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12 Abstract

13 Land use and land cover change (LUCC) can exacerbate cloud-mediated climate warming.
14  However, the long-term response of cloud cover to LUCC remains underexplored,
15  particularly regarding differences between idealized and realistic forest expansion
16  scenarios, as well as between forest and bioenergy expansion. Here, using simulations from
17  the fully coupled Community Earth System Model (CESM), we demonstrate that large-
18  scale idealized afforestation and bioenergy expansion accelerate the loss of low- and mid-
19  level clouds while enhancing high-level clouds, thereby amplifying regional warming
20 hotspots through intensified positive shortwave cloud radiative forcing. In contrast,

21  realistic afforestation yields a net cooling effect. Idealized afforestation drives a



https://doi.org/10.5194/egusphere-2026-367
Preprint. Discussion started: 8 May 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

22 pronounced decline in low-level cloud cover (1.14 times globally, 1.52 times over land),
23 followed by bioenergy expansion (1.03 times globally and 1.23 times over land), primarily
24 driven by reduced total precipitable water and relative humidity, as revealed by an
25  interpretable machine learning framework, which identifies biophysical warming of the
26  boundary layer due to albedo-driven surface heating and enhanced sensible heat flux as the
27  dominant mechanism. Forest darkening reduces surface albedo, which increases absorbed
28  solar radiation and elevates sensible heat, thereby drying the boundary layer and
29  suppressing cloud formation. Conversely, realistic afforestation mitigates the loss of low-
30 and mid-level clouds and suppresses boreal warming. Our findings indicate that more forest
31  expansion does not always generate greater climate benefits; the climatic outcome largely
32 depends on the type of land conversion and specific latitude bands, and highlights the
33  critical importance of carefully selecting afforestation areas in the future to achieve positive

34  climate benefits.

35 Keywords: Land use change; afforestation; bioenergy; cloud trend; climate warming

36 1. Introduction

37 Large-scale atmospheric circulation systems on Earth directly facilitate cloud
38  formation through thermodynamic uplift and cooling mechanisms (Boucher et al., 2013;
39 Klein et al., 2017; Nomokonova et al., 2020). Clouds play a crucial role in modulating the
40  radiative energy balance at the top of the atmosphere (TOA) and the Earth's surface, with
41  their impacts indirectly linked to temperature variations (Boehm and Thompson. 2023).
42 For instance, low-level clouds, characterized by high albedo and significant optical depth,
43  exert a substantial net cooling effect by reducing surface solar irradiance. In contrast,

44  optically thinner high-altitude clouds, with an albedo approximately one-eighth that of low
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45  clouds, frequently induce net positive radiative forcing (Liou and Ou. 1983). The
46  modulation of radiative balance and temperature by clouds is profoundly contingent upon
47  their physical attributes, including type, thickness, liquid water path, and the dimensions
48  of constituent particles (Albrecht et al., 1989; Stephens, 2005). The characteristics of cloud
49  cover make it possible for them to play an amplifying role in climate warming (Ceppi and
50 Nowack, 2021; Liu et al., 2025).

51 Clouds have been demonstrated to exert positive cloud feedback in nearly all climate
52 models (Kiehl. 2007; Zelinka et al., 2017). Recent studies integrating satellite observations
53  substantiate this assertion, revealing that cloud belts in equatorial and mid-latitude regions
54  are contracting at a rate of 1.5-3% per decade (Tselioudis et al., 2025). This subtle disparity
55  between incident and reflected radiation, arising from variations in cloud fraction,
56  exacerbates Earth's planetary energy imbalance and amplifies climate warming (Li et al.,
57  2024; Luo et al., 2024; Mauritsen et al., 2025; Shi et al., 2025). Further evidence indicates
58 that the diminution of low-level cloud cover in certain regions during the initial two
59 decades of the 21st century has directly intensified anomalous regional temperature
60 elevations, thereby facilitating the emergence of new climate warming hotspots (Tselioudis
61 et al., 2024; Tselioudis et al., 2025). Contemporaneous investigations elucidate that the
62  recent widening of Earth's energy imbalance gap and unprecedented temperature highs are
63 attributable to a marked decline in low-level cloud cover (Loeb et al., 2024; Goessling et
64 al., 2025), with the underlying driver of cloud cover decrease being the escalation of
65  greenhouse gas emissions from anthropogenic activities (Luo et al., 2024). Among these,
66  land use changes since the Industrial Revolution have contributed approximately one-third

67  of the greenhouse warming through the emission of greenhouse gases (Houghton, 2002;
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68  Goldewijk et al., 2004; Foley et al., 2005; van der Werf et al., 2009; Hong et al., 2021).
69  Nevertheless, it remains unknown whether shifts in surface land cover types will render
70  clouds less climatically beneficial and contribute to the formation of new warming hotspots.
71 Large-scale land use and land cover change (LUCC) is altering circulation patterns in
72 local and remote regions (Portmann et al., 2024). Forests, as a common form of land cover,
73 are highly favored in absorbing atmospheric CO2 and mitigating climate warming (Peng et
74 al., 2014). Changes in forests have been observed to exhibit significant interactions in heat
75  fluxes and moisture between the surface and atmosphere from annual to seasonal scales;
76  alterations in turbulence and water cycles will inevitably disrupt the atmospheric
77  background for cloud formation and may reshape climate warming hotspots (Cheng et al.,
78  2024). For instance, darker-colored forests absorb more solar radiation, leading to
79 increased local radiation, whereby the absorbed additional energy is partitioned into
80  sensible heat flux to heat the surface and the atmospheric temperature at the bottom of the
81  boundary layer; this absorbed heat promotes the evaporation of surface and atmospheric
82  moisture, thereby facilitating the development of shallow cumulus clouds (Ek and Holtslag.
83  2004). Compared to other vegetation, forests possess larger leaf area index (LAI) (Alkama
84  and Cescatti. 2016), therefore, large-scale forest expansion enhances evapotranspiration by
85 replacing croplands or grasslands, elevating atmospheric water vapor content and
86  optimizing condensation environments, thereby increasing cloud cover and mitigating
87  regional warming effects. Prior studies in Europe also indicate that forests overhead
88  possess greater potential for cloud formation (Teuling et al., 2017). Another study on
89 afforestation also demonstrates that the presence of forests augments low-level cloud

