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Abstract
Climate-impact assessments increasingly use high-resolution climate forcing, often assuming that
finer spatial detail improves impact projections. Yet this assumption has rarely been tested sys-
tematically across impact sectors, regions, and forcing variables. Here we use coordinated simu-
lations from 16 impact models participating in the Inter-Sectoral Impact Model Intercomparison
Project to evaluate how increasing forcing resolution from 60 km to 10 km, 3 km, and 1 km affects
both climate-input accuracy and impact-model performance. We find that most gains occur when
moving from 60 km to 10 km resolution. Further refinement to 3 km and 1 km yields smaller and
less consistent benefits, and in some cases degrades performance. Improvements are strongest for
temperature-sensitive models and in topographically complex regions, where finer forcing better
captures spatial gradients. By contrast, precipitation-driven models and low-relief regions show
weaker and less systematic gains. These results challenge the expectation that ever-finer climate
forcing necessarily improves impact modelling. Instead, the value of resolution depends on the
forcing variable, sector, region, and process representation of the impact model. Benchmarking
resolution choices against impact-model performance, rather than climate-input accuracy alone, is
therefore essential for designing efficient and decision-relevant climate-impact assessments.

1. Introduction

Climate change is progressing rapidly and poses seri-
ous risks to both natural ecosystems and human soci-
eties (Chen et al 2021, Lee et al 2023). To assess these
risks, climate impactmodels are widely applied across
multiple sectors, including agriculture (Jágermeyr
et al 2021), forestry (Reyer et al 2014, Lawrence et al
2022), terrestrial biodiversity (Cramer et al 2001,
Habibullah et al 2022), hydrology (Goderniaux et al
2011, Woolway et al 2021, Wang et al 2025), energy
(Isaac and van Vuuren 2009, Zapata et al 2022),
water quality (Jones et al 2025), labor (Dasgupta et al
2021) and human health (Caminade et al 2014, Smith
et al 2024). These models are inherently complex,
integrating a wide range of biophysical and socio-
economic processes. As a result, they carry substantial
uncertainty, which is further amplified when driven
by inherently complex future climate scenarios.

To address and disentangle these uncertainties
and enhance the comparability of results, interna-
tional initiatives such as the Inter-Sectoral Impact
Model Intercomparison Project (ISIMIP) (Frieler
et al 2017) provide harmonized protocols and stan-
dardized input datasets to facilitate inter-model and
cross-sectoral comparisons. This approach is inspired
by practices from the climate modeling community,
where coordinated model intercomparison projects
like CMIP (Meehl et al 2000, 2007) have long used
ensembles of simulations to assess uncertainty and
model performance (Eyring et al 2016). However,
truly interdisciplinary climate impact assessments
that integrate models from multiple sectors under
common forcing conditions are still in their infancy
(Harrison et al 2016, Schipper et al 2021, Frieler
et al 2024), despite increasing evidence that climate
impacts are interconnected and often occur simulta-
neously across different ecosystems (Zscheischler et al

2018, Ciscar et al 2019, Ridder et al 2020, Pfenning-
Butterworth et al 2024).

An important but often overlooked source of
uncertainty in climate impact modeling stems from
the discrepancy between the resolution of climate
input data and the spatial scale at which impacts
occur. Many impact models operate at coarse spa-
tial resolutions (e.g. 0.5◦ or 50 km at the equa-
tor), which can mask fine-scale climatic variability,
particularly in heterogeneous or mountainous ter-
rain. This mismatch can significantly affect simu-
lations of components of ecosystem dynamics such
as water fluxes (Wada et al 2016), forest carbon
fluxes (Harris et al 2021), growing seasons (McMaster
and Wilhelm 1997), and species migration dynamics
(Engler and Guisan 2009, Zani et al 2023). For exam-
ple, climate data averaged over large grid cells may
lead to inaccurate estimates of local temperature and
precipitation, which are critical drivers of ecological
processes.

Several sector-specific studies have already
demonstrated that the spatial resolution of climate
forcing data can substantially influence model out-
comes, including for agriculture (Mearns et al 2001),
biodiversity (Randin et al 2009, Seo et al 2009, König
et al 2021), vegetation dynamics (Hickler et al 2012),
hydrology (Hattermann et al 2017, Aerts et al 2022,
Kumar et al 2022), including snow-specific processes
(Magnusson et al 2019, Barnhart et al 2024), and
climate variability (Karger et al 2023). However,
a comprehensive, cross-sectoral analysis of spatial-
scale effects using consistent climate input data has
been lacking. A major barrier to such studies is the
inconsistent application and, in some cases, lim-
ited availability of high-resolution climate forcing
data across impact sectors and geographic regions.
Models are often run only at one resolution or rely on
regionally tuned downscaling approaches that vary in
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methodology and coverage (Wood et al 2004, Keller
et al 2022).

