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The Canary Islands are an archipelago of significant natural value, with a large variety of endemic 
species living in them, making essential the study of the effects of climate change. This research is 
based on the use of dynamic techniques of climatic regionalisation to obtain climate projections that 
contribute to the conservation of ecosystems in the Canary Islands. In this work, climate projections 
derived from WRF simulations with a spatial resolution of 3 km were used to obtain a novel dataset 
of 53 bioclimatic indicators, called BICI–ULL (Bioclimatic Indicators in the Canary Islands, University 
of La Laguna). The regional climate simulations were driven by three CMIP5 models (GFDL–ESM2M, 
IPSL–CM5A–MR, and MIROC–ESM) over three periods (1980–2009, 2030–2059, 2070–2099) and two 
emission scenarios (representative concentration pathway 4.5 and 8.5), to obtain, among others, the 
standard climatic variables used to generate the bioclimatic indicators: temperature, precipitation, 
solar radiation, humidity and wind speed.

Background & Summary
Climate change is a globally significant phenomenon that has developed throughout Earth’s history. The indus-
trial revolution and the expansion of human activity brought with it the burning of fossil fuels and the massive 
release of greenhouse gases. This disrupted the climate and actively affected the planet’s ecosystems. Many of the 
consequences of climate change are devastating for the Earth. As a result, the study of the global environment 
has become an essential resource for the preservation of the world’s flora and fauna1,2.

Specifically, islands are among the most vulnerable regions to climate change3. They are much more exposed, 
compared to continental areas, to rising sea levels, increases in air and water temperatures, heavy rains associ-
ated with cyclones4, as well as intense wildfires5 and wind speed enhancements. Furthermore, the biodiversity 
and endemism found in these regions, which often contain a variety of microclimates, are unique6 and highly 
sensitive to abrupt climate changes7.

Bioindices, biovariables, or bioclimatic indicators are extremely valuable resources that help to estimate the 
current state of an ecosystem and its possible future changes. In addition, they facilitate the projections of spe-
cies migration and even serve to assess the environmental risks encountered in a specific region8–10. Some of the 
best known worldwide bioclimatic databases in the scientific community include WorldClim11,12, CHELSA13,14, 
CMCC-BioClimInd15,16, CliMond17,18, or TerraClimate19.

WorldClim, one of the most widely used datasets, provides 19 biovariables at a spatial resolution reaching 
up to 30 arc-seconds, roughly 0.9 kilometers at the equator11, with resolutions also available at 10, 5, and 2.5 
minutes. This dataset encompasses climate data for both the recent past (1970–2000) and future projections 
(2021–2040, 2041–2060, 2061–2080, 2081–2100). To obtain gridded data for the recent past period weather 
station data were interpolated using thin-plate splines, using also some covariates: elevation, distance to the 
coast and MODIS satellite derived variables (maximum and minimum land surface temperature and cloud 
cover). For future periods the results of 23 Global Climate Models (GCMs), belonging to the Coupled Model 
Intercomparison Project Phase 6 (CMIP6)20, were used. Firstly, the difference between the output of the GCM 
runs for the recent past period and for the selected future period is computed and it is interpolated to the high 
resolution grid. Then, these changes are applied to WorldClim data for the recent past. The authors assume that 
climate change signal is relatively stable over space, so it can be obtained from low resolution GCM data. The 
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projected climate data has been computed for all four Shared Socio-Economic Pathways (SSPs) that drive the 
simulations supporting the Intergovernmental Panel on Climate Change’s (IPCC) 6th Assessment Report (AR6).

The CHELSA dataset (in its last version 2.1) includes 19 worldwide biovariables at high resolution in diferent 
time periods. It uses downscaled reanalysis data for temperature and precipitation at a horizontal resolution of 
30 arc-seconds. The temperature computation relies on a statistical downscaling method, based on mean lapse 
rates and elevation, while the precipitation algorithm incorporates geographic predictors, including wind fields, 
exposure, cloud cover, and boundary layer height, with subsequent bias adjustment. To estimate the projec-
tions, a methodology similar to that used by WorldClim was used, calculating the changes from the results of 
GCMs, interpolating them to the required resolution, and finally adding them to the data for the recent past. 
Five GCMs (UKESM1–0–LL, IPSL–CM6A–LR, GFDL–ESM4, MRI–ESM2–0, MPI–ESM1–2–LR) and three 
Shared Socioeconomic Pathways (SSP1–2.6, SSP3–7.0, SSP5–8.5) were used. Building upon the methodology of 
CHELSA, CanaryClim v1.021 is a dataset comprising the same 19 high-resolution bioclimatic variables adapted 
to the Canary Islands. This dataset, including historical (1979-2013) and future (2071–2100) periods, was gen-
erated through the downscaling of the CHELSA v1.2 model13,14 for precipitation and temperature. The creation 
of CanaryClim v1.0 involved using data from meteorological stations and bias adjustment was applied using 
B-spline interpolation22.

Although these datasets have contributed significantly to the generation of bioclimatic variables at a spatial 
resolution that can be applicable to studies in sensitive ecosystems, they still present some drawbacks in geo-
graphically complex regions where interpolation methods mask the heterogeneity of physical processes occur-
ring at the local scale. For example, bioclimatic patterns derived from WorldClim data seem more related with 
orography than with the actual climatic features of a mountainous region23. However, the results of dynamic cli-
mate regionalisations, based on mesoscale atmospheric models, are able to take into account some of these pro-
cesses and keep physically consistent relationships between the different meteorological variables. Furthermore, 
dynamic simulations must be performed with sufficient spatial resolution to account for the important effects of 
topography and different soil types. In previous studies5,24,25 the authors have shown that in the Canary Islands 
the climatic variables vary sharply with the topography, which, for this region, is not consistent with the assump-
tion that future changes vary smoothly over space.

This work introduces a unique dataset for the Canary Islands, called BICI–ULL (Bioclimatic Indicators in the 
Canary Islands by the ULL–GOTA). This dataset includes 53 biovariables derived from monthly temperature, 
precipitation, radiation, humidity, and wind speed averages over different periods calculated through dynamic 
regionalisation models. It uses boundary conditions from three global models (GFDL–ESM2M, IPSL–CM5A–
MR, and MIROC–ESM) across three periods (1980–2009, 2030–2059, 2070–2099) and two CMIP5 scenarios 
(Representative Concentration Pathway, RCP 4.5 and 8.5), with a spatial resolution of 3 × 3 km. This project 
aims to improve our understanding of climate and its impacts on small, isolated regions with diverse ecosystems, 
providing valuable insights for the scientific community to enhance their knowledge in this field.