90 amounts, and it is projected to yield positive climate benefits through such enhanced low-
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91  level cloud fraction; however, in regions with snow cover, this may result in diminished
92  cloud amounts and engender converse climate effects (Duveiller et al., 2018; Duveiller et
93  al, 2021; Breil et al., 2024).
94 Another distinctly divergent land use changes, namely the expansion of bioenergy
95  crops, lacks the popularity of forests owing to its comparatively diminished CO:2
96  sequestration capacity, yet it can engender sufficiently substantial climate mitigation
97  extents through biogeochemical and biogeophysical processes (Georgescu et al., 2011;
98  Wang et al., 2021; Cheng et al., 2024). However, conversely, the cultivation of bioenergy
99  crops may precipitate unintended ramifications, such as the depletion of deep soil moisture
100  and the amplification of water resource deficits (Righelato and Spracklen, 2007; Cheng et
101 al, 2022; Li et al.,, 2023), with these adverse effects typically manifesting more
102  pronouncedly at regional scales than at global scales (Hallgren et al., 2013). In
103  contradistinction to the elevated evapotranspiration rates of forests, low-transpiration
104  bioenergy crops (such as switchgrass) commonly exhibit lower LAI, a physical attribute
105  that may diminish the efficiency of moisture conveyance between the atmosphere and
106  terrestrial surfaces, thereby impeding enhancements in atmospheric humidity and
107  consequently precipitating reductions in local cloud cover (Bala et al., 2007). Both forest
108  and bioenergy expansions exert varying degrees of influence on temperature, water cycles,
109  and clouds through radiative and non-radiative processes; such influences may render the
110  atmosphere more humid or arid across ranges extending hundreds of kilometers, thereby
111 modulating cloud formation and subsequently reshaping the configuration of warming
112 hotspots via cloud radiative effect (Cerasoli et al., 2021; Wang et al., 2021). Although the

113 impacts of LUCC on atmospheric circulation play a pivotal role in projecting future climate
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114  changes and have been extensively investigated (Feddema et al., 2005; Swann et al., 2012;
115  Li et al., 2018), comprehension of its effects on long-term trends in cloud cover remains
116  largely unknown, particularly as the expansion of bioenergy has not received
117  commensurate attention to that afforded to forest expansion. Therefore, it is entirely
118  feasible to advance reasonable hypotheses positing that LUCC affects the generation and
119  trends of local or remote cloud cover through complex or straightforward mechanisms
120 (Huaetal., 2023).

121 We hypothesize that future large-scale LUCC scenarios will significantly modulate
122 cloud cover trajectories through complex biogeophysical feedback. To test this, we utilized
123 the Community Earth System Model (CESM) to perform fully coupled simulations from
124 2015 to 2100. Our results demonstrate that while realistic afforestation may offer regional
125  climate benefits, idealized large-scale forest and bioenergy expansion could exacerbate the
126 decline of mid-to-low-level clouds while accelerating the increase of high-level clouds.
127  These structural shifts in cloud cover amplify shortwave radiative forcing, thereby
128  intensifying the formation of regional warming hotspots. These findings suggest that future
129  land-management strategies may inadvertently diminish the climatic cooling capacity of

130  cloud systems.

131 2. Data and Methods

132 2.1.Data

133 The data used to validate the CESM model's capabilities comes from ECMWF
134  Reanalysis v5 (ERAS5), downloaded from the Copernicus Climate Service
135  (https://cds.climate.copernicus.eu/datasets) (Mufioz-Sabater et al., 2021). National Centers

136  for Environmental Prediction (NCEP) temperature, used to validate the simulation
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137  performance of temperature, is available from https://psl.noaa.gov/. Finally, the core data
138 in this study is the land use data from Land-Use Harmonization 2 (LUH2) (Hurtt et al.,

139 2020), downloaded from https://svn-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/.
140  2.2. Earth system simulation

141 We conducted the online simulations with the Community Earth System Model
142 (CESM, version 2.1.3, https://www.cesm.ucar.edu/models/cesm2) (Danabasoglu et al.,
143 2020). As a state-of-the-art tool in climate prediction, this model faithfully reproduces
144  twentieth-century climate dynamics and sea temperatures while excelling in projections of
145  essential climate variables (Danabasoglu et al., 2020; Fasullo, 2020). Similar to earlier
146  versions (Lin and Rood. 1997), the atmospheric and land-surface component of CESM
147  employs the Lin-Rood Finite-Volume (FV) dynamical core, though notable improvements
148  have been introduced in atmospheric physics (Lin and Rood. 1997). Compared to its
149  predecessor, the FV1, the new generation FV mainly adjusted its cloud parameters (Zhu et
150  al., 2022). CESM incorporates the Community Atmosphere Model Version 6 (CAMO6) as
151  its atmospheric component, offering a high-top option (with 70 pressure levels reaching
152 ~130 km) and a standard option (with 32 pressure levels reaching ~40 km). In this study,
153  we utilize the standard low-top setup, which effectively simulates tropospheric
154  atmospheric processes. CAM6 describes the atmospheric motion by the dynamics and sub-
155  grid precipitation, cloud, and turbulence processes by the physics (Worley et al., 2011). Of
156  particular relevance to our study is enhanced cloud-microphysics parameterization in
157  CAMG6: the Morrison-Gettelman 2 (MG2) scheme, which overcomes the prior constraint
158 by explicitly predicting raindrop and snow-particle sizes (Morrison and Gettelman. 2008;

159  Gettelman and Morrison. 2015). Accompanying enhancements feature the consolidated
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160  turbulence parameterization, incorporating a multivariate binormal probability density
161  function (PDF) to collectively depict sub-grid fluctuations in temperature, humidity, and
162  vertical velocity (Larson. 2017). At the same time, CESM classifies clouds across altitudes
163  according to their cloud top pressure, delineating low-level cloud from 700 hPa to the
164  surface, middle-level cloud from 700-400 hPa, and high-level cloud above 400 hPa
165  (Danabasoglu et al., 2020).

166 Before launching the simulations, we first evaluated the performance of CESM to
167  reproduce historical climate change. The historical run employed the BHIST compset and
168  was carried out online at 1°x1° resolution. Monthly output in the period of 1979-2014
169  were used for model validation; to match the model grid, all observational datasets were
170  conservatively interpolated to the CESM resolution. Annual and seasonal evaluations of
171  temperature and cloud fraction show that CESM satisfactorily captures present-day climate
172 variability (Figs. S24-S27). Then, the specific simulation design is implemented in the
173 Community Land Model Version 5 (CLM5) within CESM. Relative to its predecessors,
174  CLMS incorporates advances in soil hydrology, crop modeling, fire feedbacks, and
175  biogeochemical cycling, thereby enhancing the representation of anthropogenic land-use
176  change within the climate system (Swenson and. Lawrence. 2012; Li et al., 2017; Levis et
177  al.,, 2018; Lawrence et al., 2019). The idealized simulation experiments in this study were
178  all conducted based on Land-Use Harmonization 2 (LUH2) (Hurtt et al., 2020). CLM
179  represents land-surface heterogeneity through a nested sub-grid hierarchy, allowing
180  multiple land-unit to coexist within each grid cell (Oleson et al., 2013). Although CLM is

181  not configured with a dynamic vegetation model, the time-varying landuse.timeseries
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182  dataset provided by the model allows vegetation's physiological processes (such as
183  photosynthesis, transpiration, etc.) to be explicitly simulated (Lawrence et al., 2019).

