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Abstract13

Terrestrial processes control land-to-atmosphere fluxes of water, energy, and car-14

bon and are also influenced by climate. Feedbacks in the land-atmosphere coupled sys-15

tem can therefore potentially modulate changes in land surface water fluxes. Prior work16

has largely focused on one specific aspect of land-atmosphere coupling modulated by soil17

moisture, while devoting less attention to other ways in which coupling between the land18

and atmosphere could alter climate. We use a novel experimental design of paired per-19

turbed parameter ensembles in an Earth system model to isolate the extent to which land-20

atmosphere feedbacks modulate the global water cycle by perturbing land parameters21

spanning a wide range of terrestrial processes that affect evapotranspiration. We find22

support for the traditional soil moisture-precipitation coupling in some dry or transitional23

dry-to-wet regions where evapotranspiration is soil-moisture limited. However, we also24

find that land-atmosphere feedbacks have a dampening effect on evapotranspiration in25

wet regions, which is more widespread and robust than the impact in dry regions and26

is consistent with first principles. By adopting a holistic definition of land-atmosphere27

coupling, our analysis provides insights into where and how land-atmosphere feedbacks28

modulate terrestrial processes, posing a challenge to the widespread practice of devel-29

oping and evaluating land models in an uncoupled configuration and then deploying them30

to understand and predict terrestrial processes in a coupled context.31

Plain Language Summary32

The exchange of water, energy, and carbon between the land surface and the at-33

mosphere is driven both by atmospheric conditions and by processes occurring on land.34

We find that land-to-atmosphere fluxes of water are different when the atmosphere can35

respond to changes on land, and that the atmosphere acts as an amplifier in some dry36

places and has a dampening effect in wet places. In dry places this happens because pre-37

cipitation decreases when soils are dry, while in wet places the atmosphere becomes more38

moist when it can respond which reduces the evaporative demand of the atmosphere. The39

dampening effect in wet places is robust and consistent with theory but has been pre-40

viously underemphasized when interpreting findings from offline experimental designs.41

1 Introduction42

Terrestrial processes such as photosynthesis and the movement of water through43

soils influence climate from local to global scales by modifying land-to-atmosphere fluxes44

of water, energy, and momentum. These processes are also directly influenced by climate45

due to their dependence on air temperature, relative humidity, net radiation, and soil46

moisture (SM). The land and atmosphere are therefore a coupled system, in which bio-47

geophysical land-atmosphere feedbacks can modulate changes in land surface water and48

carbon fluxes. An extensive body of literature has long established mechanisms through49

which land processes impact the atmosphere (i.e., the land-to-atmosphere branch of this50

coupled system; Shukla & Mintz 1982, Sellers et al. 1996, Laguë et al. 2019), as well as51

how the atmosphere impacts land surface fluxes (i.e., the atmosphere-to-land branch; Budyko52

1974, Whittaker 1975).53

Many prior studies have demonstrated that land-atmosphere feedbacks are impor-54

tant controls on temperature and precipitation (Koster et al. 2004, 2006, Seneviratne et55

al. 2006, Guo et al. 2006, Seneviratne et al. 2010, Dirmeyer 2011, Dirmeyer et al. 2012,56

Lorenz et al. 2016). Much of this prior work has focused on SM changes as the under-57

lying driver of land-atmosphere feedbacks, and evaluated the strength of land-atmosphere58

coupling by analyzing climate modeling experiments that turn on and off SM coupling59

(i.e., GLACE experiments, Koster et al. 2004, 2006, Guo et al. 2006) or by analyzing the60

correlation between SM, evapotranspiration (ET), precipitation, and temperature in ob-61
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servations (Dirmeyer 2011, Wei & Dirmeyer 2012, Tuttle & Salvucci 2016, Abdolghafoo-62

rian & Dirmeyer 2021) and models (Dirmeyer et al. 2009, Dirmeyer 2011). This body63

of work has found that SM-precipitation and SM-temperature feedbacks are strongest64

in transitional dry-to-wet regions (Koster et al. 2006, Seneviratne et al. 2013), and of-65

ten identified the North American Great Plains and the Sahel as land-atmosphere cou-66

pling hot spots. However, the sign and strength of the SM-precipitation feedback remains67

an open question. In particular Lee & Hohenegger (2024) found strong positive SM-precipitation68

coupling in a coarse-resolution model but weaker and largely negative SM-precipitation69

coupling in a storm-resolving model, highlighting that modeled SM-precipitation feed-70

backs are likely resolution dependent. Additionally, Guillod et al. (2015) found the sign71

of SM-precipitation feedbacks can differ when evaluating feedbacks spatially versus tem-72

porally. While uncertainties remain, the extensive literature on SM-climate feedbacks73

has been highly influential in demonstrating that terrestrial processes feed back on the74

atmosphere and has led to a focus on land-atmosphere feedbacks in transitional dry-to-75

wet regions.76

SM-climate coupling is strongest in transitional regions because two key conditions77

for SM-climate coupling are met: (1) ET rates (and variation in those rates) are large78

enough to impact climate, and (2) SM is the primary control on ET (Seneviratne et al.79

