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Abstract

Predicting changes in species distributions under climate change requires high-
quality climate projections. In this case study of coastal British Columbia, we prepare
and evaluate two sets of climate data - a priori bias corrected and non bias corrected
dynamically downscaled historical projections of Community Earth System Model 2
simulations. We compare these datasets with downscaled ERAS reanalysis focusing
on commonly used inputs to species distribution models (SDM), namely, bioclimatic
(BIOCLIM) variables and climate extreme indices. Our results show improvements
for mean BIOCLIM variables when a priori bias correction is applied. However, mod-
est improvements are observed in terms of variability and extreme indices. Overall,
our findings suggest that a priori bias corrected dynamically downscaled climate pro-
jections provide more accurate input to SDMs, and thus can improve the reliability of
these important ecological models.

Introduction

Coastal ecosystems harbor biodiversity and provide a number of important ecosys-
tem services, including fisheries production, water filtration, coastal protection, and
carbon storage, all of which depend on the species that inhabit these ecosystems [1—
4]. There is growing evidence that these ecosystems are adversely impacted by cli-
mate change along with other human stressors [4]. To study how these ecosystems
may change in the future, researchers and practitioners commonly employ species
distribution models (hereafter SDM), which predict species distribution based on the
relationship between species occurrence patterns and environmental variables using
various statistical and machine learning techniques [5]. Although SDMs are now
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mainstream tools in ecology, biogeography, and, conservation planning and manage-
ment, the performance and accuracy of SDM predictions can vary widely because

of their strong dependance on the quality of environmental and climate data used

as inputs [6-8]. Given that SDMs require high-resolution datasets, ecological mod-
ellers often use interpolated or statistically downscaled global datasets like World-
Clim2 [9] or ‘ Climatologies at High resolution for the Earth’s Land Surface Areas’
(CHELSA, [10]). However, these data may differ substantially from more accurate
regional downscaling efforts, potentially compromising the prediction of current and
future species distributions [11].

The main predictors used in SDMs for coastal species are climate variables,
including surface temperature and precipitation, which play a key role in determin-
ing species geographic range limits and distributions [12,13]. While marine species
respond primarily to oceanic conditions, many coastal species respond to and rely on
both oceanic and atmospheric environmental conditions, including intertidal species
like marine plants and seaweeds and coastal migratory species like sea birds, seals,
sea turtles and other amphibians [14—17]. In the eighties, Nix [18] defined a special
set of climate indices, called bioclimatic (BIOCLIM) variables, that capture a range
of climate conditions linked to species distribution patterns. This set of 19 variables
is still widely used for the development of SDMs with slight modifications [19]. BIO-
CLIM variables capture annual and seasonal means, ranges, and seasonality of
temperature and precipitation separately and together [20,21].

Assessing the impact of climate change on species is becoming more impor-
tant for better planning of conservation and risk management. Climate change not
only shifts average climate regimes, but also exacerbates the frequency, duration,
and intensity of extreme weather and climate events [22]. These mean changes
and extreme event occurrences can drive species redistribution [23—-25] and even
extinction if suitable conditions disappear [26]. Yet, despite their importance extreme
events have often been overlooked in SDM studies [27,28]. Recently, however
researchers and practitioners have called attention to this gap [29] and found ways to
incorporate them in ecological modeling [30—33].

Global Earth System Models (ESMs) participating in Coupled Model Inter-
Comparison Project 6 (CMIP6; [34]) are widely used to understand the future
changes in large-scale climate across the globe [35]. For regional impact and policy
studies, these projections are downscaled either dynamically, using a physics-based
numerical model [36], or statistically, using empirical relationships between variables
in historical data [37,38]. Especially in the regions where orography plays a major
role or in coastal regions, like the Pacific Northwest, mesoscale feedbacks are impor-
tant and dynamical downscaling is able to impose important local-scale characteris-
tics and refine coarse-resolution projections. [39,40]. Regional climate models, used
for dynamical downscaling, better resolve the regional features and hence are sup-
posed to simulate more accurate projections [36]. But, inherent biases in ESMs prop-
agate into dynamically downscaled regional projections [41,42] making them unreli-
able for impact and adaptation studies. Over the years various bias correction meth-
ods have been proposed to improve climate projections [43]. In the case of dynamical
downscaling, bias correction can be applied before (a priori) or after downscaling.
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A priori bias correction aims to reduce the biases from the original ESM before dynamical downscaling, which is found to
result in better high-resolution climate projections [44,45].