To address this gap, globally standardized, high-
resolution climate datasets are needed. While coarse-
resolution standardized data products are already
available and widely used, for example within
the ISIMIP framework (Lange 2019, Cucchi et al
2020), kilometer-scale standardized datasets are still
scarce due to the computational challenges of run-
ning global climate models at such fine resolution
(Dipankar et al 2015, Schär et al 2019). Current high-
resolution simulations are limited by throughput
constraints of even the most powerful supercomput-
ers (Fuhrer et al 2018, Schulthess et al 2018, Neumann
et al 2019, Bottazzi et al 2024). Available datasets and
experimental setups are often restricted in spatial
extent (Sun and Lan 2021, Baño-Medina et al 2022,
Raffa et al 2023), limiting comprehensive analyses of
spatial-scale effects.

Substantial research has addressed the challenge
of reducing computational cost and runtime for
downscaling. Less computationally demanding alter-
natives to dynamical downscaling include statistical
downscaling and interpolation of observational and
reanalysis data (Tabios and Salas 1985,Daly et al 1997,
Thornton et al 1997, Reder et al 2025). However,
observation-based interpolation methods often suf-
fer from spatially uneven station densities (Briggs
and Cogley 1996, Schneider et al 2014, Kidd et al
2017, Berndt et al 2018), which can distort model
outputs. Downscaling reanalysis data using methods
that correct for terrain and bias can offer a more
consistent and scalable solution (Karger et al 2017,
2021).

In this study, we investigate how and to what
extent the spatial resolution of climate forcing data
affects the performance of climate impact models.
Within the ISIMIP3a framework, we conducted stan-
dardized simulations using the CHELSA-W5E5 v1
climate data (Karger et al 2023) at four spatial reso-
lutions (30′′, 90′′, 300′′, and 1800′′, corresponding to
roughly 1, 3, 10, and 60 km) across 16 impact mod-
els from five different sectors (regional forest, regional
water, lakes, biomes, and labor) with each model set
up according to its sector-specific ISIMIP3a protocol
(Frieler et al 2024). A map illustrating the geographic
extent of impact model simulations across different
regions and sectors is provided in figure 1. For each
model and sector, we assess both the accuracy of the
climate forcing data (precipitation and temperature)
and the agreement betweenmodel outputs and obser-
vational data across the range of resolutions, with par-
ticular focus on how terrain complexity influences the
results. This work contributes to the broader goal of
enhancing transparency, comparability, and robust-
ness in climate impact assessments, and aims to pro-
vide practical guidance on the scientific value of high-
resolution forcing data.

2. Methods

2.1. Climate forcings and experiments
2.1.1. High-resolution forcing data: CHELSA-W5E5
v1.0
The CHELSA-W5E5 v1.0 dataset (Karger et al 2023),
as included in the ISIMIP framework, provides global
land-based climate data at a spatial resolution of 30′′

(approximately 1 km at the equator) and daily tem-
poral resolution, covering the period from 1979 to
2016. It includes the following variables: precipita-
tion (pr), surface downwelling shortwave radiation
(rsds), and daily mean, minimum, and maximum
near-surface air temperature (tas, tasmin, tasmax).
These data are derived through topographic down-
scaling of the W5E5 v1.0 observational dataset (orig-
inal resolution 0.5◦).

CHELSA-W5E5 v1.0 is produced using the
CHELSA (Climatologies at High Resolution for the
Earth’s Land Surface Areas) v2.0 algorithm (Karger
et al 2017, 2021, 2023). The downscaling process cor-
rects for systematic biases associated with orographic
features that are not adequately resolved in coarse-
resolution data products.

The original 30′′ data are spatially aggregated to
coarser resolutions of 90′′ (∼3 km, aggregation fac-
tor 3), 300′′ (∼10 km, factor 10), and 1800′′ (∼60 km,
factor 60). Aggregation to 1800′′ is necessary since the
downscaled products differ from the default ISIMIP
W5E5 data product at 0.5◦/1800′′. Because all coarser
grids are derived from the same underlying 30′′

fields rather than independently downscaled, climate
inputs at adjacent resolutions are not fully inde-
pendent, which may reduce apparent differences in
model performance between resolutions.

All climate data are available at: https://data.
isimip.org/search/query/chelsa/.

Because some impact models required addi-
tional variables at higher resolution, a scripting
environment was provided (https://github.com/
johanna-malle/w5e5_downscale) to downscale rel-
ative humidity, surface wind, air pressure, and long-
wave radiation, which are not yet supported by the
CHELSA downscaling approach. The method for
these variables is described in detail in Frieler et al
(2024). For the high-resolution experiments, it was
crucial to maintain consistent input forcings across
resolutions wherever possible.

For further information on the climate forcing
data used in the high-resolution sensitivity experi-
ments, see Karger et al (2023) and Frieler et al (2024).

2.1.2. Experimental design
All four resolutions included in the CHELSA-
W5E5 v1.0 dataset were included in the experimental
design to evaluate whether higher-resolution atmo-
spheric climate data enhance the performance of cli-
mate impact model simulations.
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Figure 1. Overview of participating ISIMIP sectors and models, and location/geographic extent of the performed simulations.

These experiments aim to identify the resolu-
tion at which improvements in impact model simula-
tions become evident when compared against obser-
vational impact indicators. Given the substantial stor-
age and computational demands of daily 30′′ data,
this analysis is critical to determine the trade-offs
between resolution and model performance.

