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Taiwan, “Institute of Highland Forest Science, Chinese Academy of Forestry, Kunming, China,
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Accurate climate data is fundamental for ecological modeling and forest
management to adapt to climate change. Gridded climate datasets often fail
to capture local variability, especially in regions with complex terrain. In this
study, we compare two open data sources: WorldClim, a widely used grid-
ded dataset, and ClimateAP, a scale-free dataset that generates point-spe-
cific climate information for the first time. We evaluated their performance by
comparing outputs against observations from 2,340 weather stations (1961
to 1990) across Mainland China. Our analysis showed that ClimateAP yielded
higher adjusted R? values (>0.90), lower mean absolute error, and higher
regression coefficient across temperature and precipitation variables. These
improvements were most pronounced in complex terrain and during summer
months, where ClimateAP's predictions showed up to 15% higher accuracy
than WorldClim. We also applied ClimateAP data to develop climate niche
models for Cunninghamia lanceolata and Pinus massoniana using a Random
Forest algorithm. Models based on ClimateAP data show better performance,
with lower out of bag error rates (17.70 percent versus 19.23 percent for
Cunninghamia lanceolata and 15.67 percent versus 17.89 percent for Pinus
massoniana). Our study provides quantitative evidence to guide the selection
of open climate data sources for ecological analyses.

KEYWORDS
climate change adaptation, climate data, ecological niche modeling, forest
management, machine learning, species distribution

Highlights

o ClimateAP tested with 2,340 Chinese weather stations vs. WorldClim.

« ClimateAP’s scale-free data showed higher accuracy than WorldClim’s gridded data format.
o Accuracy gains were most significant in areas with complex terrain.

« Tree species niche models showed improved performance when using ClimateAP data.
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1 Introduction

Climate data play a critical role in developing ecological models,
assessing the impact of climate change on forest ecosystems and tree
species, and developing strategies for forest resource management to
mitigate and adapt to climate change. Climatic niche models, in par-
ticular, are widely used to evaluate the impact of climate change on
tree species and forest ecosystems, as well as to project suitable habi-
tats for them under climate change scenarios (Wang, Wang et al.,
2016; Wiens et al., 2009). However, the accuracy and credibility of
these ecological models are highly dependent on the accuracy of the
climate data used to build the models and make predictions
(Abdulwahab et al., 2022; Matsushita et al., 2004). In recent decades,
the availability of climate data sources has significantly expanded.
Notable sources include WorldClim (Fick and Hijmans, 2017;
Hijmans et al., 2005), PRISM (Daly et al., 2002), CRU (Harris et al.,
2014, 2020), Daymet (Thornton et al., 2016), ERA5 (Hersbach et al.,
2020), and ClimateNA (Wang, Hamann et al., 2016). However, most
of these datasets provide gridded data for download, and some are
only available in North America. Gridded climate data typically offer
grid-averaged values rather than values at specific locations, which
can significantly compromise the accuracy of climate data for eco-
logical modeling, particularly in mountainous regions. In these
areas, the complex topography—characterized by sharp changes in
elevation, slope, and aspect—leads to significant variations in cli-
mate within a single grid. As a result, using grid-averaged values for
a climate variable across an entire grid may not accurately represent
local conditions. To overcome this problem, ClimateNA, a scale-free
climate model, has been developed for North America (Wang,
Hamann et al., 2016). It applies a dynamic local downscaling algo-
rithm to generate climate variables for specific locations and has
been widely used.
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In the Asia-Pacific (AP) region, the scarcity and low quality of avail-
able climate data have significantly hindered the development of accurate
climatic niche models. This limitation restricts the quality of assessments
and predictions of climate change impacts on species and ecosystems
(Bobrowski and Udo, 2017). To address this gap, ClimateAP' was devel-
oped in 2017 to generate scale-free climate variables (Wang et al., 2017).
ClimateAP applies the same downscaling algorithms and provides scale-
free climate data for ecological models, particularly in forestry, to inform
adaptive management and conservation strategies. It generates 36 pri-
mary, 6 calculated, and 10 derived climate variables. The accuracy of the
primary climate variables for the climatic normal period (1961-1990)
was evaluated against observations from 1,805 weather stations of the
Daily Global Historical Climatology Network (Wang et al., 2017). The
variables for the climatic normal period are highly correlated with the
observed values, indicating high reliability. Despite its validation,
ClimateAP remains underutilized, with only 180 studies citing
ClimateAP as their data source. In contrast, the majority of studies in the
AP region rely on gridded data from WorldClim (Hijmans et al., 2005).