In this case study, we quantify the added value of a priori bias correcting a dynamically downscaled dataset over
coastal British Columbia in the context of SDMs. We compare dynamically downscaled a priori bias corrected and non
bias corrected historical projections with observed reanalysis dataset and present the added value using BIOCLIM vari-
ables and extreme indices. Our results show that a priori bias corrected dynamically downscaled data of mean BIOCLIM
variables compare better to observations and provide more accurate input to SDMs which is expected to enable more
realistic species projections.

Data and methods
Study region

The coast of British Columbia, Canada, spans a distance of almost 1000 km in a straight line, but its actual shoreline

is much longer (more than 26000 km) due to a complex geography of fjords, inlets, headlands, islands, and beaches,
encompassing diverse oceanographic and ecosystem features [46]. The unique combination of oceanography, geo-
morphology, and hydrology of coastal British Columbia or Canada’s Pacific coast forms the complex and rich habitat for
diverse coastal and terrestrial species. This coastal region comprises four marine bioregions, the Northern Shelf, South-
ern Shelf, Offshore Pacific, and Strait of Georgia, and one terrestrial ecozone, the Pacific Maritime (see Fig 1b). Each of
these ecoregions is characterised by rich biodiversity with a set of unique flora and fauna, for more details, refer to [47—
50]. These regions are also particularly vulnerable to the impacts of climate change due to their proximity to the North-
eastern Pacific, where significant temperature increases are projected [51]. Thus it is imperative to understand the poten-
tial future ecosystem changes along coastal British Columbia which in-turn necessitates reliable high resolution climate
projections for the region.

WREF configuration

We employed the Weather Research and Forecasting (WRF) model version 4.2.1 [52] to downscale climate projec-
tions. The domain setup included two nested domains with grid spacings of 36 and 12 km over the British Columbia
coast (Fig 1a) and 38 vertical levels. WRF is a non-hydrostatic mesoscale modeling system which is extensively used for
research and operational forecasting with demonstrative use cases for regional climate downscaling along the west coast
of North America [53,54]. Following the guidelines from [40,55] and [56], we used the physics options listed in Table 1 to
downscale climate simulations.

Spectral nudging with wavenumber 3 was applied in both directions to the outer domain (D1) for temperature, horizon-
tal winds, geopotential, and humidity above the boundary layer to avoid internal model drift. We used a nudging coeffi-
cient 0.00005 for humidity and 0.0003 for the remaining variables [63]. The lateral boundary conditions were updated at
6-hourly intervals and the model was initialized each year on August 1st and run through to August 31st of the following
year following the method outlined in [64]. The first month from each run was discarded as a spin-up and the remaining
data - from September 1st to August 31st - are stitched together across years to create a continuous time series cover-
ing the period from September 1st 1979 to August 31st 2014. Subsequent analysis was conducted over the full calendar
years from 1980 to 2013.

Numerical experiments

Using the WRF setting described above, we performed three sets of numerical downscaling experiments for this case
study. To validate the WRF setup, we downscaled reanalysis provided by the European Centre for Medium-Range
Weather Forecasts (ECMWF) ERAS5 [65], (WRF_ERAS hereafter). We downloaded ERAS5 data from Copernicus Climate
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Fig 1. Map of study area showing WRF domains and different ecoregions. a. WRF domains employed for downscaling. Orange dots show loca-
tions of stations used for evaluation of WRF simulations. Shading shows the orographic model elevation in meters. b. Zoomed part of coastal British
Columbia (shown in red box in panel a) to show locations of four marine bioregions, i.e., Offshore Pacific (blue), Strait of Georgia (green), Southern
Shelf (pink) and Northern Shelf (beige), and, a terrestrial ecozone, Pacific Maritime (outlined by purple boundary). Basemap from Natural Earth (public
domain). Marine bioregions and a terrestrial ecozone are plotted using Federal Marine Bioregions and Terrestrial Ecoprovinces of Canada shapefiles
dataset. Data - https://open.canada.ca/data/en/dataset/23eb8b56-dac8-4efc-be7c-b8fal1ba62e9#wb-cont; https://open.canada.ca/data/en/dataset/
98fa7335-fbfe-4289-9a0e-d6bf3874b424#wb-cont. Terms - https://open.canada.ca/en/open-government-licence-canada.

https://doi.org/10.1371/journal.pclm.0000717.g001
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Table 1. List of physics options used in WRF downscaling.

