, usable 
reservoir volume represents the portion of water that can be actively utilized for the reservoir’s intended purposes, 
such as irrigation, water supply, hydroelectric power generation or flood control. This excludes the so-called “dead 
volume”, which remains below the outlet level or is retained to prevent sediment resuspension and ensure the 
reservoir’s structural stability. As a result, usable reservoir volume is always less than or equal to the total reservoir 
volume, with the difference determined by the reservoir’s design and operational parameters.

Fig. 3  Evolution of growing season precipitation.
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To calculate these variables, we have used the reservoir shapefile from the inventory of dams and reservoirs 
of the Ministry for the Ecological Transition and the Demographic Challenge (MITECO)9 and the inventory of 
dams of the Spanish Society of Dams and Reservoirs (SEPREM)14. The GIS intersect operation, implemented in 
QGIS, was used to calculate the reservoir area of each municipality. As previously mentioned, this operation has 
obtained a polygon for each part of the reservoir located in each municipality. Once we have the polygons of the 
reservoirs divided by municipalities, we calculate the area, using the st_area function of the R sf package61. We 
must take into account that municipalities do not always have the same reservoir capacity over time, since dams 
and reservoirs are built at different times by different hydrological projects. For this reason, the SEPREM inven-
tory of reservoirs was used to determine the year in which the construction of each reservoir was completed. In 
order to obtain the decadal value of the reservoir area by municipality, we filter for each decade by the year of 
construction, group by municipality and add up the total reservoir area (it is possible that a municipality has 
more than one reservoir). These filtering and summing processes by municipality were executed in R from the 
dplyr package. Considering that the area of each reservoir in a given municipality is expressed in Eq. 5 where Pmr 
is the polygon of intersection between the municipality m and the reservoir r :

A Area P( ) (5)m r m r, ,=

The total reservoir area in the municipality m for the decade y is equal to:

∑=
∈

A A (6)m y r y m r, ,

Once we have calculated the reservoir area, we obtain the values of the volume and useful volume dammed per 
municipality. MITECO’s (20119, 202512) inventory of dams and reservoirs contains the data on the volume and useful 
volume of each reservoir. Therefore, all that remains is to distribute the volume of the reservoir among the different 
municipalities between which the reservoir is located. This distribution is done in proportion to the previously cal-
culated area of the reservoir that is located in each municipality. Thus, the calculation of the reservoir volume and the 
municipal useful reservoir volume per reservoir r and municipality m is characterised according to Eq. 7:
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Again, we have to filter by year and make a sum grouped by municipality. Therefore, the calculation of the 
reservoir volume and the total useful reservoir volume by municipality is as follows:

Fig. 4  Ruggedness by municipality.
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Through this process, we now have the evolution of the reservoir capacity of each of the Spanish municipal-
ities from 1900 to the present day.

The Global Dam Watch (GDW) database version 1.0 has been used to determine the main use of the dammed 
water in the different municipalities, which provides the vast majority of dams and reservoirs worldwide with 

Fig. 5  Irrigated area change (hectares) by decade.

Fig. 6  Reservoir volume estimation by municipality.
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different information on the main use. From it, the different uses have been assigned to each of the reservoirs 
in the inventory of dams and reservoirs of MITECO. Although it has not been possible to assign the main use 
to all the reservoirs, given that they are not in GDW, the main reservoirs are represented, with a total of 98.8% 
of the useful reservoir volume and 82.5% of the reservoir area. Once the reservoir uses have been assigned, the 
procedure follows the same approach as the calculation of impounded volume and area. First, the reservoirs 
existing in the decade under study are filtered based on their year of construction. Then, a spatial intersection is 
performed between the filtered reservoirs and the municipalities. Each municipality is assigned the primary use 
of the reservoir with which it intersects. If a municipality intersects with multiple reservoirs, it is assigned the 
reservoir that contains the largest volume of water within its boundaries. Figure 6 shows the process of estimat-
ing the volume of reservoirs at the municipal level.