184 According to the FAO definition of afforestation, it refers to the establishment of new
185  forests on land that was not previously classified as forest through planting or deliberate
186  seeding. This implies a fundamental change in land use, for instance, from cropland to
187  forest or from grassland to forest (FAO. 2012). Therefore, in our simulation experiments,
188  we followed the FAO definition to construct idealized datasets for forest and bioenergy
189  crop expansion. In CLMS, there are eight tree plant functional types (PFTs), indexed from
190 1 to 8, and 64 crop functional types (CFTs). In CLMS5, PFTs and CFTs coexist on nested
191  sub-grid tiles that jointly mediate energy and moisture exchanges between the land surface
192  and the atmosphere. We therefore implement forest and bioenergy expansion by altering
193  their fractional areas at the sub-grid scale. Specifically, our simulation experiments
194  comprise a control run (CTL) in which land-cover fractions are held constant at 2015 levels,
195  an idealized 50 % linear afforestation scenario (AF50), an idealized 50 % bioenergy crop
196  expansion scenario (BE50), and a realistic forest expansion scenario (REAL) derived from
197  previous studies (Roe et al., 2021; King et al., 2024; Weber et al., 2024), this land-use
198  pathway exhibits a maximum 26 % forest-expansion pattern by 2100. All future-period
199  simulations were conducted with the scientifically validated BSSP126 compset at 1°x1°
200 (f09 _gl7 gl4) horizontal resolution, while the ocean component was run at 0.5° resolution,
201  the restart files for model initialization are derived from the National Center for
202  Atmospheric Research's 500-year equilibrated control simulation during the Industrial
203  Revolution period. In the idealized simulations, forest expansion is restricted to shrubland

204  and grassland, with the newly forested area distributed evenly among the eight tree PFTs;
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205 bare ground is excluded, although some recent studies (Liang et al., 2025) advocate
206  afforestation on bare soil. Bioenergy expansion is represented by rained and irrigated
207 sugarcane and occupies only existing bioenergy land, thereby encroaching neither on
208  forests nor on natural grasslands (Fig. S23). This means that the simulated climate response
209  originates entirely from biophysical processes triggered by land cover change (such as
210 changes in albedo and evapotranspiration), excluding the offsetting effect of
211 biogeochemical feedback (i.e., carbon sequestration) on short-term warming. The climatic
212 response is quantified as the difference between each sensitivity experiment and the CTL,
213 with statistical significance assessed using a two-tailed Student’s ¢ test.

214 2.3. Attribution of LUCC-induced atmospheric changes to cloud trends

215 In this study, to analyze the driving factors of cloud trends caused by different LUCC,
216  we apply the explainable Extreme Gradient Boosting (XGBoost) model developed by Chen
217  and Guestrin. (2016), whose proven capacity to capture nonlinear interactions and deliver
218  high predictive skill has made it a workhorse in both atmospheric and ecological modelling
219  (Ren et al., 2024; Flora et al., 2024). After model training, we use the SHapley Additive
220  exPlanations (SHAP) method, based on game theory (Lundberg and Lee. 2017; Lundberg
221 etal., 2020), to uncover the contributions and dependencies of key variables to cloud trends.
222 Specifically, we constructed twelve models for the cloud and climate-change trends driven
223 by LUCC and performed 100 times Bayesian hyperparameter searches (Snoek et al., 2012)
224  and the optimized parameters name and the obtained best values are listed in Table S1.

225  2.4. Calculation of cloud radiative effect

226 Cloud radiative effect (CRE) is commonly used to evaluate the cooling or warming

227  influence of clouds on the atmosphere (Goldblatt et al., 2021; Luo et al., 2024), measured

10
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228  atthe top of the atmosphere, in the atmosphere, or at the surface (Zhang et al., 2022), which
229  consists of shortwave CRE (swCRE), longwave CRE (IwCRE) and netCRE (the sum of
230 swCRE and IwCRE). LwCRE was calculated as the difference between downward
231  longwave radiation at the surface under cloudy conditions and that under clear sky. SWCRE
232 is determined by the difference between downwelling solar flux at surface (FSDS) and
233 clear-sky downwelling solar flux at surface (FSDSC), as well as upward shortwave
234  radiation at the surface (FSUS) and clear-sky (FSUSC), as indicated in eq. (1).

235 swCRE = FSDS — FSDSC — FSUS + FSUSC (@Y)]
236 Ineq. (1), FSUS and FSUSC are indirectly calculated via FSDS and FSDSC multiply

237 albedo, as shown in eq. (2). FSNS denotes the net shortwave radiation at the surface. The

238 clear-sky albedo is also calculated using a similar equation.

239 Albedo = 1 — (@) @)
FSDS

240  2.5. Quantifying the impacts of land use change

241 In this study, the impact of land use change on climate system is quantified as the

242  difference between the control and sensitivity experiments, denoted by the symbol A. Using
243  CLDTOT as an example, the effect of land use change on CLDTOT is defined by eq. (3).
244 ACLDTOT = AF50 — CTL 3)

245  2.6. Pixel-based linear trend

246 In this study, we conducted ordinary least squares (OLS) fitting through simple linear
247  regression on every grid point to investigate the temporal variability patterns of
248  atmospheric variables, encompassing cloud cover. The significance of linear trend and

249  sensitivity for each grid was derived from Student's ¢ test, as expressed in eq.(4).

11
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S Yoy (i — %) Veij — Vij)

250 — (4)
Z?=1(xt,i,j - xi.j)

251 2.7. Quantification of the inequality of cloud trends

252 The Gini coefficient (Gini index) is most often used in economics to measure the state

253  of socio-economic development, and we use it here to analyze the hemispheric inequality

254  of'the cloud trend. The continuous equation for the Gini index is shown in eq.(5).

1
255 Giniindex =1 — Zf L(x)dx (5)
0

256 Here, the Gini index is derived through the integration of the area beneath the Lorenz
257  curve L(x), serving to quantify the cumulative proportion of the target variable relative to
258  the total proportion.

