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Intercomparison of Methods for Disentangling Local and
Nonlocal Biophysical Impacts of Land Cover Changes
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Supercomputing Applications, University of Illinois at Urbana-Champaign, Urbana, IL, USA

Abstract The climatic impacts of land cover changes (LCCs) due to altered biophysical properties include
local effects in LCC areas and nonlocal effects in both LCC and non-LCC areas resulting from atmospheric
feedback. The biophysical impacts of LCC simulated by climate models typically represent only the total
effects, that is, the sum of local and nonlocal effects. The respective local and nonlocal effects have been
disentangled from climate model simulations using several methods. However, a systematic intercomparison of
these methods under a comparable modeling framework is still lacking, hindering the complete understanding
of LCC's biophysical effect on the methodological nature. This study employs a series of unified global
deforestation experiments to assess the performance of existing methods in quantifying the local and nonlocal
effects of LCC on land surface temperature. Results show that local effects derived by different methods exhibit
overall consistent latitudinal and seasonal patterns compared to those in observational data sets, including the
transition zone between warming and cooling across the Northern Hemisphere. The separated nonlocal effects,
which dominate the total effects, can be reproduced with broad similarity across methods. Nevertheless,
regional discrepancies exist, reflecting the different assumptions of each method. We further discuss and
summarize the strengths and limitations of each approach and offer practical suggestions on their usage. This
study provides methodological guidance for the quantitative assessment of biophysical climate effects of LCC
across multi-scales for climate change research.

Plain Language Summary Changes in land cover, such as deforestation, influence the climate by
altering how land absorbs sunlight, releases heat, and exchanges moisture with the atmosphere. These changes
cause both local effects, in the regions where land cover changes occur, and nonlocal effects that spread through
the atmosphere and affect other regions. Climate models are widely used to study these impacts, but they usually
simulate only the combined effects of these two. Different methods exist to separate local and nonlocal effects.
Until now, these methods have not been systematically compared, making it difficult to interpret their results. In
this study, we use a set of global deforestation experiments to compare existing major methods for disentangling
between local and nonlocal land surface temperature changes. We find the large-scale patterns of local and
nonlocal effects are broadly consistent across methods, but regional differences remain due to each method's
assumptions. Our results offer practical guidance on how to choose and apply these methods for different
research objectives and data contexts.

1. Introduction

Human-induced land cover changes (LCCs), such as deforestation driven by agricultural expansion and urban-
ization, affected approximately 18%—29% of the ice-free lands (Hansen et al., 2010; Intergovernmental Panel On
Climate Change, 2022; Luyssaert et al., 2014; Ramankutty & Foley, 1999; Schneider et al., 2009). LCCs in-
fluence climate through both biogeochemical (primarily related to the carbon cycle) and biophysical processes
(radiative and non-radiative processes associated with albedo, evapotranspiration change, etc.) (Alkama &
Cescatti, 2016; Amali et al., 2025; Bathiany et al., 2010; Boysen et al., 2014, 2020; Claussen et al., 2001; Kan
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et al., 2025), resulting in climatic changes at local, regional, and even global scales (Cui & Graf, 2009; Devaraju
et al., 2015; Li et al., 2023; Pitman et al., 2011).

Unlike biogeochemical effects, which operate globally in a relatively uniform way, biophysical impacts of LCC
are more heterogeneous, affecting not only the climate in areas experiencing LCC but also other remote areas
without LCCs (non-LCC areas), referred to as local and nonlocal effects, respectively (Winckler et al., 2017a),
and their combination constitutes the total climate effects of LCC. Local effects are driven by changes in bio-
physical properties—such as albedo, evapotranspiration, aerodynamic resistance—which affect surface energy
balance and fluxes without perturbing large-scale atmospheric conditions (Chen et al., 2024; Devaraju
et al., 2018; Huang et al., 2020; Lee et al., 2011; Li et al., 2015). In contrast, nonlocal effects occur when LCC
creates a sufficiently large perturbation to atmospheric circulation, which then propagates to influence climate in
other LCC and non-LCC areas at regional and even global scales (Di Vittorio et al., 2018; Li et al., 2024;
Portmann et al., 2022; Winckler, Lejeune, et al., 2019). Given the different scales and underlying processes, a
separate consideration of local and nonlocal effects beyond their combined effects is crucial for understanding the
multi-process, multi-scale climatic impacts of LCCs and for formulating effective land-based climate change
mitigation and adaptation strategies (Pongratz et al., 2021).

Several approaches have been proposed to quantify the impact of LCCs on local and nonlocal land surface
temperature using observations and climate model simulations. In observations, LCC effects are typically esti-
mated by comparing climate variables at locations experiencing LCC versus regions experiencing no or a
different degree of LCC at paired weather stations, eddy covariance sites (Lee et al., 2011; Yuan et al., 2021;
Zhang et al., 2014), or in satellite data (Li et al., 2015). Although these observation-based space-for-time ap-
proaches primarily capture local effects while excluding large-scale nonlocal influences, they provide direct
measures of LCC impacts at much finer spatial resolution (Duveiller et al., 2018a; Li et al., 2015; Prevedello
et al., 2019). In contrast, typical numerical LCC experiments using climate model simulations capture the total
climate response to LCCs but at much coarser spatial resolution. Additional methodologies are required to
separate the signal into local and nonlocal effects (Boisier et al., 2012; Chalita & Le Treut, 1994; Jiger
etal., 2026). One classical separation approach is to use land-only (i.e., offline) LCC simulations to quantify local
effects without atmospheric feedback (Gibbard et al., 2005), and then obtain the nonlocal effects by subtracting
them from the total effects from the land-atmosphere coupled LCC simulations. With the advent of climate
models that provide subgrid-level outputs (e.g., at the Plant Function type (PFT) level), it has become possible to
separate local and nonlocal effects through subgrid comparisons (Chen & Dirmeyer, 2020; Malyshev et al., 2015;
Schultz et al., 2016). Another approach involves specially designed “checkerboard” LCC experiments (De Hertog
et al., 2023; Winckler et al., 2017a), where the local and nonlocal effects are disentangled through spatial
interpolation of model outputs. In addition, several postprocessing techniques have been successfully applied to
separate local and nonlocal effects from existing LCC model simulation outputs, such as the Land Use Model
Intercomparison Project (LUMIP) (Lawrence et al., 2016). These include the Intrinsic Biophysical Mechanism
(IBPM) approach (Chen & Dirmeyer, 2016; Lee et al., 2011; S. Liu et al., 2023), space-for-time methods such as
window-based spatial comparison (Kumar et al., 2013; Lejeune et al., 2017) and regression techniques (Lejeune
et al., 2018), as well as the most recent spectral climate signal separation method (Jager et al., 2025, 2026).