Methods
Raw data.  The BICI−ULL dataset was generated from the monthly averaged series of temperature (at 2m 
from the surface), cumulative precipitation, humidity (at 2m from the surface), solar radiation (shortwave down-
welling net flux), and wind speed (at 10m from the surface) available at the ULL research data repository website. 
Data are uploaded in Sosa-Guillén et al.26. The characteristics of these data are specified below.

Data generation.  Regional climate simulations for the Canary Islands were conducted using the 
non-hydrostatic WRF model (WRF/ARW, v3.4.1) with a one-way triple nesting configuration, achieving a 
grid resolution of 3 × 3 km. The choice of WRF version and the selection of physical parameterisations were 
in line with prior studies in the same region27,28. Specifically, the chosen physics schemes encompassed the 
WRF double-moment 6-class microphysics scheme29, the Yonsei University planetary boundary layer scheme30, 
the Noah land surface model31, and the Community Atmosphere Model version 3 scheme32 for both long-
wave and shortwave radiation. Additionally, the Kain-Fritsch scheme33 was used for cumulus parameterisa-
tion in the two outer domains. In the innermost domain, such parametrisation was deactivated, obtaining a 
convection-permitting simulation. The vertical resolution was structured with 32 vertical levels, distributed 
unevenly and mainly concentrated near the Earth’s surface.

The boundary conditions driving the RCM simulations were obtained from three GCMs participating in 
the CMIP5 project, with their key attributes summarised in Table 1. From all the models that provide data to 
CMIP5, three were chosen that behaved adequately for the area of interest, based on the annual cycles and the 
simulation of the teleconnections34, and that provided, at the time the simulations started, all the necessary 
variables at the appropriate levels and with a time resolution of 6 hours. In addition, given the importance of 
sea surface temperature in the climate simulation on such small islands so close to a continent, it was taken into 
account that this variable was correctly defined in the study area and that there were no problems with the land 
and ocean masks.

In all instances, only the r1i1p1 realisation was used during the downscaling procedure. To assess projected 
changes, three different periods were simulated: the recent past (1980–2009), the middle (2030–2059), and the 
end of the twenty-first century (2070–2099). The simulations started one year before the target period (spin-up 
time) to mitigate the physical inconsistencies arising from the mismatch between the low-resolution GCM ini-
tial conditions and the high-resolution RCM, thus excluding that year from the analysis. For the future periods, 
two different scenarios for greenhouse gas concentration were considered, namely the CMIP5 representative 
concentration pathway 4.5 and 8.5 (RCP4.5 and RCP8.5)35. The data, therefore, are grouped in 30-year periods 
and for two different scenarios, similar to how they are presented in the previously mentioned databases, such as 
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WorldClim, CHELSA, or CanaryClim. This allows the analysis of the variability due to the three driving GCMs 
for each period. The reason for using these time periods, rather than continuous simulations from 1980 to 2099, 
and only three global models is the high computational cost of simulating at such high spatial resolution, which 
implies using a small simulation time step, specifically 12 seconds for the innermost domain. From the instanta-
neous values of the variables at these time intervals, the daily statistics (maximum, minimum, average) of some 
of the variables, such as temperature, humidity, wind, …, and the daily accumulated values of others, such as 
radiation or precipitation, are calculated at run time. Instantaneous and cumulative values are also stored hourly 
to study subdaily behaviours. From the daily values, monthly statistics are calculated and used as input data to 
compute the bioindices.

Bias adjustment.  Despite the continuous enhancement of Regional Climate Models (RCMs) in terms of com-
plexity and spatial resolution, the outcomes frequently exhibit discrepancies that can be assessed by comparing 
them with observed data36. These discrepancies often originate from the parent Global Climate Models (GCMs) 
that drive the RCMs. Hence, particularly in studies related to impact assessments, it is essential to implement a 
bias adjustment approach.

In this study, a specific bias adjustment technique known as the Scaled Distribution Mapping (SDM) algo-
rithm, designed to preserve trends, was used37. To implement this method, the SDM code was sourced from the 
Python pyCAT package (available at https://github.com/wegener-center/pyCAT38). Since gridded data for the 
Canary Islands are only available for temperature and precipitation, the reference data for the bias adjustment 
were taken from a previous high-resolution WRF simulation27 driven by ERA-Interim data. Therefore, these 
simulated data have been taken as a surrogate reality, instead of direct observations. Although the quality of the 
results of this reference simulation has been assessed in previous works27,39,40, some biases still remain, which 
will be propagated to the adjusted data.

Bioindicators input data.  Bioindicators are derived from the standard climate variables indicated in the 
Raw data section. These include: Mean, maximum, and minimum temperature (Tg, Tx, Tn), precipitation (Pr), 
shortwave downwelling net flux (Sr), relative humidity (Rh), and wind speed (Ws).

Initially, daily data for these variables are collected for each year within the designated period. Subsequently, 
monthly averages are computed (except for precipitation, where monthly accumulations are determined 
instead). This results in 12 data files for each year and for each climate variable. The input for calculating bioindi-
cators in the developed software includes monthly averaged values of these variables across all years considered. 
The workflow, depicted in Fig. 1, proceeds as follows: 

	 1.	 Daily data for each climatic variable is available for all months and years within the study period.
	 2.	 Monthly values are computed from the daily data for each year: 

•	 Monthly averages are calculated for mean, maximum, and minimum temperature, radiation, humidity, 
and wind speed.

•	 Monthly accumulations are calculated for precipitation.

	 3.	 Monthly values are then aggregated across years, resulting in an average for each month (e.g., all January 
values, all February values, …).

	 4.	 The final input consists of 7 sets (one for each variable, see Table 2) of 12 files each, corresponding to the 
mean values of the selected month over the entire period.

From this point onwards, the monthly average values for the specified period are indicated as “12 months”. 
These 7 × 12 files will be denoted by uppercase letters according to the variable: TG, TX, TN, PR, SR, RH, WS.

Bioclimatic indicators.  The definition of the 53 BICI–ULL bioindicators, which are summarised and out-
lined in Table 3, are listed below. They represent key aspects of temperature, precipitation, radiation, humidity, 
and wind speed in the Canary Islands. WorldClim11,12 serves as the reference dataset for the bioindicators 1–19 
(BIO1–19), whereas BIO44–53 relies on the CMCC-BioClimInd15 dataset. The remaining (BIO20–43) have been 
introduced in this study.