Additionally, a distribution of the water attributed for each use by municipalities has been performed fol-
lowing the allocation rules by63 in its baseline scenario, represented in the variables “Vol_Irrigation”, “Vol_elec-
tricity”, “ Vol_supply” and “Vol_Others”. These rules state that if a reservoir in the GDW database has only one 
main use (i.e., no secondary uses), 100% of its volume is allocated to that use. If the reservoir has one secondary 
use, 75% of its volume is assigned to the main use and 25% to the secondary use. In the case of two secondary 
uses, 50% of the volume is allocated to the main use, while each secondary use receives 25%. Once the reservoir’s 
volume has been distributed among its different uses, the process for assigning the volume used in each munici-
pality follows the same approach as for the total and usable reservoir volumes. This ensures that the volume data 
recorded in the inventory of dams and reservoirs is fully accounted for. The type of resulting data is visualized 
in Fig. 7.

The remaining hydrological variables (nearest_all_river, Dist_all_rivers, nearest_main_river and Dist_main_
rivers) refer to the distance of the municipalities to the different watercourses. The main_river concept refers 
to the main rivers, watercourses with a certain entity of their own, while the all_rivers concept includes all the 
watercourses of the different water networks in Spain. In this way, we start from three main data sources. Firstly, 
we have the centroids of the municipalities, which we had previously calculated. In addition to these centroids, 
we have two shapefiles of the water network. One, with the complete water network and the other with the 
main watercourses from the Ministry for Economic Transition and Demographic Challenge (MITECO, 201811). 
The variable (and shapefile provided by the Ministry for Economic Transition and Demographic Challenge) 
Dist_main_rivers refers to the rivers listed as main rivers in Article 3 of the Water Framework Directive, which 
according to the European guidance ‘Guidance No 22 - Updated WISE GIS guidance’, are the main rivers whose 
catchment area is greater than or equal to 500 km. On the other hand, the variable Dist_all_rivers refers to all 
natural watercourses.

First, we converted the two shapefiles of the hydrographic networks from polylines to points, so that each 
watercourse became a set of points using the Points along geometry QGIS tool. Then, in both cases, we used the 
QGIS algorithm Distance to nearest hub (points) implemented in the R package qgisprocess62. In this way, for each 
of the centroids of the municipalities, we have the distance to the nearest point relative to the water network, and 
the watercourse to which it belongs, to any watercourse in the case of nearest_all_river and Dist_all_rivers or to 
the main river in the case of nearest_main_river and Dist_main_rivers.

Socioeconomic variables.  Socio-economic variables include mainly demographic variables, access to 
transport infrastructure and agglomeration economies. First, we have the total population. This was obtained 
from Goerlich’s (2019)23 homogeneous municipal population series. Spanish censuses exhibit certain problems 
that Goerlich et al.23,33 manage to resolve, although they themselves consider Spanish census data to be “reasona-
bly reliable” (p. 29). To observe the problems throughout the 20th-century censuses, and how these authors solved 
them, one should consult Goerlich et al.33. Regarding the population variable, despite taking the population series 
of Goerlich23 as a reference, we have had to make adjustments due to changes in the municipal boundaries with 
respect to the (most recent found) spatial base that was used (of 2016). In this way, we ensure the homogeneity 
of the entire series.

In those cases where municipal mergers or segregations have occurred, we have applied harmonization pro-
cedures to correctly assign population values at each point in time. Firstly, for mergers prior to the GIS layer 
used, we have added the values of the original municipalities. For example, in the case of Cerdedo-Cotobade 
(36902) and Oza-Cesuras (15902), which arose from the merger of the municipalities of Cotobade (36012) 
and Cerdedo (36011), and of Oza dos Ríos (15063) and Cesuras (15026), respectively, their values have been 
added from the 1900s to the 2000s to maintain consistency in the series. On the other hand, when a munici-
pality has been segregated in recent years and already appears as an independent entity in the GIS layer used, 
we have redistributed its previous population based on its relative share in the most recent census. For exam-
ple, Valderrubio (18914) was separated from Pinos Puente (18158) in 2013, and for previous years it has been 
assigned a proportion of the total population of the original municipality according to its participation in the 
2021 census. A similar process has been applied to Dehesas Viejas (18065) and Domingo Pérez de Granada 
(18915), separated from Iznalloz (18105) respectively in 2014 and 2015, to Játar (18106), segregated from Arenas 
del Rey (18020), and to the municipalities of Tiétar (10904) and Pueblonuevo de Miramontes (10905), which 
became independent from Talayuela (10180) in 2013 and 2015, respectively. Likewise, for municipalities created 
after the reference date of the GIS layer, they have remained attached to their original municipality throughout 
the series to avoid the creation of unpopulated areas. This is the case of segregations in 2018 such as Palmar de 
Troya (41904) from Utrera (41095), Torrenueva Costa (18916) from Motril (18140) and San Martín del Tesorillo 
(11903) from Jimena de la Frontera (11021); similarly in 2019 of Fornes (18077), separated from Arenas del 
Rey. Finally, situations have been corrected in which a municipality had population values in 2011 but missing 
data in previous censuses due to its recent creation. In these cases their previous values have been assigned 