259  2.8. Surface energy balance decomposition of temperature

260 To better reveal the impacts of LUCC at different scales on surface thermodynamic
261  temperature, this study employs the energy balance equation to dissect the various physical
262  components of temperature changes. Through this method, the surface temperature
263  changes caused by afforestation and bioenergy expansion can be attributed to multiple
264  direct or indirect biophysical processes. Previous studies have shown that the linear
265  approximation method via first-order Taylor expansion is sufficiently accurate for
266  assessing surface temperature anomalies induced by large-scale land cover changes (Lee
267 etal, 2011; Devaraju et al., 2018; Chen et al., 2020; Sui et al., 2025). According to the
268  principle of energy conservation, the radiation energy absorbed by the surface must equal
269 the heat released, as described in eq. (6).

270 (1—- ag)SW, + LW, — ecT¢ = H+ LE+ G (6)

12
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271 In eq.(6), ay represents surface albedo, and SW, denotes downward shortwave
272 radiation; thus, (1 — ag)SW, represents net shortwave radiation at the surface. LW denotes
273 downward longwave radiation from the surface. € is surface emissivity, a parameter used
274  to describe how closely the Earth approximates a perfect blackbody, with typical values
275  less than 1 (0.7 in this study). o is the Stefan-Boltzmann constant (5.671*10W/m*K*). H
276  represents sensible heat flux, LE represents latent heat flux, Ty is surface temperature, and
277  Gis surface heat flux (this value typically varies very little and can therefore be neglected
278  in calculations). Rearranging and transforming the equation yields eq. (7), where p is air
279 density (1.29 kg/m®), C, is specific heat capacity (1030 J/kg/K), , is aerodynamic

280  resistance (s/m), T, is air temperature at 2 meters, and S represents the Bowen ratio.

281 eoTd = (1 — a,)SW, + LW, —

m;#mpc” (T — T,) 7)

a

282 Linearizing eq.(7) yields the difference in surface temperature changes AT, between
283  the sensitivity experiment and the CTL experiment. After linear decomposition, the
284  equation allows the surface temperature change to be explicitly expressed as a function of
285 albedo (ay), turbulent processes (), surface roughness or aerodynamic resistance (7,),
286  cloud radiation effects (LW, and SW,), and atmospheric feedback (T,), as shown on the

287  right-hand side (RHS) of eq.(8).

AT—(_AOSWl)A +[ Aoft ]A Y N LA
e St la prl Y (@ e |
288
2= D o, + (L) ALW, + (L> AT, )
1+f Ry T
289 In eq.(8), Ay and f represent the temperature sensitivity coefficient and the energy

290 redistribution coefficient, respectively, as defined by eq.(9) and (10). These two parameters

13
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291  respectively describe the response of blackbody radiation to temperature and how turbulent

292 fluxes regulate surface temperature.

1

293 Ao = ToeT? 9
C 1

294 f= %’T}ra (1 + E) (10)

295 Finaly, we calculate the annual trend of each term using eq. (4). In this way, the long-

296  term trends of each physical term induced by LUCC forcing can be investigated.

297 3. Results

298  3.1. Long-term response of cloud cover to LUCC forcings

299 Our simulations demonstrate that distinct land-use forcing significantly altered the

300 global long-term trends in total cloud cover (CLDTOT) and low-level clouds (CLDLOW)
301 (Figure 1). While CLDTOT exhibited a moderate negative trend in both CTL (-
302  0.0083+1037%/year) and the bioenergy expansion experiment (BE50), the idealized
303 (AF50) and realistic afforestation (REAL) scenarios modestly attenuated this decline,
304  respectively. The most pronounced and contrasting response was simulated in CLDLOW.
305 Idealized afforestation induced a rapid loss, representing an approximately 1.14 times
306 increase in loss rate compared to the CTL simulation and this effect was particularly strong
307 over land, where AF50 accelerated the decline rate by 1.52 times (Figure S1). This
308  suggests that extensive afforestation may reduce low-level clouds by altering surface
309  evapotranspiration and enhancing boundary layer stability, forming a negative feedback
310 mechanism (Duveiller et al., 2021; Leung et al., 2024). In stark contrast, the realistic

311  afforestation scenario suppressed the CLDLOW loss rate, while BES0 induced only a

14
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312  minimal loss rate (1.03 times, 1.23 times on land). In addition, all simulations suppressed
313  the loss rate of low-level clouds over the ocean (Figure S1).

314 Medium-level clouds (CLDMED) exhibited a consistent downward response to land
315 use forcings, with trends ranging from -0.0101+£0.0864%/year in CTL to -
316 0.0121+0.0873%/year in AF50, idealized scenarios (AF50 and BES50) induced slightly
317  steeper trends. High-level clouds (CLDHGH) displayed positive trends across all land use
318 forcing simulations, with slopes varying from 0.0053%£0.1342%/year in CTL to
319 0.0082+0.1439%/year in AF50. This variation is largely dominated by large-scale
320 thermodynamic forcing, as linear models for CLDHGH explained only 37%-46% of the
321  variability (Figure 1m-p). Crucially, both idealized and realistic afforestation amplified
322 this upward trend in CLDHGH. Compared to CTL, AF50 enhanced the increase by
323 approximately 1.5 times (2.28 times on land and 1.41 times on ocean), and REAL enhanced
324 it by about 1.3 times (2.17 times on land and 1.16 times on ocean). Ocean changes were
325  generally insignificant, possibly due to the buffering effect of remote atmospheric transport
326  (Portmann et al., 2022).

327 The robust amplification of the CLDHGH positive trend by afforestation, coupled
328  with the acceleration of CLDLOW loss, highlights a critical trade-off in land-based climate
329  mitigation. Prior analyses have demonstrated that greenhouse warming elevates high-level
330 cloud top heights, thereby amplifying climate warming (Norris et al., 2016; Zelinka et al.,
331 2016). Our findings indicate that large-scale afforestation in the future, particularly under
332 idealized global implementation scenarios, could inadvertently intensify climate warming
333 by amplifying the high-level cloud feedback mechanism. Moreover, the pronounced

334  acceleration of low-level cloud depletion over land in the AF50 scenario suggests adverse

15
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335 surface biophysical feedback. Conversely, the minimal interference observed in the REAL
336  scenario, which often slows cloud loss rates, is largely attributed to the strategically focused
337 location of forest expansion (King et al., 2024; Weber et al., 2024), leading to cloud

338  feedback closer to natural variability.
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343  subtracting from the CTL simulation results, the associated uncertainty was propagated

344  using quadrature addition of standard errors (Taylor. 1997; Mastrandrea et al., 2010).
345  3.2. Spatial response of cloud cover to LUCC forcings