WorldClim is a global gridded dataset offering annual and monthly
climate variables at four levels of spatial resolutions: 30-arc-second,
2.5-arc-minute, 5-arc-minute, and 10-arc-minute. The highest spatial
resolution, which corresponds to 30-arc-second data, is available for
30-year average temperature and precipitation values (Fick and Hijmans,
2017; Hijmans et al.,, 2005). While this dataset covers extensive areas, its
data quality has been questioned. De Clercq et al. (2015) compared spe-
cies niche models using WorldClim and MODIS*-derived variables,
finding that model-based MODIS data outperformed those using
WorldClim. Similarly, replacing WorldClim data with MODIS or

1 ClimateAP is an application that generates scale-free dynamically down-
scaled climate data for the Asia-Pacific region (Wang et al., 2017).
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Climate Hazards Group InfraRed Precipitation with Station data
(CHIRPS)® improved the model fit for more species.

ClimateAP data have been utilized, albeit not extensively, in develop-
ing species niche models within the AP region (Feng et al., 2020, 2022;
Wang, Wang et al., 2016). A knowledge gap exists in comparing biologi-
cally relevant variables derived from the scale-free climate data generated
by ClimateAP with those from the well-established WorldClim platform.
Previous studies have evaluated downscaled datasets in regions such as
the northwestern USA (Jiang et al., 2018) and the southeastern USA
(Wootten et al., 2014). However, a comparison between ClimateAP and
WorldClim in the AP region has not been conducted. Such a comparison
is critical for accurately assessing the reliability of the biologically relevant
variables produced by ClimateAP and for determining the suitability of
this dataset for ecological modeling of climate change impacts on the
regions ecosystems and biodiversity. Forests in topographically complex
areas, with their rapid climate turnover, provide ideal sites for studying
local adaptation and merit more focused research than forests on flat
terrains.

In this study, we hypothesize that (1) ClimateAP produces accu-
rate data for areas where testing weather stations are located, and
yields more accurate data than conventional gridded sources—
WorldClim, (2) the improvement in accuracy when using ClimateAP
compared to 30 arc second-gridded data is particularly substantial
in landforms of complex topography, and (3) the overall quality of
niche models built on ClimateAP data is superior to those using
WorldClim data. To test these hypotheses, we collected observed
climate data from a large number of weather stations and used them
as a reference dataset. We then used these measurements as a

10.3389/fclim.2026.1783859

reference to compare the performance of Climate AP and WorldClim
outputs. We conducted univariate regression of observed climate on
ClimateAP’s scale-free predictions and gridded data from
WorldClim. In addition, we built climatic niche models for
Cunninghamia lanceolata and Pinus massoniana using either
ClimateAP or WorldClim data. We aim to evaluate the accuracy and
reliability of ClimateAP’s biologically relevant variables by providing
empirical evidence. This should contribute to a better understanding
of the strengths and limitations of ClimateAP and its potential for
improving ecological modeling in the AP region. Due to the acces-
sibility of weather station data, our study focuses on China.

2 Data and methods
2.1 Climate data from weather stations

Weather station data from China were queried from a national
database (Figure 1). It contains the coordinates and elevation, daily aver-
age temperature, and accumulated precipitation from 2,365 stations as
monthly time-series data for individual years from 1961 to 1990. This
dataset was used to derive monthly climate averages for the 1961-1990
normal period (Supplementary Table S1). This period aligns with the
reference normal period defined by the World Meteorological
Organizations standard for long-term climate change assessments
(WMO, 2020), reflecting pre-warming averages. Weather stations that
have records shorter than 10 years were excluded from further analysis.

—
Elevation (m)
-48 - 100
100-400
400-800
800-1600
1600-4800

FIGURE 1

distribution and does not represent any position on geographic coverage.

Spatial distribution of weather stations. Every dot represents a weather station, and colors represent elevation classes. Coordinates are rounded to the
2nd decimal place. The administrative boundary follows the United Nations Geospatial (2023). The boundaries are derived for cartographic visualization
purposes only. The boundaries shown do not imply official endorsement or acceptance. The map extent is optimized for displaying weather station

Frontiers in Climate

03

frontiersin.org


https://doi.org/10.3389/fclim.2026.1783859
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org

Jiang et al.

TABLE 1 Number of weather stations by start and end record years in China.