https://doi.org/10.1038/s41597-025-05055-z


1 2Scientific Data |          (2025) 12:810  | https://doi.org/10.1038/s41597-025-05055-z

www.nature.com/scientificdatawww.nature.com/scientificdata/

according to the available historical data, namely those independent in 2009: Alagón del Río (10903), from 
Galisteo, Villanueva de la Concepción (29902), from Antequera in 2009, and Vegaviana (10902), from Moraleja; 
and the same for Villamayor de Gállego (50903), from Zaragoza in 2006 and Benicull de Xúquer (46904), from 
Polinyà de Xúcar in 2003.

This procedure guarantees homogeneity in the analysis, preventing administrative changes from introducing 
biases and allowing the observed dynamics to reflect real processes rather than artifacts derived from modifi-
cations in municipal boundaries. All in all, the CSV files comprise our 8122 homogeneous municipalities of the 
2016 entities. The shapefile comprises 8,205 objects/polygons given that it also includes 87 objects of communal 
forests (mainly in Navarre, with the “facerías” regime, Basque Country, Castile and Leon, Cantabria and one case 
in Castile-La Mancha and another in Asturias).

From the population values, the municipalities were classified as rural, intermediate or urban, resulting in 
the variable Population_class (see Fig. 8). Let’s remind that in this variable, municipalities with less than 2,000 
inhabitants are considered rural, those with between 2,000 and 10,000 inhabitants are considered intermediate 
and those municipalities with more than 10,000 inhabitants are considered rural, following the Spanish Statistics 
Institute’s criterion64. The case_when() utility of the R package dplyr was used to perform this classification.

The variables distance_pop_10000 and distance_pop_5000 collect the distance from each municipality to 
municipalities with more than 10,000 and 5,000 inhabitants, respectively. As the methodology is the same in 
both cases, only the number of inhabitants is changed, we refer to the number of inhabitants (5,000 and 10,000) 
as p. To do this, firstly, for each of the decades collected in the databases, we divide the sample into 2 using the 
centroids of the municipalities. That is, we generate two different shapefiles: one with the municipalities below p 
inhabitants and another with the municipalities above p inhabitants. These are again selected by attributes using 
a filter from the dplyr package on the shapefiles loaded in R as st objects of the sf package. Once generated, for 
each decade, the two municipal subsets using the value p as a threshold, the distance from the municipalities 
with a population below p to the nearest municipality with a population above p was calculated. This was done 
using the QGIS tool Nearest Hub implemented in the qgisprocess R package. Population residing in municipali-
ties with more than x inhabitants (in thousands) that are located within a radius of between i and j km could be 
expressed as p_xi j,

, being <i j (in the files, it takes the name of “p_x_i_jkm”).
The variables Simpson_Areas_5 and Simpson_Areas_11, correspond to the classification of Spanish areas 

established by Simpson42, which divides Spain, grouping provinces, into regions corresponding to diverse var-
iables such as rainfall, crop mix, land distribution, or cultural and linguistic background. Taking into account 
the Simpson region in which each province is located and the province in which each municipality is located, 
a direct allocation of the municipal Simpson area (5 and 11, depending on the level of aggregation) is made 

Fig. 7  Evolution of reservoir capacity (bottom row) and irrigated area (top row).
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through a conditional sentence. These aggregations can help different scholars to obtain a criterion to aggregate 
Spanish provinces in their analysis. The categories in Simpson_Areas_11 are: GA: A Coruña, Lugo, Ourense, 
Pontevedra; BISCAY: Asturias, Cantabria, Gipuzkoa, Biscay; CL: Avila, Burgos, León, Palencia, Salamanca, 
Segovia, Soria, Valladolid, Zamora; Cent: Albacete, Ciudad Real, Cuenca, Guadalajara, Toledo; UEBRO: Alava, 
La Rioja, Navarra; LEBRO: Huesca, Lleida, Teruel, Zaragoza; Med: Alicante, Barcelona, Castellon, Girona, 
Murcia, Tarragona, Valencia; EX: Badajoz, Caceres; WAN: Cadiz, Huelva, Malaga, Sevilla; EAN: Almeria, 
Cordoba, Granada, Jaen; and CAN: Santa Cruz de Tenerife y Las Palmas de Gran Canaria. The categories in 
Simpson_Areas_5 are formed by: North: GA + BISCAY; Interior: EX + UEBRO + LEBRO + CL + Cent; Med: 
Med; Andalucia: EAN + WAN; and Can: Can. All these categories are explained in the pages 21, 22 and the map 
1 from42.