2010). In this SM-climate coupling framework, land-atmosphere feedbacks are weak in80

wet regions because ET is energy-limited rather than SM-limited. It is widely recognized81

within the field that SM is but one aspect of a complex system of interactions between82

land surface energy and water fluxes, the planetary boundary layer, clouds, and atmo-83

spheric circulation (as highlighted in schematics illustrating the complexity of the land84

atmosphere system, e.g. see Santanello et al. (2018), Ek & Holtslag (2004), van Heer-85

waarden et al. (2009)). Nonetheless, the SM land-atmosphere feedbacks framework has86

been so influential that the term “land-atmosphere feedbacks” is often understood to re-87

fer only to feedbacks driven by changes in SM, and much of the existing literature has88

focused on SM’s role in land-atmosphere interactions. However, changes in land-to-atmosphere89

water and energy fluxes also impact the atmosphere in wet regions, and these atmospheric90

changes have the potential to modulate land ET independent of the SM feedback.91

Here, we evaluate additional mechanistic pathways through which terrestrial pro-92

cesses are coupled to the atmosphere. We adopt a broad definition of land-atmosphere93

feedbacks, in that we consider ET to be the driver of the feedback loop, such that SM94

is a part of the feedback loop rather than an external driver. A handful of studies have95

quantified a similar feedback. For example, Laguë et al. (2019) compared coupled and96

land-only simulations to isolate the impact of land-atmosphere feedbacks on land sur-97

face climate, focusing on atmospheric amplification of land-driven temperature changes.98

However, prior work has focused on idealized changes to land surface properties and spe-99

cific regional dynamics. We still lack a systematic, quantitative global understanding of100

how coupled biogeophysical land-atmosphere feedbacks modulate changes in the terres-101

trial water and carbon cycles.102

In this study, we quantify how biogeophysical land-atmosphere feedbacks modu-103

late changes in land water fluxes across both dry and wet regions and on a global scale104

using a unique paired perturbed parameter ensemble (PPE) experimental design to iso-105

late the atmosphere’s role in modulating terrestrial processes. We perturb land param-106

eters spanning a wide range of terrestrial processes in two PPEs: one in which the at-107

mosphere can respond to land surface changes (coupled), and one in which the land is108

forced with a fixed atmosphere (land-only). By making pairwise comparisons between109

the coupled and land-only simulations, we are able to directly quantify the impact of land-110

atmosphere feedbacks. We note that the goal of this study is not to quantify parame-111

ter uncertainty, but rather to leverage this PPE dataset to gain mechanistic insights into112

how land-atmosphere feedbacks modulate changes in terrestrial processes. We ask the113

following questions: (1) how do land-atmosphere feedbacks modulate land-driven changes114

–3–



in mean ET, and (2) what mechanisms determine the sign and spatial pattern of these115

land-atmosphere feedbacks?116

By adopting a more holistic perspective on land-atmosphere feedbacks beyond just117

the SM-climate feedback, we are able to explore land-atmosphere feedbacks’ influence118

on ET in regions that are primarily energy-limited and therefore insensitive to SM changes119

(e.g. the Amazon and temperate mid-latitudes), allowing us to identify a dampening feed-120

back mechanism which is consistent with theory but has been underemphasized in the121

traditional land-atmosphere feedback literature.122

2 Methods123

2.1 Paired perturbed parameter ensembles124

We ran paired perturbed parameter ensembles (PPEs) under preindustrial condi-125

tions using two configurations of CESM2 (Danabasoglu et al. 2020): a coupled config-126

uration (“coupled”) which includes both a land surface and an atmosphere with a slab127

ocean and an uncoupled, land only configuration (“land-only”), which are described in128

detail in Zarakas et al. (2024). For both PPEs, we ran one-at-a-time parameter pertur-129

bation experiments for 18 land parameters (Table S1), where we perturbed each param-130

eter to a minimum and maximum value (ensemble n = 36) based on plausible param-131

eter ranges determined by the CLM5-PPE project (Kennedy et al. 2025). The param-132

eter selection procedure and model configurations are described in more detail in Zarakas133

et al. (2024). The 18 parameters we sampled are described in detail in Table S1 and pa-134

rameterize diverse terrestrial processes, including soil hydrology, photosynthesis, and stom-135

atal conductance. All simulations were run at 1.9° x 2.5° model resolution under prein-136

dustrial conditions for 140 years, and the first 40 years were discarded as spin up.137