Microphysics 1.5-moment 6-class Thompson microphysics scheme [57]

Cumulus Grell-Freitas Ensemble Scheme [58]

Land surface Noah—MP Land Surface Model [59]

Surface layer Revised MM5 Scheme [60]

Planetary boundary layer Yonsei University Scheme [61]

Longwave and shortwave radiation | Rapid Radiative Transfer Model for GCMs Shortwave and
Longwave Schemes [62]

https://doi.org/10.1371/journal.pclm.0000717.t001

Change Services’s Climate Data Store at 1° or 100km resolution to have as similar a grid to CESM2 as possible. We com-
pared daily minimum temperature, maximum temperature, and precipitation from 984 stations located across the WRF
domain (see Fig 1a) to the WRF_ERAS. The quality controlled station data was obtained from Global Historical Climatol-
ogy Network Daily (GHCNd) database (version 3.1) archived at National Centers for Environmental Information [66]. After
validating WRF_ERAS5, we considered this dataset as historical reference and used it to compute various biases.

We downscaled one ensemble member (r11i1p1f1) from the Community Earth System Model 2 (CESM2) [67] histor-
ical simulations in the CMIP6 dataset using two approaches: directly downscaling of the raw data (WRF_CESM2) and
downscaling the data following a priori bias correction (WRF_CESM2_BC), as described in next section. These exper-
iments, aimed to elucidate the added value of a priori bias correction, are summarized in Table 2. These WRF experi-
ments (with D2 domain of size 210 longitude by 228 latitude gridpoints) took approximately 28 hours to run each simula-
tion year using 80 computation cores (i.e. CPUs) on the Niagara parallel computing cluster provided by Digital Research
Alliance of Canada. Thus to run three sets of simulations, each one of 35 years, 2,35,200 core-hours i.e. approximately 27
core-years of computation was utilised.

Bias correction method

Before dynamical downscaling, we employed a simple mean-state bias correction to the CESM2 dataset, which is then
used as initial and boundary condition for the regional WRF simulations. Our correction followed a simple procedure sim-
ilar to that used in [68]. We chose this simple mean-state bias correction to minimize drastic alterations to the model data
and to avoid introducing potential dynamical inconsistencies [45,69,70]. We first applied a 91 days rolling mean in order
to remove the high frequency variability. We decomposed each variable into two parts: mean climatology (1980-2013) and
the anomaly from this climatology.

Model = Model, ..., + Model, o, (1)

ERAS5 = ERA56an + ERA5om, 2)

Table 2. Details of numerical downscaling experiments.

Experiment Boundary forcing (resolution) Bias correction applied Output resolution
WRF_ERA5 ERA5 (1°) No 12 km
WRF_CESM2 CESM2 (1°) No 12 km
WRF_CESM2_BC CESM2 (1°) Yes 12 km

https://doi.org/10.1371/journal.pclm.0000717.t002
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Then we regrided the ERAS data, i.e., ERA5,,.,, onto the CESM2 grid using bilinear interpolation and calculated the
biases as the difference between the two means.

Bias = Modelean — ERAScan» (3)
This bias was then subtracted from the model data to obtain the mean-state bias corrected values.
Modelgc = Model — Bias = ERAS,c, + Model noms (4)

To address diurnal bias patterns we applied this procedure at an interval of 6 hours, i.e., separately for timesteps at
which lateral boundary conditions are provided (at 00, 06, 12, and 18 UTC). In this way, at each grid point, we bias cor-
rected core climate variables, namely temperature, moisture, horizontal winds, and sea surface temperature.