Record start

10.3389/fclim.2026.1783859

Record end year

Year 1987

1961 1 1 2 2,052 2,057
1962 0 0 2 34 36
1963 0 0 1 19 21
1964 0 0 0 15 15
1965 0 0 0 26 26
1966 0 0 1 22 23
1967 0 0 0 19 19
1968 0 0 0 4 4
1969 0 0 0 4 4
1970 0 0 0 15 15
1971 0 0 0 28 29
1972 0 0 0 33 33
1973 0 0 1 12 13
1974 0 1 0 19 20
1975 0 0 0 8 8
1976 0 0 0 4 4
1977 0 0 2 9 11
1978 0 0 0 12 12
1979 0 0 0 9 9
1980 0 0 0 5 5
Total 1 2 9 2,349 2,364

Climate variables were calculated as both monthly normal values
(Table 1) for comparisons at the normal-period level and as monthly
values for validating time-series predictions from ClimateAP and
WorldClim for the period January 1961-December 1990.

2.2 Scale-free climate data from ClimateAP

ClimateAP v3.1 was employed to generate climate data based on
the latitude, longitude, and elevation of weather stations locations.
Two sets of climate data were generated: (1) average monthly climate
data for the 30-year normal period of 1961-1990; and (2) monthly
time-series climate data spanning from January 1961 to December
1990. Each variable in the ClimateAP dataset corresponds to a climate
value calculated from the observed daily or monthly climate.

2.3 Gridded climate data from WorldClim

The coordinates of the weather stations were also used to extract
WorldClim climate data using the simple extraction method. We used
WorldClim1.4 as gridded data, from which the average climate of the
30-year climate normal period (1961-1990) was extracted, and
WorldClim2.1, from which monthly climate data for all months between
January 1961 and December 1990 were extracted. We attempted to use
the latest version for all purposes in this study, but WorldClim2.1 does
not have the data for the corresponding period of 1961-1990 at the spa-
tial resolution of 30 arc seconds. The finest spatial-resolution data for
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the normal period from both versions were used: 30 arc seconds for the
30-year average and 2.5 arc minutes for the time-series data.

2.4 Presence/absence data for two
representative tree species

The coordinates of occurrence data for C. lanceolata and P. mas-
soniana were obtained from the same source as Wang, Wang et al.
(2016). A total of 2,906 records of presence data for C. lanceolata
(Figure 2) and 16,020 records of presence data for P. massoniana
(Figure 3) were obtained from the digital version of the Vegetation
Map of China (1:1000,000) provided by “Environmental and
Ecological Science Data Center for West China, National Natural
Science Foundation of China?” It is a regional dataset that provides
high-quality tree species occurrence data. Presence and pseudo-
absence points were generated following Wang, Wang et al. (2016).
Pseudo-absence points were selected only within 2° of both latitude
and longitude from the geographic range of the presence points.

Mean values of monthly temperature and precipitation variables
for the normal period were generated with the coordinates of the two
tree species’ presence and pseudo-absence points. When retrieving
climate data from ClimateAP, the elevation of the occurrence coordi-
nates was first filled using the Digital Elevation Model (DEM) grid
centers at SRTM 90 m spatial resolution. Then, any missing elevation
was filled with DEM at a 7.5 arc-second spatial resolution (Danielson
and Gesch, 2011).

frontiersin.org


https://doi.org/10.3389/fclim.2026.1783859
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org

Jiang et al.

10.3389/fclim.2026.1783859

oa ,
LM se w03 o
. LN
-~ € . LY
ol T ¥ )
ﬁ- 3
a
< il
2 —
- -
- - o
. LA _
- _/'. fo 7
—as N \
\ )
7~ —

Absence

Presence

FIGURE 2

WorldClim data.

Spatial distribution of present-absent data for Cunninghamia lanceolata used in training and validating random forest models built with ClimateAP and

2.5 Statistical analysis

Figure 4 provides an overview of the three analytical approaches
in this study. Each part tests one of the three hypotheses. This struc-
tured methodology facilitates a comprehensive understanding of the
interplay between observed climate and climate modeling
predictions.

To test the first hypothesis—the accuracy of ClimateAP’s predic-
tions at weather stations, we employed Ordinary Least Squares (OLS)
regressions y = fx +¢ (Wang Hamann et al., 2016; Ye et al., 2023).
These observed climate (y) was regressed on predictions generated by
ClimateAP v3.1 (x) based on the weather stations’ coordinates. For
each variable, we reported the adjusted R-squared (adj.R%), MAE, esti-
mated coefficient (), and p-value. A higher adj.R* indicate greater
variance in observed values explained, lower MAE suggests smaller
discrepancy between observed and predicted values, and lower p-val-
ues denote statistical significance, and the estimated coefficient ( 4, )
closer to 1 reveals a 1:1 correlation between per unit of change in the
predicted and observed climate.