Data Records
The dataset65 is available at figshare.

Through the methodological process detailed in the previous section, the HISTORECO database 
was obtained. It is made up of 45 variables of different types that allow for an integrated analysis of the 
socio-economic evolution of Spanish municipalities. The database is distributed into two different structures: 
panel and spatial. The panel format consists of a tabular file with a.csv extension. In this format, we have one 
observation per municipality and year, and a single column per variable. Thus, there are 7 initial identification 
columns (NUTS 2 code, NUTS 2 region, NUTS 3 code, NUTS 3 region, municipality code, municipality, year of 
decade) followed by the set of variables. The spatial format consists of a shapefile that allows the information to 
be used directly for spatial analysis in a GIS environment. In this shapefile, the spatial base consists of a polygon 
for each of the Spanish municipalities. These polygons have an associated attribute table (.dbf file) in which we 
have only one observation per municipality (since we have only one polygon per municipality) and one column 
per variable-decade combination. Thus, we have only 5 columns related to identifiers (we exclude the decade 
column) followed by 819 columns, which are the combination of all variables for each decade. The structure of 
the information in both formats is shown in Fig. 9.

The structure of the data provided in the repository consists of two main parts, the methods folder and the 
database folder. The methods folder contains a folder called scripts, which contains the scripts used to create 
the database, and two documents, code_help.pdf and code_help.rmd, which contain a series of hints on how to 
use the code correctly and explain each of its parts. The database folder consists of 5 files and a folder. Firstly, 
“Variable_description.xlsx” summarizes the available variables. Then there is the database in long format, called 
Panel in.csv format in the Records section, with one observation per municipality and decade (Historeco.csv). 

Fig. 8  Evolution of municipalities classified as rural, intermediate and urban.
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Also, in.csv format is the database in what is called in the dataset section spatial format, where we have only one 
row per municipality (Historeco_wide.csv). In addition, there is another spatial file (geopackage) of the municipal 
polygons in which, in the table of attributes, the database can be found in spatial format to be used directly in 
a geographical information system (Historeco.gpkg) to carry out other analyses, representation through car-
tographic products, etc. In the “MunicipalitiesShapefile” folder one finds also only polygons and municipal 
identifiers (Municipalities.shp) in case one wants to join the database in spatial format autonomously. Finally, 
in the Database folder we can also find a file with the annual version of the database (Historeco_Year.csv). The 
annual database limits its time series to the start in the 1950s for several reasons. Firstly, this version is subject 
to the availability of yearly data. While the decadal database is semi-definitive, subject to minor corrections and 
adjustments, the annual database is a ‘demo’ version, which is still under construction and may be subject to 
considerable changes. Many of the sources, after certain time thresholds, decrease their temporal resolution (as 
in the case of land use variables) or we cannot find reliable sources to rely on (as in the case of socio-economic 
variables), and we deliberatively avoid performing simple interpolations to complete years introducing “fake” 
trends. The other factor that led us to decide this is computational capacity. The annual version of the database 
from 1950s has a weight of about 3GB, making it already computationally expensive to handle. Extending it 
would obviously exacerbate this problem. For all these reasons, and in order to maintain homogeneity, we have 
decided, for the time being, to cut off the series to the start in 1950s. Figure 10 shows the file structure of the 
repository.