Although these approaches are theoretically capable of disentangling local and nonlocal effects in climate model
simulations, a systematic evaluation and intercomparison of them is still lacking. Given their substantial dif-
ferences in assumptions, it remains unclear how well each method performs against observational benchmarks
and how effectively it compares to the others. These approaches are often employed in separate studies with their
own model choices and LCC designs, making direct comparisons of their results challenging. To fill this gap, this
study provides a comprehensive evaluation and intercomparison of existing major methods for separately
quantifying local and nonlocal effects on land surface temperature (LST) using unified deforestation experiments
with the Community Earth System Model (CESM) 2.1.2. We analyze the spatial and seasonal variations of the
local and nonlocal effects separated by different methods, assess their consistency, and discuss the strengths and
limitations of each method. This study aims to evaluate the applicability and limitations of various methods within
a uniform, comparable framework, providing methodological guidance for quantitative assessments of bio-
physical climate effects of LCC across multiple scales.
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Figure 1. Overview of methods for quantifying local and nonlocal effects of land cover change based on observations and model simulations. Observational approaches
(left) utilize in situ measurements and remote sensing data, combined with separation methods, to estimate local effects. Model simulation approaches rely on a suite of
land-only and coupled simulation experiments. Local and nonlocal effects are obtained indirectly or directly through methods.

2. Data and Methods
2.1. Experimental Design

Figure 1 summarizes various approaches from the literature that separately quantify the local and nonlocal effects
of LCC on climate (i.e., surface temperature response) using observational data and climate model simulations.
To compare these approaches, we conducted a series of coupled and land-only LCC sensitivity experiments
(a control run and another with deforestation) using CESM 2.1.2 (Danabasoglu et al., 2020) and its land
component, the Community Land Model 5.0 (CLM5) (Lawrence et al., 2019). For coupled simulations, we used
the component set F2000climo, which couples the land and atmosphere, to conduct the control (CTL) and
deforestation (DEF) experiments. For land-only simulations, we used the component set I2000CIm50Sp for the
CTL and DEF experiments, with no feedback to the atmosphere. Both model components are configured with
fixed atmospheric CO, concentrations and prescribed sea surface temperature and sea ice conditions. The
12000CIm50Sp configuration includes prescribed satellite phenology and is driven by cycling GSWP forcing of
the year 2000. The model grids of all simulations were set to 1.875° X 2.5° (F19_G16), and each simulation was
run for 35 years with monthly output. At this resolution, local effects should be interpreted as “local” relative to
the grid cell size, neglecting their landscape-scale variations and possible nonlocal effects triggered by LCC
within the grid, especially when the grid cell size is large. The first 5 years were used as spin-up, and the last
30 years were for analysis. All analyses were restricted to the region between 60°S and 80°N to ensure spatial
comparability across all methods. The land surface temperature we analyzed is defined as a radiative surface
temperature consistent with remote sensing products (Duveiller et al., 2018a; Li et al., 2015), and is computed
from the emitted longwave radiation using the Stefan—Boltzmann law, assuming an emissivity of 1.

Several deforestation scenarios were designed based on the year 2000 land cover in CTL by converting trees and
shrubs (PFTs 1-11) to grasslands (PFTs 12—14) in proportion to the existing grassland PFTs composition (Figure
Sla in Supporting Information S1). Note that the designed global deforestation scenarios represent an idealized
LCC scenario for method-comparison purposes; the real-world LCC would not occur at this massive scale. Below
is a summary of the four land cover scenarios used in this study, which were implemented in both land-only and
coupled simulations, as described in Table 1.
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Table 1
Land Cover Scenarios and Experiments in This Study
Land cover scenario Description Experiments
Control (CTL) Default year 2000 land cover Expl: Land-only CTL

Deforestation (DEF)

Deforestation_min (DEF_min)

Checkerboard

Exp2: Coupled CTL

Full deforestation in every grid cell Exp3: Land-only DEF
Exp4: Coupled DEF

0.01% forest and shrub retained in every deforestation grid cell Exp5: Land-only DEF_min
Exp6: Coupled DEF_min

Full deforestation in alternating grid cells Exp7: Coupled checkerboard

1. CTL: The default year 2000 land cover map for the control experiments.

2. DEF: All forest and shrub PFTs (PFT 1-11) were converted to grassland PFTs (PFT 12-14), representing a
global complete deforestation.

3. DEF_min: Similar to DEF, except forest and shrub PFTs were retained in a minimal non-zero fractional area
(0.01%) instead of zero (Chen & Dirmeyer, 2020). This ensures consistency with the complete deforestation
scenario regarding climate impacts while allowing subgrid outputs of forest and shrub PFTs.

4. DEF_checkerboard: A checkerboard deforestation scenario, where forest and shrub PFTs in every other grid
cell were converted to grassland along latitude and longitude (Figure S1b in Supporting Information S1). The
total area of deforestation is about half of the DEF scenario.

2.2. Methods of Quantifying Local and Nonlocal Effects

The above-described set of experiments enables us to apply different methods to separate local and nonlocal
effects of LCC and compare their results (Table 2).

2.2.1. Land-Only and Coupled Simulation Method

Local and nonlocal effects of LCC can be quantified by comparing the climate sensitivity to LCC in land-only
simulations to that in coupled simulations. In the land-only simulations, the land surface model is driven by
prescribed atmospheric forcing (i.e., land and atmosphere are not coupled). Therefore, the differences between the
CTL and the DEF experiments from land-only simulations correspond to the local effects of deforestation
(AT,oca) Without any feedback from the atmosphere.

In contrast, for typical climate models in which the land and atmosphere components are coupled, the differences
between the CTL and DEF experiments reflect the total effects, combining local effects and nonlocal effects
induced by atmospheric feedback (i.e., changes in atmospheric states). The nonlocal effects (AT,on10ca) €an be
obtained by subtracting the local effects from the total effects of the coupled simulation.

2.2.2. Subgrid Method

Some models represent land heterogeneity within a model grid cell through a nested hierarchy of PFTs at the
subgrid level. Taking CLM5 as an example, all PFTs within each grid cell are driven by the same atmospheric
forcing, and their surface energy balance and radiative fluxes are computed separately for each PFT but share the
same soil moisture and soil temperature at the column level (a separate soil column modification was proposed by
Schultz et al., 2016). Even though subsurface PFT states are not fully independent, the differences between PFTs
are still primarily attributed to their distinct biophysical properties (e.g., forest vs. grass), reflecting local effects.
This subgrid method allows local effects to be quantified from either land-only or coupled simulations. However,
its interpretation remains dependent on the model's representation of subgrid processes (Meier et al., 2018;
Schultz et al., 2016).