Calculation of added value

We first calculated climate statistics of each dataset as time mean and interannual standard deviation to represent clima-
tological mean and variability. The interannual standard deviation is calculated as the square root of the variance, where
the variance is the mean of the squared deviations of annual values from their multiyear mean. In the second step, we
evaluated added values for each of the climate statistics using the metrics explained in the following lines. Simple Added
Value (AV) can be calculated by subtracting the distance between WRF_CESM2 and WRF_ERAS5 from the distance
between WRF_CESM2_BC and WRF_ERADS [71]. Here we used the Root Mean Square Error (RMSE) as a distance met-
ric. AVs calculated in this way can vary significantly from variable to variable. For better comparison of AV among vari-
ables, we normalised the absolute values by dividing with the sum of the distances as in the following equation [72].

— Rgc

normalised AV = ————=
R+ Rge

where,
R = RMSE(WRF_ERA5, WRF_CESM2)
Rgc = RMSE(WRF_ERA5, WRF_CESM2_BC)

Another metric we employed to quantify the overall AV is the sign AV [72]. It is the percentage of grid points which
shows positive AV.

N,
sign AV = 100 WD (6)

where,
Np = Number of grid points where[D — Dg¢] > 0
D = |WRF_CESM2 — WRF_ERAS5|
Dgc = |WRF_CESM2_BC — WRF_ERAS5|
N = Total number of grid points

Together these metrics provide concise information about AV over the region; normalised AV provides overall quanti-
tative improvement and sign AV provides spatial information i.e. are observed improvements spread across the region or
are concentrated in pockets. Larger values represents better results for both the metrics.
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Details about BIOCLIM variables and extreme indices used in this study are given in S1 Table and S2 Table respec-
tively. Please note we analysed three additional biologically relevent variables along with the standard BIOCLIM variables;
also described in S1 Table. We used python library named xclim to calculate these variables from standard climate vari-
ables [73]. Finally, we calculated the normalised AV and sign AV for all the BIOCLIM variables and extreme indices for the
entire domain D2 as well as the four marine ecoregions and a terrestrial coastal ecozone along the British Columbia coast
(see section Study region, Fig 1b).

Results
Evaluation of WRF_ERA5

The Fig 2 depicts the evaluation of WRF_ERAS against the GHCNd station observations over the study domain for years
1980-2013. We used bilinear interpolation to get WRF data at the station location. Panels a to ¢ of Fig 2 show the scat-
ter plots of observed and WRF_ERAS daily minimum temperature for the whole year as well as summer and winter sea-
sons respectively. WRF_ERA5 minimum temperature is positively biased with a mean warm bias of 1.49°C for the sum-
mer season and negatively biased for the winter with a mean cold bias of -0.48°C. On the other hand, maximum temper-
ature by WRF_ERADS shows a consistent cold bias for the whole year as well as both the seasons (Panels d-f of Fig 2).
When considered for the entire year or all seasons, the maximum temperature shows a mean cold bias of -1.99° C, while
the minimum temperature shows mean warm bias of 0.37°C (Panels a and d of Fig 2). Warm bias for minimum temper-
atures and cold bias for maximum temperatures suggest that the model has some difficulties in capturing both ends of
the diurnal temperature range, resulting in an overall diurnal variation that is too weak. WRF_ERAS5 simulated daily pre-
cipitation shows good agreement with station observations as illustrated by the density histograms in panels g-i of Fig 2.
WRF_ERAS simulates wet annual (0.16 mm/day) bias with summer bias (0.40 mm/day) larger than winter bias (0.07 mm/
day).