Participating modeling groups were instructed to
submit simulations for a minimum of two different
spatial resolutions, along with corresponding obser-
vational data, to evaluate how the agreement between
model output and observations varies with the spatial
resolution of the climate forcing data and, for grid-
ded models, with the resolution of the impact models
themselves. The respective sector-specific ISIMIP3a
simulation protocols were used as guidelines by all
participating modeling groups. Depending on the
sector and model, and constrained by the temporal
resolution of the available observational data, simu-
lated and observed variables were compared at daily,
monthly, annual, or native model time-step resolu-
tion, as detailed in Supplementary Material A and B.

A more detailed description of the experimental
design can also be found in Frieler et al (2024).

2.2. Participating sectors and impact models
The participating impact models in this study span a
wide range of complexity, from relatively simple one-
dimensional point-scale representations to sophisti-
cated three-dimensional (3D) spatially explicit sys-
tems. These models differ in structural complex-
ity, spatial scale, process representation, and sensi-
tivity to climate-input resolution, both within and
between sectors. Models simulated processes for dif-
ferent regions and at different resolutions (tables 1
and 2, figure 1). The geographic coverage was not

selected as a statistically representative global sample,
but instead reflects the spatial domains contributed
by the participating ISIMIP models and the locations
for which suitable observational data were available
for model evaluation. Figure 1 should therefore be
interpreted as the spatial coverage of this coordinated
multi-model sensitivity experiment rather than as a
globally representative sampling design.

Impact models from five different ISIMIP sec-
tors were included in this analysis: Regional Forests,
RegionalWater, Lakes, Biomes, and Labor. Evaluation
data include eddy-covariance flux tower measure-
ments, river discharge records, reservoir level mea-
surements, lake temperature profiles, and data on
labor force outcomes from micro-surveys.

From the Regional Forests sector, five point-
scale impact models participated (4C, i3PGmiX,
3PG-Hydro, Biome-BGCMuSo (BBGCMuSo), 3D-
CMCC-FEM), all simulating at the same point
location (Fluxnet site Collelongo, IT). One addi-
tional point-scale model (Prebas) was simulated
at two locations in Finland, and two spatially dis-
tributed models (TreeMig, CARAIB) provided sim-
ulations across Switzerland and the area of Wallonia
in Belgium/Netherlands, respectively. From the
Regional Water sector, four models participated
(CWatM, GR4J, SWAT, SWIM), each of which simu-
lated different catchments. From the Lakes sector, two
models participated (Simstrat and MITgcm), simu-
lating 32 ISIMIP lakes and Lake Kinneret, respec-
tively. These two lake models used different cali-
bration strategies across the resolution experiments.
Simstrat was recalibrated for each forcing resolution,
whereas MITgcm used the same parameter set across
all resolutions, initialized from a calibrated stable-
state simulation. From the Biomes sector, one model

4



Environ. Res. Lett. 21 (2026) 204028 J T Malle et al

Table 1.Model overview (Part 1 of 2): sectors, spatial/model setup, region, temporal resolution, and number of evaluation sites.

Impact Model Sector

Spatial

Resolutions

(arcsec) Model Setup Region

Temporal Resolution

(internal/output)

No. of Eval.

Sites

BBGCMuSo Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Collelongo daily/daily 1

3D-CMCC-FEM Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Collelongo daily/daily 1

i3PGmiX Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Collelongo monthly/monthly 1

4C Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Collelongo daily/daily 1

3PG-Hydro Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Collelongo daily/daily 1

Prebas Reg. Forest 30′′, 90′′, 300′′,

1800′′
point Hyytiälä+Sodankylä daily/daily 2

TreeMig Reg. Forest 30′′, 90′′, 300′′,

1800′′
spatial Switzerland yearly/yearly 10 080

CARAIB Reg. Forest 30′′, 90′′,

1800′′
spatial Belgium+

Netherlands

2hours / daily 1

ORCHIDEE–MICT Biomes 30′′, 300′′,

1800′′
point Tibetan Plateau 30min / daily 137

CWatM Regional Water 30′′, 90′′, 300′′,

1800′′
spatial Bhima basin daily/daily 31

GR4J Regional Water 30′′, 90′′, 300′′,

1800′′
spatial Norway daily/daily 86

SWAT Regional Water 30'', 90′′, 300′′,
1800′′

spatial 4 basins at Lake

Kinneret

daily/monthly 4

SWIM Regional Water 300′′, 1800′′ spatial Zeravshan

catchment

daily/daily 1

MITgcm Lakes 30′′, 90′′, 300′′ spatial Lake Kinneret 300 s / daily 5

Simstrat Lakes 30′′, 90′′, 300′′,

1800′′
point 32 ISIMIP lakes 300 s / 6hours 32

Labor model Labor 300′′, 1800′′ spatial Global yearly/yearly All grid

cells

participated (ORCHIDEE), which provided point-
scale simulations across the Tibetan Plateau. From
the Labor sector, five empirical models provided sim-
ulations at two spatial resolutions, spanning a global
extent. However, these results were combined and
treated as one model result. Because observed labor-
force data are not available at the spatial resolution
of the climate forcing, direct validation of the high-
resolution simulations was not possible. We there-
fore re-ran the labor model using GHCNd station
temperature data and spatially matched the station-
based estimates to the labor-force data at the second
administrative level. These station-forced simulations
served as the reference against which simulations
driven by the gridded CHELSA-W5E5 forcing were
evaluated.