The intention is to provide a comprehensive description of each of these bioindicators, along with the proce-
dure used for their generation and associated units of measurement. These bioindicators provide unique insights 
into the climatic conditions of specific regions within the archipelago, thereby contributing to a more compre-
hensive assessment of their climatic environment.

GCM name Institution Resolution Reference

GFDL-ESM2M Geophysical Fluid Dynamics. Laboratory, USA. 2.5° × 2° Dunne et al.50

IPSL-CM5A-MR Institut Pierre Simon. Laplace, France. 2.5° × 1.25° Dufresne et al.51

MIROC-ESM The University of Tokyo, National Institute for Environmental Studies, 
and Japan Agency for Marine-Earth Science and Technology, Japan. 2.8° × 2.8° Watanabe et al.52

Table 1.  CMIP5 GCMs used as initial and boundary conditions in the downscaling experiments.
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BIO1 Annual mean temperature. This indicator has been calculated as the average of the mean temperature 
for the 12 months of the period (TG). The units associated with BIO1 are degrees Celsius (°C).

BIO2 Mean diurnal range. This indicator is defined as the difference between the maximum and minimum 
temperatures recorded in a specific period (TX, TN). It is obtained by calculating the average of the two climatic 
variables for the 12 months independently, followed by the subtraction of them. The mean diurnal range pro-
vides information about temperature variability and is measured in degrees Celsius (°C).

BIO3 Isothermality. Isothermality is defined as the ratio between the averaged diurnal range and the tem-
perature annual range for a specific period. This calculation has been performed as BIO2 / BIO7, multiplied by 
100. This index captures temperature fluctuations through the comparison of diurnal variability with seasonal 
variation. It is expressed as a percentage (%), and uses the variables of mean, maximum, and minimum temper-
ature (TG, TX, TN).

BIO4 Temperature Seasonality. Temperature seasonality is derived from the standard deviation of the mean 
temperature across the 12 months of the period (TG), multiplied by 100. This indicator quantifies the magnitude 
of temperature fluctuations throughout the year and is expressed in percentage (%).
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Fig. 1  Workflow to generate the bioindcators input. This scheme is executed for any of the climatic variables 
(Tg, Tx, Tn, Pr, Sr, Rh, or Ws) and for any period. Starting from 30 years of monthly data, these values are 
averaged per month, resulting in a set of 12 monthly averages spanning the entire period. Blue boxes represent 
TG, TX, TN, PR, SR, RH, or WS for the 12-month global period.
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BIO5 Maximum Temperature of Warmest Month. This indicator is obtained from the maximum tempera-
ture (TX). For each grid cell on the map, this value corresponds to the highest temperature across the 12 months. 
It provides insights into maximum extreme thermal conditions. It is calculated in degrees Celsius (°C).

BIO6 Minimum Temperature of Coldest Month. This indicator is obtained from the minimum tempera-
ture (TN). For each grid point, this value corresponds to the lowest temperature across the 12 months. It offers 
information about minimum extreme thermal conditions. It is calculated in degrees Celsius (°C).

BIO7 Temperature Annual Range. Using the maximum and minimum temperatures (TX, TN), this indi-
cator is defined as the difference between the maximum temperature of the warmest month and the minimum 
temperature of the coldest month, BIO5-BIO6. It serves as an indicator of fluctuations between monthly extreme 
temperatures and is expressed in degrees Celsius (°C).

BIO8 Mean Temperature of Wettest Quarter. For this indicator, the climatic variables of mean temperature 
and precipitation (TG, PR) are used. BIO8 represents the average of the mean temperature during the wettest 
quarter (the consecutive 3 months with the highest precipitation). The units associated with BIO8 are degrees 
Celsius (°C).

BIO9 Mean Temperature of Driest Quarter. For this indicator, the climatic variables of mean temperature 
and precipitation (TG, PR) are used. BIO9 represents the average of the mean temperature during the driest 
quarter (the consecutive 3 months with the lowest precipitation). The units associated with BIO9 are degrees 
Celsius (°C).

BIO10 Mean Temperature of Warmest Quarter. This indicator is based on the mean temperature (TG). 
BIO10 corresponds to the average of the mean temperature during the warmest quarter (the consecutive 3 
months with the highest mean temperature). The units associated with BIO10 are degrees Celsius (°C).

BIO11 Mean Temperature of Coldest Quarter. For this indicator, the mean temperature (TG) is used. 
BIO11 represents the average of the mean temperature during the coldest quarter (the consecutive 3 months 
with the lowest mean temperature). The units associated with BIO11 are degrees Celsius (°C).

BIO12 Annual Precipitation. This indicator is calculated as the sum of precipitation over the 12 months of 
the period. It is defined as the total amount of water an ecosystem receives throughout a year. The units associ-
ated with BIO12 are millimeters (mm), and it uses the climatic variable of precipitation (PR).

BIO13 Precipitation of Wettest Month. This indicator is derived from precipitation (PR). For each grid cell, 
the value corresponding to the highest precipitation within the 12 months is obtained. It represents the greatest 
amount per month of precipitated water recorded in the year and is calculated in millimeters (mm).

BIO14 Precipitation of Driest Month. This indicator is obtained from precipitation (PR). For each grid 
point, the value corresponding to the lowest precipitation within the 12 months is obtained. It represents the 
smallest amount per month of precipitated water recorded in the year and is calculated in millimeters (mm).

BIO15 Precipitation Seasonality. Precipitation seasonality is derived as the ratio between the standard devi-
ation and the mean of the precipitation across the 12 months of the entire period (PR), multiplied by 100. To 
avoid divisions by zero, 1 mm has been added to the denominator. This indicator measures the magnitude of 
precipitation changes throughout the year and is expressed in percentage (%).

BIO16 Precipitation of Wettest Quarter. This indicator uses precipitation (PR). BIO16 represents the sum 
of precipitation during the wettest quarter (the consecutive 3 months with the highest precipitation). The units 
associated with BIO16 are millimeters (mm).

BIO17 Precipitation of Driest Quarter. This indicator uses precipitation (PR). BIO17 corresponds to the 
accumulated precipitation during the driest quarter (the consecutive 3 months with the lowest precipitation). 
The units associated with BIO17 are millimeters (mm).

BIO18 Precipitation of Warmest Quarter. For this indicator, the climatic variables of mean temperature 
and precipitation (TG, PR) are used. BIO18 represents the accumulated precipitation during the warmest quar-
ter (the consecutive 3 months with the highest mean temperature). The units associated with BIO18 are milli-
meters (mm).