As the subgrid PFT differences imply a conversion from 100% forest and shrub to 100% grassland (each PFT is
100% pure), they should be multiplied by the LCC fraction (i.e., the fraction of forest PFT removed) in the grid
cell to obtain local effects (Equation 1). The subgrid differences within the same grid cell for the same PFT
between the CTL and DEF coupled experiments give nonlocal effects (Equation 2), reflecting the climatic
changes induced by atmospheric feedbacks from deforestation. Nonlocal effects cannot be directly obtained from
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Table 2
Different Methods With Their Required Experiments and Key Assumptions to Quantify the Local and Nonlocal Effects of LCCs
Methods Experiments Key assumptions Local effects Nonlocal effects
(1) Land-only and Expl-4 Changes in land-only simulation Changes in land-only Exps Residual between total effects (from
Coupled reflect local effects coupled simulation) and local effects
(2) Subgrid Land-only: Exp2, Subgrid differences reflect local PFT difference between forest Changes in nonforest PFT between Exps <!
Exp4, Exp5 effects and nonforest, multiplied &
Coupled: Exp2, Exp6 by LCC fraction :‘p
) . =
(3) Checkerboard Exp2, Exp7 Effects can be reconstructed by Changes in LCC grids minus Interpolated changes in non-LCC grids i~
interpolation nonlocal effects, then S
interpolate =
(4) Atmospheric Tbot Exp2, Exp4 Changes in Tbot represent Residual between total effects Changes in the bottom layer of atmospheric [
atmospheric feedback (from coupled simulation) air temperature g
and nonlocal effects
(5) IBPM Changes induced by biophysical Calculated from biophysical Residual between total effects (from
factors under an unaffected contribution terms coupled simulation) and local effects
atmospheric state
(6) Window Regression Space-for-time assumption Regression sensitivity to LCC
multiply LCC fraction
(7) Spatial Comparison Mean difference between
LCC and non-LCC grids
(8) Spectral Separation Spectral decomposition and Large-scale signals Small-scale signals represented by high-
reconstruction represented by low-degree degree spherical harmonics
spherical harmonics
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land-only simulations because atmospheric feedbacks are not included. Alternatively, they can be inferred by
subtracting the land-only-derived local effects from the total effects from coupled simulations, similar to the
residual approach adopted by the Land-only and Coupled method:

_ forest grass DEF
AT oea = (TR — Thpr ) X frac €))
__ grass grass
ATnonloce:\l - TDEF —tcrL (2)

where TRt TEES, T4 represent the PFT area weighted mean of subgrid-level LST of forest and grass PFTs in
the deforestation experiment, and grass PFTs in the control experiment. frac®EF denotes the forest PFT fraction
removed in the deforestation scenario.

2.2.3. Checkerboard Method

The Checkerboard method, introduced by Winckler et al. (2017a), imposes land cover changes in an alternating
grid pattern (modifying one out of every N grid cells, where N = 2 in our setup) in coupled simulations. Compared
with the 100% deforestation scenario, where all forest and shrub PFTs are converted to grass, the checkerboard
implementation allows the coexistence of LCC and adjacent non-LCC grid cells. LCC grid cells are influenced by
both local and nonlocal effects, while adjacent non-LCC grid cells are only influenced by nonlocal effects.
Therefore, the nonlocal effects can be estimated by spatially interpolating (e.g., bilinear) target variables from
non-LCC grid cells across the entire domain. By subtracting the interpolated nonlocal effects from the climate
changes of LCC grid cells, the local effects are isolated and can be interpolated to the entire domain.

2.2.4. Atmospheric Tbot Method

Changes in atmospheric air temperature in the deforestation experiment are triggered by atmospheric feedback
and thus, by definition, represent the nonlocal effects of LCC. We used changes in the bottom layer of atmo-
spheric air temperature (7},,q0m) t0 approximate nonlocal effects on LST, assuming similar responses between
Tyottom and LST to LCCs (Figure S2a in Supporting Information S1, R* = 0.938, RMSE = 0.185 K, A = 0.946).
The local effect is then obtained by subtracting the nonlocal effects from the total effects. Accordingly, this
separation method is referred to as the Atmospheric Tbot method.

2.2.5. Intrinsic Biophysical Mechanism (IBPM) Method

The IBPM method, derived from surface energy balance equations, decomposes LCC-induced LST changes into
individual biophysical factors, including surface albedo, aerodynamic resistance, and the Bowen ratio (Lee
et al., 2011). The IBPM assumes that local perturbations by small-scale land cover changes are insufficient to
trigger atmospheric changes; therefore, the calculated LST changes approximate the local effects of LCCs
(Equation 3):

_~h

ATlocal ;)2 (Rn)(Afl + AfZ) (3)

Ao
~ ——(AR) +
1+f( ) 1+

where R, represents the net surface radiation, 4, is the local climate sensitivity (g = ﬁ), and f'is the energy
redistribution factor, where f; and f, represent contributions from changes in aerodynamic resistance and the
Bowen ratio, respectively. Further details on the IBPM derivation are provided in Text S1 in Supporting In-
formation S1. These variables without A are derived from the coupled CTL experiment (Exp2), and A variables
denote the difference between the coupled DEF (Exp4) and CTL experiments (Exp2). As an approximate so-
lution, the calculated LST may include outliers (due to Af; and Af, terms), which were subsequently filtered by
restricting the valid value range to the 0.01%-99.9% percentile of the simulated total effects across the entire
domain. Nonlocal effects from atmospheric feedback can be obtained by subtracting local effects from total
effects.
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2.2.6. Window Regression Method

With the space-for-time assumption, LCC acts as a spatially heterogeneous local forcing that influences the
climate of each grid cell, while other nonlocal climatic forcings (e.g., greenhouse gases) exert relatively uniform
effects across neighboring cells. To extract the LCC impact, a moving window is employed to estimate the local
temperature sensitivity to LCC by utilizing leveraging spatial variation in climate variables across grid cells
within the window and their associated LCCs. Lejeune et al. (2018) proposed a multiple linear regression model to
decompose the total effects into contributions from potential relevant explanatory factors (Equation 4): LCC
fraction (fracPEF), elevation (elev, resampled from the ETOPO1 topographic data set), latitude (lat), and longi-
tude (Ion).