Technical Validation
In order to validate the accuracy of our database, various tests have been applied to the different variables. Here 
we describe and present the main aggregated checks, but also the disaggregated comparative data are also avail-
able upon readers’ request. In general terms, the technical validation was carried out in several directions: firstly, 
it was checked that the aggregation of the spatially disaggregated data corresponded to the original aggregated 
values, at different levels: municipality, comarcal (a kind of county level), province, regional and national, with 
priority given to them in that order, with subsequent rebalancing. In other words, all the Root Mean Square 
Error, RMSE, of those original aggregated values are equal to 0. Secondly, all possible external data were used for 
comparison, e.g., national/regional surface statistics with the GIS data. In practice, the technical validation was 
fully hybridised with the construction of the data, as most of the initially found external data were integrated if 
they were found to be superior. When there were discrepancies between the databases, we established priorities. 
This was the case with the HID16, which was preferred due to the fact that it is based on the National Statistics 
Institute and agrarian statistics, but also covers the XXth century, with other land use databases. Still, there were 
2 key complementary computations. One was the effort of consistency with the total land use data estimated 
from the Spanish municipalities shapefile40, (in a few selected cases, 11 out of 8122 municipalities, it seemed 
that the irrigated surface from HID could be higher than the total surface data of the former), deciding to adjust 
to these figures the total surface area. Secondly, we extended the computation of municipal irrigable area from 
the dataset (HID)16 with the Global Irrigation Area (GIA) database66 and official statistics ESYRCE17 to consist-
ently extend the series to the 2010s decade. Additionally, when available, the GIS and Database (.csv,.xlsx, etc.) 
formats data were double-checked. All in all, we have performed tests, essentially on the potential deviations 
from the objective values or series. Figure 11 summarizes the scheme of data gathering, treatment-processing, 
technical validation, feedback to computations and results.

One of the tests was oriented to the estimation of irrigated hectares. We compared the estimated area 
equipped for irrigation (AEI) using GIS techniques from the Historical Irrigation Dataset (HID) with external 

Fig. 9  Schematic form the two structures in which the generated database is contained. Note: This figure 
shows schematically the two structures in which the generated database is contained. The Panel data format is 
in.csv format. On the other hand, the Spatial structure is associated with a shapefile containing the municipal 
polygons. The data is available in figshare65 together with this submission.
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statistics to assess the accuracy of these estimates. The FAO’s AQUASTAT (FAO 2025)67 provides statistics on 
irrigated area using some official data, specifically from the 1999 National Institute of Statistics agricultural cen-
sus, but also complementary information to obtain the AEI concept and be more precise by regions (e.g. regional 
councils, hydrographic confederations and Corine land cover 2000). Using irrigation data for 2000 estimated 
from the HID (the closest year), we found that the estimated values are close to the FAO’S AQUASTAT values at 
the regional level. Although the census and complementary data compiled is attributed to 1999 and the estimates 
of HID to 2000, we find of interest to compare the values. To analyse the similarity of the HID variable incor-
porated in our database with such data, metrics such as the Root Mean Square Error (RMSE) and the Weighted 
Absolute Percentage Error (WAPE) have been used, whose estimation is represented in Eq. 9. Although the 
metrics we use contain the word error, they are not measuring errors as such. We have to remember that FAO 
Aquastat statistics, despite using census information as a reference, are also estimates, so they cannot be assumed 
to be true and, therefore, we should talk about discrepancies or differences.
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

∑ −

∑
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The RMSE for the regional comparison is 20,353.68, with the largest discrepancy observed in the Region 
of Murcia, which is smaller in HID by 62,299 ha. The WAPE is 5.27%. These differences might be partly due to 
surface area changes from 1999 to 2000, a period characterised by the expansion of irrigation. At the provincial 
level, the relative similarity of the results is confirmed with an RMSE of 6,502.45. The largest difference in higher 
values of HID compared to FAO-AQUASTAT occurred in the province of Seville (16,084 ha) and the lowest 

Fig. 10  Repository data structure.
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Fig. 11  Full picture of points of departure for data gathering, treatment-processing, technical validation, 
feedback to computations and results.
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values compared to FAO-AQUASTAT in the province of Zaragoza (13,962 ha). The highest percentage discrep-
ancy relative to the irrigated area itself were found in provinces with smaller irrigated areas like Guipuzcoa, 
which is one of the most humid Spanish provinces. Absolute discrepancies logically occurred in provinces with 
larger irrigated areas. The WAPE at provincial level is 6.47%, showing a high degree of concordance between the 
estimated HID and FAO-AQUSTAT values.

Overall, the correlation between the estimated and FAO-AQUASTAT irrigation values is high, with coeffi-
cients of 1 at both the regional and provincial levels, indicating the robustness of the GIS-based estimates used 
in this study. In this respect, Fig. 12 shows the comparison by province of the estimated irrigation values from 
HID in our database (for the year 2000) and those recorded by FAO-AQUASTAT estimates.