346 Distinct land use forcings exerted pronounced regional impacts on long-term cloud
347 cover trends, exhibiting substantial geographic heterogeneity across hemispheres and
348  Dbetween land and ocean areas (Figure 2, Figure S2-S5). Both afforestation and bioenergy
349  expansion drove negative CLDTOT trends in the Northern Hemisphere (NH). Notably,
350 BES5O induced the steepest overall decline (mean CLDTOT trend: -0.0045 %/year),
351 accelerating the loss at a rate approximately 2.3 times that of AF50 (mean: -0.0019 %/year).
352  However, the most striking feature was the intense, concentrated CLDLOW loss induced
353 by AF50 (mean NH trend: -0.0060 %/year). Negative CLDLOW trends were strongly
354  localized over mid-to-high latitude landmasses in North America and Eurasia, with the
355 intensity of loss in these land regions being 20 times that of the overall Southern
356  Hemisphere (SH). This phenomenon, indicative of exacerbated seasonal losses during
357  summer, was also evident in BE50 and REAL simulations, suggesting a general latitude
358 dependency (Figure 3, Figure S3-S4). Furthermore, CLDMED trends displayed regional
359  divergence, with BES0 inducing CLDMED increases in Australia and Southeast Asia while
360  AF50 amplified losses in those same regions.

361 At the global scale, both LUCC forcings led to a spatial contraction of regional cloud
362 loss areas but, critically, an intensification of loss magnitudes (Figure S6). For instance,
363  AF50 contracted the CLDTOT loss area by 6.01%, yet the intensity of losses within those
364  areas increased significantly. This indicates that idealized afforestation does not produce a

365 linear, uniform reduction in cloud cover globally, but rather concentrates climate damage
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366 in a few land regions highly sensitive to biophysical forcing, creating highly concentrated
367 climate warming hotspots. Furthermore, both REAL and BE50 amplified CLDHGH
368 increases over Australia, and REAL induced a more intense mean CLDHGH trend in the
369  SH compared to AF50 (Figure S2g-h). These results suggest that realistic afforestation may
370 also contribute to warming by accelerating CLDHGH increases over certain SH oceanic
371  regions. Additionally, it is noteworthy that realistic afforestation significantly exacerbates
372 the rate of low-level cloud loss on the western side of South America, even though the
373  forest expansion in this scenario primarily occurs on the southeastern side of the region.
374  However, this may lead to unexpected negative impacts on the climate of the other side,
375  and this indicates that the cloud-mediated drought risks induced by land use changes may

376  be particularly prominent here (Li et al., 2025).
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Figure 2. Long-term spatial trends of total and low-level cloud cover induced by the

expansion of forest

and bioenergy in Northern Hemisphere and Southern Hemisphere.

The cross-hatching indicates the grids with a significant trend (p<0.05).
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Figure 3. Responses of cloud-cover trends to different land-use changes group by

month. The black a

sterisk indicates the grids with a significant trend (p<0.05).

3.3. The response of temperature and cloud radiative effect to LUCC
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387 Distinct land use forcings influence temperature trends and their spatial distribution
388  primarily through cloud radiative effects (Schneider. 1972). While most regions show
389  increasing thermodynamic temperature at 2 meter (TREFHT) trends across all simulations,
390 idealized afforestation causes widespread warming and concentrates these trends into
391  specific areas (Figure S9). The expansion of bioenergy crops substantially redistributes the
392  warming hotspots induced by AF50, the intensity is alleviated in many regions (e.g.,
393  Southern Ocean, Antarctica), while opposite changes occur elsewhere, such as the Western
394  Pacific, where BE5S0 reverses AF50's cooling to a warming trend. A similar redistribution
395 of hotspots is observed when comparing AF50 with realistic afforestation; notably, REAL
396  mitigates or offsets the significant warming trends seen in AF50 across mid-to-high
397 latitudes of North America and Eurasia.

398 The mean latitudinal responses of TREFHT show a clear contrast (Figure 4d). AF50
399  induces substantial warming in mid-to-high latitudes of the NH, while REAL causes the
400  greatest cooling trends there. This warming is amplified by accelerating cloud cover losses,
401  primarily through enhanced positive swCRE trends from rapid low-level cloud loss (Figure
402 4, Figure 5, Figure S6-8). The regions with larger cloud loss magnitudes and stronger
403  temperature rise trends largely overlap, particularly in the boreal region (50°N-90°N).
404  Relative to the global average, AF50 and BES0 significantly amplified warming here
405  (factors of 2.15 times and 1.71 times, respectively), while REAL induced cooling (factor
406  of -1.51 times). This pronounced warming amplification phenomenon is primarily driven
407 by an enhanced atmospheric feedback trend, further amplified by the accelerated reduction
408  of clouds in the middle and low-level clouds (Figure 5). AF50 caused the low-level cloud

409  loss rate in this region to be 8.80 times the global average, and BES0's relative amplification
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410  was even higher (13.63 times). Furthermore, the total cloud cover declines significantly
411  contributed to the temperature rise, showing 8.88 times the global level in AF50 and a
412  dramatic 26.12 times in BES50. Therefore, under the idealized LUCC scenario, the
413  significant warming phenomenon simulated in the boreal region is partly attributed to the
414  enhanced trend of swCRE caused by mid-to-low-level cloud loss, although atmospheric
415  feedback plays a dominant role. A significantly enhanced trend in swCRE can be observed
416  on the western side of South America, which is associated with accelerated loss of low-

417  level clouds.
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421  Figure 4. Long-term trends of reference height temperature and cloud radiative effect.
422  (a-d) Spatial trends and mean zonal distribution of reference height temperature induced
423 by different land use and land cover change. (e-1) Trends in temperature and shortwave
424  cloud radiative effect (swCRE) grouped by month in different simulation experiments. An
425  enhanced positive trend in swCRE indicates that shortwave radiative cooling of clouds is
426  either weakening or amplifying warming. The black hatch and scatter indicate the grids
427  that passed the test of significance (p<0.05) and the shade in (d) indicates standard

428  deviation.
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432  Figure 5. Long-term trends of key physical terms (decomposed by the surface energy
433 balance equation) induced by different LUCC. Ta represents the atmospheric feedback
434  term, albedo denotes the surface albedo term, and SWdown and LWdown indicate the
435  downward shortwave and longwave radiation terms, respectively. The black hatch

436  indicates the grids that passed the test of significance (p<0.05).
437  3.4. Forest and bioenergy-induced hemispheric cloud trends asymmetry

438 We used the Gini index to quantitatively assess the inequality and spatial
439  concentration of global cloud cover trends due to LUCC (Zhao et al., 2025). A Gini index
440  closer to one signifies a highly unequal distribution, with trends strongly concentrated in
441  specific latitude bands. For CLDTOT, idealized afforestation significantly intensified
442  concentrated cloud losses in both hemispheres (e.g., SH downward trends Gini index rose
443  from 0.48 to 0.52, Figure 6, Figure S10), suggesting amplified local land use impacts (Hua
444  etal., 2023). This concentration effect was most dramatic for CLDLOW in the NH, where
445  AF50 caused the Gini index to rise sharply from 0.41 (CTL) to 0.50, indicating a greater
446  concentration of cloud decline areas (Figure S10f). Bioenergy expansion induced milder
447  asymmetry overall, but still concentrated SH increases in specific CLDTOT and CLDHGH
448  hotspots (Figure S11).

