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A B S T R A C T   

Topography modulates air and soil temperature and gives rise to local climates that may strongly deviate from 
regional macroclimates. These local climatic conditions determine the distribution of many organisms but are 
hardly accounted for by coarse-grained macroclimate grids. Downscaling macroclimate grids or interpolating 
high-resolution climate surfaces from weather station data has thus become a staple in ecological research. 
Against this background, topographically complex territories pose a challenge, as downscaling and interpolation 
techniques are susceptible to high topographic heterogeneity. Simultaneously, these regions will act as refugia 
and preserve biodiversity amidst the challenges of climate change. This contrast renders choosing the technique 
to derive local climatic conditions under high topographic complexity critically relevant. 

In this study, we compared how interpolation and downscaling techniques predict the local climates of 
topographically heterogeneous territories. We interpolated monthly average temperatures from weather stations 
in a Southern Italy mountain region and downscaled WorldClim and CHELSA macroclimatic grids from their 
native 30 arcsecs to 10 m resolution. We carried out the interpolation and downscaling procedures by employing 
four commonly used statistical algorithms and by including physiographic descriptors (altitude, northness, 
eastness, distance to the coast, and monthly average of daily clear-sky insolation time) known to determine local 
climatic conditions. We compared the techniques’ predictive performance via leave-one-out cross-validation. We 
extended the comparison over the study area to identify where the techniques most strongly diverged and 
evaluated how interpolation and downscaling techniques fare against environmental extrapolation. 

Although the interpolations scored the best values across all error metrics, interpolating weather station data 
and downscaling WorldClim yielded essentially equivalent predictions of local climates in the cross-validations. 
Differences between the two techniques emerged during the spatial comparison, where downscaling WorldClim 
produced biased and less detailed monthly climate surfaces. On the contrary, weather station interpolation was 
affected by environmental extrapolation in the study area’s most internal and topographically heterogeneous 
landscapes. Downscaling CHELSA severely over-smoothed local climatic conditions during both cross-validations 
and spatial comparisons, possibly due to lacking climate variability in the native product itself. 

We demonstrated that technique and data source choice affect the prediction of local climates in topo
graphically heterogeneous territories. Despite its limitations, we argue that interpolating weather station data 
better accounted for local-scale topographic effects. These effects form an integral part of the microrefugia that 
will shelter mountain communities from warming climates. We thus recommend carefully considering the 
techniques chosen to unravel the intricate climatic mosaics of topographically heterogeneous territories.   

* Corresponding author. 
E-mail address: daniele.dellemonache@unitus.it (D. Delle Monache).  

Contents lists available at ScienceDirect 

Ecological Informatics 

journal homepage: www.elsevier.com/locate/ecolinf 

https://doi.org/10.1016/j.ecoinf.2024.102674 
Received 30 November 2023; Received in revised form 6 June 2024; Accepted 7 June 2024   

mailto:daniele.dellemonache@unitus.it
www.sciencedirect.com/science/journal/15749541
https://www.elsevier.com/locate/ecolinf
https://doi.org/10.1016/j.ecoinf.2024.102674
https://doi.org/10.1016/j.ecoinf.2024.102674
https://doi.org/10.1016/j.ecoinf.2024.102674
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ecoinf.2024.102674&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Ecological Informatics 82 (2024) 102674

2

1. Introduction 

Amidst the socio-economic consequences of globalization, climate 
change is arguably the most impactful on the world’s ecosystems 
(Rosenzweig et al., 2008). Climate change prompts many terrestrial 
organisms to redistribute upslope and poleward to follow their climatic 
niche (Chen et al., 2011; Parmesan, 2006). It also forces many organisms 
to modify their physiology and seasonal activity to remain synchronous 
with environmental conditions favorable for growth and reproduction 
(Canestrelli et al., 2017; Parmesan and Yohe, 2003). Although climate 
change is occurring globally, it impacts some ecosystems more than 
others; in this respect, mountain ecosystems seem to be among the most 
vulnerable ones. The rate of warming increases with elevation, meaning 
that high-elevation environments are exposed to faster thermal changes 
than low-elevation ones (McCullough et al., 2016; Pepin et al., 2015). 
Such thermal changes strongly affect mountain biological communities. 
For instance, in a recent and extensive review concerning the European 
Alps (Vitasse et al., 2021), several taxa were shown to have shifted 
spring phenology and distribution range over recent decades. In addi
tion, most of them struggled to keep track of the broad-scale isotherm 
shifts induced by climate warming. 

At the same time, mountain species may experience lower extinction 
rates under warming climates than lowland species (Scherrer and 
Körner, 2011). The reason is the outstanding variety of temperature 
contrasts that mountain ranges house over short linear distances. These 
contrasts are comparable to those found along much broader elevational 
or latitudinal gradients (Scherrer and Körner, 2010). They facilitate 
vulnerable taxa coping with climate changes, allowing them to track the 
isotherm shifts easily by short-range migration (Sandel et al., 2011). 
Mountain ranges offered refuge to cold-adapted species during in
terglacials (Camacho-Sanchez et al., 2018; Stewart et al., 2010). Under 
warming climates, we should thus deem the preservation of mountain 
ranges of paramount importance. In particular, we should focus on 
preserving those small-scale climate niches expected to shelter biodi
versity more effectively from climate change (Lenoir et al., 2013; Luoto 
and Heikkinen, 2008). 

These areas of unusual microclimates relative to their surroundings 
are known as microrefugia or cryptic refugia (Ashcroft, 2010; Rull, 
2009). Microrefugia are now finally recognized as game-changers for 
biodiversity conservation under climate change, and emerging tech
nologies are increasingly facilitating their identification. Early micro
refugia identification was qualitative, with microrefugia being equated 
with elements of the territory like boulder fields (Shoo et al., 2010) and 
old, climatically buffered, infertile landscapes (OCBILs sensu Hopper, 
2009). Also, microrefugia were equated with areas that house stable 
climatic conditions becoming increasingly rare (Dobrowski, 2011) or 
that harbor climate-relict populations (Hampe and Jump, 2011). 
Instead, only one decade after these first attempts, microrefugia are 
identified by quantitatively modeling their climatic components. We can 
locate them in many ways, for example, via spatial interpolation of field 
measurements (Frey et al., 2016; Milling et al., 2018) or mechanistic 
models of fine-scale microclimates (Kearney and Porter, 2017; Maclean 
et al., 2019). 

The growing availability of macroclimate grids is also coming in 
handy. These products provide information about free-air macro
climates concerning large shares of the Earth’s surface and are 
commonly used to model species distributions over large spatial extents 
(Elith and Leathwick, 2009). Unfortunately, macroclimate grids are 
usually too coarse to capture the range of microclimates available at 
smaller scales (Potter et al., 2013). Thus, macroclimate grids might need 
to be downscaled to the appropriate spatial scales before they can be 
effectively used (Lenoir et al., 2017). High-resolution free-air tempera
ture products are routinely obtained by linking macroclimates to the 
physiographic descriptors that drive local climatic conditions (McCul
lough et al., 2016). Then, after modeling the offset between local cli
mates and microclimates (Lenoir et al., 2017; Maclean et al., 2019) or 

relying on available maps of temperature offsets (Haesen et al., 2021), 
these free-air climatic conditions can help characterizing the in-situ 
microclimates that organisms experience. However, downscaling free- 
air temperatures propagate the underlying uncertainty of the macro
climate grids; these products are built upon the interpolation of weather 
station data. In this respect, using weather station data to produce high- 
resolution climate surfaces directly might prevent the uncertainty from 
affecting the estimation of local climates. 