It should be noted that the HID irrigation series only up to the year 2005. Therefore, in order to achieve a 
high degree of accuracy, different methods were used. Firstly, the Information System on Land Use in Spain 
(henceforth, SIOSE, Sistema de Información de Ocupación del Suelo en España)68 was initially used as a data 
source. This database provides comprehensive geospatial data on land use and land cover throughout Spain. This 
dataset offers detailed and regularly updated information, which makes it an interesting resource for territorial 
planning and land use change studies. However, when approaching through it and using GIS operations such as 
Intersect, area calculations, etc., the differences in the original data (vector format vs. raster format, methodolog-
ical differences in its estimation, etc.) led us to consider other approaches. In this context, the Global Irrigation 
Dataset (GID) mentioned above had an identical format, and its methodology was very similar. In fact, it is 
based on the HID series itself, extended with different remote sensing methods. In this way, it was also possible 
to apply exactly the same methodology (based on the zonal statistics GIS operation) to estimate the municipal 
irrigated hectares for the whole series. Comparing the results obtained with the two data sources, it was possible 
to appreciate a more homogeneous series with much less quantitative jumps with the decades estimated from 
the HID source (1900 – 2000). Thus, the approximation using the GID source was chosen to obtain homogeneity 
and to reduce the error.

Besides, to achieve the highest possible degree of precision in the adjustment, especially in recent dec-
ades, official statistics were used. In this case, it is the ESYRCE. For this validation, a relationship is established 
between the official statistics and the estimated irrigated area. The official ESYRCE17 statistics provide data 
on agricultural land, including irrigated areas, at the NUTS 3 level. Our goal is to align the growth rate of our 
estimated variable at the NUTS 3 level with the ESYRCE statistics. First, we adjust our estimated variable for 
the year 2000 to match the NUTS 3 totals provided by ESYRCE. Next, we calculate the growth rate between the 
adjusted irrigation values for 2000 and the ESYRCE data for 2010. Then, we calculate the growth rate between 
the adjusted irrigation values for 2000 and the ESYRCE data for 201017. We then subtract the 2000 estimate from 
this new 2010 value, of the absolute change in hectares at the NUTS 3 level, which needs to be distributed across 
municipalities. To distribute this change, we calculate each municipality’s share of the change in irrigation based 
on the estimated change within its respective Autonomous Community. This proportion is used to allocate the 
NUTS 3 level change among the municipalities. Finally, we add the municipal-level change (2000–2010) to the 
irrigation estimate for 2000 derived from the HID series, allowing us to approximate the 2000–2010 change 
based on official totals while maintaining a consistent structure across all decades. Thus, we find that the growth 
rates estimated from GIA do not deviate from the official growth rates. To update irrigation to the 2020 s in the 

Fig. 12  Accuracy assessment of estimated irrigated area. Note: In this figure we can see the comparison between 
the FAO-AQUASTAT values for 1999 at NUTS 3 level (red triangle) and the estimated aggregated municipal 
irrigation in our study at the same level (blue circle) in order to analyse the similarity of our estimates.
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database, the same procedure has been used, but taking as a reference the values of 2011 and 2021 by estimating 
the changes between both years.

As can be seen from the official statistics, the methodology is very close to the totals for the most recent 
decades. However, these statistics do not provide us with a very long time series, so that the verification of the 
previous ones is not covered, and furthermore no totals have been verified, neither for the cultivated area nor for 
the rainfed crops. For this reason, we have used other historical literature sources, such as Carreras & Tafunell35, 
particularly on the primary sector. Chapter 4 of this work, on the agricultural and fishing sector69, contains 
historical statistics on the cultivated area, with discontinuities, also disaggregated between rainfed and irrigated 
crops at the national level. Using the previously mentioned metric, WAPE, we can estimate the degree of adjust-
ment of our series in comparison with the historical statistics. Before analysing the results of this comparison, 
we have to take into account that we are comparing slightly different concepts. The estimated irrigation data col-
lect the area equipped for irrigation, regardless of whether or not it was irrigated that year. Carreras & Tafunell 
(2005), on the other hand, collect the area that was effectively irrigated based on the censuses. These conceptual 
differences can cause significant discrepancies between the figures of one and the other.