We conducted the regression analyses for the 30-year normals of
36 monthly climate variables (Tmax01 - Tmax12, Tmin01 - Tminl2,
and PPT01 - PPT12). Furthermore, we repeated these regressions for
each year from 1961 to 1990, using these 36 monthly variables. We
then averaged adj.R* and MAE values over the 30-year period.
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We ran the same set of regressions comparing observed cli-
mate data to WorldClim’s predictions, evaluating the adj.R* value,
MAE, and estimator. Subsequently, we compared these statistical
results with the corresponding statistics from the ClimateAP
regressions, enabling a direct comparison of their respective
accuracies. WorldClim’s 30-year-average climate prediction data
Our
regressions include the WorldClim data at the highest available

are available at four different spatial resolutions.

resolution.

To test the second hypothesis, which assesses whether Climate AP
improves accuracy in complex terrain vs. standard 30” grids, we clas-
sified the landforms at weather station locations into two groups:
plains and complex terrain. We computed the standardized
Topographic Position Index (TPI) using a digital elevation model
(DEM) at 7.5 arc seconds, ArcGIS Pro 2.9 at dual grid sizes: 5x5 and
11x11 (Weiss, 2001). Considering the varying effectiveness of spatial
interpolation in predicting climate in different terrains, we simplified
the classification from ten classes in Weiss (2001) to two broader
classes.

Plain landscapes, where spatial interpolation performs more pre-
cisely due to their relative homogeneity, were grouped. Similarly, com-
plex landscapes, characterized by higher spatial heterogeneity and
consequently more significant interpolation errors, formed the other
category (Table 2).
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FIGURE 3

WorldClim data.

Spatial Distribution of present—absent data for Pinus massoniana used in training and validating random forest models built with ClimateAP and

ClimateAP Accuracy in TPl
Mountainous Areas

FIGURE 4
Statistical analysis framework for hypothesis testing.

« Regress recorded « Compare regression
climate on ClimateAP results for ClimateAP and
and WorldClim P WorldClim
prediction

s —— = Classify landforms as » Regress ClimateAP and
Hypothesis 2: plain or complex using WorldClim predictions

« Compare ClimateAP and WorldClim
regressions within each landform

Hypothesis 3: Quality of + Build niche models for = Compare model
Niche Models on C. lanceolata and P. performance to identify
ClimateAP vs WorldClim massoniana using the superior dataset
ClimateAP and
WorldClim

for each landform

To test the third hypothesis, we used the random forest modeling
algorithm to build climatic niche models to predict the occurrence of
C. lanceolata and P. massoniana. From the pool of 2,906 presence and
115,265 absence data points (Figure 4), we first compressed the sample
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to a 1.10 absence-to-presence ratio, then allocated 70% as the training
set and the remaining 30% as the validation set. This division is not a
standard k-fold cross-validation because of the bagging algorithm
inherent to random forest models, which obviates the need for
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TABLE 2 Landscape classification method using the Topographic Position Index and slope.

Landform classification TPI 5

Plain landforms

—oTpP|, <TPl5 <oTpy,

10.3389/fclim.2026.1783859

TPI 11

—oTpP|, <TPH1<oTpP], ‘

Complex landforms

TPI5 = others

TPl 1 = others ‘

The landform classification uses the Topographic Position Index that is standardized using local TPI standard deviations (cTP| and oTP| ) ). TPl5, TPl 1 and the standard deviations are

calculated using a DEM with dual grid sizes: 5 x 5 and 11x 11, based on Weiss (2001).

cross-validation. Sample points of P. massoniana were compressed to
15,000 presence and 20,000 absence, then allocated to the training set
and validation set following the same method. Monthly climate data
of 30-year averages (1961-1990) from ClimateAPv3.1 and
WorldClim1.4 were used to build the two separate models. My evalu-
ation entailed assessing out-of-bag (OOB) errors, predictors’ and
users’ accuracy on the training dataset, alongside model performance
on the validation dataset, gauged by the area under the receiver oper-
ating characteristic curve (AUC-ROC) and Kappa statistics. AUC-
ROC closer to 1 signifies a perfect model, while 0.5 signifies a random
guess. Kappa statistics, on the other hand, is a measure of classification
accuracy normalized by the imbalance of the classes in the data. It
considers the possibility of the agreement occurring by chance; thus,
it is a more robust measure than simple accuracy. A high Kappa value
indicates better agreement between predictions and observations. The
comparison of these metrics allows us to determine if the Climate AP-
based model demonstrates better performance than the WorldClim-
based model.