AT = By + By X fracPFF + g, x elev + 5 X lat + 8, X lon @

The LCC fraction term is related to the local effects, while the remaining terms are related to the nonlocal effects.
We applied this model to the total effects derived from the coupled CTL (Exp2) and DEF experiments (Exp4).
The regression coefficient, #;, represents the local temperature sensitivity to LCC, which can be multiplied by the
LCC fraction to yield the local effects (Equation 5). The nonlocal effects are represented by the sum of the
remaining terms (the influence of regression residuals is negligible and thus not further discussed).

AToe = fy X fracPEF 4)

2.2.7. Spatial Comparison Method

The space-for-time assumption can also be applied through spatial comparisons between LCC and non-LCC grids
within a moving window, similar to methods used in observational studies (Li et al., 2015). In this framework,
LCC grids whose climate is strongly influenced by LCC are compared with reference non-LCC grids or those
with low LCC fractions. LCC and non-LCC grids are defined based on a specific LCC threshold and selection
criteria. Based on the coupled CTL (Exp2) and DEF (Exp4) experiments, we followed Kumar et al. (2013) and set
a threshold of 30% to distinguish between LCC (>30%) and non-LCC (<30%) grids. We also adopted the sample
selection strategy of Lejeune et al. (2017), in which a window is considered valid only if it contains at least 8 valid
grid cells, including at least 3 high-LCC and 3 low-LCC grids. To satisfy this criterion, the window size is
adaptively expanded—from an initial 5 X 5t0 7 X 7,7 %X 9,9 X 9, and up to 11 X 11—until the requirements are
met. The local effects are then estimated as the mean LST differences of LCC grids (Ttores;) and non-LCC grids
(Tgrass) (Equation 6):

ATlocal = Tforesl - Tgrass (6)

Nonlocal effects are derived by subtracting local effects from total effects. The separated effects are assigned to
the central grid of the window.

2.2.8. Spectral Separation Method

This method separates local and nonlocal effects by spectral decomposition of LCC forcing and climate responses
into a sum of cross-scale signals with different wavelengths based on spherical harmonics (Jiger et al., 2025,
2026). Large-scale components, represented by low-degree spherical harmonics, are interpreted as nonlocal ef-
fects associated with atmospheric adjustment and remote feedbacks, whereas small-scale components, repre-
sented by high-degree spherical harmonics, correspond to local effects driven by LCC forcing. The two effects are
obtained by applying a spectral cutoff and reconstructing the corresponding spectral components.

In this study, we implemented this method using SCISSOR (Spectral Cllmate Signal SeparatOR) developed by
Jager et al. (2025), a spherical harmonic—based signal separation framework that formalizes spectral decompo-
sition via two modulation rules (MR1 and MR2). MR1 assigns the full amplitude of a spectral mode to nonlocal
effects when the response spectrum exceeds the forcing spectrum, whereas MR2 applies a continuous weighting
based on their relative magnitudes. We adopted MR2 to allow a smooth transition between local and nonlocal
contributions across spatial scales. For mathematical derivation and more details of this method, please refer to
Jager et al. (2025).
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2.3. Observational Benchmark for Local Effects

To evaluate the local effects of different methods, we compared them with two MODIS-based data sets of the
potential biophysical impacts of deforestation on LST (Duveiller et al., 2018a; Li et al., 2015). The Li2015 data set
employs a spatial comparison approach to estimate LST differences between forests and nearby open lands,
reflecting the local effects of deforestation. The Duveiller2018 data set is constructed using a window regression
framework and represents potential LST changes due to land conversion, specifically extracting LST changes
from transitions from the broad forest category to other land cover types. To reconcile the different spatial res-
olutions with the model simulations, the benchmark data sets were resampled to the model resolution using linear
interpolation. Since these benchmarks represent potential effects of complete deforestation, the resampled daily-
averaged local effects were multiplied by the LCC fraction (Figure Sla in Supporting Information S1) for
comparison with the simulated local effects.

2.4. Metrics for Assessing the Consistency of Different Methods

We evaluated the separated local and nonlocal effects across different methods by their sign consistency and a
symmetric index of agreement (1) (Duveiller et al., 2016). For sign consistency, we count the number of signs that
agree with the majority sign across all methods at each grid.

The A index is designed to meet the key requirements for quantifying the linear correlation and magnitude
similarity between two data sets, as an extension of the Pearson correlation coefficient. Mathematically, for data
sets X and Y, A is defined as:

LXi-r)
A=1-— p — an_]( 7)2 — o
Y =X+ XL (=Y +n(X-Y) +«
where
S -7 r<o
= ®)
0, r>0

and r is the Pearson correlation. The symmetric index of agreement (1) is a dimensionless metric ranging from O to
1. A equals 1 when X and Y are identical in both amplitude and variability, and A is O when X and Y are completely
inconsistent or exhibit strong negative correlation. Therefore, A provides an integrated measure of overall con-
sistency that jointly reflects agreement in both trend and magnitude between the two data sets.

3. Results
3.1. Comparison of Separated Local Effects

The total effects of global deforestation, obtained from coupled control (CTL) and deforestation (DEF) experi-
ments (Exp2 and Exp4), provide a foundation for separating local and nonlocal effects. The total effects showed a
global cooling of —0.323 K (Figure S3 in Supporting Information S1), with year-round warming in the low
latitudes and widespread cooling in the mid- and high-latitudes (except for winter warming). These simulated
LST changes are consistent with previous studies (Chen & Dirmeyer, 2020; Devaraju et al., 2018; S. Liu
et al., 2023; Luo et al., 2024) and can be used in the following analyses.

Figure 2 shows the spatial distribution of annual mean local effects of global deforestation on LST produced by
different separation methods, ranging from —0.100 K (Spectral Separation) to +0.227 K (IBPM) over the
deforested area. The overall pattern was warming in most low- and mid-latitudes and cooling in the northern high-
latitudes, southern Africa, and western Australia. These spatial and latitudinal patterns also generally fell within
the range of observational benchmarks from Li2015 and Duveiller2018 data sets. However, there were spatial
coverage and regional inconsistencies (e.g., north of 60°N) between the two observational data sets. These in-
consistencies are likely due to the methodological differences between spatial comparison and window regression

ZHAO ET AL.