Weather station data have been successfully employed in many 
studies so far. For example, Aalto et al. (2017) integrated weather sta
tion data with topographic information. They witnessed substantial 
improvements in estimating local climates compared to a more con
ventional approach involving only geographical location, elevation, and 
water cover. Meineri and Hylander (2017) similarly linked weather 
station data with topography via three different linear mixed models to 
obtain fine-grain climatic grids. They then supplemented these grids 
with coarser climate data to produce more refined species distribution 
models (SDMs) for 78 vascular alpine plants over Sweden. Lastly, Stark 
and Fridley (2022) compared SDMs generated using interpolated 
meteorological station data at two spatial scales, with one based on a 
previously validated microclimate model (Fridley, 2009). Their results 
reaffirm the importance of explicitly considering microclimates when 
projecting organismal response to climate change. 

Ultimately, interpolating weather station data and downscaling 
macroclimate grids are valuable allies for mapping local climatic con
ditions. However, both techniques are likely to be challenged by high 
topographic complexity. On the one hand, weather stations tend to be 
located in low-elevation and relatively flat terrains, which puts pre
dicting local climates in otherwise impervious mountain ranges under 
threat of environmental extrapolation (Bolstad et al., 1998; Daly et al., 
1994; Phillips et al., 1992). Weather stations must also be densely 
distributed across the territory to be successfully interpolated (Guisan 
and Zimmermann, 2000; Lookingbill and Urban, 2003). On the other 
hand, downscaling techniques are likewise susceptible to extrapolation 
since they are calibrated on coarse-resolution products that lack the 
topographic information of the territory. These techniques might thus 
fail to encompass the fine-scale relationships between local climates and 
their physiographic drivers when the latter interact in extremely com
plex ways, as in highly heterogeneous mountain ranges (Barry and 
Blanken, 2016). 

That is where we come to a paradox; interpolation and downscaling 
techniques could fail precisely where their contribution would be most 
decisive. Assessing how interpolating weather station data and down
scaling macroclimate grids compare in highly heterogeneous mountain 
ranges is therefore urgently needed. Here, we leverage a highly 
climatically complex and topographically heterogeneous mountain 
range in Southern Italy to perform this comparison by interpolating 
monthly climate data from 33 weather stations and by downscaling two 
of the most widely used macroclimate grids, namely WorldClim (version 
2.1; Fick and Hijmans, 2017) and CHELSA (version 1.1; Karger et al., 
2017). We started by following a pointwise leave-one-out cross-valida
tion approach to compare the techniques’ predictive performance at the 
weather stations’ locations. We then extended the comparison over the 
entire study area by constructing monthly climate surfaces for each 
technique, which we confronted to highlight the regions where the 
techniques most strongly diverged. Finally, we compared the robustness 
of interpolation and downscaling techniques to environmental extrap
olation by investigating how similar their local climate estimates were 
and whether they remained coherent as the extrapolation increased. 

2. Materials and methods 

2.1. Study area 

Our study area encompasses the Aspromonte region, located at the 
southern tip of the Apennines in Calabria, south Italy (Fig. 1). This 
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region is home to the homonymous Aspromonte mountain range, which, 
by its conformation and topography, features a solid inner-outer mac
roclimatic gradient. Its rainfall distribution is typically Mediterranean, 
with abundant precipitation during autumn, winter, and spring that 
becomes scarce in summer; annual average rainfall over the region 
amounts to about 1000 mm, 83% of which is recorded from October to 
April (Colacino et al., 1997). Due to moderate-altitude reliefs reaching 
1957 m asl, interior areas are colder and wetter than the peripheral; they 
indeed belong to a temperate oceanic bioclimate, while those along the 
coast to a Mediterranean rain-seasonal oceanic bioclimate (Brullo et al., 
2001). Annual average temperatures reach about 18 ◦C along the coast 
and 13 ◦C inland; annual average rainfall above 800 m usually reaches 
1100 mm while drops to 900 mm in valleys and coastal areas. On top of 
this macroclimatic gradient, the prevalently north-south disposition of 
the Aspromonte adds another east-west gradient in local climatic con
ditions. Westerlies cause humid air masses to be intercepted by the 
western side of the Aspromonte, which leaves a rain shadow on its 
eastern side. Consequently, local climates on the west are markedly 
wetter and cooler (annual average rainfall: 900 mm), and those on the 
east are warmer and drier (annual average rainfall: 700 mm). These 
inner-outer and east-west gradients give rise to a remarkable range of 
climate niches over short horizontal distances. In this light, it is no 
surprise that the Aspromonte mountain range represents a biodiversity 
hotspot for plant and animal communities at all levels of biological or
ganization (Spampinato et al., 2008; Zampiglia et al., 2019). The region 
is also identified as a glacial refuge and constitutes a hotspot of genetic 
diversity for many temperate species (Chiocchio et al., 2024; Martino 
et al., 2022). 

2.2. Weather station data 

From the regional environmental agency for Calabria (http://www. 
arpacal.it/), we retrieved daily average temperatures for 33 weather 
stations from 1923 to 2020. As these climate time series suffered from 

severe data deficiencies (Table A.1 in Appendices), we imputed the 
missing temperatures using the bootstrap algorithm implemented in the 
AMELIA II R package (Honaker et al., 2011). The algorithm leverages the 
correlation among incomplete time series, which is expected in weather 
station data, to produce multiple completed time series via multiple 
imputation. We ran the algorithm to impute 500 complete replicas of 
each weather station’s time series. Then, for each weather station, we 
filled in the missing temperatures by taking the average of these replicas. 
We assessed the quality of the imputation procedures by checking the 
overimputation diagnostic plots and calculating the R2 and root-mean- 
square errors (RMSE) of the overimputations (Fig. A.1, Fig. A.2, and 
Fig. A.3 in Appendices). After the imputation procedures, we converted 
the daily average temperatures for the 33 weather stations into monthly 
average temperatures. Then, we averaged a subset of the monthly 
average temperatures (1970–2000) to obtain 12 datasets valid for 
1970–2000, one for each month. 