In the coupled PPE, the atmosphere responds to changes in land surface param-138

eters (i.e. land-atmosphere feedbacks are turned on), while in the land-only PPE, the139

atmospheric state is prescribed at 3-hourly resolution to match the atmosphere simu-140

lated in the reference coupled simulation that used default parameters (i.e. land-atmosphere141

feedbacks are turned off). We can therefore quantify the impact of land-atmosphere feed-142

backs on terrestrial processes by making pairwise comparisons between each coupled and143

land-only ensemble member. We exclude all gridcells that contain snow during all months144

of the average year.145

2.2 Disentangling the land-to-atmosphere and atmosphere-to-land branches146

of land-atmosphere feedbacks147

We identify the mechanisms through which land-atmosphere feedbacks modulate148

changes in land surface processes by decomposing the overall feedback into two branches:149

the land-to-atmosphere branch and the atmosphere-to-land branch. Land-atmosphere150

feedbacks can modulate terrestrial processes only when changing land processes impact151

atmospheric quantities that are inputs to the land model (Table S2). We therefore fo-152

cus on these quantities, particularly near-surface atmospheric temperature, precipita-153

tion, humidity, and surface radiation.154

2.2.1 Influence of land-atmosphere feedbacks on ET155

We quantify the impact of land-atmosphere coupling on ET by regressing the an-156

nual mean ET from the 36 coupled PPE ensemble members against the annual mean ET157

from the 36 land-only PPE ensemble members at each model land grid box. Results are158

shown in Figure 1. When displaying results in climate space, results are binned by an-159

nual mean temperature and precipitation and only climate bins that contain greater than160

10 gridcells are shown. When displaying results in Budyko space, ET , Rnet, and P (as161
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in Figure 1c) are from the coupled reference case. We adopt the null hypothesis that land-162

atmosphere feedbacks do not modulate changes in land surface fluxes (i.e., in each grid163

cell that ∆ETcoupled = ∆ETland−only, or in the context of the linear regression, that164

the slope equals 1). We apply ordinary least squares regression across ensemble mem-165

bers, such that each data point represents the multi-year mean response of a single perturbed-166

parameter simulation. We perform this analysis at each land grid cell and report changes167

as being statistically significant after controlling for a false discovery rate of 0.05 (Wilks168

2016).169

2.2.2 Isolating how land surface fluxes impact the atmosphere170

We use ordinary least squares regression to quantify the sensitivity of atmospheric171

state variables to changes in ET. First, we calculate the gridded changes in annual mean172

ET from the reference case for each ensemble member. We then regress coupled changes173

in atmospheric state variables on the ET changes from the paired land-only model ex-174

periments in order to isolate the land-to-atmosphere branch of the land-atmosphere feed-175

back. In the coupled PPE, changes in ET are due to both land parameter changes and176

atmospheric changes (e.g., ET changes driven by changes in precipitation, temperature,177

etc.), but in the land-only PPE, ET changes are only due to land surface parameter per-178

turbations. We define the sensitivity of atmospheric state variables to changes in ET as179

the slope of the regression. For example, we calculate the precipitation sensitivity to ET180

(
∂Pcoupled

∂ETland−only
) by regressing coupled changes in precipitation against land-only changes181

in ET for each grid cell across the 36 PPE ensemble members. We note that in the cou-182

pled context, both local and remote land surface changes can impact the atmosphere in183

a given grid cell, and we discuss remote effects in Supplemental Text 1. We calculate po-184

tential evapotranspiration as in Supplemental Text 2.185

2.2.3 Isolating how atmospheric changes impact land surface fluxes186

We identify how changes in atmospheric quantities influence land surface fluxes by187

running additional idealized land-only simulations. We ran idealized land-only simula-188

tions where we modified the atmospheric quantities that impact the land (Table S3). This189

method allows us to quantify the terrestrial response to mean state climate changes, but190

does not illuminate the terrestrial response to shorter timescale atmospheric variability,191

which land parameter perturbations can also impact. From these simulations, we cal-192

culate the land sensitivity to each meteorological driver (e.g. the sensitivity of ET to pre-193

cipitation change is ∂ET
∂P ).194

2.2.4 Decomposing the influence of land-atmosphere feedbacks upon ET195

We then quantify the extent to which different atmospheric quantities X contribute196

to the overall fractional change in ET due to land-atmosphere feedbacks (∆ETfeedback)197

using Equation 1:198

∆ETfeedback =
∑
X

(
∂Xcoupled

∂ETland−only

∂ET

∂X

)
, (1)

where
∂Xcoupled

∂ETland−only
is the sensitivity of atmospheric quantity X to changes in ET (as di-199

agnosed through regression, section 2.2.2), and ∂ET
∂X is the sensitivity of ET to changes200

in atmospheric quantity X (as diagnosed through idealized meteorology simulations us-201

ing the land-only model configuration, section 2.2.3). This decomposition assumes lin-202

ear independence between changes in the atmospheric forcing variables, which is true for203