3 Result

3.1 The accuracy of ClimateAP vs.
WorldClim

Both ClimateAP and WorldClim achieved high overall accuracy,
but ClimateAP consistently outperformed WorldClim across all
monthly variables. Averaged over 1961-1990, ClimateAP’s adj.R*
exceeded 0.95 for all variables, including precipitation (mean
0.9805 + 0.0144), Tmax (0.9670 £ 0.0167), and Tmin
(0.9845 + 0.0043) (Figure 5A). By contrast, WorldClint’s adj.R* was
lower and more variable. Its precipitation predictions ad, j.R2 reached
an average of 0.9078 + 0.0485, and the maximum and minimum tem-
peratures were 0.9659 + 0.0182 and 0.9786 + 0.0060. Climate AP also
showed substantially and constantly lower MAE values than
WorldClim  across all monthly variables, with mean
MAE =3.13 £2.02 mm for PPT, 0.486 + 0.024 °C for Tmax, and
0.495 + 0.065 °C for Tmin, vs. WorldClim’s 8.88 £ 5.33 mm for PPT,
0.587 £0.048 °C f/(ir Tmax, and 0.672 + 0.105 °C for Tmin (Figure 5B).
Slope estimates 5 for ClimateAP were closer to 1.00 with slightly
lower monthly variance in precipitation (PPT 1.0158 + 0.0159) and
higher in temperature (Tmax 0.9762 + 0.0294; Tmin 0.9891 + 0.0142)
than WorldClim (PPT 1.0076 + 0.0494; Tmax 0.9800 + 0.0079; Tmin
0.9906 + 0.0055), showing similarly minimal proportional bias
(Supplementary Table S2).

Seasonal trends were evident in both ClimateAP and WorldClim
datasets. Cooler months (November-May for precipitation and
November-March for temperatures) yield higher adj.R* and lower
MAE than warmer months. ClimateAP’s advantage was most
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pronounced in summer. For July precipitation, ClimateAP’s adj.R* was
about 0.95 vs. WorldClims being 0.81 (Figure 6), and MAE was
6.42 mm compared to 18.27 mm (WorldClim). Similarly, ClimateAP’s
Tmax MAE fell to 0.37 °C in warm months (peaking at 0.61 °C in cold
months), while WorldClim’s Tmax M AE ranged from 0.45 °C (winter)
to 0.75 °C (summer). Seasonal trends in Tmin mirrored those in Tmax,
but with generally lower errors. Examination of the regression slopes
(B ) revealed mixed results (Figure 5¢). For PPT, ClimateAP varied
closer to 1 than WordClim. For Tmax, ClimateAP remained closer to
1 from January to April and from November to December, then fell
below WorldClim’s from May through September (e.g., July: 0.943 vs.
0.978). For Tmin, ClimateAP remained closer to 1 from January to
March and from September to December, then fell lower than
WorldClim’s from April through August (e.g., July: 0.962 vs. 0.997). All
regressions were significant (p < 0.001), and slopes remained within
+0.08 of unity (ClimateAP: 0.93-1.04; WorldClim: 0.94-1.08; Figure 5),
showing minimal systematic bias over 30-year normals.

The results of the year-specific climate regressions showed a similar
trend, with ClimateAP constantly outperforming WorldClim in terms of
both adj.R* values and MAE for all monthly climate variables (Figure 7).
For temperatures, ClimateAP had adj.R* values varying between 93.15%
(I'max05) and 98.39% (T'min01) and MAE varying between 0.57
(T'min07) to 0.88 (Tmin12). While WorldClim had adj.R* values varying
between 90.87% (Tmax05) and 98.11% (T'minl2), and MAE varying
between 0.79 (Tmax06) and 1.00 (Tmin02). The average difference in
temperature between the two data sources ranged from 0.07 (Tmax05) to
0.28 (Tmax12) for maximum temperature, and 0.02 (Tm in(/)?) to 0.36
(T'min12) for minimum temperature. The estimated slope ( /; ) varied
seasonally. For Tmax, ClimateAPs f; was closer to 1.00 than
WorldClim’s in March, April, and November, but dropped below both
1.00 and WorldClim’s from May through September. For Tmin,
ClimateAPs /) remained nearer unity in March, April, and August-
November, then fell below WorldClims and below 1.00 in the
other months.