8 of 20

d 'S *9T0T ‘LLTYSTET

wouy

sdny) SUOnIpUOD) pue Swid L A 238 “[970Z/S0/1 1] U0 AIeIqrT SUIUQ A3[1A “20US[[29XE I8 PUT GBI 10§ AMSU] [PUOREN “FOIN A4 #0LLOOAASTOT/6TO1 01/10p/wOd Kaim

-Kopav'A:

5u0or] suowIo) aAnEaI) Aqrandde a1 Aq PAUIAACS ATE SAIMIE YO (2SN JO SA[MI J0J AIRIQIT AUHUQ AA[IAL UO (SUOT



ADVANCING EARTH
AND SPACE SCIENCES

Earth's Future 10.1029/2025EF007704

2|

30°N+ . 1 S ; 1
0°1 s , G G,
30°S- . { 2 . . » ! N
60°s £ Window Regression® {-Spatial Comparison® pectral Separation’ i
120°W 60°W  0°  60°E 120°E 120°W 60°W  0°  60°E 120°E 120°W 60°W  0°  60°E 120°E a [ 1
Local effect (K)
60°N 4 —— Land-only & Coupled
Land-only Subgrid
30°Nq —— Coupled Subgrid
0°4 —— Checkerboard
£ N Atmospheric Thot
30°5+ . - 2 IBPM
Li 2015 {- Duveiller 2018 ° ; _
60°S T T T T T T T Window Regression
60°E  120°E 120°W  60°W  0° 60°E  120°E . -
—— Spatial Comparison
-~ T - — Spectral Separation
-2 -1 0.5 0.2 0.1 0.1 0.2 0.5 1 2 Li 2015

-0.05 0.05
Local effect (K) Duveiller 2018

Figure 2. Spatial distribution of the separated local effects of deforestation on LST. Panels (a—i) show the annual mean local effects simulated by different separation
methods, and panels (j—k) present satellite-based estimates from the Li2015 and Duveiller2018 data sets. The simulated local effects in the non-LCC areas are masked
out. Panel (1) illustrates the latitudinal variations of annual mean local effects across methods and observational benchmarks, with yellow-shaded regions indicating
divergent transitional zones between warming and cooling in the Northern Hemisphere. The gray shading indicates the 20%-80% zonal range from the Li2015 and

Duveiller2018 data sets.

techniques, as similar inconsistencies arise when these two methods are applied to simulation experiments
(Figures 2g and 2h).

Despite overall similarity, the simulated local effects showed notable regional discrepancies across methods. For
example, all methods exhibited a clear transition from low-latitude warming to high-latitude cooling in the
Northern Hemisphere, with the transition occurring at different latitudes. The transitional latitudes lie roughly
between 31°N (Spectral Separation) and 59°N (IBPM) across different methods, suggesting varying strengths and
spatial extents of local warming (Figure 21), consistent with the wide range of latitudes for zero net local bio-
physical effect (30°N-56°N) reported in the literature (Lawrence et al., 2022). The Checkerboard, Window
Regression, and Spatial Comparison produced the maximum warming exceeding 2 K in the tropical regions of the
Amazon Basin, Congo Basin, and Maritime Continent (Figures 2d, 2g, and 2h). The IBPM indicated a more
widespread warming than other methods, including regions with low forest fraction (western Asia and the Sahara)
and high-latitude regions (Figure 2f). In contrast, Spectral Separation showed pronounced cooling over North
America and central Asia, highlighting stronger local cooling effects in these regions (Figure 2i). The differences
among methods became more pronounced at high latitudes, including stronger cooling with the Land-only
Subgrid than the Coupled Subgrid, but prominent warming with the IBPM, and scattered warming with the
Window Regression.

The seasonal variations of local effects also agreed well with the observational benchmarks (Figure 3). In the
30°S-30°N region, all methods consistently indicated persistent warming throughout the year with weak sea-
sonality. Beyond this range, although warming remained evident in the summer, a cooling emerged in the winter
months, gradually intensifying with increasing latitude and eventually leading to an annual cooling at higher
latitudes. This pattern also indicated that seasonal warming still occurred during the summer months, despite the
annual mean cooling observed in high-latitude regions.

Differences existed in the timing and magnitude of local effects, as well as in their seasonal variations, across
methods. The maximum cooling was generally observed around 60°N between February and April. Such cooling
was relatively weak in the Coupled Subgrid and the Atmospheric Tbot (Figure 3e, >—1 K), but rather strong in the
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Figure 3. Seasonal and latitudinal variations of local effects from different methods (a—i) and observational data sets (j, k).

Window Regression (Figure 3g, <—2 K). In contrast, the maximum cooling identified by IBPM appeared
northward around 70°N between April and July. Notably, IBPM and Spectral Separation were the few methods
that captured a warming signal during the boreal winter (Figures 3f and 3i), in line with the observed data set
(Figure 3k), although the associated spatial patterns differed (Figures 2f and 2i-2k). The maximum warming was
typically observed near the equator between August and October. The Checkerboard and Window Regression
detected the strongest warming, exceeding 2 K (Figures 3d and 3g), while the other methods found weaker re-
sponses (1-2 K). Spectral Separation exhibited weak but persistent cooling in the Northern Hemisphere and year-
round warming in the Southern Hemisphere (Figure 3i). Due to limited and differing spatial coverage, obser-
vational data sets exhibited inconsistent seasonality, which compromises comparisons of timing and magnitude
with model simulations.

3.2. Comparison of Separated Nonlocal Effects

The nonlocal effects exhibited an annual mean land cooling ranging from —0.421 K (Atmospheric Tbot) to
—0.233 K (Checkerboard) across methods. In terms of magnitude, the nonlocal effects were much larger than the
local effects (—0.100 K to 4+0.227 K), thereby dominating the total effects. Spatially, nonlocal effects manifested
as cooling over mid- to high latitudes and warming over low latitudes, with regional features of cooling in
Australia and southern Africa, and warming in parts of Europe. Unlike local effects, which had similar
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Figure 4. Spatial pattern of nonlocal effects of deforestation. Panels (a—i) display the annual mean nonlocal effects obtained from different separation methods. Panel (j)
illustrates the latitudinal variation in annual mean nonlocal effects across methods, with yellow-shaded regions indicating divergent transitional zones between warming

and cooling in the Northern Hemisphere.

magnitudes in low- and northern high-latitude regions, nonlocal effects exhibited stronger cooling in the northern
high latitudes than warming in the tropics. Such zonal and regional differences are broadly consistent with
previous findings for near-surface air temperature responses to LCC (Chen et al., 2026). Compared with local
effects, nonlocal effects consistently dominated total effects across methods, accounting for 55%-85% of LCC
grid cells and magnitudes 1.2—6.7 times larger than those of local effects (Table S1 in Supporting Information S1),
particularly in regions with few LCCs.