∂ET
∂X but an imperfect assumption for

∂Xcoupled

∂ETland−only
(e.g., increasing precipitation may be204

correlated with increasing near-surface specific humidity). We sum over the equilibrium205

annual averages of the major atmospheric inputs X to the land model: temperature at206

the lowest atmospheric level, total precipitation, specific humidity at the lowest atmo-207

spheric level, incident solar radiation, and incident longwave radiation. We perform this208
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analysis using annual mean quantities, rather than seasonally resolved ones, in order to209

ease comparison across latitudes with varying degrees of seasonality. We note that land–atmosphere210

interactions vary seasonally, and we expect feedbacks to be strongest during the grow-211

ing season.212

3 Results and Discussion213

3.1 Land-atmosphere feedbacks modulate ET214

We quantify the net land-atmosphere feedback by regressing mean ET in the 36215

member coupled PPE against the mean ET in the 36 paired simulations in the land-only216

PPE. We find that land-atmosphere feedbacks substantially modulate ET changes, and217

that the sign of the impact of land-atmosphere feedbacks varies spatially (Figure 1a) de-218

pending on the climatological moisture regime. Consistent with prior coarse resolution219

climate modeling studies, we find that in climatologically dry and transitional dry-to-220

wet regions land-atmosphere feedbacks either amplify ET changes or are not statistically221

significant (Figure 1a-b). We also find that in climatologically wet regions land-atmosphere222

dampen land-driven changes in ET (Figure 1a-b). In the Budyko framework (Budyko223

1974), this corresponds to dampening land-atmosphere feedbacks in energy-limited lo-224

cations where there is more annual precipitation than energy available to evaporate it225

and amplifying feedbacks or no feedbacks in moisture-limited locations where ET is in-226

stead controlled by water availability (Figure 1c). The magnitude of this atmospheric227

modulation is significant, particularly in the energy-limited regime, where land-atmosphere228

feedbacks can dampen ET changes by 20 to 60%.229

ET differs between the land-only and coupled PPEs because land-atmosphere feed-230

backs modulate land responses to global-scale land parameter perturbations. Our goal231

in this study is to quantify the impact of global-scale land-atmosphere feedbacks on land232

surface fluxes, and to identify where, and through what mechanisms, land-atmosphere233

feedbacks lead ET to respond differently in a coupled context than in a land-only con-234

text. We use the fraction of variance explained by local regression with land-only ET changes235

as a proxy for the extent to which local to regional ET changes are responsible for the236

observed land-atmosphere feedbacks (see Supplemental Text 1 for discussion of remote237

impacts). In many tropical and temperate humid to semi-arid regions, local regression238

explains a large fraction of variance across the coupled PPE, suggesting a dominant role239

of local to regional land surface changes (Figure S1e).240

In the global average, land-atmosphere feedbacks slightly dampen global mean changes241

in ET (by 14% on average, Figure S2a) because most of the Earth’s ET occurs in wet242

regions, so the wet regime land-atmosphere feedbacks dominate the global signal. This243

dampening effect in the global mean highlights a discrepancy between prior work on land-244

atmosphere feedbacks which has largely focused only on amplifying regions which are245

climatologically dry, despite the widespread role of land-atmosphere feedbacks in clima-246

tologically wet regions.247

3.2 Mechanisms controlling land-atmosphere feedbacks248

The impact of land-atmosphere feedbacks on ET varies depending on the clima-249

tological water regime because changing land ET impacts multiple atmospheric quan-250

tities simultaneously, and the climatological water regime determines which atmospheric251

changes exert the strongest control on ET at that location (Figure 1d). We can see this252

climatological dependence clearly in idealized simulations where we modify temperature253

and precipitation independently (Figure 2). Increasing precipitation increases ET, with254

the largest ET increases occurring in moisture-limited locations (Figure 2a,c). Increas-255

ing temperature also increases ET, and conversely decreasing temperature decreases ET,256

but changes in temperature have the largest impact in energy-limited locations (Figure257
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Figure 1. Influence of land-atmosphere feedbacks on land ET. Influence of land-

atmosphere feedbacks on ET, as calculated by the regression between coupled and land-only

changes in ET (a) spatially, (b) averaged in each mean climate space (T , P ), and (c) in the