BIO19 Precipitation of Coldest Quarter. For this indicator, the climatic variables of mean temperature and 
precipitation (TG, PR) are used. BIO19 corresponds to the accumulated precipitation during the coldest quarter (the 
consecutive 3 months with the lowest mean temperature). The units associated with BIO19 are millimeters (mm).

Name Short definition Acron. Unit

Mean temperature The monthly mean of daily mean temperature averaged to the whole period TG °C

Maximum temperature The monthly mean of daily maximum temperature averaged to the whole period TX °C

Minimum temperature The monthly mean of daily minimum temperature averaged to the whole period TN °C

Precipitation The monthly accumulated of daily precipitation averaged to the whole period PR mm

Solar Radiation The monthly mean of daily mean shortwave downwelling net flux averaged to the whole period SR W m−2

Relative Humidity The monthly mean of daily relative humidity averaged to the whole period RH %

Wind Speed The monthly mean of daily mean wind speed averaged to the whole period WS m s−1

Table 2.  List of the standard climate variables used as input in the code to obtain the BICI−ULL dataset. The 
first column records the standard climate variable names, the second column provides a brief definition, the 
third column specifies the acronym, and the fourth column details the units. 
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Bioindicator number Short definition Unit Climatic variables used

BIO1 Annual Mean Temperature °C TG

BIO2 Mean Diurnal Range °C TX, TN

BIO3 Isothermality % TG, TX, TN

BIO4 Temperature Seasonality % TG

BIO5 Max Temperature of Warmest Month °C TX

BIO6 Min Temperature of Coldest Month °C TN

BIO7 Temperature Annual Range °C TX, TN

BIO8 Mean Temperature of Wettest Quarter °C TG, PR

BIO9 Mean Temperature of Driest Quarter °C TG, PR

BIO10 Mean Temperature of Warmest Quarter °C TG

BIO11 Mean Temperature of Coldest Quarter °C TG

BIO12 Annual Precipitation mm PR

BIO13 Precipitation of Wettest Month mm PR

BIO14 Precipitation of Driest Month mm PR

BIO15 Precipitation Seasonality % PR

BIO16 Precipitation of Wettest Quarter mm PR

BIO17 Precipitation of Driest Quarter mm PR

BIO18 Precipitation of Warmest Quarter mm TG, PR

BIO19 Precipitation of Coldest Quarter mm TG, PR

BIO20 Annual Mean Radiation W m−2 SR

BIO21 Radiation of the Highest Insolation Month W m−2 SR

BIO22 Radiation of the Lowest Insolation Month W m−2 SR

BIO23 Mean Radiation of Wettest Quarter W m−2 PR, SR

BIO24 Mean Radiation of Driest Quarter W m−2 PR, SR

BIO25 Mean Radiation of Warmest Quarter W m−2 TG, SR

BIO26 Mean Radiation of Coldest Quarter W m−2 TG, SR

BIO27 Radiation Seasonality % SR

BIO28 Annual Mean Humidity % RH

BIO29 Humidity of Most Humid Month % RH

BIO30 Humidity of Least Humid Month % RH

BIO31 Mean Humidity of Wettest Quarter % PR, RH

BIO32 Mean Humidity of Driest Quarter % PR, RH

BIO33 Mean Humidity of Warmest Quarter % TG, RH

BIO34 Mean Humidity of Coldest Quarter % TG, RH

BIO35 Humidity Seasonality % RH

BIO36 Annual Mean Wind Speed m s−1 WS

BIO37 Wind Speed of Windiest Month m s−1 WS

BIO38 Wind Speed of Least Windy Month m s−1 WS

BIO39 Mean Wind Speed of Wettest Quarter m s−1 PR, WS

BIO40 Mean Wind Speed of Driest Quarter m s−1 PR, WS

BIO41 Mean Wind Speed of Warmest Quarter m s−1 TG, WS

BIO42 Mean Wind Speed of Coldest Quarter m s−1 TG, WS

BIO43 Wind Speed Seasonality % WS

BIO44 Mean Temperature of Wettest Month °C TG, PR

BIO45 Mean Temperature of Driest Month °C TG, PR

BIO46 Mean Temperature of Warmest Month °C TG

BIO47 Mean Temperature of Coldest Month °C TG

BIO48 Simplified Continentality Index °C TG

BIO49 Ellenberg Quotient °C mm−1 TG, PR

BIO50 Sum of Annual Temperature °C TG

BIO51 Modified Thermicity Index °C TG, TX, TN

BIO52 Potential Evapotranspiration Hargreaves mm TX, TN

BIO53 Potential Evapotranspiration Thornthwaite mm TG

Table 3.  List of the bioclimatic indicators employed in the development of the BICI–ULL dataset. The first 
column records the bioclimatic indicator number, the second column provides a brief definition, the third 
column specifies the units, and the fourth column details the climatic variables used to derive the bioindicator 
(with the acronyms listed in Table 2).

https://doi.org/10.1038/s41597-024-04134-x


7Scientific Data |         (2024) 11:1323  | https://doi.org/10.1038/s41597-024-04134-x

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

BIO20 Annual Mean Radiation. This indicator is calculated as the average of the solar radiation over the 
12 months of the period (SR). It is defined as the mean amount of radiation an ecosystem receives throughout a 
year. The units associated with BIO20 are W m−2.

BIO21 Radiation of the Highest Insolation Month. This indicator is derived from radiation (SR). For each 
grid point, the value corresponding to the highest radiation within the 12 months is obtained. It represents the 
greatest amount of monthly mean incident radiation recorded in the year and is calculated in W m−2.

BIO22 Radiation of the Lowest Insolation Month. This indicator is obtained from radiation (SR). For each 
grid cell, the value corresponding to the lowest radiation within the 12 months is obtained. It represents the 
smallest amount of monthly mean incident radiation recorded in the year and is calculated in W m−2.

BIO23 Mean Radiation of Wettest Quarter. For this indicator, the climatic variables of radiation and pre-
cipitation (SR, PR) are used. BIO23 represents the average radiation during the wettest quarter (the consecutive 
3 months with the highest precipitation). The units associated with BIO23 are W m−2.

BIO24 Mean Radiation of Driest Quarter. For this indicator, the climatic variables of radiation and precip-
itation (SR, PR) are used. BIO24 corresponds to the average radiation during the driest quarter (the consecutive 
3 months with the lowest precipitation). The units associated with BIO24 are W m−2.

BIO25 Mean Radiation of Warmest Quarter. For this indicator, the climatic variables of radiation and 
mean temperature (SR, TG) are used. BIO25 represents the average radiation during the warmest quarter (the 
consecutive 3 months with the highest mean temperature). The units associated with BIO25 are W m−2.