For precipitation regressions, ClimateAP had adj.R* varying
between 0.68 (PPT07) and 0.92 (PPT02) and MAE varying between
4.13 (PPT01) and 41.68 (PPT07). In contrast, WorldClim had adj.R?
between 0.60 (PPT07) and 0.87 (PPT02), and MAE between, 4.95
(PPT01) and 46.83 (PPT07). There was an average difference of
5.15 mm in predicting July’s precipitation every year from 1961 to
1990 between WorldClim and ClimateAP. From January through
April, ClimateAPs f; exceeded WorldClim’s and was closer to 1.00.
In the remaining months, WorldClim’s E Wwas nearer unity.

3.2 Prediction accuracy by landform
On complex landforms, ClimateAP consistently outperformed

WorldClim in terms of adj.R*and M AE values across all temperature and
precipitation variables (Figure 8). Mean monthly adj.R2 rose by
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FIGURE 5

Source =@ ClimateAP

Comparisons in prediction accuracies between ClimateAP and WorldClim for monthly maximum temperature (Imax), monthly minimum temperature
(Tmin), and monthly precipitation (PPT) in terms of adjusted R-squared (A), MAE (B), and estimated coefficient gy (C) for the 1961-1990 normal period.

Tmin

Tmax

Tmax Tmin
0.80
0.70
0.60
0.50
0.40
Tmax Tmin

WorldClim

approximately 3% for maximum temperature, 2.5% for minimum tem-
perature, and 9% for precipitation under ClimateAP relative to WorldC
lim, while MAE declined by 40-60% for both temperature metrics and
by 58-72% for precipitation. Regression slopes ( £ ) remained within
+2% of unity year-round for ClimateAP vs. deviations up to 8% for
WorldClim. However, mixed results were shown on plain landforms.
ClimateAP outperformed WorldClim for monthly minimum tempera-
tures but did not for maximum temperatures (Figure 8). Although on
plain landforms, ClimateAP’s precipitation MAE was still lower than
those of WorldClim by 48-68%, temperature MAE’s advantages were
limited (5-18%), and WorldClim marginally outperformed ClimateAP
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for Tmax between April and August. For regression slopes, two data
sources showed similar results for precipitation, while ClimateAP showed
higher values in winter months and lower values in summer months than
WorldClim. Thus, while ClimateAP consistently demonstrated strength
in complex landscapes, it showed seasonal mixed results on plain
landforms.

3.3 Climate niche model for tree species

Two sets of RF models for both C. lanceolata and P massoniana
showed that models built with ClimateAP data demonstrated higher
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FIGURE 6
Scatter plots of observations of monthly accumulated precipitation in July against predictions (the trend lines) from ClimateAP (A) and WorldClim (B).

prediction accuracy. For C. lanceolata, the ClimateAP-based model
achieved a lower OOB error rate (17.70%) compared to the WorldClim
model (19.23%). Classification errors for absence and presence data were
also lower for the ClimateAP model (21.16 and 13.89%) than the
WorldClim model (22.76 and 15.55%). In addition, the ClimateAP model
demonstrated higher AUC (0.90 vs. 0.88), higher precision (0.84 vs. 0.83),
and identical recall (0.78 vs. 0.78) (Table 3). Similarly, the RF models for
P, massoniana built with ClimateAP data also showed slightly lower OOB
error (15.67% vs. 17.89%). However, differences in other terms were less
pronounced than for C. lanceolata. Due to missing data points, the final
presence/absence ratios were 1:1.10 and 1:1.04 for C. lanceolata, and 1:1.33
and 1:1.06 for P. massoniana in ClimateAP and WorldClim models,
respectively.

4 Discussion

This study evaluated the accuracy of scale-free climate data
generated by ClimateAP compared with widely used gridded cli-
mate data from WorldClim for locations in China for the first
time. The results supported our three hypotheses and provided
insights into the accuracy of these datasets for ecological model-
ing, particularly in the Asia-Pacific (AP) region. Our findings
contribute to the growing body of research on climate data accu-
racy and its implications for ecological modeling (Fick and
Hijmans, 2017; Wang, Hamann et al., 2016), particularly to
enhance ecological modeling in mountainous regions where for-
ests mostly occupy.

4.1 Prediction accuracy of ClimateAP vs.
WorldClim

Overall, data from both sources showed high prediction accu-
racy against station observations for 1961-1990 monthly nor-
mals, a critical period for establishing climate normals and
building ecological models using climate normals (Harris et al.,
2020). On average across all 12 months, ClimateAP outperforms
WorldClim, supporting Hypothesis 1. ClimateAP’s mean adj. R
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for precipitation and temperature values are higher than those of
WorldClim. Likewise, ClimateAP’s MAE for these variables
remains well below that of WorldClim. Although for four late-
summer/early-autumn months (Tmax in August-November),
WorldClim’s adjusted R? slightly exceeds ClimateAP’s, Climate AP
maintains lower MAEs in those months. The superior perfor-
mance of ClimateAP, which produces climate data for specific
locations, aligns with previous studies that have highlighted the
importance of high-resolution climate data in complex terrain
(Daly et al., 2008; Wang et al., 2012).