Budyko energy- and moisture-limited framework R∗
net/λP vs. ET/P (Budyko 1974). Reds indi-

cate regions where land-atmosphere feedbacks amplify changes in ET, and blues indicate regions

where land-atmosphere feedbacks dampen changes in ET. Stippling in (a) indicates regions where

the slope is not statistically significantly different from 1. In (c), the grid cell values shown in (a)

are plotted in relation to the Budyko framework, where black lines indicate theoretical energy

limits (λET = R∗
net) and moisture limits (ET = P ) on ET, where P is the precipitation rate, λ is

the latent heat of evaporation, and R∗
net is net radiation minus ground heat flux. The dampening

category extends beyond 1.0 because we plot grid cells using the original Budyko (1974) defi-

nition of the aridity index based on R∗
net instead of potential evapotranspiration, and in reality

land’s ability to evaporate water also depends on additional factors such as vapor pressure deficit

and evaporative resistance. Schematic of dominant land-atmosphere feedbacks on an initial ET

perturbation by climatological moisture regime (d). The sign of the feedback on the initial ET

perturbation is found by multiplying the signs in the feedback loop.
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Figure 2. How atmospheric changes impact ET. ET response to idealized meteorolog-

ical treatments of (a) increasing precipitation and (b) decreasing temperature. The idealized

meteorological treatments are described in section 2.2.3. The bottom row bins the ET responses

to increasing precipitation (c) and decreasing temperature (d) in the Budyko framework. ET ,

P , and R∗
net which define the Budyko space in panels (c) and (d) are from the reference simula-

tion. The coupled and land-only reference simulations are identical because the land-only PPE is

forced with the meteorology from the coupled reference case. ET is normalized by the magnitude

of precipitation change in Figure S3.

2b,d) because increasing temperature while maintaining constant specific humidity in-258

creases the atmospheric demand for moisture due to the Clausius-Clapeyron relation-259

ship.260

As has been previously established in the literature, atmospheric responses amplify261

ET changes in some dry regions where (1) increasing ET increases precipitation, and (2)262

ET is moisture-limited and therefore more sensitive to precipitation changes (Figure 1d).263

Increasing ET increases modeled precipitation in some regions (Figure 3a), likely due to264

a combination of local land-atmosphere coupling (e.g. as is typical in the Great Plains)265

and larger scale circulation responses (e.g. asymmetric precipitation responses to ET re-266

ductions as in Kooperman et al. (2018), shifts in the inter-tropical convergence zone as267

in Laguë, Swann, & Boos (2021), or impacts on planetary waves as in Koster et al. (2016)).268

Precipitation increases can increase SM, thereby amplifying the initial ET increase. How-269

ever, land-atmosphere feedbacks do not amplify ET changes in all dry or transitional lo-270

cations because increasing ET does not increase precipitation in all of these regions. There271

are also some regions (e.g., the Amazon) where increasing ET increases precipitation,272

but does not lead to an amplifying feedback because ET is relatively insensitive to pre-273

cipitation changes in wet regions.274

We find that a different mechanistic pathway dominates in energy-limited regions.275

Land-atmosphere feedbacks dampen ET changes in energy-limited regions because (1)276

increasing ET decreases the atmospheric demand for moisture and (2) ET in these re-277

gions is limited by the atmospheric demand for water and energy available to evaporate278

water (i.e., the potential ET, PET), rather than by water availability (Figure 1d). An279

initial increase in ET decreases PET (Figure 3b) primarily by decreasing the vapor pres-280

sure deficit (Figure 3c), which is the atmospheric demand for moisture. This VPD de-281

crease is largely driven by the fact that increasing ET cools the near-surface air (Fig-282

ure 3c). This leads to global increases in near-surface relative humidity and decreases283

the vapor pressure deficit (Figure S4g-h). This decrease in the atmospheric demand for284
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moisture dampens the initial ET change in regions where ET rates are primarily con-285

trolled by atmospheric demand. Our results suggest that the negative ET-VPD feedback286

is primarily due to a decrease in the surface-to-atmosphere moisture gradient that damp-287

ens ET changes. However, we note that the ET response could also be modulated by changes288

in surface conductance. For example, decreased VPD could enhance plant growth (lead-289

ing to increased leaf area) or increase stomatal conductance, both of which would lead290

to greater surface conductance. These biotic responses are also captured in our estimate291

of how atmospheric changes impact ET (Figure S4). However, our results suggest that292

these plant processes are of second-order importance, since they would lead to a posi-293

tive ET-VPD feedback (i.e., increasing ET leads to lower VPD, which in turn increases294

ET), while we observe a negative ET-VPD feedback. VPD (and consequently, PET) also295

decreases in water-limited regions, but in those locations this change in atmospheric de-296

mand influences ET less because ET is controlled primarily by water availability (pre-297

cipitation) rather than by atmospheric demand for water. We assume that the bound-298

ary between energy-limited and water-limited regimes remains constant across our PPE299

because simulations were all run under constant preindustrial conditions, but we note300

that the boundary between regimes can also shift under changing climates (Hsu & Dirmeyer301

2023).302

Increasing ET also drives radiative changes (Figure S5) due to changes in surface303

temperature, near-surface air temperature, and cloud cover (consistent with Teuling et304

al. 2017, Zarakas et al. 2020, J. E. Kim et al. 2020). When ET increases, outgoing long-305

wave radiation (Figure S5b) decreases with decreasing surface temperature through the306