A similar transition zone between warming and cooling was observed for nonlocal effects, but at a lower latitude
than for local effects, spanning approximately 15°N (Window Regression) to 34°N (Checkerboard) (Figure 4;).
Among all methods, the Checkerboard yielded the weakest nonlocal effects (Figure 4d, —0.233 K), with a distinct
warming in the Sahara and Greenland that was not found in other methods. This is because the implemented
deforestation was only half that in other experiments, and there were greater spatial extrapolation biases at lo-
cations far from the deforestation (Figure S1b in Supporting Information S1). In contrast, the Atmospheric Tbot
produced the most substantial nonlocal effects (Figure 4e, —0.421 K), characterized by extensive cooling
exceeding 2 K across large portions of 30°N-60°N and limited warming in tropical areas. The IBPM, Window
Regression, and Spatial Comparison generated a few scattered cooling outliers over central Amazonia and
warming in high-latitude regions.

The seasonality of nonlocal effects broadly resembled that of local effects but exhibited greater variations. A
similar year-round nonlocal warming was confined to the narrower tropical region between 15°S and 10°N, with
larger effects (>1 K) from August to October. The regions spanning 55°S—15°S and 10°N-30°N displayed more
temporally heterogeneous responses. The nonlocal effects north of 30°N were dominated by cooling, with the
strongest cooling (>2 K) between March and June in the 50°N-60°N zone. Beyond 60°N, moderate warming was
detected from November to January.

There were notable differences in the magnitude and seasonality of nonlocal effects across methods. For instance,
the Land-only Subgrid produced slightly stronger low-latitude warming than the Coupled Subgrid (Figures 5b
and 5c). The Checkerboard and Window Regression produced weak, spatially mixed warming signals in the
tropics (Figures 5d and 5g). The IBPM, in contrast, detected sporadic warming in the Northern Hemisphere
during winter months (Figure 5f). By comparison, the Spectral Separation revealed a persistent and significant
cooling signal in the Southern Hemisphere.
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Figure 5. Seasonal and latitudinal variations of nonlocal effects from methods (a—i).

3.3. Inter-Method Consistency in the Local and Nonlocal Effects

We quantified the sign agreement of the separated local and nonlocal effects across the methods described above.
Local effects exhibited complete sign agreement (9/9) in 34.9% of the global LCC grids (Figure 6a). In com-
parison, nonlocal effects reached complete agreement in 46.2% of global land grids (Figure 6b). Zonally, both
local and nonlocal effects showed a sign agreement greater than 7/9 across most latitude bands (Figure 6c¢).
Specifically, the warming-dominated tropical regions and the cooling-dominated northern high latitudes dis-
played higher agreement. In contrast, mid-latitude regions in the Northern Hemisphere showed lower agreement
due to variations in the transition latitudes that separate warming and cooling. In the mid-latitudes of the Southern
Hemisphere, the reduced consistency likely resulted from a limited sample size.

We also evaluated the consistency of local and nonlocal effects in spatial patterns and magnitude among methods
using the symmetric index of agreement (4; higher values are better) (Figure S5 in Supporting Information S1).
Results indicated a generally robust consistency across all methods, but noticeable differences between specific
methods (Table S2 in Supporting Information S1). For local effects, inter-method A values ranged from 0.39 to
0.98. The IBPM showed the lowest consistency (mean A = 0.53), whereas the Land-only and Coupled exhibited
relatively higher consistency (mean A = 0.77). For nonlocal effects, A ranged from 0.53 to 0.98. The Atmospheric
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Figure 6. Sign agreement between different methods for local (a) and nonlocal effects (b) and their latitudinal variations (c). The sign agreement is expressed as the count
of signs that agree with the majority sign across all methods. The inset pie charts illustrate the proportions of grid points that show complete agreement (9 out of 9) for
warming and cooling, respectively.

Tbot yielded relatively high consistency (mean A = 0.84), likely because its directly estimated nonlocal effects are
more stable. In contrast, interpolation biases in the Checkerboard method resulted in the lowest mean A (0.62).

4. Discussion
4.1. The Intercomparison and Recommendation of Different Methods

All separation methods we considered are applicable for quantifying local and nonlocal effects, with broad
consensus, and each has its own methodological assumptions and data requirements. Based on intercomparison
results, we discuss each method's capacity, strengths, and limitations, and offer practical guidance for users to
choose appropriate methods based on specific research objectives and data availability, as summarized in Table 3.

Traditional sensitivity experiments that rely on different land-cover scenarios capture only the total effects of
LCC. However, the local and nonlocal effects can be isolated from additional simulations (a total of four ex-
periments in our case), which has a computational cost.

For models that support subgrid outputs for different land cover or PFT types, one can directly extract local effects
from PFT differences using a single land-only experiment (Equation 1) based on the space-for-time analogy. With
a coupled LCC experiment, nonlocal effects can be quantified by climate differences of the same PFT relative to
the CTL experiment (Equation 2). However, the selection of the reference experiment (CTL or DEF) by which
PFT differences are extracted as local effects may influence the results, because of the differences in background
climate between the CTL and DEF experiments (X. Liu et al., 2023). The subtle differences between the isolated
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Table 3

Summary of Strengths and Limitations of Each Method for Quantifying Local and Nonlocal Effects of Land Cover Changes

"1V 14 OVHZ

Methods

Description

Advantages

Disadvantages

(1) Land-only and Coupled

(2) Subgrid

(3) Checkerboard

(4) Atmospheric Tbot

(5) IBPM

(6) Window Regression

(7) Spatial Comparison

(8) Spectral Separation

Sensitivity experiments of different land cover
change scenarios

Local and nonlocal effects separated from the total
effects via land-only and coupled simulations

Subgrid PFTs within a model grid share the same
atmospheric forcing and their differences reflect
the local effects (land-only or coupled)
Differences of the same PFT between scenarios
reflect the nonlocal effects (coupled)

Climate model simulations under “Checkerboard”
land cover change scenarios

Local and nonlocal effects obtained by spatial
interpolation

Using bottom atmospheric air temperature
changes as nonlocal effects, assuming similar re-
sponses to surface temperature

Local effects obtained as residue of nonlocal ef-
fects from total effects

Analytical solution to approximate the local ef-
fects of land cover change by biophysical changes,
which is derived from energy balance equations
assuming no atmospheric feedback

Nonlocal effects obtained as the residual of local
effects from total effects

Constructs a multiple linear regression model us-
ing samples within a moving window

Separate the LCC-induced local effects via the
regression coefficient and attribute the remaining
signal to nonlocal effects.