Tables 1 and 2 provides a summary of the models,
their sectors, configurations, and evaluation data. A
detailed description of eachmodel setup can be found
in Supplementary Material Part A.

2.3. Evaluation framework
2.3.1. Evaluation metrics
To assess both the quality of the climate forcing
data (CHELSA-W5E5 v1) and the performance of

the impact models, we employed a set of standard
evaluation metrics. These include the root mean
squared error (RMSE), mean absolute error (MAE)
and Kling–Gupta efficiency (KGE).

The RMSE and MAE were normalized by the
interquartile range, defined as the difference between
the 75th (Q3) and 25th (Q1) percentiles, to reduce
sensitivity to outliers compared with normalization
using the full range:

RMSE=

√√√√1

n

n∑
i=1

(yi − yobs,i)
2 (1)

NRMSE=
RMSE

Q3−Q1
(2)

MAE=
1

n

n∑
i=1

|yi − yobs,i| (3)

NMAE=
MAE

Q3−Q1
. (4)

To capture multiple sources of disagreement beyond
magnitude alone, we computed the KGE, which inte-
grates correlation, bias, and variability:

KGE= 1−
√
(r− 1)2 +(β− 1)2 +(γ− 1)2 (5)
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Table 2.Model overview (Part 2 of 2): forcing inputs and evaluation setup.

Impact model

Forcing variables

(CHELSA-W5E5)

Add. Forcing

variables

Evaluation

variables

Evaluation

temporal Resolution

Forcing Eval.

Benchmark

BBGCMuSo tasmax, tasmin, pr rsds day tas, day vpd GPP, AET monthly Local climate data

3D-CMCC-FEM tas, tasmax, tasmin pr,

rsds

rh GPP, AET monthly Local climate data

i3PGmiX tas, tasmax, tasmin pr,

rsds

— GPP, AET monthly Local climate data

4C tas, tasmax, tasmin pr,

rsds

ps, rh GPP, AET monthly Local climate data

3PG-Hydro tas, tasmax, tasmin pr,

rsds

— GPP, AET monthly Local climate data

Prebas tas, pr, rsds rh GPP, AET monthly Local climate data

TreeMig tas, pr — basal area yearly GHCN-D stations

in±0.125◦ of

eval.locations

CARAIB tas, tasmax, tasmin pr,

rsds

rh, wind GPP, AET daily Local climate data

ORCHIDEE–MICT tas, tasmax, tasmin pr,

rsds

qair, rlds, wind,

ps

ALT, MAGT, soil

temp.

daily GHCN-D stations

in±0.125◦ of

eval.locations

CWatM tas, tasmax, tasmin pr,

rsds

rlds, wind, rh, ps river discharge, res.

level

daily GHCN-D stations

in±0.125◦ of

eval.locations

GR4J tas, pr — river discharge daily GHCN-D stations

in catchment of

eval. location

SWAT tasmax, tasmin, pr rsds rh, wind river discharge monthly GHCN-D stations

in±0.125◦ of

eval.locations

SWIM tas, tasmax, tasmin pr,

rsds

— river discharge daily GHCN-D stations

in±0.125◦ of

eval.locations

MITgcm tas, rsds, pr rlds, wind, rh,

hurs

lake temp. profile daily Local climate data

Simstrat tas, rsds, pr rlds, wind, ps,

hurs

lake temp. profile 6hours GHCN-D stations

in±0.125◦ of

eval.locations

Labor model tasmin rh diff. to station forc. yearly N/A

where:

r= Pearson correlation coefficient between yi and yobs,i

β =
µy

µobs
(bias ratio)

γ =
CVy

CVobs
=

σy/µy

σobs/µobs
(variability ratio).

KGE values range from −∞ to 1, with 1 indicating a
perfect match between model and observation.

Some models were evaluated based on more than
one variable (e.g., forest models using both GPP and
AET). In those cases, each metric was first computed
separately for each variable and then averaged across
variables, yielding one RMSE, one MAE, and one
KGE value per model, as shown in figure 3.

2.3.2. Evaluation of CHELSA-W5E5 forcing data (30′′,
90′′, 300′′, 1800′′)
To evaluate the accuracy of the CHELSA-W5E5 cli-
mate forcing dataset at different spatial resolutions

(30′′, 90′′, 300′′, and 1800′′), we compared the
CHELSA-W5E5 climate variables against observa-
tions from the global historical climatology net-
work daily (GHCN-D) dataset (Menne et al 2018).
GHCN-D provides daily meteorological measure-
ments, including 2m air temperature and pre-
cipitation, based on in situ weather station data,
available for the same period as CHELSA-W5E5
(1979–2016).