BIO26 Mean Radiation of Coldest Quarter. For this indicator, the climatic variables of radiation and mean 
temperature (SR, TG) are used. BIO26 corresponds to the average radiation during the coldest quarter (the con-
secutive 3 months with the lowest mean temperature). The units associated with BIO26 are W m−2.

BIO27 Radiation Seasonality. Radiation seasonality is determined by the ratio between the standard devia-
tion and the mean of the incident radiation across the 12 months of the entire period (SR), multiplied by 100. This 
indicator measures the magnitude of radiation changes throughout the year and is expressed in percentage (%).

BIO28 Annual Mean Humidity. This indicator is calculated as the average of the mean relative humidity 
over the 12 months of the period (RH). It is defined as the mean amount of humidity an ecosystem exhibits 
throughout a year. The units associated with BIO28 are expressed in percentage (%).

BIO29 Humidity of Most Humid Month. This indicator is derived from relative humidity (RH). For each 
grid point, the value corresponding to the highest humidity within the 12 months is obtained. It represents the 
highest amount of humidity recorded in the year and is calculated in percentage (%).

BIO30 Humidity of Least Humid Month. This indicator is obtained from relative humidity (RH). For each 
grid cell, the value corresponding to the lowest humidity within the 12 months is obtained. It represents the 
lowest amount of humidity recorded in the year and is calculated in percentage (%).

BIO31 Mean Humidity of the Wettest Quarter. For this indicator, the climatic variables of relative humid-
ity and precipitation (RH, PR) are used. BIO31 represents the average humidity during the wettest quarter 
(the consecutive 3 months with the highest precipitation). The units associated with BIO31 are expressed in  
percentage (%).

BIO32 Mean Humidity of the Driest Quarter. For this indicator, the climatic variables of relative humidity 
and precipitation (RH, PR) are used. BIO32 corresponds to the average humidity during the driest quarter (the 
consecutive 3 months with the lowest precipitation). The units associated with BIO32 are expressed in percent-
age (%).

BIO33 Mean Humidity of the Warmest Quarter. For this indicator, the climatic variables of relative humid-
ity and mean temperature (RH, TG) are used. BIO33 represents the average humidity during the warmest 
quarter (the consecutive 3 months with the highest mean temperature). The units associated with BIO33 are 
expressed in percentage (%).

BIO34 Mean Humidity of the Coldest Quarter. For this indicator, the climatic variables of relative humidity 
and mean temperature (RH, TG) are used. BIO34 corresponds to the average humidity during the coldest quar-
ter (the consecutive 3 months with the lowest mean temperature). The units associated with BIO34 are expressed 
in percentage (%).

BIO35 Humidity Seasonality. Humidity seasonality is determined by the ratio between the standard devia-
tion and the mean of the relative humidity across the 12 months of the entire period (RH), multiplied by 100. This 
indicator measures the magnitude of humidity changes throughout the year and is expressed in percentage (%).

BIO36 Annual Mean Wind Speed. This indicator is calculated as the average of the wind speed over the  
12 months of the period (WS). The units associated with BIO36 are meters per second (m s−1).

BIO37 Wind Speed of Windiest Month. This indicator is derived from wind speed (WS). For each grid 
point, the value corresponding to the highest wind speed within the 12 months is obtained. It is calculated in 
meters per second (m s−1).

BIO38 Wind Speed of Least Windy Month. This indicator is obtained from wind speed (WS). For each 
grid point, the value corresponding to the lowest wind speed within the 12 months is obtained. It is calculated 
in meters per second (m s−1).

BIO39 Mean Wind Speed of Wettest Quarter. For this indicator, the climatic variables of wind speed 
and precipitation (WS, PR) are used. BIO39 represents the average wind speed during the wettest quarter  
(the consecutive 3 months with the highest precipitation). The units associated with BIO39 are meters per  
second (m s−1).

BIO40 Mean Wind Speed of Driest Quarter. For this indicator, the climatic variables of wind speed 
and precipitation (WS, PR) are used. BIO40 corresponds to the average wind speed during the driest quarter  
(the consecutive 3 months with the lowest precipitation). The units associated with BIO40 are meters  
per second (m s−1).
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BIO41 Mean Wind Speed of Warmest Quarter. For this indicator, the climatic variables of wind speed and 
mean temperature (WS, TG) are used. BIO41 represents the average wind speed during the warmest quarter 
(the consecutive 3 months with the highest mean temperature). The units associated with BIO41 are meters per 
second (m s−1).

BIO42 Mean Wind Speed of Coldest Quarter. For this indicator, the climatic variables of wind speed and 
mean temperature (WS, TG) are used. BIO42 corresponds to the average wind speed during the coldest quarter 
(the consecutive 3 months with the lowest mean temperature). The units associated with BIO42 are meters per 
second (m s−1).

BIO43 Wind Speed Seasonality. Wind speed seasonality is determined by the ratio between the standard 
deviation and the mean of the wind speed across the 12 months of the entire period (WS), multiplied by 100. To 
prevent divisions by zero, 1 has been added to the denominator. This indicator measures the magnitude of wind 
speed changes throughout the year and is expressed in percentage (%).

BIO44 Mean Temperature of Wettest Month. This indicator is derived from the mean temperature and pre-
cipitation (TG, PR). For each grid point, the value corresponding to the average temperature of the wettest month 
(the month with the highest precipitation) is obtained. The units associated with BIO44 are degrees Celsius (°C).

BIO45 Mean Temperature of Driest Month. This indicator is obtained from the mean temperature and pre-
cipitation (TG, PR). For each grid point, the value corresponding to the average temperature of the driest month 
(the month with the lowest precipitation) is obtained. The units associated with BIO45 are degrees Celsius (°C).

BIO46 Mean Temperature of Warmest Month. This indicator is derived from the mean temperature (TG). 
For each grid point, the value corresponding to the average temperature of the warmest month (the month with 
the highest mean temperature) is obtained. The units associated with BIO46 are degrees Celsius (°C).

BIO47 Mean Temperature of Coldest Month. This indicator is obtained from the mean temperature (TG). 
For each grid cell, the value corresponding to the average temperature of the coldest month (the month with the 
lowest mean temperature) is obtained. The units associated with BIO47 are degrees Celsius (°C).

BIO48 Simplified Continentality Index. This climatic indicator is used to assess the temperature change 
between the warmest and coldest seasons and is obtained from the mean temperature (TG). It is calculated by 
subtracting the mean temperature of the warmest month from that of the coldest month, BIO46-BIO47. The 
units associated with BIO48 are degrees Celsius (°C).