449 In stark contrast to idealized expansion, realistic afforestation consistently exerted the
450  minimal influence on cloud trend heterogeneity, remaining closest to the CTL simulation
451  (Figure S12). For CLDTOT, REAL slightly broadened NH increasing trends (Gini index:
452 0.54 to 0.50) with limited alteration to the overall spatial patterns. For CLDLOW, REAL
453  increased the concentration of NH downward trends, but its impact was far less pronounced

454  than that of AF50 (Gini: 0.41 to 0.43), this means that realistic afforestation will
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455  concentrate the loss of low-level clouds in specific areas. Overall, these results show that
456  idealized LUCC forcings strongly alter inter-hemispheric cloud heterogeneity, inducing a
457  concentrated loss of low-level clouds, a process that is highly disruptive to climate patterns,

458  unlike the weaker and less spatially disruptive effects observed under realistic scenarios.
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460  Figure 6. Asymmetry of cloud trends between hemispheres. Lorenz curves of long-term
461  CLDTOT (a-d), CLDLOW (e-h), CLDMED (i-1), CLDHGH (m-p) trend in the Northern
462 (0° to 90°N) and Southern Hemispheres (0° to 90°S) during the 2015-2100 in CTL run.

463  The results of the AF50, BE50, and REAL experiments can be found in Figure S10-S12.

464  3.5. Possible physical mechanisms of cloud trends change revealed by

465 machine learning
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466 The aforementioned analyses indicate that distinct LUCC significantly altered the
467  geographic distribution of global cloud cover trends. We employed an interpretable
468  machine learning model to further elucidate the underlying mechanisms and quantify their
469  respective contributions.

470 Regarding the driving factors for the trend changes in CLDTOT, the trend changes in
471  total precipitable water (TMQ) are the most important in all simulations, with contributions
472 0f 20.5%, 26.3%, and 23.1% in the AF50, BE50, and REAL, respectively (Figure 7); and
473 the direction of influence remains basically consistent (Figure 8), meaning that the LUCC-
474  induced TMQ decrease (increase) trend accelerates the loss (increase) rate of CLDTOT,
475  which indicates that large-scale LUCC disturbances to the hydrological cycle are the
476  primary macroscopic factor controlling long-term changes in total cloud cover (Pielke Sr
477  etal., 2007). We also found that the dependence of AF50-induced TMQ on CLDTOT was
478  significantly stronger than that of BES0 and REAL, and was approximately linear. The
479  decreasing trend of TMQ directly drove the decreasing trend of CLDTOT (Figure 8a-c).
480  However, the regulatory role of TMQ varies by location; the TMQ increase trend induced
481 by idealized forest expansion mainly contributes to the CLDTOT increase trend in tropical
482  regions, while outside the tropics, it is primarily negative contributions (Figure 9). These
483  results indicate that the rapid loss of CLDTOT in the NH land areas observed in Figure 2
484  is attributed to the long-term loss of atmospheric moisture supply; the decrease in TMQ
485  directly contributes to the atmosphere becoming drier. Particularly in water-limited regions
486  of the mid- to high-latitudes of the Northern Hemisphere, the transpiration induced by
487  forests replacing grasslands tends to be weak, which implies that the efficiency of water

488  vapor transport from forests to the atmosphere is lower (Breil et al., 2021). The temperature
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489 rise and relative humidity decrease caused by AF50 are not limited to the surface.
490  Simulations show that the warming and drying trends extend vertically through the
491  troposphere (Figure 10). The decrease in relative humidity causes the lifting condensation
492  level (LCL) of water vapor to rise. When the rising speed of the LCL exceeds the
493  development speed of the boundary layer top, clouds cannot form, or are pushed to drier
494  upper levels and dissipate (Romps. 2017; Kutta and Hubbart. 2023). This explains the
495  mechanism by which AF50 leads to the synchronous loss of mesosphere clouds
496  (accelerated by 1.25 times over land): thermodynamic disturbances at the land surface
497  suppress moisture supply at vertical heights by affecting boundary layer height and stability,
498 thereby inhibiting mesosphere cloud development. In contrast, the success of the REAL
499  scenario lies in its ability to effectively optimize the heat distribution between the surface
500 and the atmosphere, allowing atmospheric cooling and evapotranspiration efficiency to
501  dominate, thus offsetting the warming effect caused by the decrease in albedo (Figure 10).
502  Previous modeling studies have shown that progressive afforestation in midlatitudes may
503  suppress moisture supply, thereby causing tropospheric drying; the reduction in cloud
504  fraction across vertical levels is precisely the result of this atmospheric response (Lagué
505 and Swann. 2016). Therefore, in the idealized afforestation simulation, changes in relative
506  humidity can be seen as the second largest driving factor, contributing to 14.1%. This
507 attribution also applies to the regional CLDTOT losses caused by bioenergy crop
508  expansion and realistic afforestation, with only slight differences in the aspect of the second
509 largest driving factor.

510 For the attribution of the CLDLOW trend, relative humidity becomes the most

511  important contributing factor, with contributions induced by AF50, BE50, and REAL being
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512 20.4%, 20.4%, and 15.3% respectively, among which the relative humidity decline trend
513  induced by idealized afforestation leads to the most severe CLDLOW loss rate, and this
514  impact is mainly concentrated in the mid-to-high latitude regions of the NH (Figure S15a).
515 At the same time, this simulation induces a significant increase in maximum temperature
516  in response to the substantial and rapid loss of CLDLOW (Figure S20e), which indicates
517  that the relative humidity decline, and maximum temperature rise trends induced by
518 idealized afforestation jointly amplify the loss rate of CLDLOW, and it exhibits a strong
519 linear dependency (Figure S14a-b). Afforestation in the mid-to-high latitude regions of the
520 NH causes the surface in these areas to darken, leading to a decrease in albedo, thereby
521 increasing the absorption of solar radiation to raise surface temperature (Meissner et al.,
522 2003; Swann et al., 2010), and the amount of albedo reduction per unit afforestation in
523  these regions and the increased radiative forcing are much higher than in other regions
524  (Foley et al., 1994; Weber et al., 2024). The simulation proves that the regions with rapid
525 decline in CLDLOW induced by idealized afforestation simultaneously experience rapid
526  rise in maximum temperature and rapid decline in relative humidity. Albedo is the main
527  biophysical source affecting temperature changes in the NH land areas (Arora and
528  Montenegro. 2011), but it is unlikely to directly induce long-term loss of cloud cover; the
529  missing bridge in between needs to be supplemented by water vapor supply, therefore
530 relative humidity is parsed by the machine learning model as the most important driving
531  factor for the accelerated loss of CLDLOW, with maximum temperature following closely
532 behind.