2.3. Weather station interpolation 

We interpolated weather station data through four statistical algo
rithms: a generalized additive model (GAM), an artificial single-hidden- 
layer neural network (ANN), a random forest (RF), and a generalized 
boosting regression model (GBM). We employed physiographic de
scriptors known to drive local climatic conditions as predictors in the 
algorithms; these descriptors were altitude, northness, eastness, distance 
to the coast, and monthly average of daily clear-sky insolation time. We 
derived most of these descriptors (altitude, northness, eastness, distance 
to the coast) from a digital terrain model at 10 m resolution in R, version 
4.1.3 (R Core Team, 2022). Monthly averages of daily clear-sky insola
tion times were calculated by averaging the daily daylight lengths pro
vided by the R.SUN routine available in GRASS GIS, version 7.8.5. We 
fitted GAMs by defining a cubic regression spline for each descriptor and 
using the MGCV R package (Wood, 2011). We fitted ANNs via the NNET R 
package (Venables and Ripley, 2002) after performing cross-validation 

Fig. 1. Locations of the weather stations employed in the present study. We indicated the weather station’s ID above each location. The inset displays the borders of 
the Italian peninsula, with those of the study area highlighted in red. (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.) 
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over five decays (0, 0.2, 0.4, 0.6, 0.8, 1) and sizes (1, 2, 3, 4, 5). We fitted 
RFs using the RANDOMFOREST R package (Liaw and Wiener, 2002) with 500 
trees, five as the minimum size of terminal nodes, and by sampling all 
descriptors for splitting at each node; these RFs were thus equivalent to 
bagged decision trees. Finally, we fitted GBMs via the GBM R package 
(Greenwell et al., 2020) by ensembling a maximum of 10,000 trees, with 
shrinkage and interaction parameters equal to 0.01 and 1, respectively; 
each tree was thus equivalent to a decision stump. After model cali
bration, we identified the most relevant physiographic descriptors for 
each algorithm and each month. For GAMs, we evaluated the predictors’ 
relative importance by considering their F statistics. We assessed vari
able importance in ANNs by employing the Olden method (Olden et al., 
2004) implemented in the NEURALNETTOOLS R package (Beck, 2018). 
GBMs’ variable importance was quantified by retrieving the computed 
relative influences, normalized to sum to 100. We finally assessed RFs’ 
variable importance by computing the increase in node purity associated 
with each predictor. 

To ensure that the weather stations sampled sufficient portions of 
landscape complexity, we first synthesized all five physiographic de
scriptors via principal component analysis (PCA) and quantified the 
contribution of each principal component (PC) to the explained vari
ance. Then, we extracted its first two PCs and inspected the spatial 
sparsity of the weather stations’ locations in the resulting monthly 
bivariate plots. For each month, we also evaluated the proportion of 
overlap between the study area’s distribution of PCA scores along all five 
PCs and the sampling distribution created by the weather stations. These 
overlapping proportions were calculated using the OVERLAPPING R package 
(Pastore et al., 2022). Finally, we inspected where the interpolations 
extrapolated by deriving each month’s surface of the Shape extrapola
tion metric. The Shape method measures the degree of extrapolation in 
environmental space by calculating the distance between training and 
projection data; higher Shape values thus indicate higher extrapolation 
degrees (Velazco et al., 2023). We calculated Shape values by consid
ering the Mahalanobis distance and using the FLEXSDM R package (Velazco 
et al., 2022). 

2.4. WorldClim and CHELSA data 

We downloaded version 2.1 of WorldClim’s historical monthly 
climate rasters (“tavg 30s”) from the WorldClim website (https://www. 
worldclim.org/). These 12 rasters cover 1970–2000 and come at 30 
arcsec resolution (~ 1 km2). For CHELSA, we downloaded the CHELSA- 
EUR11 (https://chelsa-climate.org/high-resolution-climate-data-for-eu 
rope/) high-resolution (30 arcsecs; ~ 1 km2) monthly average temper
ature rasters for each year from 1981 to 2005 (“CHELSA_EUR11_ 
tas_mon_1981–2005_V1.1”). We then averaged these monthly average 
temperatures, similar to what we did for the weather station data, to 
produce 12 rasters of monthly climate covering 1981–2005. 

2.5. WorldClim and CHELSA downscaling 

Before downscaling WorldClim and CHELSA, we cropped the 
monthly climate rasters to the extent of the study area (Fig. 1). We 
resampled the altitude, distance to the coast, and monthly average of 
daily clear-sky insolation time rasters we employed in the interpolation 
to match the extent and resolution (30 arcsecs) of the WorldClim and 
CHELSA monthly climate data. Northness and eastness rasters at 30 
arcsec resolution were derived from the resampled altitude raster. Then, 
we fitted the same four statistical algorithms (GAM, ANN, RF, GBM) we 
employed when interpolating weather station data to the set of centroids 
of each monthly climate raster, constituting our calibration points. We 
calibrated each algorithm by replicating the same modeling procedures 
we followed during the interpolations and using the resampled altitude, 
northness, eastness, distance to the coast, and monthly average of daily 
clear-sky insolation time as physiographic descriptors. As with the in
terpolations, we finally inspected where WorldClim and CHELSA 

downscalings extrapolated by comparing the training data at the cali
bration points with the projection data over the study area. By doing so, 
we obtained 12 surfaces of the Shape extrapolation metric for both 
WorldClim and CHELSA, one for each month. 

2.6. Methodological comparison 

For each monthly climate dataset, we assessed the quality of the in
terpolations via leave-one-out cross-validation. Therefore, each weather 
station was excluded once from the dataset and used as a validation point. 
The quality of the downscalings was evaluated by calibrating the algo
rithms on the set of centroids of each monthly climate raster and then 
cross-validating them on the weather stations’ locations. The predictive 
performance of the techniques was compared by using four validation 
metrics, namely the Kling-Gupta efficiency (KGE) scores, percent biases 
(pbias), mean absolute errors (MAE), and root-mean-square errors 
(RMSE). KGE is a composite measure that simultaneously accounts for 
correlation, variability errors, and bias errors among observed and pre
dicted data (Gupta et al., 2009) and was calculated as follows: 

KGE = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(ρ − 1)2
+

(
σpred

σobs
− 1

)2

+

(μpred

μobs
− 1

)2
√

where ρ is the Pearson correlation coefficient between observed and 
predicted temperatures, σpred is the standard deviation of the predicted 
temperatures, σobs is the standard deviation of the observed tempera
tures, μpred is the mean of the predicted temperatures, and μobs is the 
mean of the observed temperatures. A KGE score equal to 1 indicates 
perfect concordance between observed and predicted temperatures, 
while KGE scores between 0 and 0.5 indicate poor model performance 
(Rogelis et al., 2016). We chose percent biases to highlight the pro
pensity for the predicted temperatures to be larger or smaller than those 
measured by the weather stations. Low pbias values reflect accurate 
model prediction; the optimal pbias value is 0. We calculated percent 
biases as follows: 

pbias = 100×

∑(
tobs − tpred

)

∑
tobs  

where tobs and tpred are observed and predicted temperatures, respec
tively. Consequently, underestimation corresponds with positive pbias 
values, whereas overestimation with negative pbias values. MAE and 
RMSE are two commonly used validation metrics, and we calculated 
them as follows: 

MAE =
1
n

(∑⃒
⃒tobs − tpred

⃒
⃒
)

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n

(∑(
tobs − tpred

)2
)

√

where n (= 33) is the number of weather stations. 
The predictions of the interpolations and the downscalings were also 

compared over the entire study area to highlight in which environ
mental conditions the techniques diverged the most. Hence, we con
structed four monthly climate surfaces per month and technique, one for 
each algorithm. Then, we averaged the surfaces over the algorithms to 
obtain a monthly climate surface for each month and each technique. 
These surfaces were then compared by calculating the pairwise differ
ences and inspecting the spatial distribution of these differences across 
the territory. 

Finally, we assessed the impact of environmental extrapolation on 
the interpolation and downscaling procedures by comparing the local 
climate estimates of each pair of techniques at increasing degrees of 
extrapolation. For each month, we extracted the Shape values for each 
pair of techniques at 100,000 random locations. Then, we correlated 
these Shape values with the absolute differences between local climate 
predictions to check whether a joint increase in the degree of environ
mental extrapolation would lead to a more significant divergence 
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between pairs of techniques. 