BIO49 Ellenberg Quotient. Following the definition provided by Ellenberg, 196341, this indicator is defined 
relating the temperature of the warmest month to the annual precipitation. BIO49 uses the climatic variables of 
mean temperature and precipitation (TG, PR). The ratio between these two indicators (BIO46 / BIO12) is calcu-
lated and multiplied by 1000, expressed in degrees Celsius per millimeter (°C mm−1).

BIO50 Sum of Annual Temperature. This indicator, defined in Noce et al.15, is calculated as the sum of  
the monthly mean temperature (TG) for all months of the year. The units associated with BIO50 are degrees 
Celsius (°C).

BIO51 Modified Thermicity Index. This indicator is defined based on Rivas-Martinez et al.42 and the mod-
ification made in Noce et al.15, where BIO51 is understood as the sum of the annual mean temperature (BIO1), 
the maximum temperature of the warmest month (BIO5), and the minimum temperature of the coldest month 
(BIO6). The unit associated with BIO51 is degrees Celsius (°C), and the climatic variables of mean, maximum, 
and minimum temperature (TG, TX, TN) are used for its computation.

BIO52 Potential Evapotranspiration Hargreaves. This indicator computes the potential evapotranspira-
tion (PET) based on the definition outlined in Hargreaves et al.43 and Hargreaves et al.44. PET is calculated for 
each individual month, and then, to determine the bioclimatic indicator, the annual accumulation is computed. 

Model Period RCP File name

GFDL-ESM2M

1980 – 2009 — bio1_GFDL_HIST_1980_2009.nc

2030–2059
4.5 bio1_GFDL_45_2030_2059.nc

8.5 bio1_GFDL_85_2030_2059.nc

2070–2099
4.5 bio1_GFDL_45_2070_2099.nc

8.5 bio1_GFDL_85_2070_2099.nc

IPSL-CM5A-MR

1980–2009 — bio1_IPSL_HIST_1980_2009.nc

2030–2059
4.5 bio1_IPSL_45_2030_2059.nc

8.5 bio1_IPSL_85_2030_2059.nc

2070–2099
4.5 bio1_IPSL_45_2070_2099.nc

8.5 bio1_IPSL_85_2070_2099.nc

MIROC-ESM

1980–2009 — bio1_MIROC_HIST_1980_2009.nc

2030–2059
4.5 bio1_MIROC_45_2030_2059.nc

8.5 bio1_MIROC_85_2030_2059.nc

2070–2099
4.5 bio1_MIROC_45_2070_2099.nc

8.5 bio1_MIROC_85_2070_2099.nc

Table 4.  Example of file labeling. File names are provided for the BIO1 case. The first column indicates the 
model used to drive the downscaling simulations, the second column specifies the period, the third column 
denotes the RCP if applicable (the historical period is indicated by the acronym HIST), and the fourth column 
specifies the proposed filename.
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BIO52 uses the climatic variables of maximum and minimum temperature (TX, TN) and is expressed in milli-
meters (mm).

BIO53 Potential Evapotranspiration Thornthwaite. This indicator calculates the potential evapotranspira-
tion (PET) using the definition proposed by Thornthwaite, 194845. PET is calculated for each individual month, 
and then, to determine the bioclimatic indicator, the annual accumulation is computed. BIO53 employs the 
climatic variable of mean temperature (TG) and is expressed in millimeters (mm).

Data Records
The complete BICI–ULL dataset is available through the research data repository of the University of La Laguna 
in Sosa-Guillén et al.26. It consists of 795 files in NetCDF4 format with a grid cell resolution of 3 × 3 km covering 
the region of the Canary Islands. The files represent 53 bioclimatic indicators calculated in 30-year intervals for 
the periods: 1980–2009, 2030–2059, and 2070–2099, under the Representative Concentration Pathway (RCP) 
scenarios RCPs 4.5 and 8.5. The non-hydrostatic WRF model, with boundary conditions from three global mod-
els (see Table 1), was used to perform the simulations. The grid dimensions are (186 × 77), with 14322 points 

Fig. 2  Annual mean temperature of BICI–ULL dataset for the historical period along with its corresponding 
absolute change in different future scenarios, all for the simulations driven by the IPSL–CM5A–MR global 
model. Top panel: BIO1 for the period 1980–2009 in degrees Celsius (°C). Bottom panels: Absolute changes in 
BIO1 between the historical period (1980–2009) and the periods: (a) 2030–2059 RCP 4.5, (b) 2030–2059 RCP 
8.5, (c) 2070–2099 RCP 4.5, (d) 2070–2099 RCP 8.5.
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in total. It covers a longitude range of 18.3°W to 13.3°W and a latitude range of 27.5°N to 29.6°N, although the 
biovariables are only calculated for land cells. The name for all variables in the files is set for each bioindicator as 
shown in Table 3. The files comply with the conditions of the CF conventions for climate and forecast metadata 
designed to promote the processing and exchange of files created with the netCDF4 Application Programmer 
Interface.

The names associated with each file follow the format: biox_model_rcp_yini_yend.nc. Here, x represents the 
number of the climatic indicator; model makes reference to the Global Circulation Model used as initial and 
boundary conditions for the regionalsation simulations and can be GFDL, IPSL, or MIROC, depending on 
whether it corresponds to GFDL–ESM2M, IPSL–CM5A–MR, or MIROC–ESM, respectively; the rcp indicates 
the forcing scenario, RCP 4.5 or RCP 8.5, or it will be defined as ‘HIST’ in the case of the historical period. 
Finally, yind and yend represent the years of the period, with ini identifying the first year of the period and end 

Fig. 3  Scatter plot comparing the main biovariables (BIO1, 12, 28, and 36) between BICI–ULL and the Digital 
Interactive Atlas for the Canary Islands46. The red color is associated with the GFDL–ESM2M, black with 
IPSL–CM5A–MR, and blue with MIROC–ESM model driven simulations for the recent past period. Squares, 
triangles, and dots represent the values obtained for BICI–ULL biovariables at each land grid point compared 
to those obtained in Atlas. The lines in each plot are the linear fits for each simulation, and the legend shows the 
associated equation in each case and the Pearson coefficient.
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identifying the last year. In Table 4, an example of labeling for the first bioclimatic variable (BIO1) is shown, and 
the same scheme is followed for the remaining.