For each evaluation site, we used local station cli-
mate data wherever possible to evaluate CHELSA-
W5E5 forcing data. For the remaining models, we
used GHCN-D station data for evaluation. Where
catchment boundaries were available, we selected all
GHCN-D stations within the catchment; otherwise,
we selected stations within ±0.125◦ of each evalua-
tion location. From the CHELSA-W5E5 dataset, we
extracted the grid cell value corresponding to the
location of each local/GHCN-D station for all four
spatial resolutions. Refer to table 2 to see for which
models which approach was applied.
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The extracted temperature and precipitation val-
ues were then evaluated using the metrics described
in section 2.3.1. For each resolution and evaluation
location, we computed the mean of each evaluation
metric across all available GHCN-D stations within
the grid cell. This yielded a single summary value per
metric, per resolution, per evaluation site, represent-
ing the accuracy of the climate forcing data at that
location.

2.4. Terrain descriptors
To quantify topographic complexity, we used
the terrain ruggedness index (TRI) as described
by Amatulli et al (2018). The TRI dataset provides
near-global coverage (excluding polar regions) and
is derived from the 250m Global Multi-resolution
Terrain Elevation Data 2010 (GMTED2010)
dataset (Danielson and Gesch 2011).

TRI is calculated as the mean of the absolute
differences in elevation between a center grid cell and
its eight surrounding cells. This metric captures the
total elevation change within a given neighbourhood:
flat terrain results in TRI values close to zero, while
steep or mountainous regions yield higher values.

For eachmodel evaluation location, TRIwas aver-
aged over a 0.25◦ grid cell centered on the evaluation
point (i.e.,±0.125◦ in both latitude and longitude).

3. Results

3.1. Evaluation of CHELSAW5E5 across
resolutions
We assessed the accuracy of the CHELSA-W5E5 v1
climate forcing dataset across four spatial resolu-
tions by benchmarking it against station observations
from the GHCN-D dataset (Menne et al 2018). As
a representative case, figure 2 illustrates model per-
formance over the European Alps, a region char-
acterized by pronounced topographic heterogeneity.
For near-surface temperature, increasing spatial res-
olution leads to a systematic and spatially coher-
ent reduction in model error, particularly in moun-
tainous terrain. This highlights the substantial value
of high-resolution climate forcing in capturing local
temperature variability. In contrast, improvements in
precipitation are more nuanced. While RMSE values
tend to decline slightly from the coarsest (1800′′) to
the finest (30′′) resolution, mean KGE scores increase
marginally, and the gains are neither consistent across
sites nor uniformly positive.

3.2. Impact model performance across resolutions
When analyzing model performance across all sec-
tors, variables, and locations, we find that increasing
the spatial resolution of climate forcing generally
improves the accuracy of the impact model (figure 3).
The most substantial improvements are observed in

models from the forest and biome sectors, reflect-
ing their increased sensitivity to temperature variabil-
ity and their application in regions of greater topo-
graphic complexity (figure 3(c)). In contrast, mod-
els in the lakes and water sectors show more mod-
est gains, likely due to their modelling domains in
regions of smaller topographic complexity. Water-
sector models also rely more heavily on precipitation
input, whose accuracy shows less consistent improve-
ment with increasing resolution (as noted in figure 2).

Among all models evaluated, the spatially explicit
forest dynamics model TreeMig demonstrates the
greatest reduction in normalized RMSE (NRMSE)
with finer resolution, underlining the value of high-
resolution climate inputs in complex terrain and sug-
gesting that landscape-scale simulations can better
exploit high-resolution information than point-scale
models. In contrast, the socioeconomic labor model
shows reduced performance at intermediate (300′′)
resolution compared to the coarsest (1800′′). This
decline is primarily attributable to limitations in the
available evaluation data. Because observed labor-
force outcomes are not available at the spatial resolu-
tion of the climate forcing, the labor simulations were
evaluated against reference simulations driven by
GHCN-D station temperature data spatially matched
to the labor-force dataset at the second administrative
level.

Lastly, panel (c) in figure 3 indicates a relationship
between terrain complexity andmodel improvement,
suggesting that regions with more pronounced topo-
graphic variation benefit the most from increased
spatial resolution in climate forcing data.

Illustrative example: resolution effects in a forest
dynamics model
To illustrate how these resolution effects manifest
at the model and species level, we focus on the
forest model TreeMig, which simulates basal area
per tree species (evaluated against plot-level obser-
vations from the Swiss National Forest Inventory,
LFI; see Supplementary Material A and B). A spa-
tial comparison for one predominant species (Larix
decidua) is shown in figure 4, illustrating substan-
tial differences in model output across spatial reso-
lutions. This example highlights that results aggre-
gated across multiple locations and/or variables may
obscure resolution-dependent differences that are
more evident at finer spatial or species-specific
scales.