3. Results 

3.1. Methodological comparison 

The imputation procedures reliably filled the missing temperatures 
(average R2 = 98.017%; average RMSE = 0.72832 ◦C). Among the three 
techniques, interpolating weather station data produced estimates that 
more closely matched the temperatures measured by the weather sta
tions (Fig. A.4 in Appendices). Downscaling WorldClim produced reli
able estimates, although they less closely matched the measured 
temperatures than those predicted by the interpolations (Fig. A.5 in 
Appendices). On the contrary, downscaling CHELSA produced over- 
smoothed underestimates of local monthly climates (Fig. A.6 in 
Appendices). Interpolating weather station data and downscaling 
WorldClim yielded similarly high average KGE scores. Nevertheless, 
WorldClim’s average KGE scores were noticeably lower during fall, 
winter, and early spring (Fig. 2a). Interpolating weather station data and 
downscaling WorldClim also compared in terms of average pbias, 
although mainly from May to October (hereafter referred to as “hot 
season”) when WorldClim’s average pbias were only slightly positive. 
During the cold season, WorldClim’s average pbias decreased towards 
negative values, while weather stations’ average pbias remained close to 
zero (Fig. 2b). Interpolating weather station data yielded slightly lower 
values of average MAE and RMSE (Fig. 2c and Fig. 2d). Finally, down
scaling CHELSA resulted in significantly lower average KGE scores 
(Fig. 2a), consistently positive average pbias (Fig. 2b), and average MAE 
and RMSE that almost doubled those we obtained from the in
terpolations and the WorldClim downscaling (Fig. 2c and Fig. 2d). These 
shortcomings could be partly attributed to the fact that CHELSA data 
cover a different period (1985–2000) than WorldClim and weather 
station data (1970–2000). 

Downscaling WorldClim produced smoother and less detailed 
monthly climate surfaces than interpolating weather station data; this 
was particularly evident during the cold season (Fig. 3c and Fig. 3e) but 
remained true during the hot season (Fig. 4c and Fig. 4e). During the 
cold season, downscaling WorldClim also resulted in lower temperatures 
in valleys and at low altitudes along the coast (Fig. 3f and Fig. 3g). 
Temperature differences reversed moving along the slopes, where 
downscaling WorldClim yielded higher temperatures compared to 
weather station interpolation (Fig. 3f and Fig. 3g), thus echoing the 
lower average pbias values that emerged in the pointwise cross- 
validations. During the hot season, downscaling WorldClim led to 
higher temperatures near the coast and lower temperatures across most 
of the study area (Fig. 4f and Fig. 4g) compared to interpolating weather 
station data; these results were in line with WorldClim downscaling 
scoring higher average pbias values during these months. Throughout 
the year, weather station interpolation and WorldClim downscaling 
consistently diverged at higher altitudes: interpolating weather station 
data yielded higher temperatures that exceeded WorldClim’s by >3 ◦C 
during the hot season (Fig. 3f and Fig. 4f). Finally, similarly to how it 
behaved in the pointwise cross-validations, CHELSA downscaling pro
duced heavily over-smoothed monthly climate surfaces (Fig. 3h and 
Fig. 4h). Consequently, temperature differences between CHELSA 
downscaling and the other two techniques closely matched the thermal 
gradients of the study area both during the cold season (Fig. 3b and 
Fig. 3d) and the hot season (Fig. 4b and Fig. 4d). 

At the 100,000 random locations we sampled each month, down
scaling WorldClim and interpolating weather station data yielded 
similar monthly climate estimates (Fig. A.7 in Appendices). Monthly 
estimates diverged as the Shape values (i.e., degrees of extrapolation) 
jointly increased but seldom exceeded 2.5 ◦C. Divergence was highest 
during the hot season. Monthly climate estimates were far less similar 
between weather station interpolation and CHELSA downscaling 
(Fig. A.8 in Appendices) and between WorldClim and CHELSA 

downscalings (Fig. A.9 in Appendices). No clear divergence at increasing 
Shape values could be observed for these two pairs of techniques. 
Finally, the Shape values of weather station interpolation and World
Clim and CHELSA downscalings only moderately correlated (R2 ≈ 0.30; 
Fig. A.7 and A.8 in Appendices); on the contrary, WorldClim and 
CHELSA downscalings extrapolated nearly identically (R2 ≈ 0.80; 
Fig. A.9 in Appendices). 

3.2. Weather station interpolation 

During the hot season, KGE scores decreased for all the algorithms 
except ANN. For most of the year, GBM ranked as the least efficient 
algorithm. Nevertheless, KGE scores remained high (> 0.80; Fig. A.10a 

Fig. 2. Seasonal patterns in average KGE scores (a), pbias (b), MAE (c), and 
RMSE (d) that we obtained when predicting monthly average temperatures 
using each technique. Lines and points represent average scores and those ob
tained by each algorithm, respectively. 
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Fig. 3. Average January temperatures predicted by interpolating weather station (WS) data and downscaling WorldClim and CHELSA. The contours of the 
geographical area used for comparison are shown in subplot (a). Subplots (b), (d), and (f) display the differences between the temperature surfaces of WSs inter
polation and WorldClim downscaling, WSs interpolation and CHELSA downscaling, and WorldClim and CHELSA downscaling, respectively. Subplots (c), (e), and (h) 
display the temperature surfaces predicted by WSs interpolation and WorldClim and CHELSA downscaling, respectively. Subplot (g) shows the details of the area 
contoured in subplot (f). 

Fig. 4. Average July temperatures predicted by interpolating weather station (WS) data and downscaling WorldClim and CHELSA. The contours of the geographical 
area used for comparison are shown in subplot (a). Subplots (b), (d), and (f) display the differences between the temperature surfaces of WSs interpolation and 
WorldClim downscaling, WSs interpolation and CHELSA downscaling, and WorldClim and CHELSA downscaling, respectively. Subplots (c), (e), and (h) display the 
temperature surfaces predicted by WSs interpolation and WorldClim and CHELSA downscaling, respectively. Subplot (g) shows the details of the area contoured in 
subplot (f). 
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in Appendices). Like KGE scores, MAE and RMSE increased for all the 
algorithms during the hot season, although both metrics showed limited 
variability (0.4–1.3 ◦C; Fig. A.10c and Fig. A.10d in Appendices). 
Percent biases were always remarkably close to zero, with little differ
ences between algorithms (Fig. A.10b in Appendices). Altitude was the 
most relevant physiographic descriptor; however, in all algorithms but 
ANN, its relative importance decreased during the hot season. In these 
same months, the relative importance of the remaining descriptors 
generally increased (Fig. A.11 in Appendices). 

Principal component analysis indicated that weather stations 
sampled moderate amounts of landscape complexity: the study area’s 
distributions of PCA scores and the sampling distributions of the weather 
stations mostly overlapped, especially along the first two PCs, which 
accounted for about 55% of the total variance (Table A.2 and Fig. A.14 
in Appendices). Most of the unexplained variance, and thus the envi
ronmental extrapolation, involved the innermost regions of the study 
area, which are those at higher altitudes and more heterogeneous 
topographically. This pattern was especially evident during the cold 
season but remained consistent throughout the year (Fig. A.15 in 
Appendices). 