Compare high- and low-LCC grids, or LCC and
non-LCC grids using an adaptive moving
window, and attribute their differences as local
effects

Nonlocal effects derived as the residual from the
total effects.

Harmonic—based spectral signal separation

Local and nonlocal effects derived from small-
and large- scale spectral components using
modulation

Applicable to all climate models

Analogous to  space-for-time
method with good comparability
Most consistent with definitions of
local and nonlocal effects
Applicable to other subgrid land
variables

Require fewer experiments

Applicable to different land and
atmospheric variables without
variable-specific physical
assumptions

Easily applicable to all climate
models

A post-processing technique
applicable to climate model output
and empirical data

Enable decomposing local effects
to contributions of different bio-
physical factors

A post-processing technique
applicable to climate model output
and empirical data

A post-processing technique
applicable to climate model output
and empirical data

A post-processing technique
applicable to climate model output
with less spatial assumptions
Scale-aware and additive

— Require four dedicated designed experiments
— Relatively high computational cost

— Only for models with proper representation of
subgrid processes and outputs

— Requires customized checkerboard experiments

— Checkerboard design and layout affect results

— Nonlocal effects are sensitive to spatial extent
of LCC

— Potential interpolation artifacts

— Strong assumptions
— Applicability requires further validation

— Onmitting higher-order terms results in outliers
and errors

— Estimation of biophysical factors contains large
uncertainty (e.g., aerodynamic resistance in high
latitudes)

— Only applicable to LST

— Results sensitive to samples within the regres-
sion window

— Linear models are limited in capturing nonlinear
and interactive effects among variables

— Subjective criterion for selecting LCC and non-
LCC grids

— Results sensitive to the choice of parameters
(distance, threshold, window size)

— Spurious local effect signals in non-LCC regions
due to spectral spreading

— Sensitive to modulation rule and spectral
parameters
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nonlocal effects from land-only and coupled sensitivity experiments (Figures S2a and S2b in Supporting In-
formation S1) likely result from the distinct atmospheric background conditions, as the latter includes feedback.
Moreover, some model-related technical issues, for example, the shared soil column in CLM (Meier et al., 2018;
Schultz et al., 2016), may affect the validity of the assumption that subgrid PFTs are independent and differ only
in biophysical properties.

The nonlocal and total effects in the Checkerboard method were significantly weaker than those of other methods,
while the local effects remained comparable. This is because the imposed partial deforestation in the checker-
board scenario was only half that of the complete global deforestation in other methods. Since nonlocal effects are
more sensitive to the spatial extent of land cover changes than local effects, the sparse and extensive LCC and
their grid size influence the strength of nonlocal effects due to the scale-dependency (Winckler et al., 2017a). The
reconstruction of local and nonlocal effects could yield a stronger local and total signal due to interpolation
artifacts (De Hertog et al., 2023; Jager et al., 2025). Therefore, the interpretation of the relative strength of local
and nonlocal effects should account for these issues. Moreover, the interpolated local and nonlocal effects are
influenced by different checkerboard layouts and subject to high uncertainty near the edges of LCC due to a lack
of reference grids (e.g., the Sahara in our case). This means that the spatial distribution of land cover in the real
world, especially when it is scattered and unevenly distributed, may affect the effectiveness of this method. It is
crucial to create a proper checkerboard design that balances the intended LCC pattern while maintaining suffi-
cient and representative samples to ensure the accuracy of spatial interpolation. An advantage of the Checker-
board method is that it does not rely on variable-specific physical assumptions, making it extendable to other
climate variables (such as precipitation (Winckler et al., 2017a), cloud cover (Hua et al., 2023)). Similar ex-
tensions are also possible for other methods, like the Window Regression, Spatial Comparison, and Spectral
Separation. Even without a dedicated checkerboard LCC design, there have been attempts to directly apply the
spatial interpolation strategy, the essence of the Checkerboard method, to historical LCC experiments (Hua
et al., 2023). However, the accuracy of this interpolation approach is compromised by the spatial sampling and
representativeness of the historical LCC pattern, and careful selection of these regions is required in practical
applications.

The Atmospheric Tbot method utilizes the bottom-level atmospheric temperature changes as nonlocal effects,
which closely aligns with the definition of nonlocal effects. It assumes that the changes in bottom atmospheric air
temperature, near-surface air temperature, and land surface temperature in response to LCC are similar, ignoring
potential changes in the vertical profile and physical differences among these temperature metrics. Our analyses
support the broad validity of this assumption (Figure S2a in Supporting Information S1), and the results
demonstrated stable performance in separating local and nonlocal effects. Since local effects in this method are
obtained as the residual of the total effects, the relative magnitudes of local and nonlocal effects may affect its
performance. The strength of this method lies in its simplicity; however, it cannot explain the physical mecha-
nisms underlying those effects. Moreover, the applicability of this method for different land cover change sce-
narios and models needs further verification.

The IBPM method is a mathematical derivation of energy balance equations. It quantifies the local LST changes
by LCC by summing contributions of different biophysical factors (albedo, Bowen ratio, and aerodynamic
resistance), assuming an atmospheric state unaffected by LCC. However, the land cover changes in our exper-
iments are large enough to substantially alter atmospheric conditions, which in turn may affect the estimation of
several contribution terms (e.g., Bowen ratio and aerodynamic resistance) (Bright et al., 2017; Ge et al., 2019).
Mathematically, the IBPM derivation is an approximate solution that neglects higher-order and interaction terms.
These omissions can give rise to outliers under certain conditions (Chen et al., 2022; Liao et al., 2018), which
affect the accuracy of IBPM in reproducing local effects, particularly in high-latitude regions. Other variants of
IBPM with different derivations have been proposed, such as the Two-Resistance Mechanism, which considers
higher-order terms (Rigden & Li, 2017) and that incorporates additional climate variables and explicitly considers
the 2-m air temperature (Zeng et al., 2017).

The Window Regression method estimates local effects by using the regression slope of temperature changes on
the LCC fraction, controlling for geographical factors. Such estimation is influenced by the size of the moving
window, the sampling number and density, as well as spatial variations in background climatic and geographical
conditions. More advanced regression treatments, such as singular value decomposition (Duveiller et al., 2018a)
and ridge regression (Huang et al., 2020), have been introduced to enhance robustness. Among these factors, the
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choice of window is key to ensuring the representativeness of the target grid cells within it. An overly large
window may smooth out local signals and hinder their identification, whereas a too small window may lead to
unstable estimates due to insufficient samples (Duveiller et al., 2021). Moreover, since the regression slope
represents the potential effect under a 100% LCC, the actual local effects at each grid cell must be multiplied by its
land cover change fraction. The data-driven method enables estimating climate responses across varying levels of
LCC without requiring additional scenario-based simulations.