3.3. Impact model performance vs climate accuracy
We examined how the impact model performance
changes with increasing spatial resolution of climate
forcing, progressing from 60 km (1800′′) to 10 km
(300′′), then to 3 km (90′′), and finally to 1 km (30′′).
These shifts in model accuracy were evaluated along-
side corresponding changes in the accuracy of the
underlying climate data (figure 5). For each step, we

7
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Figure 2. Evaluation of CHELSA-W5E5 v1 climate forcing data at multiple spatial resolutions over the European Alps. Panel
(a) shows CHELSA-W5E5 v1 temperature and precipitation at four spatial resolutions. The first column displays absolute val-
ues at 1800′′ resolution; subsequent columns show differences relative to the 1800′′ baseline. Mountainous regions, such as the
European Alps, are apparent in the first column of (a) as areas with lower temperatures (bluer shading) and higher precipitation
(darker blue shading). Panels (b) and (c) show evaluation against GHCN-D station observations, with dot size indicating the
number of daily measurements available per station. The first column presents absolute error metrics for 1800′′ resolution; the
remaining columns show relative changes in error compared to this baseline. Panel (b) corresponds to temperature, and panel
(c) to precipitation. For KGE in the relative-change panels of (b) and (c), the color scale shows changes in the absolute KGE value
(i.e. movement toward or away from the ideal value of 1).

computed the percentage change in NRMSE across
all impact models with available local climate station
data or GHCN-D observations within the hydrologic
catchment (where a catchment/watershed outlinewas
available), or within a±0.125◦ grid around each eval-
uation site (see tables 1 and 2 for what was avail-
able per model). Temperature and precipitation were
assessed separately, as shown in panels (figures 5(a)
and (b)), respectively.

For temperature, the largest improvements in
both climate input accuracy and model performance
occurred in the transition from 60 km to 10 km reso-
lution. Beyond this, gains from increasing resolution
further to 3 km and 1 km were more modest. Most
evaluation points clustered in the lower-left quadrant
of the plots, indicating that improved climate accu-
racy was generally accompanied by improved model
performance.

For precipitation, a similar pattern emerged,
although changes in climate accuracy between reso-
lutions were smaller than for temperature, consistent
with the evaluation of CHELSA-W5E5 v1 (figure 2).
The 60 km–10 km transition yielded the most con-
sistent improvements, again with most points located
in the lower-left quadrant. However, in the transi-
tion from 10 km to 3 km, some points, particu-
larly for the water sector (GR4J model; see figure
S61 in the Supplementary Material Part C for the
same plot by model rather than by sector) fell in the
upper quadrants, suggesting reduced model perfor-
mance despite stable climate accuracy. Intriguingly,
these same locations showed marked improvement
whenmoving from3km to 1 km, even though climate
accuracy remained nearly unchanged. These sites
lacked co-located temperature observations, point-
ing to temperature as a likely explanatory variable
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Figure 3. Comparison of NRMSE (interquartile range-normalized) and KGE across spatial resolutions for all participating
ISIMIP sectors and models using sector-specific variables and sector-specific temporal scales (daily, monthly, or annual) for the
evaluation (see table 2). (a) NRMSE and (b) KGE results from impact model simulations, each evaluated against sector-specific
reference data using sector-specific variables. For NRMSE, cell colors indicate the percentage difference in error relative to the
coarse 1800′′ (∼60 km) resolution (green indicates improvement), while absolute error values are displayed within each cell.
For KGE, cell colors indicate the change in KGE relative to the coarse 1800′′ resolution, with negative values indicating worse
performance and positive values indicating improved performance. Colorbar limits are clipped to the 95th percentile; triangular
shaped colorbar indicates values exceeding the scale. Panel (c) shows the mean topographic complexity at each model’s evalua-
tion locations. We show the terrain ruggedness index (TRI), which quantifies surface heterogeneity, with higher values (blue on
colormap) indicating more complex terrain around the evaluation sites. As the labor sector model was evaluated globally, no TRI
was computed.

and underscoring the importance of jointly evaluat-
ing multiple climate inputs when interpreting spatial
resolution effects in impact modeling.

Figure S62 in the Supplementary Material Part C
presents the same analysis as figure 5, showing a direct
comparison between 1800′′ (60 km) and 30′′ (1 km)
resolution, confirming the trend of improvements in
model performance aligning with better climate data.

4. Discussion

We systematically evaluated how changes in the spa-
tial resolution of climate input data affect the predic-
tive performance of a suite of climate impact mod-
els participating in ISIMIP. A portfolio of 16 impact
models was run using the same global CHELSA-
W5E5 v1 climate forcing dataset, varying in spatial
resolution from 1800′′ to 30′′.