3.3. WorldClim and CHELSA downscaling 

KGE scores did not follow any seasonal trend for WorldClim 
(Fig. A.10e in Appendices) or CHELSA (Fig. A.10i in Appendices). 
However, while WorldClim’s KGE scores were consistently high (>
0.80), CHELSA’s KGE scores indicated poor model performance (< 0.50) 
all year round and across all algorithms. WorldClim’s percent biases 
were slightly positive during the hot season and negative for the 
remaining year. In this respect, all the algorithms behaved homoge
neously (Fig. A.10f in Appendices). The algorithms behaved homoge
neously for CHELSA, too, but always showed significantly positive 
percent biases (Fig. A.10j in Appendices). Like weather stations, 
WorldClim’s MAE and RMSE increased during the hot season (Fig. A.10g 
and Fig. A.10h in Appendices). We did not observe this same increase 
when downscaling CHELSA (Fig. A.10k and Fig. A.10l in Appendices). 
Altitude was also the most relevant physiographic descriptor for 
WorldClim and CHELSA downscalings. Contrary to weather station 
interpolation, its relative importance decreased moderately during the 
hot season, especially for WorldClim’s GAMs and CHELSA’s GAMs and 
RFs. When downscaling macroclimate grids, the relative importance of 
some other descriptors showed seasonal variation, too, albeit to a far 
lesser extent than for weather station interpolation. In particular, dis
tance to the coast was the only descriptor whose importance increased 
when downscaling WorldClim during the hot season; for CHELSA 
downscaling, the importance of distance to the coast and insolation time 
displayed reversed seasonal patterns compared to the other techniques, 
decreasing during the hot season. No seasonal patterns could be 
observed for WorldClim’s and CHELSA’s ANNs, as the behavior of these 
algorithms was remarkably unstable (Fig. A.12 and Fig. A.13 in 
Appendices). 

Compared to the interpolations, WorldClim and CHELSA downscal
ings extrapolated more diffusely: except for the northwestern lowland 
region, extrapolation covered the study area almost homogeneously. It 
also followed no clear seasonal patterns (Fig. A.16 and Fig. A.17 in 
Appendices). 

4. Discussion 

In this study, we aimed to assess how interpolation and downscaling 
techniques compare in predicting local monthly climates in highly het
erogeneous mountain ranges. We interpolated weather station data and 
downscaled two of the most widely used macroclimate grids – World
Clim and CHELSA – to check if the data source could affect the down
scaling performance. Although it was impossible to directly validate the 
techniques against observed climates over the entire study area, 

approaching the comparison from different angles allowed us to draw 
several valuable insights. 

4.1. Do interpolating weather station data and downscaling macroclimate 
grids compare in heterogeneous mountain ranges? 

Firstly, we compared the interpolation and downscaling techniques 
by validating them on the only available observed climates, namely the 
weather stations’ measurements. In this context, the interpolation of 
weather station data ranked as the best-performing technique across all 
validation metrics (Fig. 2). WorldClim downscaling closely followed, 
scoring RMSE/MAE values only slightly higher (~ 0.15 ◦C; Fig. 2c and 
Fig. 2d) than the interpolations. Downscaling WorldClim also yielded 
KGE values that rivaled those obtained when interpolating weather 
station data (Fig. 2a). However, the marginally superior performance of 
the interpolations should be taken with due caution. Despite capturing 
good shares of landscape complexity (Table A.2 and Fig. A.14 in 
Appendices), the weather stations we employed cannot be considered 
fully independent as they left the most internal and heterogeneous re
gions above 1250 m asl uncovered. Performing leave-one-out cross- 
validation in such areas would likely have worsened the interpolations’ 
performance. So, it might be fair to say that interpolating weather sta
tion data and downscaling WorldClim emerged, concerning this initial 
pointwise comparison, as essentially equivalent. 

Were then interpolating weather station data and downscaling 
WorldClim also equivalent over the territory? Here, the answer gets 
more nuanced. On the one hand, the two techniques produced monthly 
climate surfaces that were remarkably close, rarely differing by >2 ◦C 
(Fig. 3 and Fig. 4). They demonstrated they were jointly robust against 
environmental extrapolation since their temperature estimates 
remained coherent as the algorithms increasingly extrapolated (Fig. A.7 
in Appendices). Interpolations and WorldClim downscaling correctly 
identified altitude as the most relevant physiographic descriptor 
(Fig. A.11 and Fig. A.12 in Appendices); at such a high spatial resolution 
(10 m), we indeed expected the temperature lapse rate to be the pre
dominant driver of local climatic conditions (Joly et al., 2018). More 
interestingly, both techniques detected decreases in altitude’s relative 
importance during the hot season. They also exhibited more divergent 
monthly climates during this season (Fig. A.7 in Appendices), lower KGE 
scores (Fig. 2a), and higher RMSE/MAE values (Fig. 2c and Fig. 2d). 
These results indicate increased spatial variability in local climates, a 
phenomenon witnessed in many other geographical contexts (Caesar 
et al., 2006; Hopkinson et al., 2012; Jones and Briffa, 1992; Srivastava 
et al., 2009). The reasons for this could be topographical. The proximity 
of the Aspromonte relief to the sea might affect cloud formation, thereby 
promoting uneven cloud cover patterns that might induce maximum 
temperatures to vary more during summer. This phenomenon has, for 
example, been observed in the Iberian Peninsula (Pena-Angulo et al., 
2015). Also, increased evaporation during summer might bolster the 
formation of precipitation along windward slopes, further enhancing 
spatial variability in local climates by modifying latent heat fluxes 
(Martin-Vide, 2004). So, regardless of the reasons explaining them, 
these shared patterns provided evidence that interpolating weather 
station data and downscaling WorldClim behaved similarly also over the 
study area. 

On the other hand, the two techniques differed in several crucial 
aspects. One of the study’s premises was that downscaling techniques 
could have difficulties capturing climate variability in topographically 
complex landscapes. Our results confirm that these techniques can 
struggle to account for topographic effects. Indeed, downscaling 
WorldClim yielded monthly climate surfaces that were smoother than 
those obtained from the interpolations (Fig. 3 and Fig. 4). Compared to 
weather station interpolation, this technique also produced consistent 
underestimates across most of the study area and overestimates along 
the coast during the hot season (Fig. 4), as well as underestimates in 
valleys and overestimates along slopes during the cold season (Fig. 3). 
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Importantly, these biases were reflected by the cross-validations, too, 
namely by consistently negative average pbias values (i.e., underesti
mation) during the hot season and positive average pbias values (i.e., 
overestimation) during the cold season (Fig. 2a). That downscaling 
techniques could have encountered some difficulties was anticipated. As 
mentioned, downscaling macroclimate grids cannot catch climate- 
forcing effects not initially present in the coarse-scale products (Lem
brechts et al., 2019). WorldClim’s grid values, for instance, are initially 
derived by interpolating weather station measurements with the help of 
altitude and distance to the coast as topographical predictors (Fick and 
Hijmans, 2017); interestingly, these two descriptors were the only 
relevant ones when we downscaled WorldClim (Fig. A.12 in Appen
dices). In this respect, our results underline that these difficulties can 
have practical impacts in highly heterogeneous mountain ranges, 
introducing biases in local climate estimates and leading to an overall 
loss of topographical detail. 