In Eq. 9, yi
 is the value estimated in our series and yî

 is the value of the historical series of35. Using this metric, 
for the whole series we have obtained a difference of 4.3% for the total cultivated area, 2.8% for the rainfed culti-
vated area and 11.6% in the case of irrigation. Table 6 shows the absolute difference by decade in detail with 
values expressed in thousands of hectares.

With respect to climate variables, the CRU TS Version 4.0519 database was used for this study due to its exten-
sive temporal coverage (since 1901) and the wide availability of climate variables at the global level, which allows 
a detailed historical analysis of the relationship between climate and the demographic and economic develop-
ment of municipalities. Its spatial resolution of 0.5 degrees facilitates its use in large-scale studies, and its consist-
ency in data collection and processing methodology makes it a reliable source for analysing climate patterns over 
time. Furthermore, the raster distribution facilitates downscaling through operations such as zonal statistics, 
as previously explained. However, this same spatial resolution of approximately 50 km per cell can be seen as 
a weakness when applied at the municipal level, especially in areas with variable topography or microclimates, 
where the data may not adequately capture local climatic variations. Furthermore, as a global database, it may 
present limitations in terms of data accuracy in areas with sparse or poorly developed meteorological networks.

Given the problems discussed above, an approximation of the accuracy of our data at different scales and var-
iables was made by comparing them with different databases. We have to be cautious when making comparisons 
with climate data, as data from different sources come from different measurement techniques/methodologies, 
each with its own margin of error. At the national level, the report “Analysis of temperatures in Spain in the period 
1961–201870 from the State Meteorological Agency was used. In this report we find an average temperature 
series for Spain since 1961 on a national scale, estimated based on data from 42 reference stations. Using our 
database and aggregating the data of the report by decades (simple average), we obtain a WAPE of 10%.

For the accuracy analysis of the precipitation variable, a validation at the municipal level was applied. For this 
purpose, the example of Barcelona was used, given the length of its series (since 1940 with consistent data). Daily 
data from the European Climate Assessment dataset (ECAD)71 for the El Prat Airport station were utilised. These 
daily data, as in the estimation of our precipitation variable, were summed annually, and the decadal mean was 
calculated from the annual data. Again, the WAPE value reaches 10%. The same process has been carried out, 
except that the annual aggregation is done by means of the average and not the sum, with the series of average 
temperature also relative to the Barcelona Airport weather station. In this case, the WAPE reaches 8% for the 
whole series. Taking into account the uncertainties associated with the databases compared, we consider that 
this level of accuracy guarantees precise and consistent analyses when using climate data.

Regarding the hydrological variables, given the methodology and the sources used (official government sta-
tistics), the technical checks carried out were that, after the allocation of the areas and volume of reservoirs, the 
totals of surface area and volume of the reservoirs recorded in the MITECO reservoir inventory and the national 
total were met, and in fact, they were met.

By way of summary, the Table 7 gives an overview of the accuracy values obtained in the technical validation 
process.

It is worth noting that there are many variables (in addition to the non-numerical ones) that are not explicitly 
validated through WAPE. Variables such as the calculation of distances from the centroid of the municipality 
to different entities have not been validated using this methodology. As it is a calculation of Euclidean distance 

Year

Estimated Carreras & Tafunell (2005) Absolute error (%)

Irrigated Rainfed Total crop area Irrigated Rainfed Total crop area Irrigated Rainfed Total crop area

1900 — — 16060 — — 17822 — — 9,9

1930 — — 19120 — — 21964 — — 12,9

1960 2226 18361 20587 1828 18694 20522 21,7 1,8 0,3

1970 2770 17763 20533 2198 18321 20520 26,0 3,0 0,1

1980 2932 17145 20077 2822 17677 20499 3,9 3,0 2,1

1990 2978 16494 19472 3199 16973 20172 6,9 2,8 3,5

2000 3667 14421 18088 3408 14897 18304 7,6 3,2 1,2

Table 6.  Crop area accuracy assessment by decade.
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between two arbitrarily chosen entities, there is no official source with which to systematically check them. The 
values of these variables have been checked for consistency with specific examples.

Usage Notes
The data is also freely available on the portal website https://historeco.unizar.es, where additional features and 
possibilities for filtering, selecting and downloading are available (e.g. queries on the metrics of the different 
municipalities, comparisons, analysis of trends, etc.).

Code availability
The Code is available on GitHub.
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