The Spatial Comparison method extracts the local effects of LCCs by comparing LCC-affected grids with nearby
undisturbed grids, assuming a similar background climate within the search window. As with the Window
Regression method, a key aspect is defining the search window for comparison. Compared to fixed-size windows,
dynamically adjusting windows expand their size to include more samples, thereby improving spatial coverage
and the effectiveness of comparisons in regions with spatially inhomogeneous patterns of LCC. Moreover, the
method's success depends strongly on how effectively it suppresses confounding non-LCC factors (such as
climatic noise and topographic effects) while simultaneously highlighting the LCC signal. In practical applica-
tions, it is essential to design adaptive spatial searching and robust control strategies to enhance the generaliz-
ability and accuracy of the approach for a specific study context (Chen et al., 2024; Li et al., 2015).

The Spectral Separation method separates local and nonlocal effects based on their characteristic spatial scales in
the decomposed spectral domain. As a post-processing approach, it does not require specially designed experi-
ments or spatial assumptions like other methods. Nevertheless, it is constrained by inherent limitations of spectral
methods (Jager et al., 2025). The lack of explicit spatial constraints may introduce spurious local effects in non-
LCC regions. The accuracy of signal separation is sensitive to grid-scale forcing patterns and the choice of
modulation rule and parameters. Also, interpreting the spectral decomposition results is not straightforward for
users unfamiliar with spherical harmonics.

4.2. Shared Methodological Challenges in the Separation of Local and Nonlocal Effects

In addition to method-specific discussion, several shared conceptual challenges in separately quantifying the local
and nonlocal effects warrant further discussion.

Model simulation and observation differences. While there are broadly consistent global patterns, the local effects
in the climate model also show regional differences compared to the observational benchmark. These differences
arise from multiple sources. On the simulation side, these include biases and uncertainties in the model's rep-
resentation of biophysical processes (Danabasoglu et al., 2020; Lian et al., 2018), the emissivity used to back-
calculate modeled LST (Jin & Liang, 2006), and time-resolution dependent conversion of emitted longwave
radiation to LST due to their non-linear relationship. More importantly, the structural model uncertainty and
internal variability (Boysen et al., 2020; Jager et al., 2026; Pitman et al., 2009) are particularly relevant for the
interpretation of nonlocal signals given the limited ensemble size, because they may cause the large inter-model
spread of the simulated nonlocal effects (S. Liu et al., 2023; Luo et al., 2024; Winckler, Reick, et al., 2019). On the
observation side, benchmark data are restricted to Earth's current land cover distribution, thereby limiting their
spatial coverage. Further, observations can be subject to temporal gaps. For example, satellite LST can be
retrieved only under clear-sky conditions. Evaluating local effects against observations should account for the
observational data sets' uncertainties and methodological differences. Sensor and algorithm errors in observations
also matter. Data from model simulations can be post-processed better to match the availability or constraints of
observational data. For example, model data can be masked for clear-sky conditions when comparing to satellite
LST data (Meier et al., 2022).

Influence of background climate conditions. Background climate conditions (e.g., temperature, precipitation, and
snow cover) regulate biophysical factors that affect the radiative and non-radiative processes of land cover change
(Pitman et al., 2011; Verbiest et al., 2023; Winckler et al., 2017b). In our study, the distinct climate differences
between the land-only and coupled experiments (GSWP forcing vs. simulated atmosphere) reflect the LCC-
triggered atmospheric feedback, which, in turn, affects the local effects by altered biophysical factors. For
example, the selection of reference experiments (CTL or DEF) used by the Subgrid and IBPM methods influences
the estimated local effects because snow cover, albedo, and other factors differ between experiments. Our
sensitivity experiments employed cycling forcing around year 2000 to stabilize the background climate condition.
Background climate conditions in transient climate simulations, which often involve changing various internal
and external forcings (Jdger et al., 2026), show long-term changes (e.g., LUMIP). Elucidating how local effects
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vary under background climate changes induced by LCC or greenhouse gas forcing could improve method
comparability and inform the likely changes in biophysical effects under future climate (Li, Ge, et al., 2025;
Pitman et al., 2011).

The interdependence of local and nonlocal effects. In our study, many separation methods estimate local or
nonlocal effects as the residual of the nonlocal/local component from the total effects. This treatment implicitly
assumes that the local and nonlocal effects are independent, with no interaction between them. However, the
independent assumption may not be strictly valid. This could be one of the reasons why the reconstructed total
effects (the sum of the separated local and nonlocal effects) differed from the original total effects (Figures S3 and
S4 in Supporting Information S1). Some interactions may occur between local and nonlocal effects due to their
reciprocal interaction between land and atmosphere. However, the degree of their interdependence remains
insufficiently studied.

Application to other climate variables. Local and nonlocal effects of LCC are not only present in temperature
changes but also in other climate variables (precipitation, clouds, etc.). This study focuses on the LST variable for
method comparison purposes. Other temperature variables (e.g., 2-m air temperature) also respond to LCC, and
their responses may differ from that of LST (Li, Li, et al., 2025; Novick & Katul, 2020; Winckler, Reick,
et al., 2019) (Figure S2b in Supporting Information S1). The near-surface temperature, particularly the 2m air
temperature (75,,,), is a key indicator of climate change and of climate mitigation targets. Expanding the separation
methods to work for more climate variables (some methods in our study are applicable to 7, and others; see
Table 3) beyond temperature would be an important next step and would help diagnose uncertainty sources in the
climate response to land cover change across different models, such as LUMIP (S. Liu et al., 2023; Luo
et al., 2024).

5. Conclusions

This study quantifies the biophysical impacts of LCC through global deforestation experiments and evaluates
multiple methods for separating the simulated land surface temperature changes into local and nonlocal com-
ponents. Our intercomparison analyses reveal that the local and nonlocal effects separated by different methods
are broadly consistent in magnitude and spatial pattern. However, regional differences arise from each method's
methodological assumptions. By identifying the applicability and limitations of each method, we provide
guidance on effectively disentangling local and nonlocal effects in practical contexts. Further research could
focus on extending the applications of separation methods to additional climate variables and other climate
models and experiments. Moreover, examining the interactions between local and nonlocal effects, accounting for
the modulation of background climate conditions on local effects, and developing more accurate separation
methodologies would deepen our understanding of these multiscale climatic impacts of LCC. These efforts would
also help improve the representation of biophysical processes and land—atmosphere feedbacks in developing
Earth system models.
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