To further understand the spatial distribution of these errors, we plotted annual RMSE, Pearson Correlation Coefficient
(CC) and bias at each station as shown in Fig 3. Most of the stations have RMSE of less than 2°C for minimum and max-
imum temperatures (Fig 3a, 3d) and less than 4 mm/day for precipitation (Fig 3g) but some stations show larger RMSEs
for precipitation in coastal regions. The same is reflected in CC; more than 0.8 CC is observed at most of the stations for
maximum and minimum temperature values but for precipitation CC range between 0.2 to 0.8 (Fig 3b, 3e, 3h). In terms
of bias (Fig 3c, 3f, 3i) precipitation shows a scattered pattern with a mix of relatively small wet and dry biases. Minimum
temperature has a tendency towards cold biases for northern stations and warm biases for southern stations, whereas
maximum temperature shows an overall cold bias. Temperature biases appear smaller in coastal regions as opposed to
inlands. Overall most of the time WRF_ERADS values show reasonable agreement with observations. To check robust-
ness of the results to the method used for comparing data from station locations and WRF_ERADS grid points, we spatially
aggregated the station data to the 12-km WRF_ERAS grid (i.e., averaging the stations that share the same grid point as
the nearest neighbor) and found negligible impact on the evaluation results. In the next section, we compare the down-
scaled historical climate simulations with WRF_ERAS.

Evaluation of climatology biases

In this section we analyse the biases of the CESM2 input data and of the two downscaled experiments. CESM2 data
has an original nominal horizontal resolution of 1° and is interpolated to the WRF_ERADS grid using bilinear interpolation
to calculate temperature and precipitation biases. The spatial distribution of climatological mean temperature in Fig 4a
shows clearly the expected south-to-north and elevation gradient with lower temperatures at higher latitudes and eleva-
tions. Panels b to d of Fig 4 show the bias of CESM2, WRF_CESM2 and WRF_CESM2_BC with WRF_ERAS. CESM2
exhibits a warm bias over most of the region with a pronounced positive bias over mountain regions ranging between 4
to 6 °C (Fig 4b) which can be attributed to the differences in model terrain resolution between CESM2 and WRF. CESM2
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PLOS Climate | https://doi.org/10.1371/journal.pclm.0000717 February 13, 2026 8/ 20



https://doi.org/10.1371/journal.pclm.0000717.g002
https://doi.org/10.1371/journal.pclm.0000717

RMSE Pearson CC Bias

g )
'E . /£ *' ¥

39N /

48°N ®
%&l{ .
o) ’\'4’ -:

Tmax (°C)
] &
B R

39°N

54°N

Precipitation (mm/day)
& 8 8

@
e
z

126°W  123°W  120°W  117°W  114°W  111°W  108°W  105°W 126°W  123°W  120°W  117°W  114°W  111°W  108°W  105°W 126°W  123°W  120°W  117°W  114°W  111°W  108°W  105°W

T < IS a0 T

0 3 6 9 12 15 18 02 03 04 05 06 0.7 08 09 -6 -4 -2 0 2 4

Fig 3. Evaluation of WRF_ERAS5 using station observations. (a, d, g) RMSE, (b, e, h) Pearson correlation coefficient and (c, f, i) bias of WRF_ERA5
with observed values at each station for (a-c) minimum temperature (d -f) maximum temperature and (g-i) precipitation. Basemap from Natural Earth
(public domain).

https://doi.org/10.1371/journal.pclm.0000717.9g003
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https://doi.org/10.1371/journal.pclm.0000717.9g004

shows positive bias over the oceanic region as well, with warmer bias over the northwest corner of the domain. Dynam-
ically downscaled CESM2, i.e., WRF_CESM2, utilizes the same model terrain as WRF_ERA5 and hence shows reduc-
tion in biases over most of the land region. However, the oceanic bias remains the same (Fig 4c) indicating persistence of
systematic bias of CESM2 in downscaled product. A priori bias correction applied to WRF_CESM2_BC is further able to
significantly reduce the biases present in WRF_CESM2 as shown in Fig 4d.

The spatial distribution of climatological mean precipitation of WRF_ERAS (Fig 4e) exhibits the orographic peak pre-
cipitation over the mountainous region along the coast, Haida Gwaii archipelago, and Vancouver Island. Due to low res-
olution, CESM2 cannot resolve the true orography and shows large dry bias over these regions (Fig 4f). WRF_CESM2
resolves most of these smaller-scale topographic biases (Fig 4g) but some widespread biases persist. WRF_CESM2_BC
shows further improvements (Fig 4h); although it exhibits slight dry bias along the Coast mountains, biases are reduced
to below +1 mm/day across the domain. We also considered the mean of daily minimum temperature, maximum tem-
perature and maximum 5-day and 10-day accumulated precipitation (S1 Fig and S2 Fig). For these quantities as well
WRF_CESM2_BC alleviates the biases present in WRF_CESM2. In short, WRF_CESM2_BC represents historical mean
climatologies better than WRF_CESMZ2. In the following we will explore how these improvements in mean translate into
added value for BIOCLIM and extreme indices.
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Added value of a priori bias correction - BIOCLIM variables