Despite producing the most detailed and accurate temperature pre
dictions (Fig. A.4 in Appendices), interpolating weather station data also 
had its share of difficulties. This technique, as expected, extrapolated in 
the most challenging regions of the study area from a topographical 
standpoint, namely the innermost high-altitude landscapes (Fig. A.15 in 
Appendices). While it was impossible to quantify its impact against 
observed climates directly, such extrapolation affected the technique’s 
performance. Indeed, weather station interpolation produced monthly 
climates that were several degrees (up to >3 ◦C during the hot season; 
Fig. 4) warmer than those from WorldClim downscaling. Weather sta
tions are not new to this problem; temperature overestimation in high- 
altitude environments has been witnessed several times (Bolstad et al., 
1998; Daly et al., 1994). One possible solution could be limiting the 
predictors’ interactions and the flexibility of their response curves when 
calibrating the algorithms to prevent them from predicting unrealistic 
climates in the extrapolations. However, a price for doing this might be 
paid when trying to keep up with topographic heterogeneity. Too rigid 
model parameterizations could fail to encompass the locality and 
complexity of climate-forcing in heterogeneous mountainous land
scapes. Temperature lapse rates are notoriously variable in these envi
ronments due to local phenomena such as cold-air pools and other 
topographically induced thermal inversions (Gudiksen et al., 1992; 
Whiteman et al., 2001). Correctly modeling these lapse rates is critical, 
as altitude was found to be the most important variable for all the 
techniques, although less predominantly for the interpolation of 
weather stations (Fig. A.11, A.12, and A.13 in Appendices). Also, wind 
fields are affected by the position and topographic conformation of the 
mountain reliefs, leading to local phenomena like foehn effects that 
further complicate the thermal gradients of these regions (Drechsel and 
Mayr, 2008; Dujardin and Lehning, 2022; Ha et al., 2009). 

Finally, cross-validations and pairwise spatial comparisons showed 
that downscaling CHELSA led to over-smoothed and biased temperature 
estimates. Positive average pbias values (Fig. 2b) indicated that the 
technique systematically underestimated local climates at the weather 
stations’ locations, KGE scores (Fig. 2a) and RMSE/MAE values (Fig. 2c 
and Fig. 2d) never compared with those of the other two techniques, and 
monthly climate surfaces displayed severely limited spatial climate 
variability (Fig. 3 and Fig. 4). We expected that CHELSA, relying on 
more refined routines integrating small-scale orographic effects, would 
perform better in highly heterogeneous mountain ranges than World
Clim; instead, it produced monthly climate surfaces that came to differ 
by >5 ◦C from the interpolations and WorldClim downscaling. Most of 
CHELSA’s poor performance results from a lack of spatial climate vari
ability in the native CHELSA product itself. Indeed, when we compared 
the empirical temperature lapse rates for the native CHELSA and 
WorldClim products in January and July, we witnessed much lower 
temperature range between maxima in lowlands and minima at higher 
altitudes in CHELSA compared to WorldClim (Fig. A.18 in Appendices). 
These results were echoed by CHELSA’s over-smoothed monthly climate 
surfaces for both January (Fig. 3h) and July (Fig. 4h). As mentioned 

earlier, the quality of the downscaling predictions is clearly limited by 
the quality of the native coarse-grained product. Lembrechts et al. 
(2019) incurred a similar limitation when they employed CHELSA 
bioclimatic variables at native (30 arcsecs) and downscaled (30 m) 
resolutions to model the distribution of 50 plant species, albeit to a far 
lesser degree. Although they obtained comparable performance between 
SDMs calibrated with CHELSA and with the topoclimatic interpolation 
of weather station data from Aalto et al. (2017), they nonetheless gained 
no substantial benefit from downscaling CHELSA compared to using its 
coarse-grained version. It is finally worth recalling that CHELSA data 
covering a different period (1985–2000) than WorldClim and the 
weather stations (1970–2000) could contribute to CHELSA’s lacking 
performance. 

4.2. What could be the implications for species conservation under climate 
change? 

Topographically complex territories constitute decisive cornerstones 
for species conservation under climate change. They house significant 
variation in microclimatic conditions, which provides microrefugia for 
vulnerable species to endure warming. Topographically complex terri
tories exhibit greater stability in natural populations, as observed in the 
case of various British butterfly species (Oliver et al., 2010). Suggitt et al. 
(2018) showed that, after accounting for anthropogenic pressure, 
several climate-threatened species across England, including vascular 
plants, bryophytes, lepidopterans, and coleopterans, have suffered 
lower population losses in areas exhibiting higher topographic hetero
geneity in recent decades. Therefore, failing to account for local topo
graphic effects hinders our ability to locate microrefugia crucial to 
population survival. For instance, incorporating topographic heteroge
neity into SDMs also substantially increased the projected persistence of 
European tree species (Randin et al., 2009). Similarly, disregarding 
topographic heterogeneity inflated the projection of future butterfly 
species losses in mountainous regions (Luoto and Heikkinen, 2008). 
Finally, including topographically-induced temperature spatial vari
ability improved niche estimates in SDMs calibrated over topographi
cally heterogeneous regions (Karger et al., 2023). 

This study compared interpolation and downscaling techniques by 
predicting monthly average temperatures. However, minima and max
ima are equally, if not more, relevant in shaping the niche of many or
ganisms; weather and climate extremes also contribute to setting the 
bounds of organisms’ range limits (Germain and Lutz, 2020; 
Ummenhofer and Meehl, 2017). Understanding which techniques to 
downscale these additional climates with would further boost our 
modeling capabilities. Due to their complex fine-scale topographic ef
fects, this is especially true for topographically heterogeneous mountain 
landscapes (Barry and Blanken, 2016). 

In vegetated areas with complex topographies, topography interacts 
with soil characteristics and vegetation structure to generate mosaics of 
even smaller-scale microclimates. These interactions can take particu
larly complex forms and delimit the thermal niches most organisms 
inhabiting forests or other vegetated areas experience (Geiger et al., 
2009; Rita et al., 2021). Microclimates can substantially differ from free- 
air local climates (Barry and Blanken, 2016); as such, interpolations and 
downscalings like ours failed to capture microclimatic variation at 
ground level on several occasions (Lembrechts et al., 2019; Slavich et al., 
2014). Mapping microclimates is, in fact, the prerogative of specific 
statistical routines that range from the interpolation of in-situ micro
climate measurements (Ashcroft and Gollan, 2012; Vanwalleghem and 
Meentemeyer, 2009) to the mechanistic modeling of near-the-ground 
microclimates (Kearney and Porter, 2017; Maclean and Klinges, 
2021). As mentioned, some routines require local climates to be esti
mated before mapping microclimates, which are later derived by 
modeling the offset between local climates and microclimates directly 
(Lenoir et al., 2017; Maclean et al., 2019) or by leveraging available 
maps of temperature offsets like ForestTemp (Haesen et al., 2021). As 
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forest covers will enhance local buffering from future macroclimate 
warming (De Lombaerde et al., 2022), how to best map forest micro
climates is increasingly studied (Maclean and Klinges, 2021; Zellweger 
et al., 2019). Although deriving local climatic conditions through in
terpolations and downscalings is often not enough, our results suggest 
that this step should not be overlooked; indeed, choosing the most 
suitable technique might significantly improve the temperature esti
mates and thus prevent statistical uncertainty from propagating down 
the prediction process. 