Our study demonstrates that increasing the spa-
tial resolution of climate forcing data can improve
the accuracy of climate impact models across a range
of sectors. These improvements are particularly evi-
dent in regions with high topographic complex-
ity, confirming long-standing concerns about the
scale mismatch between climate inputs and eco-
logical or socio-environmental processes (Thuiller
2003, Seo et al 2009, Hickler et al 2012). While
prior studies have identified resolution effects in iso-
lated models or sectors (Mearns et al 2001, Randin
et al 2009, Hattermann et al 2017, Kumar et al
2022), our cross-sectoral experimental setup pro-
vides a unique dataset to assess these effects sys-
tematically under harmonized conditions. The con-
sistency of the improvements observed—especially
for temperature-dependent variables—underscores
the value of high-resolution forcing data in impact
modeling.
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Figure 4. Example of spatial results for the tree species Larix decidua simulated with the TreeMig model from the forest sector.
Simulated basal area from TreeMig is compared to observational data from the national forest inventory (LFI) across the four
spatial resolutions (1800′′, 300′′, 90′′, and 30′′). Results show spatial variation, with notable improvements in simulation accu-
racy at higher resolutions (see NRMSE, MAE and KGE metrics in the lower left corner) - particularly in the eastern mountainous
regions. White in the first row indicates species absence; in the second row white indicates no difference between simulated and
observed basal area. Grey in both rows indicates missing LFI data.

Figure 5. Per-sector comparison of percentage changes in NRMSE for model performance and climate accuracy across spatial
resolutions at all model evaluation locations where climate accuracy reference data is available. Panel (a) uses GHCNd tem-
perature station data, and panel (b) uses GHCNd precipitation station data for climate accuracy assessment. In both panels,
the subplots from left to right correspond to resolution changes from 1800′′ (approximately 60 km) to 300′′ (approximately
10 km), from 300′′ to 90′′ (approximately 3 km), and from 90′′ to 30′′ (approximately 1 km). Each data point represents a
model-variable evaluation pair with co-located GHCNd or local station data. For spatial models, one point is shown per location
with a co-located GHCNd station, which is why there can be multiple points for the same model-variable combination. The plots
are divided into four quadrants: the green lower-left quadrant represents simultaneous improvement in both climate accuracy
and model performance; the blue upper-left quadrant indicates improved climate accuracy but degraded model performance; the
yellow lower-right quadrant indicates worse climate accuracy but better model performance; and the red upper-right quadrant
indicates a decline in both climate accuracy and model performance.

When disaggregated by sector, the most substan-
tial resolution-driven improvements are observed in
the forest and biome models. These systems, which

are often tightly coupled to temperature and elevation
gradients, benefited from finer spatial representations
of climate, particularly in mountainous regions.
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Recent studies in the forest sector have demon-
strated that the impact of temperature is greater than
the impact of precipitation along the environmen-
tal gradient (Merganičová et al 2024). Models such
as TreeMig, which are spatially explicit and incor-
porate heterogeneity over the cells in forest compo-
sition and structure, showed notable gains in per-
formance as resolution increased. For the point-
scale forest models, an additional scale mismatch
should be considered: the observational data rep-
resent local tower-footprint conditions, whereas the
climate forcing represents an areal mean over the
corresponding grid cell. Consequently, changes in
model-observation agreement across forcing resolu-
tions may partly reflect changes in spatial represen-
tativeness rather than the response of the impact
model alone. Conversely, models in the lakes and
regional water sectors exhibited more modest bene-
fits, with some even showing reduced performance
at intermediate resolutions. For the water sector, this
is likely due to their stronger dependence on precip-
itation forcing, which showed only limited accuracy
improvements with increasing resolution, consistent
with previous findings on the challenges of precip-
itation interpolation and downscaling (Daly et al
1997, Karger et al 2020a). Besides air temperature,
lake’s sensitivity to spatial resolution is expected to
depend primarily on wind speed and radiative fluxes
rather than precipitation, because wind controls ver-
tical mixing, entrainment and stratification stability,
while shortwave radiation governs the primary heat
input to the lake. Precipitation is represented differ-
ently by the two lake models and is not expected to
be a dominant control on their thermal response. In
Simstrat, precipitation is used only to calculate snow
accumulation on ice-covered lakes and does not con-
tribute a direct heat or water flux, whereas MITgcm
explicitly represents surface freshwater fluxes associ-
ated with precipitation and evaporation, alongside
the surface heat fluxes. Even in MITgcm, however,
the direct thermal effect of precipitation is small com-
pared with radiative, sensible and latent heat fluxes
and wind-driven mixing. Consequently, changes in
wind and radiation forcingmay exert a stronger influ-
ence on simulated lake temperatures and stratifi-
cation dynamics than changes in precipitation. In
our analysis, however, climate-forcing evaluation was
limited to temperature and precipitation. Although
wind and radiation observations are available for Lake
Kinneret, these variables were not evaluated system-
atically across the lake simulations. We therefore can-
not determine whether higher-resolution wind and
radiation forcing better represents local conditions,
limiting our ability to attribute the relatively small
changes in lake-model performance specifically to the
quality of the meteorological forcing or to the mod-
els’ response to increased forcing resolution. More

generally, several participating models also depend
on radiation, humidity, wind, and atmospheric pres-
sure (table 2), so the analysis in figure 5 relates
impact-model performance only to the subset of
climate drivers that could be independently evalu-
ated. Resolution-dependent changes inmodel perfor-
mance therefore cannot always be attributed uniquely
to changes in temperature or precipitation accuracy.
Furthermore, several participating models, including
both lake models, internally operate at sub-daily time
steps (300 s for MITgcm and Simstrat), whereas the
CHELSA-W5E5 meteorological forcing is provided
at daily resolution. This temporal mismatch removes
sub-daily forcing variability independent of spatial
resolution, potentially masking benefits of finer spa-
tial forcing and making temporal-scale error difficult
to separate from spatial-resolution effects. In addi-
tion, the lakes and water sector simulations were con-
ducted mainly in regions with relatively low topo-
graphic complexity, further limiting the potential
benefits of finer spatial resolution.