Fig 5a and 5b shows the normalised and sign AV for mean BIOCLIM variables over the entire domain and five ecore-
gions of coastal British Columbia. Majority of BIOCLIM variables show positive normalised AV and more than 50% sign
AV, demonstrating benefits of a priori bias correction. Improvements seen are not uniform across different regions. The
Strait of Georgia, Southern Shelf marine bioregion and Pacific Maritime terrestrial ecozone show positive normalised val-
ues for the highest number of BIOCLIM variables (17 out of 22 in each region), while the Northern Shelf bioregion sees
improvement with positive normalised AV for the smallest total number of BIOCLIM variables, which is still 13 out of 22
variables.

In terms of variables, isothermality has the highest number of negative normalised AVs. On the other hand, 8 variables,
namely, annual mean temperature, annual mean diurnal range, minimum temperature of coldest month, mean temper-
ature of wettest quarter, precipitation of driest month, precipitation of wettest quarter, heating degree days and growing
degree days, showed improvements over all the regions in terms of normalised AV.

Sign AV shown in Fig 5b expresses similar results, where most of the time positive normalised AV also has more than
50% value for sign AV. But sometimes even though normalised AV is positive less than 50% of the grid points show
improvements. For example, the normalised AV value for precipitation of wettest quarter over the whole, i.e., All domain,
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Fig 5. Added value for mean BIOCLIM variables. a. Normalised AV and b. Sign AV for climatological mean of WRF_CESM2_BC over WRF_CESM2
for various BIOCLIM indices over different ecoregions.

https://doi.org/10.1371/journal.pclm.0000717.9005

PLOS Climate | https://doi.org/10.1371/journal.pclm.0000717 February 13, 2026 11/ 20



https://doi.org/10.1371/journal.pclm.0000717.g005
https://doi.org/10.1371/journal.pclm.0000717

PLOK. Climate

is 0.26 but the sign AV is only 36.1% meaning few points show large improvements but many other points don’t. We
also observe cases where modest positive value of normalised AV corresponds to 100% sign AV, implying incremental
improvements are spatially spread, e.g., case of mean temperature of wettest quarter for Strait of Georgia. The charts
of the sign AV and normalised AV in Fig 5, illustrate that WRF_CESM2_BC provides better climatological means of BIO-
CLIM variables than WRF_CESM2. S3 Fig is similar to Fig 5 but depicts variability, i.e., interannual standard deviation
of BIOCLIM variables. Contrary to the case of mean, the variability of BIOCLIM variables shows no or slight added value
from bias correction by WRF_CESM2_BC which is likely due to the nature of simple bias correction, that is focused on
correcting the mean state and not the variability of climate simulation.

S4 Fig shows the normalised and sign AVs of downscaling without bias correction, i.e., added value of WRF_CESM2
over CESM2 for mean BIOCLIM variables. As expected, most variables show positive normalized AV and more than 50%
sign AV with most noticeable improvements observed for precipitation-related variables with many of them showing 100%
sign AV (S4 Fig). More variables show higher positive normalized values and more than 50% sign AVs in S4 Fig than in
Fig 5. Unlike S3 Fig where slight or no added value is observed by a priori bias correction for interannual variability of
BIOCLIM variables, S5 Fig shows notable improvements from downscaling alone, with many variables showing positive
normalised AV and more than 50% sign AV.