In Fig. 2, the annual mean temperature changes for the IPSL-CM5A-MR WRF model driven simulation 
and for the two considered periods and scenarios are shown. This image is an example of data representa-
tion obtained in this study. Expected temperature increases are highly dependent on elevation, being milder in 
coastal areas, which are more influenced by the ocean. This fact is very relevant for studies related to the distri-
bution of some species in this region, since a mere vertical displacement of these species may not be feasible, as 
climatic variables vary differently depending on the topography.

Fig. 4  Box plot comparing the main biovariables (BIO1, 12, 28, and 36) between BICI–ULL and the Digital 
Interactive Atlas of the Canary Islands46. The absolute error given is with respect to the dataset based on 
observations (Atlas), except for the case of annual cumulative precipitation, where reference is made to relative 
error. The color red is associated with the simulation driven by the GFDL–ESM2M model, black with IPSL–
CM5A–MR, and blue with MIROC–ESM. The boxes extend from the first quartile (Q1) to the third quartile 
(Q3) of the data within the considered range. The black line inside the boxes represents the median of the data. 
The whiskers extend from the boxes by a factor of 1.5 within the inter-quartile range (IQR between Q1 and Q3). 
Black circular points are outliers, and the orange horizontal line is associated with 0, where the data are equal for 
both datasets, meaning BICI–ULL  = Atlas, indicating no absolute or relative errors.
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Technical Validation
In order to evaluate the uncertainties of this dataset obtained from the results of the dynamic regionalisation 
simulations carried out for the Canary Islands region, these indices have been compared with their equivalents 
obtained either from observations or from other existing datasets.

Comparison of BICI-ULL with the Digital Interactive Atlas for the Canary Islands.  In this case, 45 
out of the 53 biovariables obtained from the original data of the Climatic Atlas of the Canary Islands46 (performed 
by Physical Geography and Environment Group (GFyMA) of the University of Las Palmas de Gran Canaria) were 
compared with the BICI–ULL dataset.

The Climatic Atlas of the Canary Islands (hereafter, Atlas) includes temperature (minimum, maximum, and 
mean), precipitation, relative humidity, and wind speed variables obtained from meteorological stations in the 
Canary Islands. Variables related to radiation were excluded from the comparison, as the Atlas lacks this varia-
ble and instead includes information on cloudiness. The dataset covers 50 years and has undergone correction 
and debugging processes (filtering and homogeneity adjustment) before entering the interpolation phase, per-
formed using a multiple linear interpolation enriched with geographical information. Further details regarding 
the methodology employed in this work can be found in Luque Söllheim et al.47.

The resolution of the Atlas is 100 × 100 meters for all variables, whereas the data used to obtain the BICI–
ULL has a resolution of 3 × 3 km. Therefore, the resolution was degraded from 100 × 100 m to 3 × 3 km 
through the Climate Data Operators (CDO) using the conservative interpolation technique48.

One noteworthy aspect is that in this Atlas, the series for minimum, maximum, and mean temperatures 
cover the period 1991–2020. Meanwhile, for precipitation, the start dates of the analysis differ for each of the 
islands. Thus, the series for the islands of La Palma, El Hierro, and Tenerife begin in 1975, for the island of La 
Gomera it starts in 1980, and for the three eastern islands in 1970; all concluding in 2020. For relative humidity, 
the period analysed is 1991–2020 for the islands of Tenerife and Gran Canaria, while for the remaining, the years 
1991–2018 are studied. Finally, the considered period for wind speed ranges from 2001 to 2020. However, for 
the data used to obtain the BICI–ULL variables, the historical period of 1980–2009 is used, leading to an initial 
discrepancy between the analysis dates in the datasets.

For each of the biovariables, scatter plots like those shown in Fig. 3 were generated. Specifically, these plots 
present the results related to biovariables 1, 12, 28, and 36, corresponding to annual mean temperature, cumu-
lative precipitation, relative humidity, and wind speed. These biovariables represent fundamental indicators, 
corresponding to the original variables. As observed, a high correlation is obtained for BIO1 and 12, always 
exceeding r = 0.85. For BIO36 and 28, the correlation coefficient is above 0.73. It is important to note that for 
wind speed, there are only 8 overlapping years for the periods used in Atlas and in BICI–ULL. Scatter plots for 
all biovariables, except for radiation, are presented and discussed in the Supplementary Information. 

Figure 4 displays box plots comparing the two datasets for all the land grid points. In general, the results 
show a similar behaviour, although discrepancies are present, which can be attributed, in addition to the limi-
tations of the simulations themselves and the bias adjustment method used, to various factors explained below.

Interpolating data is inherently challenging when comparing climatic data. The Atlas is generated through 
an interpolation that carries initial uncertainties, and further interpolation is applied to reduce resolution. 
In geographical regions characterised by high spatial variability, such as coastal or mountainous areas, the 

Fig. 5  Scatter plots comparing the main biovariables (BIO1 & 12, left and right, respectively) between 
WorldClim 2.0 and the Digital Interactive Atlas for the Canary Islands46. Blue dots represent the values obtained 
for WorldClim 2.0 biovariables at each pixel compared to those obtained in Atlas.
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interpolation process results in data degradation that must be taken into account. The proposed resolution in 
this work (3 x 3 km), results in terrain representation that may lead to steps up to 600 meters between neighbor-
ing cells in orographically complex areas. This fact conditions the accuracy of the models to represent the phys-
ical processes in that area. Therefore, in the steeper regions, where these altitude gradients are more important, 
it is expected that appreciable discrepancies will appear between the observed and modeled values, especially in 
variables such as temperature. A similar argument can be applied to those grid cells that include coastal zones. 
The resolution of the numerical model causes that the physical processes simulated in these pixels cannot be 
accurately resolved, which introduces uncertainties in the values obtained for the different climatic variables. 
Thus, the largest differences, of up to two degrees Celsius, occur in the higher regions (colder areas) and in the 
coast (the warmer zones). A similar situation occurs for humidity, even more pronounced due to the quasi 
permanent thermal inversion present in this region of the Atlantic, which determines the low humidity values 
registered in the upper areas of the islands.

From the results shown, it is also worth noting that precipitation exhibits larger differences between the two 
datasets as rainfall decreases. As the differences are expressed in percentages, the largest differences appear in areas 
with low precipitation, although they correspond to relatively low absolute differences. In general, the results of 
the three simulations slightly underestimate the observed precipitation and overestimate the average wind speed.

Comparison of WorldClim 2.0 Dataset with the Digital Interactive Atlas for the Canary 
Islands.  One of the most widely used databases worldwide is WorldClim11,12. However, despite its relevance, 
a direct comparison between BICI–ULL and WorldClim has not been performed in this work, since, as will be 
shown below, it does not provide as accurate data for precipitation as the other analysed databases. Therefore, to 
take into account the behavior of WorldClim against observational data in the Canary Islands, this section com-
pares this dataset with the Climatic Atlas of the Canary Islands.