5. Conclusions 

High topographic heterogeneity severely challenges our attempts to 
derive high-resolution local climate surfaces. In this respect, are inter
polation and downscaling techniques equally performant? Interpolating 
weather station data managed to capture the fine-scale variability in 
local climatic conditions; downscaling macroclimatic grids, on the 
contrary, provided biased and less detailed monthly climate surfaces. 
Downscaling performance was also found to heavily depend on the 
choice of the macroclimate grid since downscaling WorldClim yielded 
far better temperature estimates than CHELSA. Instead, which algorithm 
to operate with had a lower impact on the accuracy of the predictions. 
Given how critical accounting for fine-scale climatic variability is for 
reliable niche modeling, our study suggests that interpolating weather 
station data might have the edge over downscaling macroclimate grids 
in topographically heterogeneous landscapes. However, its advantage 
was not clear-cut; interpolations suffered from environmental extrapo
lation in the highest and most heterogeneous landscapes. It is riveting to 
note how even our simple comparative study elicited far-from-trivial 
considerations. After all, the stakes are very high: identifying and pro
tecting microrefugia directly depends on us being able to portray the 
mosaic of fine-grain climatic conditions that topography, vegetation, 
and soil collectively contribute to creating. In topographically hetero
geneous landscapes, such as the Aspromonte mountain range, biodi
versity at all levels of organization manages to flourish precisely due to 
the complexity of these climatic mosaics. Thus, understanding the re
lationships that natural populations establish with the landscape re
quires us to carefully select the statistical techniques at our disposal. 
Only by doing so can we protect those microrefugia that may allow 
vulnerable mountain communities to endure future climate change. 
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Appendix A. Appendices  

Table A.1 
Coordinates, altitude, daily average time series length, and proportion of missing data for 1970–2000 for each weather station employed in the present study.  

ID Coordinates (EPSG: 32632) Altitude (m a.s.l.) Daily average time series Missing data for 1970–2000 

longitude latitude start end 

2040 1,161,029 4,281,649 74.97 1989-01-19 2021-01-31 62.06% 
2072 1,152,849 4,279,535 393.49 2004-10-14 2021-01-31 100% 
2160 1,141,307 4,264,722 13.03 1999-05-06 2021-01-31 94.65% 
2180 1,123,456 4,264,655 944.89 1963-01-01 2021-01-31 22.38% 
2200 1,128,582 4,259,092 163.40 1992-03-25 2021-01-31 73.05% 
2220 1,129,293 4,246,703 8.97 2005-01-01 2021-01-31 100% 
2230 1,116,979 4,254,000 309.00 1992-03-25 2021-01-31 72.52% 
2270 1,121,600 4,240,769 406.67 1992-03-24 2021-01-31 72.53% 
2290 1,118,187 4,229,187 456.32 1992-03-24 2021-01-31 71.79% 
2310 1,120,507 4,221,293 102.96 1988-06-10 2021-01-31 61.90% 
2320 1,109,195 4,228,125 960.13 2005-01-01 2021-01-31 100% 
2337 1,108,304 4,222,600 202.55 2014-05-01 2021-01-31 100% 

(continued on next page) 
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Table A.1 (continued ) 

ID Coordinates (EPSG: 32632) Altitude (m a.s.l.) Daily average time series Missing data for 1970–2000 

longitude latitude start end 

2340 1,104,962 4,233,682 972.76 1992-04-10 2021-01-31 71.84% 
2380 1,091,178 4,225,861 708.85 2001-12-04 2021-01-31 100% 
2417 1,096,637 4,235,553 1124.54 2014-05-01 2021-01-31 100% 
2450 1,083,389 4,238,723 67.11 1924-01-01 2021-01-31 14.09% 
2457 1,092,630 4,230,294 902.05 2014-05-01 2021-01-31 100% 
2460 1,091,155 4,243,293 758.06 2014-05-01 2021-01-31 100% 
2465 1,096,479 4,239,176 1238.84 1999-05-08 2021-01-31 94.94% 
2466 1,092,099 4,246,248 547.11 2004-10-14 2021-01-31 100% 
2467 1,086,702 4,240,290 387.55 2014-05-01 2021-01-31 100% 
2470 1,097,587 4,247,042 1157.10 1939-04-26 2021-01-31 42.71% 
2487 1,087,578 4,243,767 551.72 2014-05-01 2021-01-31 100% 
2495 1,081,864 4,247,930 21.45 2005-01-01 2021-01-31 100% 
2510 1,086,756 4,255,067 68.64 1988-09-08 2021-01-31 60.66% 
2514 1,093,014 4,256,028 555.04 2005-11-01 2021-01-31 100% 
2517 1,088,060 4,253,266 660.75 2014-05-01 2021-01-31 100% 
2540 1,109,687 4,257,321 454.58 1988-07-15 2021-01-31 61.55% 
2600 1,119,769 4,268,599 484.03 1924-01-01 2021-01-31 10.10% 
2610 1,109,031 4,274,130 85.70 2005-01-01 2021-01-31 100% 
2690 1,116,977 4,281,494 175.47 1988-10-01 2021-01-31 61.01% 
2710 1,128,374 4,271,555 701.19 1992-03-26 2021-01-31 71.97% 
2740 1,109,681 4,284,554 25.31 1940-05-16 2021-01-31 46.06%   

Table A.2 
Proportions of overlap between the study area’s distribution of PCA scores and the sampling distribution of the weather stations, and proportions of variance (i.e., 
landscape complexity) explained by the PC axes.   

PC 1 PC 2 PC 3 PC 4 PC 5 

January overlap 84.74% 79.05% 73.02% 59.50% 64.51% 
variance 35.39% 19.94% 19.25% 19.19% 6.22% 

February overlap 85.51% 93.25% 78.50% 87.29% 63.33% 
variance 35.54% 19.48% 19.37% 19.33% 6.26% 

March 
overlap 83.97% 83.18% 71.61% 71.69% 63.02% 
variance 35.90% 19.72% 19.65% 18.39% 6.34% 

April 
overlap 83.94% 83.37% 71.36% 73.47% 63.02% 
variance 36.05% 19.97% 19.90% 17.68% 6.40% 

May overlap 84.49% 83.49% 71.35% 74.88% 62.50% 
variance 36.06% 19.99% 19.93% 17.63% 6.39% 

June overlap 84.28% 83.49% 71.33% 74.13% 62.08% 
variance 36.17% 20.28% 20.21% 16.86% 6.48% 

July 
overlap 84.36% 83.49% 71.23% 74.66% 62.53% 
variance 36.04% 20.05% 19.98% 17.53% 6.40% 

August 
overlap 84.25% 83.43% 71.42% 74.12% 62.45% 
variance 36.10% 20.02% 19.95% 17.52% 6.41% 

September overlap 83.83% 83.27% 71.26% 72.32% 63.21% 
variance 36.00% 19.89% 19.82% 17.90% 6.38% 