Added value of a priori bias correction - extreme indices

We further examined the AVs for extreme temperature and precipitation indices depicted in Fig 6. Most of the indices
show positive normalised AV value (Fig 6a) but this is not reflected in the sign AV chart (Fig 6b). Dry and wet spell indices
perform better than hot and cold spell indices (Fig 6b) over many regions except the Pacific Maritime ecozone. For the
wet spell frequency index all the regions showed positive normalised AV and more than 50% sign AV. Inconsistency
between normalised AV and sign AV is conspicuous in case of hot and cold spell indices for the northern shelf bioregion
as well as All domain and can likely be explained by the few locations with large added value but larger areas of slightly
reduced AV. S6 Fig shows similar AV charts for variability of extreme indices. Akin to BIOCLIM variables, extreme indices
also show no or negligible improvements from bias correction in terms of standard deviation. Mean BIOCLIM variables
show clear ameriolations because of a priori bias correction in WRF_CESM2_BC, but the extreme indices show mixed
signals depending on variable and region.

We examined the added value of downscaling for mean of extreme indices in S7 Fig where all variables show positive
normalized AV and most variables show more than 50% sign AV. Similarly, S8 Fig shows added value of WRF_CESM2
over CESM2 for interannual standard deviation of extreme indices. Here we observe that downscaling improves interan-
nual standard deviation of all dry and wet spell indices and many cold spell indices. In essence, downscaling improves
both the mean and standard deviation of extreme indices.

In summary, a priori bias correction applied in WRF_CESM2_BC produces better climate simulation with improvements
in mean climatologies of standard variables like temperature, precipitation and the BIOCLIM variables. On the other hand
little to no added value is observed for mean climatology of extreme indices as well as standard deviation of all the vari-
ables. Overall, for mean as well as interannual standard deviation of BIOCLIM variables and extreme indices, benefits
of dynamical downscaling alone (S4 Fig, S5 Fig, S7 Fig, S8 Fig) are more than additional benefits of a priori bias cor-
rection (Figs 5 and 6, S3 Fig and S6 Fig). However, a priori bias correction further enhances the benefits of dynamical
downscaling.

Discussion

In this case study, we examined the value of a priori bias correcting dynamically downscaled data for application to eco-
logical SDMs. Specifically, we compared downscaled reanalysis with downscaled historical simulations of an ensemble
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Fig 6. Added value for mean extreme indices. a. Normalised AV and b. Sign AV for climatological mean of WRF_CESM2_BC over WRF_CESM2 for
various extreme indices over different ecoregions.

https://doi.org/10.1371/journal.pclm.0000717.g006

member of CESM2 over coastal British Columbia. For mean climatologies of standard variables like temperature, precipi-
tation and biologically relevant BIOCLIM indices, we showed that a priori bias corrected downscaled projections are better
than non bias corrected counterparts. Most BIOCLIM indices showed an overall positive added value of a priori bias cor-
rection, with improvements observed in majority of the grid points across all ecoregions. Although the benefits of a priori
bias correction have been known for more than a decade [68], this has only recently been used to generate datasets [45,
74]. These studies mainly discussed benefits in terms of basic climate variables and processes, whereas in this study, we
show improvements for a variety of ecologically relevant variables.

Improvements in mean climate variables from a priori bias correction, as shown in this study, have important implica-
tions for ecological modeling in regions like coastal British Columbia, where complex topography and coastal geomor-
phology interact to create microclimates that differ from broader climate trends [75]. Many marine and terrestrial species
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in coastal environments have sharp physiological thresholds for temperature and moisture [76—79], which are likely to

be better captured by high-resolution, a priori bias corrected datasets. We also reckon that a priori bias corrected down-
scaled atmospheric data when used as surface forcing for ocean models would produce better ocean simulations which
in turn would provide better inputs for oceanic SDMs. Improved representation of local climate conditions is expected to
lead to more realistic SDM predictions, especially in fjords, narrow inlets, or island archipelagos where coarse datasets
often miss key environmental gradients. This spatial precision may be particularly valuable for identifying potential climate
refugia and priority areas for climate-smart conservation strategies [80].

Although a priori bias correction has improved the mean of BIOCLIM variables, we found marginal improvements for
the mean of extreme indices and interannual variability; which is likely due to the simple mean bias correction technique
that we utilize. Other studies have used the 'time-varying delta’ method of bias correction to correct mean biases while
maintaining high-resolution variability [81]. These studies also suggest the need to explore other combinations of bias cor-
recting and downscaling methods to improve the interannual variability and frequency of extreme events [82]. We sur-
mise that more sophisticated bias correction techniques like quantile mapping could improve the interannual variabil-
ity [83]. However, when selecting the bias correction method, it is important to avoid introducing inconsistencies among
input variables used for downscaling. Improvements in extreme indices could be achieved by mean-variance-trend bias
correction [84] as shown in [85].