The empirical labor model presents a distinct
case because its evaluation relies on station-forced
model simulations rather than direct observations
of labor outcomes at the climate-forcing grid scale.
The poorer agreement of the 300′′ simulations rel-
ative to the 1800′′ simulations should therefore be
interpreted as reduced agreement with this station-
forced benchmark, rather than as direct evidence
that coarser climate forcing produces more accurate
labor impacts. More generally, this highlights the dif-
ficulty of evaluating high-resolution socioeconomic
impact simulationswhen observational data are avail-
able only at coarser administrative scales. For the
labor force, the advantage of using high-resolution
data is that it enables the identification of locations
where workers are particularly vulnerable due to a
combination of increasing heat, workplace setting
(including indoor or outdoor work), and person-
specific attributes, thereby helping to identify where
context-specific labor protection policies are likely
to have the greatest impact on health and economic
outcomes.

From a methodological perspective, our results
support the increasing emphasis in climate impact
research on harmonized input data and proto-
col standardization, as exemplified by initiatives
such as ISIMIP (Frieler et al 2017, 2024). While
previous ensemble modeling efforts have primar-
ily focused on capturing structural and parametric
uncertainty (Knutti and Sedláček 2013, Eyring et al
2016, Collalti et al 2019), our findings show that spa-
tial resolution is an equally critical factor, particu-
larly when high-resolution data are applied consis-
tently across sectors.

While the advantages of high-resolution cli-
mate data are evident in many contexts, our
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results also highlight several important limita-
tions. An important limitation of the experimental
design is that the four forcing resolutions are not
independently-generated climate products: the 90′′,
300′′, and 1800′′ fields are spatial aggregations of
the same underlying 30′′ CHELSA-W5E5 fields. Our
experiment therefore primarily isolates sensitivity to
the progressive removal of fine-scale spatial infor-
mation from a common underlying forcing dataset,
rather than differences among independently gen-
erated climate products at different nominal res-
olutions. This design reduces confounding effects
from product-specific biases and methodological
differences, but spatial aggregation also smooths
small-scale variability and extremes. Consequently,
the differences observed between resolutions may
be smaller than those obtained when comparing
independently generated climate products. A fur-
ther limitation concerns the geographic coverage of
the evaluation. The quantitative magnitude of the
resolution effects reported here should not be extrap-
olated uniformly to all regions. With the exception of
the globally evaluated labor model, evaluation loca-
tions are concentrated in Europe, with additional
sites on the Tibetan Plateau and in selected catch-
ments and lakes elsewhere, while tropical and arid
systems remain comparatively underrepresented. In
addition, the computational and storage demands
of running impact models at high spatial resolution
are substantial, especially for gridded models oper-
ating over large spatial domains. This limits prac-
tical applicability, particularly for global-scale sim-
ulations or long-term projections. Moreover, finer
resolution does not automatically guarantee better
model performance. In several cases—especially for
precipitation—higher resolution introduced noise or
errors, likely due to uncertainties in the downscaling
process or mismatches with the spatial scale of obser-
vational validation data. These mixed results under-
score the importance of local context and caution
against assuming uniform benefits of high-resolution
precipitation input when evaluating downstream
model performance. These findings are consistent
with concerns in the literature about the challenges
of accurately representing small-scale precipitation
variability using interpolation-based methods (Daly
et al 1997, Karger et al 2017, 2020a). Targeted efforts
to improve both the density and quality of precipi-
tation observations, as well as the associated down-
scaling methods, are therefore crucial. Moreover, for
some impact models, finer-scale climate inputs can
fall below the spatial or temporal scales for which
model structures and parameters were designed,
causing models calibrated at coarser resolutions to
respond weakly or artefactually to added small-scale
variability (Maraun 2016, Maurer et al 2016). For
the lake models, different calibration strategies were

used across forcing resolutions. Simstrat was recal-
ibrated at each resolution, consistent with its stan-
dard workflow and to avoid favoring the resolution
used for calibration, whereas MITgcm retained the
same parameter set across resolutions to isolate the
direct response to forcing resolution. These differ-
ing approaches should be considered when compar-
ing resolution sensitivity between the two models.
This highlights that increasing input resolution alone
may be insufficient and motivates efforts to improve
both model process representation and downscaling
and bias-correction methods so that high-resolution
climate forcings can be used effectively. Lastly, as
demonstrated by the labor-sector model, the benefits
of higher-resolution input data are more difficult to
evaluate when observational datasets are unavailable
at comparable spatial resolution. Without appropri-
ate validation data, the magnitude of these benefits
may remain uncertain.
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