October overlap 85.69% 83.57% 71.74% 69.60% 62.97% 
variance 35.69% 19.61% 19.54% 18.85% 6.32% 

November 
overlap 85.03% 80.18% 73.05% 58.61% 63.98% 
variance 35.41% 19.89% 19.27% 19.21% 6.23% 

December 
overlap 83.83% 81.97% 70.30% 56.78% 64.68% 
variance 35.43% 20.48% 19.00% 18.94% 6.14%   
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Fig. A.1. Overimputation diagnostic plots for stations 2040 to 2337. For each weather station, we treated each observed temperature as missing and drew 20 
imputed replicas for each: dots represent the mean of these replicas, while the vertical lines are their 90% confidence intervals. The diagonal line indicates perfect 
concordance between observed and imputed temperatures; the dots would all fall on the line if the imputations were perfect. For each observed temperature of a 
weather station, the color of dots and vertical lines displays the proportion of measurements that are missing from other weather stations; the legend reports this 
information in decimals. As expected, imputations get more precise as the proportion of missing measurements from other weather stations decreases. R2 and RMSE 
values measure the degree of association between observed and imputed temperatures. 

Fig. A.2. Overimputation diagnostic plots for stations 2340 to 2495. For each weather station, we treated each observed temperature as missing and drew 20 
imputed replicas for each: dots represent the mean of these replicas, while the vertical lines are their 90% confidence intervals. The diagonal line indicates perfect 
concordance between observed and imputed temperatures; the dots would all fall on the line if the imputations were perfect. For each observed temperature of a 
weather station, the color of dots and vertical lines displays the proportion of measurements that are missing from other weather stations; the legend reports this 
information in decimals. As expected, imputations get more precise as the proportion of missing measurements from other weather stations decreases. R2 and RMSE 
values measure the degree of association between observed and imputed temperatures.  
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Fig. A.3. Overimputation diagnostic plots for stations 2510 to 2740. For each weather station, we treated each observed temperature as missing and drew 20 
imputed replicas for each: dots represent the mean of these replicas, while the vertical lines are their 90% confidence intervals. The diagonal line indicates perfect 
concordance between observed and imputed temperatures; the dots would all fall on the line if the imputations were perfect. For each observed temperature of a 
weather station, the color of dots and vertical lines displays the proportion of measurements that are missing from other weather stations; the legend reports this 
information in decimals. As expected, imputations get more precise as the proportion of missing measurements from other weather stations decreases. R2 and RMSE 
values measure the degree of association between observed and imputed temperatures. 

Fig. A.4. Observed monthly climates at the weather stations’ locations and those predicted when interpolating weather station data.   
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Fig. A.5. Observed monthly climates at the weather stations’ locations and those predicted when downscaling WorldClim.  

Fig. A.6. Observed monthly climates at the weather stations’ locations and those predicted when downscaling CHELSA.   
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Fig. A.7. Coherence of monthly climate estimates when interpolating weather station (WS) data and downscaling WorldClim, with respect to the degree of envi
ronmental extrapolation. We quantified environmental extrapolation by calculating the Shape metric at 100,000 random points; higher Shape values indicate higher 
extrapolation degrees. Color gradients indicate the absolute differences between predictions under WSs interpolation and WorldClim downscaling at those 100,000 
points; lighter colors indicate stronger coherence of monthly climate estimates. We capped temperature absolute differences at 3 ◦C for graphical purposes. R2 values 
measure the degree of association between the Shape values of WSs and WorldClim. 

Fig. A.8. Coherence of monthly climate estimates when interpolating weather station (WS) data and downscaling CHELSA, with respect to the degree of envi
ronmental extrapolation. We quantified environmental extrapolation by calculating the Shape metric at 100,000 random points; higher Shape values indicate higher 
extrapolation degrees. Color gradients indicate the absolute differences between predictions under WSs interpolation and CHELSA downscaling at those 100,000 
points; lighter colors indicate stronger coherence of monthly climate estimates. We capped temperature absolute differences at 3 ◦C for graphical purposes. R2 values 
measure the degree of association between the Shape values of WSs and CHELSA.  
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Fig. A.9. Coherence of monthly climate estimates when downscaling WorldClim and CHELSA, with respect to the degree of environmental extrapolation. We 
quantified environmental extrapolation by calculating the Shape metric at 100,000 random points; higher Shape values indicate higher extrapolation degrees. Color 
gradients indicate the absolute differences between predictions under WorldClim and CHELSA downscaling at those 100,000 points; lighter colors indicate stronger 
coherence of monthly climate estimates. We capped temperature absolute differences at 3 ◦C for graphical purposes. R2 values measure the degree of association 
between the Shape values of WorldClim and CHELSA. 

Fig. A.10. Seasonal patterns in KGE scores (first column), pbias (second column), MAE (third column), and RMSE (fourth column) that we obtained in the cross- 
validations when employing each algorithm to interpolate weather station data (top row) and downscale WorldClim (middle row) and CHELSA (bottom row). 
Model performance improves as KGE values approach 1; KGE values between 0 and 0.5 indicate poor model performance. Low pbias values reflect accurate model 
prediction; the optimal pbias value is 0. Model performance increases as MAE and RMSE values decrease.  
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Fig. A.11. Variable importance plots for the interpolation of weather station data. ANN’s top-left subplot displays the Olden relative variable importance, GAM’s 
top-right subplot the F statistic for each predictor, GBM’s bottom-left subplot the computed relative influences, normalized to sum to 100, and RF’s bottom-right 
subplot the increase in node purity associated with each predictor.  
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Fig. A.12. Variable importance plots for the WorldClim downscaling. ANN’s top-left subplot displays the Olden relative variable importance, GAM’s top-right 
subplot the F statistic for each predictor, GBM’s bottom-left subplot the computed relative influences, normalized to sum to 100, and RF’s bottom-right subplot 
the increase in node purity associated with each predictor.  
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Fig. A.13. Variable importance plots for the CHELSA downscaling. ANN’s top-left subplot displays the Olden relative variable importance, GAM’s top-right subplot 
the F statistic for each predictor, GBM’s bottom-left subplot the computed relative influences, normalized to sum to 100, and RF’s bottom-right subplot the increase in 
node purity associated with each predictor. 

Fig. A.14. Monthly bivariate plots of the PCAs that synthesize landscape complexity. Orange points indicate weather stations’ locations.   
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Fig. A.15. Seasonal patterns of environmental extrapolation when interpolating weather station data. Extrapolation was quantified by the Shape method; higher 
Shape values indicate higher extrapolation degrees.  
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Fig. A.16. Seasonal patterns of environmental extrapolation when downscaling WorldClim. Extrapolation was quantified by the Shape method; higher Shape values 
indicate higher extrapolation degrees. For graphical purposes, Shape values were capped at their 99th percentile.  
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Fig. A.17. Seasonal patterns of environmental extrapolation when downscaling CHELSA. Extrapolation was quantified by the Shape method; higher Shape values 
indicate higher extrapolation degrees. For graphical purposes, Shape values were capped at their 99th percentile. 

Fig. A.18. Empirical temperature lapse rates of the native WorldClim and CHELSA macroclimate grids for January and July. Points indicate the altitude and coarse- 
grained temperature at 1000 random locations, while lines show the corresponding trend curves outputted by linear regression models. 

References 
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