ClimateAP’ regression slopes ( S/ ) drop below 1 and WorldClim’s
from May through September for Tmax and April through August for
Tmin, reflecting the dynamic local adjustment of PRISM-based
smoothing of 30-year normals, which dampens monthly extremes
(Daly et al., 2008; Wang et al., 2017). In contrast, WorldClim’s thin-
plate spline interpolation retains greater curvature, yielding slopes
closer to 1.00 in summer. In other months, however, ClimateAP’s 5/
1 exceeds WorldClim’s and remains nearer to 1, indicating a more
accurate one-to-one correspondence.

The scale-free climate data from ClimateNA or ClimateAP have
been tested against observations from weather stations (Wang et al.,
2017; Wang Hamann et al., 2016), but rarely tested at the monthly level
for individual years. The higher adj. R* values, and lower MAE for
ClimateAP across all monthly climate variables except for four
monthly maximum temperatures show better performance over
WorldClim. This is particularly evident in precipitation predictions,
where ClimateAP’s adj.R? values exceed 0.95, compared to
WorldClim’s more variable range of 0.81 to 0.95. These findings are
consistent with other regional studies that have emphasized the chal-
lenges in accurately modeling precipitation patterns (Sun et al., 2018;
Zhang et al., 2011). ClimateAP’s superior precipitation predictions can
be largely attributable to its use of the PRISM data (Daly et al., 2008),
which was considered to have exceptional quality (Wang et al., 2017).
The superior performance of ClimateAP during summer months is
especially noteworthy, as this period is critical for many ecological
processes and biodiversity patterns (Piao et al., 2019). The scatter plots
for July’s precipitation further illustrate ClimateAP’s closer alignment
with observed data, highlighting its robustness in capturing climate
variability.
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FIGURE 7
Comparisons in prediction accuracies between ClimateAP and WorldClim for monthly maximum temperature (Tmax), monthly minimum temperature
(Tmin), and monthly precipitation (PPT) in terms of Adjusted R-squared (A), MAE (B), and estimated coefficient g; (C) for individual years between 1961
and 1990. Error bars show the standard deviation of R-squared and MAE values across all years, and the averaged standard error for the estimated
coefficient.

4.2 Prediction accuracy by landform

The analysis of prediction accuracy across different landforms
reveals that ClimateAP consistently outperforms WorldClim in com-
plex terrains. This supports our hypothesis that ClimateAP’s scale-free
approach is better suited for regions with significant topographic
variation, where microclimates can differ substantially within short
distances (Daly et al., 2008; Wang Hamann et al., 2016). This finding
aligns with previous studies demonstrating that topographic complex-
ity significantly influences local climate patterns and the accuracy of
climate predictions (Dobrowski, 2011; Meineri and Hylander, 2017).

However, in plain landforms, the superiority of ClimateAP
was less pronounced. This pattern is consistent with other studies
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showing that interpolation methods perform well in areas with
relatively uniform terrain (Fick and Hijmans, 2017). This dem-
onstrates the overall superiority of ClimateAP, which is mainly
attributable to its scale-free downscaling approach in mountain-
ous regions where climate varies significantly over small dis-
tances (Wang et al., 2012). Traditional gridded averages, such as
those used in WorldClim, often struggle to capture this fine-scale
variation due to the averaging effect across grid cells (Maclean et
al., 2019).

The superior performance of ClimateAP in complex landforms
can be primarily attributed to its dynamic local downscaling algo-
rithm. This sophisticated approach enables the estimation of location-
specific lapse rates through local ordinary least squares (OLS)
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TABLE 3 Out-of-bag error, area under curve, precision, and recall in each random forest model.

Metrics Cunninghamia lanceolata Pinus massoniana
ClimateAP WorldClim ClimateAP WorldClim
0OB 17.70% 19.23% 15.67% 17.89%
AUC-ROC 0.8967 0.8836 0.9045 0.9033
Kappa 0.6220 0.6105 0.6558 0.6487
Precision 0.8394 0.8289 0.8694 0.8607
Recall 0.7800 0.7778 0.7831 0.7860

regression based on adjacent grid cells (Wang, Hamann et al., 2016).
The method’s effectiveness stems from its ability to account for varying
lapse rates across different terrains while generating point-specific
(scale-free) estimates rather than grid cell averages (Minder et
al,, 2010).