Planck feedback. This decrease in outgoing longwave radiation is partially offset by de-307

creases in downwelling longwave radiation (Figure S5a), due to cooling of the boundary308

layer driven by both decreased sensible heating and by decreased longwave radiation as-309

sociated with surface cooling (Vargas Zeppetello et al. 2019). The downwelling longwave310

response suggests that increasing ET does not necessarily increase water vapor in the311

full atmospheric column, because the water vapor feedback is initiated by ET-driven sur-312

face cooling (Laguë et al. 2023). These longwave changes result in an overall increase in313

net longwave radiation at the land surface, meaning that the surface is losing less heat314

(Figure S5c). Increasing ET also decreases downwelling shortwave radiation due to in-315

creases in cloud cover (Figure S5d). Reflected downwelling shortwave radiation changes316

(Figure S5e) are small and vary regionally, due to a combination of downwelling short-317

wave changes and minor LAI and soil-related albedo changes. On balance, downwelling318

shortwave changes are larger than reflected shortwave changes, leading to a net decrease319

in absorbed downwelling shortwave (Figure S5f). When combining both longwave and320

shortwave radiative changes, individual components partially cancel each other out, lead-321

ing to a relatively small change in net absorbed radiation (R∗
net, Figure S5g) and there-322

fore only minor net radiation-driven changes in PET (Figures 3c, S4d), despite larger323

changes in individual radiative fluxes.324

We can attribute the overall land-atmosphere feedback on ET to the contributions325

of individual atmospheric variables by multiplying estimates of land-to-atmosphere (Meth-326

ods, 2.2.2) and atmosphere-to-land (Methods, 2.2.3) branches of the coupled land-atmosphere327

system. For example, the contribution due to the change in precipitation is found by com-328

bining the maps in Figures 3a and 2a (Methods, B.5). We find that the linear combi-329

nation of the contributions of just temperature and precipitation (Figures 4b and 4c) cap-330

tures the actual atmospheric modulation reasonably well (compare Figure 4a and Fig-331

ure 1a), including the emergent dependence on the climatological moisture regime. In332

particular, we note that precipitation is the dominant driver in moisture-limited regions333

which show amplifying land-atmosphere feedbacks, while temperature (and therefore PET)334

is the dominant driver in energy-limited regions which show atmospheric dampening. This335

supports our mechanistic explanation for the processes controlling land atmosphere feed-336

backs (Figure 1d) and further highlights the spatially dominant role of land-atmosphere337

feedbacks in dampening ET responses in wet regions.338
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Figure 3. How ET influences the atmosphere. Sensitivity of (a) precipitation and (b)

PET to an initial ET perturbation in the coupled model, quantified by linear regression (section

2.2.2). Positive values indicate that increasing ET increases the atmospheric variable. Stippling

indicates regions where the slope is not statistically significantly different from 0. (c) quantifies

how much the global land mean PET response to an ET perturbation is driven by changes in air

temperature, specific humidity, and net radiation. Maps of the sensitivity of temperature, specific

humidty, relative humidity, and vapor pressure deficit to changes in ET are in Figure S4.

3.3 A broader definition of land-atmosphere feedbacks339

The amplifying land-atmosphere feedback mechanism we identified in moisture-limited340

regions is consistent with the SM feedbacks literature, though SM forcing studies quan-341

tify land-atmosphere feedbacks in an alternative framework. The canonical land-atmosphere342

feedback literature adopts a framework where SM is the driver, and the metric of inter-343

est is the strength of coupling between SM and precipitation (i.e., SMcoupling = ∂P
∂SM )344

or temperature. This coupling strength can be decomposed into the terrestrial contri-345

bution ( ∂ET
∂SM ) and the atmospheric contribution ( ∂P

∂ET ), such that SMcoupling = ∂P
∂SM =346

∂ET
∂SM

∂P
∂ET . Analysis of GLACE experiments and observations identify transitional dry-347

to-wet SM regions to be regions of strong SM-precipitation coupling (Koster et al. 2006,348

Seneviratne et al. 2013), which align with the regions we identified in this study where349

coupling with the atmosphere enhances perturbations in ET compared to land-only per-350

turbations (Figure 1).351

Here we are quantifying a different kind of land-atmosphere feedback, defined as352

the modulation of ET by all atmospheric responses to an initial ET change. In this def-353

inition, we consider ET to be the driver of the feedback loop, such that SM is a part of354

the feedback loop rather than an external driver. For example, consider a water-limited355

location that is unaffected by changes in VPD or net radiation. We quantify the atmo-356

spheric modulation of long-term ET changes as
∂Pcoupled

∂ETland−only

∂ET
∂P , which can be further357

decomposed into
∂Pcoupled

∂ETland−only

∂SM
∂P

∂ET
∂SM . Our atmospheric modulation metric therefore358

has the SM coupling strength embedded in it, but is quantifying a different feedback.359