WorldClim 2.0 was used at its maximum resolution (30 arc-seconds) for the recent past period (1970–2000). 
The analysis focused on biovariables 1 and 12 (Fig. 5), the most relevant variables available in WorldClim 2.0. 

Fig. 6  Changes between BICI–ULL and CanaryClim v1.021 in the zonal average of BIO1, BIO2, and BIO12 
corresponding to the transect indicated on the map for projected changes at the end of the 21st century. For 
BICI–ULL, data correspond to WRF simulations driven by the IPSL–CM5A–MR model using the RCP8.5 
scenario. For CanaryClim v1.0, data correspond to IPSL–CM6A–LR in the SSP585 scenario. Hgt indicates 
terrain height in meters above sea level as considered in the corresponding dataset (masl). ΔBIO1 represents the 
change in annual mean temperature, ΔBIO2 indicates the change in mean temperature diurnal range, and Ratio 
BIO12 refers to the annual precipitation ratio. Latitude ranges from 28.0°N to 28.41°N and the central longitude 
is 16.58°W.

https://doi.org/10.1038/s41597-024-04134-x


1 4Scientific Data |         (2024) 11:1323  | https://doi.org/10.1038/s41597-024-04134-x

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

Temperature seems to exhibit a very similar behaviour to that of Atlas, while precipitation does not follow the 
same pattern. For grid points with higher precipitation, a noticeable difference is observed, as WorldClim 2.0 
fails to reproduce the relationship between precipitation and orography. The precipitation range is approximately 
between 100 and 500 mm for WorldClim 2.0, whereas the Atlas shows precipitation exceeding 1300 mm in 
some areas. This discrepancy arises from the fact that WorldClim uses only 7 different observational sites in the 
Canary Islands11, and none of them are located in the westernmost islands (El Hierro, La Palma, and La Gomera) 
which are among the rainiest in the archipelago. For instance, the island of La Palma has an average annual rain-
fall of 1000 mm in the highest areas.

Comparison of BICI-ULL with CanaryClim v1.0 datasets.  As indicated previously, a dataset known 
as CanaryClim v1.021 has been recently published for the Canary Islands region, based on the methodology used 
for CHELSA13,14 and characterised by a high spatial resolution (of the order of a hundred meters). This dataset 
presents very similar values to those of the Atlas for the recent past (comparison not shown), since both were 
produced from observations, although with slightly different interpolation methods. However, CanaryClim also 
provides data related to climate projections, which can be compared with those obtained in this study.

To highlight the importance of orography in this region, zonal averages have been performed. In particular, 
a transect has been selected on the island of Tenerife as depicted in Fig. 6. This island, the largest of the archipel-
ago, was selected due to its orography, since this allows us to highlight the spatial inhomogeneities, such as the 
effect of the altitude or the differences between the southern and northern areas, the latter being more exposed 
to the trade winds. The study was conducted using the WRF simulation driven by the IPSL–CM5A–MR model 
for BICI–ULL and the data obtained from IPSL–CM6A–LR for CanaryClim v1.0. The plots represent the differ-
ence between the end-of-century projections (2070–2099 in BICI–ULL and 2071–2100 in CanaryClim v1.0) and 
the historical period (1980–2009 in BICI–ULL & 1979–2013 in CanaryClim v1.0) for temperature biovariables 
(BIO1 and BIO2), as well as the ratio between these periods for BIO12. The zonal mean terrain elevation for that 
transect is also plotted.

Fig. 7  Maps of projected changes in the Canary Islands of BIO1, BIO2, and BIO12 (from top to bottom) at 
the end 21st century for BICI–ULL (left panels) and CanaryClim v1.021 (right panels), corresponding to the 
scenarios RCP8.5 and SSP585, respectively. ΔBIO1 represents the change in annual mean temperature, ΔBIO2 
indicates the change in mean temperature diurnal range, and Ratio BIO12 refers to the annual precipitation 
ratio. The simulations are based on the IPSL–CM5A–MR WRF model for BICI–ULL and the IPSL–CM6A–LR 
for CanaryClim v1.0.
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Additionally, Fig. 7 displays maps of future change (differences or ratios) for these biovariables across the 
Canary Islands. The findings indicate that the biovariables obtained from dynamic models (BICI–ULL) exhibit 
changes in biomarkers with altitude, whereas CanaryClim v1.0 suggests a uniform change, not dependent on 
the elevation of the grid point or on slope orientation, due to the low resolution of the data used to calculate the 
future changes. In addition, this low resolution and the independent consideration of the variables in the case 
of CanaryClim results in the loss of the physical relationships between the different variables. For example, the 
daily temperature range, BIO2, is influenced by many factors, including cloud cover, aerosols, precipitation, 
height of the planetary mixing layer, land cover type, etc.49 A previous study27 has shown that, in the Canary 
Islands, future raise in daily temperature range will be mainly influenced by a decrease in precipitation, which 
implies lower soil moisture and, therefore, a decrease in evaporative cooling. Thus, Fig. 6 shows that, for the 
BICI–ULL data, the biovariable BIO2 increases to a greater extent in the higher elevations, where the decrease 
in precipitation is stronger (BIO12). In GCMs the grid size is so large that each cell in the island’s area is mainly 
composed of the sea, so the effect of changes in soil moisture are negligible.

For numerous biological or ecological studies, such as predicting the future likelihood of a species presence 
in a specific region of the Canary Islands, to understand how climate change depends on the topography is cru-
cial. Databases based on a large number of observations, such as Atlas and CanaryClim, are a good starting point 
for studies for the recent past. However, for the estimation of future changes in areas with complex topography, 
the use of climate projections of much higher resolution than that of current GCMs would be desirable in order 
to consider the dependence of the expected changes on land features.

Usage Notes
Besides data sources for the dataset presented in this manuscript, data from further climate simulations can be 
integrated, e.g. additional data for the same region at a higher resolution can be obtained through interpolations 
that take into account the terrain’s topography and specific properties of the Canary Islands. For any questions, 
suggestions or request of collaboration regarding BICI–ULL please contact the corresponding author.

Code availability
All the BICI–ULL calculations were conducted exploiting NetCDF4 data manipulation and analysis tools. CDO 
(Climate Data Operators), Python, and bash language were used as principal environments. Commands and 
scripts are available through the ULL research data repository website in Sosa-Guillén et al.26.
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