533 The water vapor supply and total precipitation induced by LUCC become the primary

534  factors influencing changes in mid-level and high-level clouds (Figure S13). Large-scale
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535 idealized afforestation causes insufficient water supply in the mid-to-high latitude regions
536  of the NH, which also inhibits the development of CLDMED, but the impacts of bioenergy
537  expansion and realistic afforestation are overall positive (Figure S17). More noteworthy
538 are the high-level clouds that have a warming effect on the atmosphere; the increase in
539  water vapor induced by large-scale idealized forest expansion leads to an increase in
540 CLDHGH in the mid-to-high latitude regions of the NH, which may become an additional
541  source of warming on the basis of mid- and low-level cloud loss (Lian et al., 2022).
542  Therefore, idealized afforestation not only accelerates warming by accelerating the loss of
543  mid- and low-level clouds, but also amplifies warming by promoting the increase of high-
544  level clouds, and the warming induced by high-level clouds also exists in the bioenergy
545  expansion and realistic afforestation simulations. In contrast, afforestation in real-world
546  scenarios effectively optimizes the distribution of heat between the surface and the
547  atmosphere, allowing atmospheric cooling and evapotranspiration efficiency (a positive
548  manifestation of hydrothermal coupling) to dominate, successfully offsetting the warming

549  effects caused by decreased albedo.
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551  Figure 7. Drivers and contribution of CLDTOT and CLDLOW revealed by machine
552  learning response to different land use change. A present the difference between
553  sensitivity experiments and CTL. The contribution is expressed in SHapley Additive
554  exPlanations (SHAP) value, which measure the impact of each driver factor induced by
555  land use change on the model output (Berdugo et al., 2022). The bar chart shown in the
556 illustration represents the percentage contribution. For CLDMED and CLDHGH can be
557  viewed in Figure. S13. PRECT, total precipitation (mm/day); TMQ, total precipitable water
558  (kg/m?); TREFHT, air temperature at reference height (K); TREFHTMX, maximum
559  temperature at reference height (K); RHREFHT, relative humidity at reference height (%);
560 QFLX, evapotranspiration (mm/day); CAPE, convective available potential energy (J/kg);
561 PBLH, planetary boundary layer height (m); TREFHTMN, minimum temperature at

562  reference height (K); SHFLX, sensible heat flux (W/m?); LHFLX, latent heat flux (W/m?).
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564  Figure 8. Dependence plots of the top five important variables for total cloud cover
565 (CLDTOT), as revealed by the machine learning model. The first to third rows represent
566  AF50, BESO and REAL experiments respectively. SHAP dependence was visualized using
567 Locally Weighted Scatterplot Smoothing (LOWESS) (Cleveland. 1979) with a smoothing
568  fraction of frac=0.3 (using 30% of nearest neighbors for local regression) and it=3 robust
569 iterations to reduce outlier influence, and shaded band indicates 95% confidence interval

570  (CI) of LOWESS regression.
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572 Figure 9. Spatial drivers and contribution of CLDTOT revealed by machine learning
573  response to different land use change. The first to third rows represent AF50, BE50 and
574 REAL experiments respectively. The contribution is expressed in SHapley Additive
575  exPlanations (SHAP) value.
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578  Figure 10. Trends in temperature and relative humidity induced by different LUCC
579  atvertical heights. The black asterisk indicates the grids that passed the test of significance
580  (p<0.05).
581 4. Discussions
582 Our simulation results indicate that two distinctly different future land use methods
583  may significantly alter long-term cloud cover trends in terms of their impact on the
584  magnitude of climate warming, particularly large-scale idealized forest expansion
585  exacerbates cloud-mediated climate warming by substantially accelerating the loss of mid-
586  low level clouds and the increase of high-level clouds. Bioenergy expansion also imposes
587  negative impacts on cloud cover, but the overall intensity is weaker than that of idealized
588 afforestation; this relatively mild negative impact may stem from lower LAI and reduced
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589 transpiration, as in previous assessments of this scheme, where bioenergy expansion may
590 be accompanied by depletion of soil moisture and hinder the accumulation of atmospheric
591  humidity (Le etal., 2011; Cheng et al., 2024). We believe that the negative impacts of these
592 two large-scale idealized LUCC forcings on cloud cover originate from their own
593  expansion areas, because in our simulations, the land for forest expansion is taken from
594  grasslands or shrubs, which may lead to an increase in surface radiation absorption; the
595 increased radiation warms the bottom of the convection layer in the form of sensible heat,
596 thereby imposing more stringent conditions for cloud formation. In contrast, in the
597  bioenergy expansion simulation (irrigated and rained sugarcane), the land comes from the
598 land of other bioenergy crops, which means a reduction in the area of other crops with
599  higher albedo, for example, switchgrass has an overall higher albedo than sugarcane and
600 thus has greater climate cooling potential (Abraha et al., 2021; Lei et al., 2023). When other
601  possible bioenergy crops with greater climate cooling potential are replaced by sugarcane,
602 it may suppress cloud formation due to insufficient cooling, thereby inducing mild cloud
603  loss. Furthermore, since our idealized afforestation scenarios involve converting grasslands
604  or shrubs to forests, although this conforms to the Food and Agriculture Organization (FAO)
605  definition (FAO. 2012), meaning our simulations are neither forest enhancement nor
606  reforestation, it is also essential to consider the potential ecological consequences of such
607 land type conversions. Grasslands, as one of the important terrestrial ecosystems, support
608  unique biodiversity but are also relatively fragile; afforestation in these areas may lead to
609 the loss of flora and fauna, reduced water availability, and increased fires (Veldman et al.,
610  2015a; Veldman et al., 2015b; Parr et al., 2024). Therefore, although the primary goal of

611 idealized afforestation is to enhance terrestrial carbon absorption, it carries the risk of
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612  ecological degradation (Cao. 2008; Xiao et al., 2020). Here, our idealized forest expansion
613  simulation experiments are not intended to suggest implementing such forest expansion
614  actions; on the contrary, the signal we are sending is cautionary.