Our analysis also differs from the traditional land-atmosphere feedback literature in that360

many (though not all) land-atmosphere feedback papers focus on daily to interannual361

variability in SM, ET, and precipitation, while we are focusing on atmospheric modu-362

lation of long-term (climatological) changes in land water fluxes.363

The negative feedback we identify in wet regions builds on a body of prior work364

that has extended beyond SM as the main driver of land–atmosphere interactions. For365

example, van Heerwaarden et al. (2009) develop a mathematical framework for land-atmosphere366

interactions that includes the negative moistening feedback, wherein ET increases at-367

mospheric specific humidity, which in turn reduces ET. Laguë et al. (2019) discuss the368

impact of atmospheric feedbacks on ET in a global mean sense, and note that increas-369

ing evaporative resistance drives larger changes in ET in land-only simulations than in370
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coupled simulations. They hypothesize that this is because reductions in ET increase the371

atmospheric demand for water in coupled simulations, which is consistent with the mech-372

anism that we demonstrate here for energy-limited regions.373

Zhou & Yu (2025) and D. Kim & Choi (2026) similarly demonstrate that warming-374

driven ET changes are overestimated in land-only hydrological models compared to cou-375

pled simulations because land-only hydrological models neglect ET’s influence on evap-376

orative demand. This ET-VPD feedback mechanism also relates to Decker et al. (2017)’s377

study on how land-atmosphere feedbacks impact irrigation demand, which found that378

land-atmosphere feedbacks dampen irrigation demand because irrigation increases ET,379

which moistens the boundary layer and thereby reduces the atmospheric demand for mois-380

ture. Our findings are consistent with this prior work, and extend it by using a novel method381

to explicitly quantify the full feedback through which atmospheric responses modulate382

changes in land ET including both wet and dry regions.383

Our finding that the sign of overall ET-atmosphere feedbacks depends on the cli-384

matological moisture regime also echoes prior studies documenting where specific land-385

atmosphere feedback mechanisms are positive or negative. For example, feedbacks be-386

tween SM and triggering of convection are strongly positive in wet regions, and can be387

negative in dry regions (Findell & Eltahir 2003a,b, Findell et al. 2011, Zhang et al. 2023).388

Additionally, the land-to-atmosphere and atmosphere-to-land branches of our iden-389

tified feedback mechanism are both supported by first principles. The fact that precip-390

itation would have a bigger impact on ET in moisture-limited regions and that VPD would391

have a bigger impact on ET in energy-limited regions follows from the long-established392

Budyko framework. More recently, studies emphasizing VPD control on ET (Massmann393

et al. 2019) have further underscored that atmospheric demand is an important compo-394

nent of land–atmosphere coupling. Similarly, on local scales the surface energy budget395

requires that increasing ET decreases land surface temperatures, which is the dominant396

driver of VPD declines in our simulations. Multiple studies have demonstrated that this397

relationship between ET and temperature holds true in a coupled context on regional398

to global scales (Shukla & Mintz 1982, Laguë et al. 2019, Kong et al. 2023) and that de-399

creasing ET increases near-surface VPD (Lemordant et al. 2018) under modern conti-400

nental configurations (though see Laguë, Pietschnig, et al. 2021). The imprint of ET on401

near-surface temperature and humidity is in fact what enables ET estimation from weather402

station data (McColl & Rigden 2020, Gentine et al. 2016, Rigden & Salvucci 2015, Mc-403

Coll et al. 2019, Salvucci & Gentine 2013). In the results presented here, we show ET’s404

influence on the atmospheric state directly and explicitly, and extend this concept one405

step further by quantifying the extent to which that atmospheric response feeds back on406

ET itself.407

Our definition of land-atmosphere feedbacks can also be used to quantify atmospheric408

modulation of any terrestrial process. In particular, ET and gross primary production409

(GPP) are tightly coupled, so one might expect that because land-atmosphere feedbacks410

modulate ET they would also modulate GPP. However, we find that atmospheric mod-411

ulation of photosynthesis differs from atmospheric modulation of ET in several key ways.412

Unlike for water fluxes, land-atmosphere feedbacks do not consistently amplify or dampen413

photosynthesis changes, but they remain important in regional hotspots in the Amazon414

and the North American Great Plains (discussed in more detail in Supplemental Text415

3). This analysis does not assume that land models accurately represent photosynthetic416

responses to global change, as this remains uncertain. Rather, it sheds light on how land–atmosphere417

feedbacks alter modeled photosynthesis relative to land-only simulations, which has im-418

plications for how results from offline land model studies should be interpreted.419
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Figure 4. Linear decomposition of the atmospheric modulation of ET changes. (a)

Spatial pattern of the atmospheric modulation of ET estimated by summing the contributions

due to (b) precipitation, (c) temperature, and other atmospheric quantities shown in Figure S6

(see methods 2.2.4). The total land-atmosphere feedback is directly comparable to the net feed-

back shown in Figure 1a. Changes are percent changes relative to the change in ET seen in the

ensemble of PPE experiments using the land-only model; positive values indicate a positive (am-

plifying) land-atmosphere feedback. Other atmospheric quantities (specific humidity, downwelling

shortwave, and downwelling longwave) have a smaller impact on land-atmosphere feedbacks and

are shown in Figure S6.