Given that elevation is a primary driver of microclimate vari-
ation in mountainous regions (Dobrowski, 2011; Kérner, 2007),
ClimateAP’s point-specific climate estimates more accurately
represent the actual environmental conditions experienced by
organisms. Notably, ClimateAP achieves this performance despite
using a lower resolution baseline data (2.5 arc minutes) compared
to WorldClim’s 30 arc seconds (Hijmans et al., 2005). This sug-
gests potential for further improvement in prediction accuracy if
higher-resolution baseline data were incorporated in future
versions.

However, previous studies have identified limitations in the
dynamic local downscaling algorithm’s effectiveness for precipitation
variables (Wang et al., 2012). The marked superiority of ClimateAP in
precipitation prediction likely stems from the high-quality precipita-
tion data provided by PRISM (Parameter-elevation Relationships on
Independent Slopes Model) (Daly et al., 2008). This highlights the
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critical importance of baseline data quality in climate modeling
accuracy.

4.3 Impact of climate data source on
climate niche models for tree species

The random forest models developed for C. lanceolata and
P. massoniana demonstrated comparable overall performances
using either ClimateAP or WorldClim data, but with notable differ-
ences in specific metrics. Models built with Climate AP data consis-
tently showed superior performance across multiple evaluation
metrics, including lower out-of-bag (OOB) error rates, higher Area
Under the Curve (AUC), Kappa, and precision values (Elith and
Leathwick, 2009). The superior performance of ClimateAP-based
models aligns with theoretical expectations, as more accurate cli-
mate data should lead to more reliable species distribution predic-
tions (Peterson, 2011). The improvement in model performance can
be attributed to ClimateAP’s scale-free climate estimates, which
better capture the microclimate variations that influence species
distributions, particularly in topographically complex regions
(Maclean et al., 2019; Suggitt et al., 2018).
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4.4 Limitations and future research

The weather stations used in this study may have contributed
to the development of either the WorldClim or the PRISM data-
sets, or both. Thus, the prediction accuracies may be somewhat
overestimated. However, our objective was to assess the relative
performance of the two data sources. Supporting this approach,
the superiority of the dynamic local downscaling algorithm has
been observed with independent weather stations at a local scale
(Huan-Yu et al., 2018; Ye et al., 2023). An additional method-
ological limitation lies in comparing ClimateAP and WorldClim
outputs. As ClimateAP generates point-based data while
WorldClim provides gridded data, it is difficult to determine how
much of the improved prediction accuracy stems from the differ-
ent interpolation methods vs. the inherent higher precision of
point-based climate representations. Future studies could address
this by developing methods to decompose these two sources of
improvement.

C. lanceolata and P. massoniana served as the model species
in this study, selected for their economic significance, suscepti-
bility to climate change, and the availability of substantial
observed presence data. While these factors affirm its suitability
for this analysis, the results” applicability may vary with different
species due to unique traits and adaptations. Therefore, addi-
tional sensitivity analyses with diverse species could clarify how
climate data sources impact niche modeling. Future research
should validate climate data sources across varied species or eco-
systems and regions to strengthen their credibility. Identifying
the most suitable data sources for different models could provide
valuable insights for ecological modelers and enhance under-
standing of climate change impacts.

5 Conclusion

This study provides strong evidence for the accuracy and utility
of scale-free climate data generated by ClimateAP for ecological
modeling in China compared with WorldClim. Through rigorous
comparisons with weather station observations and the widely used
WorldClim gridded dataset, we demonstrated that ClimateAP con-
sistently produced highly accurate temperature and precipitation
estimates across all months and years evaluated. This performance
was especially pronounced in topographically complex regions,
highlighting the value of ClimateAP’s downscaling approach in cap-
turing fine-scale climate variation that is often missed by gridded
averages. Moreover, we showed that the improved accuracy of
ClimateAP’s climate data translated into better predictions of species
distributions. Ecological niche models for two representative tree
species built with ClimateAP predictors outperformed equivalent
models using WorldClim data, with lower error rates and higher
accuracy metrics. This demonstrates the potential for ClimateAP to
enhance the quality and reliability of ecological assessments and cli-
mate change impact projections in the Asia-Pacific region. Our
study provides a robust validation of ClimateAP’s accuracy and util-
ity in China and highlights its potential to enhance ecological mod-
eling and climate change impact assessments across the
Asia-Pacific region.
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