615 On the other hand, we found that idealized and realistic afforestation suppressed the
616  loss trends of total cloud and low-level cloud over the oceans, but idealized bioenergy
617  expansion accelerated their loss trends (Figure S5). The question we need to answer here
618 is actually through what pathways LUCC disturbances on land propagate energy to the
619 oceans and influence cloud trends. According to previous simulation studies on
620  deforestation, changes in albedo are considered the fundamental source of ocean responses;
621  deforestation increases surface albedo, thereby reducing energy absorption at the surface,
622  so no more heat is allocated to sensible heat flux to heat the convection layer, this process
623  leads to cooling of the convection layer over the oceans (Davin and de Noblet-Ducoudré,
624  2010). In contrast, in our simulations, the albedo reduction caused by forest expansion
625  (although not shown) induces the surface to absorb more solar radiation; the extra radiation
626  is redistributed in the form of sensible heat flux to release into the atmosphere and heat the
627  atmosphere, and the increased heat warms the ocean surface with ample moisture supply,
628 making more water vapor condense into clouds. Therefore, forest expansion overall
629  suppresses the loss rate of total cloud and low-level cloud cover in ocean areas.

630 Our hypothesis can be verified from Figure S20 and Figure S22, namely that forest
631  expansion induces increasing trends in maximum temperature and total atmospheric
632  precipitable water over the oceans. However, in bioenergy expansion, we observe overall
633  opposite results (Figure S21), namely that bioenergy, due to relatively high albedo, does

634 not lead to substantial warming of the oceans, thus there is not enough heat to make
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635 moisture evaporate and condense into clouds. In contrast, realistic afforestation overall
636  does not render clouds detrimental to the climate; this difference largely stems from the
637  type of land conversion and the regions involved. In idealized afforestation, forests are
638  derived from grasslands or shrubs, with large amounts of Cs grasslands distributed in mid-
639  to-high latitude regions of the Northern Hemisphere and Cs4 grasslands in tropical areas,
640  whereas forest expansion in realistic afforestation simulations is not like this (Wei et al.,
641  2014; Figure S23).

642 Due to the intrinsic uncertainties inherent in individual climate models, particularly
643  concerning the simulation of cloud feedbacks (Ceppi et al., 2024), the evaluation of long-
644  term impacts arising from external forcings such as land use and land cover change can
645 often be robustly achieved through well-validated single-model simulations, as
646  demonstrated in numerous prior studies (Snyder et al., 2004; Arora and Montenegro, 2011;
647  Bauer et al., 2025). However, considering that CESM2 may be overly sensitive to aerosol-
648 cloud interactions or thermal disturbances, the simulated cloud cover trend changes
649 induced by LUCC may be an upper limit. While model ensembles or multi-model
650 intercomparison frameworks have been employed to enhance confidence in conclusions
651  (Falloon et al., 2014), they introduce limitations such as computational expense, potential
652  overconfidence due to model dependence—where shared code, parameterizations, and
653  biases among models undermine the assumption of independence (Abramowitz et al., 2019;
654  Knutti et al., 2010)—and challenges in combining projections from a small or unevenly
655  distributed set of models (von Trentini et al., 2020). Despite this, we still recommend,
656  where computational resources permit, the integration of models with different equilibrium

657  climate sensitivity (ECS) characteristics to adequately distinguish between signal and
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658  model structure biases (Khan et al., 2023). On the other hand, due to limitations in model
659  resolution and cloud microphysical parameterization uncertainties (Morrison et al., 2020),
660  which stem from incomplete representations of complex processes such as aerosol-cloud
661 interactions, ice crystal formation, and precipitation efficiency, which can lead to
662  substantial biases in simulated cloud optical properties and lifetime (Fan et al., 2016).
663  These uncertainties often amplify errors in global climate projections, particularly
664  regarding radiative forcing and feedback loops, highlighting the need for enhanced
665  observational constraints and sensitivity analyses to refine model parameterizations.
666  practical reforestation activities need to be guided by higher resolution and more accurate
667 land cover data (Hoffmann et al., 2023), aiming for sufficient resolution to distinguish
668  forests from other ecosystems. Our findings have profound implications for future land
669 management and climate mitigation policies, highlighting that policymakers must move
670  beyond a single carbon sequestration target and incorporate albedo risk into their decision-
671 making framework, as previous studies have suggested (Wang et al., 2023), and also

672  consider cloud-mediated climate risks.
673 5. Conclusions

674 We use the current state-of-the-art CESM to simulate the impact of two distinctly
675  different future land use and cover changes (forest and bioenergy expansion) on long-term
676  cloud cover trends. Simulation results show that future large-scale idealized forest and
677  bioenergy expansions may exacerbate cloud-mediated regional climate warming, as they
678 accelerate the loss of mid-low level clouds while enhancing the increase of high-level
679 clouds, thereby diminishing the overall climate-regulating benefits of cloud cover.

680  Specifically, idealized afforestation leads to the fastest low-level cloud loss (1.14 times on
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681 global, 1.52 times on land), followed by bioenergy expansion (1.03 times on global and
682  1.23 times on land), whereas realistic afforestation mitigates such losses and generates
683  positive climate effects by preserving or enhancing cloud cover. The loss of mid-low level
684  clouds amplifies the formation of regional warming hotspots through enhanced shortwave
685  cloud radiative forcing trends, particularly in mid-to-high latitude regions of the Northern
686  Hemisphere, where accelerated reductions in mid-low level cloud amounts align with
687  amplified temperature trends (reaching up to 2.15 times the global average under idealized
688  afforestation). The hemispheric asymmetry in cloud trends, quantified via Gini coefficients,
689  further highlights how idealized forest and bioenergy expansions concentrate cloud loss
690 trends within the latitudinal bands of those expansions, thereby potentially reshaping new
691  climate warming hotspots. A coupled interpretable machine learning framework further
692  elucidates the relevant mechanisms underlying cloud trend changes, emphasizing that the
693  long-term decreasing trends in total atmospheric precipitable water and relative humidity
694  induced by idealized forest and bioenergy expansions are the primary drivers of the
695 accelerated loss of mid-low level clouds. These results underscore that not all forest
696  expansions yield positive climate benefits; outcomes critically depend on the type of land
697  conversion and the specific regions of implementation. This also highlights an important
698  realization: even within bioenergy crops, the choice of crop function type is just as crucial
699 as the choice of afforestation site. Therefore, policymakers should prioritize realistic
700 afforestation strategies in suitable latitudinal zones to maximize carbon sequestration while

701  avoiding unintended cloud-mediated warming.
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