While our study demonstrates the added value of a priori bias correction using a single ensemble member from one
ESM, it would be valuable to extend this proof of concept to a broader range of models. Given that most ESMs exhibit
some degree of systemic bias, we hypothesize that a priori bias correction could be beneficial across models. However,
the extent of improvement will likely vary depending on the magnitude and characteristics of each model’s inherent bias.
For instance, models with pronounced diurnal bias patterns might benefit from time-of-day dependent bias correction;
however, our study showed marginal improvement from such considerations using CESM2. Furthermore, in this study,
the added value due to a priori bias correction of the inputs to dynamical downscaling is modest when compared to that of
just downscaling alone, suggesting that prominent biases in CESM2 are due to its lower resolution and dynamical down-
scaling can partially compensated significant biases over coastal British Columbia. However, for other ESMs or regions
that may have higher biases or whose biases are due to reasons other than resolution, it is possible that the results would
differ. This motivates further studies, with more ESMs having a range of biases over this and other regions.

Although bias correction provides additional benefits, it requires observational data with sufficiently high temporal res-
olution. Furthermore, our study demonstrates that dynamical downscaling alone offers substantial advantages, highlight-
ing that downscaling can still be useful for environmental applications when bias correction is not feasible. Ideally, some
analysis of ESM outputs should be carried out before deciding on a downscaling and bias correction method. When down-
scaling future climate projections, it is common to use large ensembles of different climate models and multiple scenarios
to assess uncertainty. To limit the computational cost of dynamical downscaling in ensemble applications, after bias cor-
recting the coarse-resolution inputs, novel approaches have been developed that combine dynamical downscaling with
generative Al to efficiently estimate uncertainty bounds of downscaled climate projections [86].

High-quality input data are a critical component of SDMs and warrant careful consideration during selection. Seo et al. [87]
showed that coarse resolution climate projections impair the quality of biological SDM outputs whereas Berio Fortini et
al. [11] demonstrated that statistically downscaled climate data also possess some problems like difficulties in replicating
local fine-scale temperature and precipitation patterns and large uncertainty between datasets based on method used for
downscaling. Therefore, many researchers advocate for dynamical downscaling, while recognizing that dynamically down-
scaled data can also retain certain flaws, such as preserving original ESM biases. However, our study for coastal British
Columbia demonstrates that a priori bias correction can effectively address these biases. At the same time, we acknowl-
edge that while constructing real time SDMs, ecologists may need even higher spatial resolution (on the order of a few
hundred meters to kilometers) to map species distributions.
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In practice, the choice of climate inputs for SDMs often involves a trade-off between data quality and feasibility. For
ecologists working in topographically complex regions or focusing on species with narrow environmental tolerances,
investing in high-resolution, bias-corrected data may be critical for accurately capturing species’ current distributions,
range edges, and fine-scale distributional shifts. Especially in heterogeneous landscapes and climate sensitive environ-
ments, we encourage ecologists and conservation practitioners to seek collaborations with atmospheric scientists and
regional climate modelers to access or co-develop tailored downscaled datasets. These interdisciplinary partnerships can
help bridge the gap between climate modeling and ecological application.

Given resource constraints and limited climate modelling expertise among ecologists, comprehensive bias correction
and dynamical downscaling are not always feasible. In such cases, when practitioners rely on statistical downscaling or
directly use ESM output as inputs to SDMs, we recommend carefully selecting the ESM considering its inherent biases
and errors and clearly communicating them to stakeholders. However, where possible, our findings suggest that a pri-
ori bias corrected dynamically downscaled data can serve as better input to SDMs for more reliable predictions. Overall,
to advance the use of more accurate inputs to SDMs in future, we recommend fostering interdisciplinary collaborations
between physical climate scientists and ecologists, to ensure the best possible data are used.
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