4 Conclusions and Implications420

We leveraged a paired Earth system model PPE to quantify how land-atmosphere421

feedbacks modulate changes in water and carbon fluxes. Consistent with prior work, we422

find that land-atmosphere feedbacks can amplify ET through SM-precipitation coupling423

in some moisture-limited regions. We also found evidence for a widespread and robust424

land-atmosphere feedback in energy-limited regions, where land-atmosphere feedbacks425

substantially dampen ET changes.426

By adopting a more holistic perspective on land-atmosphere feedbacks beyond just427

the SM-ET-precipitation feedback, we are able to explore land-atmosphere feedbacks’428

influence on ET in regions that are primarily energy limited and therefore insensitive to429

SM changes, allowing us to clearly demonstrate the dampening feedback mechanism. The430

mechanism which we have explicitly demonstrated is supported by longstanding theory431

but remains underemphasized in some traditional land-atmosphere feedback literature.432

Because we used a coarse resolution climate model to run our simulations, the spatial433

pattern and magnitude of the moisture-limited land-atmosphere feedback is likely model434

dependent and may suffer from inaccurate SM influences on precipitation in coarse res-435

olution climate models (e.g., Lee & Hohenegger 2024). The SM-precipitation feedback436

identified in our simulations should therefore be considered a model diagnosis rather than437

necessarily reflective of SM-precipitation feedbacks in the real world. However, we hy-438

pothesize that the energy-limited feedback we identify here is robust across model res-439

olutions because it does not depend on precipitation, a parameterized and non-linear pro-440

cess that is highly resolution dependent.441

Furthermore, our paired PPE approach can be applied across models to system-442

atically diagnose land–atmosphere interactions and feedback pathways in a way that is443

not possible from observations or single-simulation experiments alone. Because the real444

Earth system does not provide counterfactual realizations in which land–atmosphere feed-445

backs are turned off, observational studies can disentangle components of land-atmosphere446

feedbacks, but cannot directly isolate the full atmospheric modulation of land surface447

processes.448
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Our finding that land-atmosphere feedbacks modulate ET changes poses a chal-449

lenge to the widespread practice of developing and evaluating land models in a land only450

configuration and then deploying them to understand and predict terrestrial processes451

in a coupled context. Our results indicate that assessing parameters’ impact on the wa-452

ter cycle in a land only framework will yield the wrong answer – overestimating param-453

eters’ impact on ET by up to 60% in wet regions and underestimating parameters im-454

pact in some dry regions. This finding highlights the need to develop global climate mod-455

els in a coupled context, an approach which other studies have also called for (Dirmeyer456

et al. 2018, Findell et al. 2024) but which remains uncommon in practice.457

Our study specifically quantifies how land-atmosphere feedbacks modulate the im-458

pact of land parameter uncertainty, and we use this to generate more general insights459

into how land-atmosphere feedbacks modulate any land surface perturbation which al-460

ters ET (e.g. due to land cover change or changes in plant functioning). For example,461

our study suggests that land-only experiments will overestimate the impact of CO2-driven462

stomatal closure on ET in wet regions, but underestimate it in dry regions. This work463

also has implications for the assessment of climate change impacts on water resources464

and terrestrial ecosystems, as independently highlighted by recent studies focusing on465

PET (Zhou & Yu 2025, D. Kim & Choi 2026). Climate change impacts are often eval-466

uated by running land models in an offline ‘land-only’ framework that does not account467

for land-atmosphere feedbacks, but our results show that land-atmosphere feedbacks are468

strong enough that they can meaningfully change the answer. This expands our funda-469

mental understanding of land-atmosphere feedbacks, and highlights the role of the land470

surface as an integral part of the coupled Earth system.471
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Kim, J. E., Laguë, M. M., Pennypacker, S., Dawson, E., & Swann, A. L. S. (2020).556

Evaporative resistance is of equal importance as surface albedo in high-latitude557

surface temperatures due to cloud feedbacks. Geophysical Research Letters, 47 (4),558

e2019GL085663. doi: 10.1029/2019GL085663559

Kong, W., McKinnon, K. A., Simpson, I. R., & Laguë, M. M. (2023). Understanding560
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Land-Atmosphere Feedbacks Dampen Surface1

Evapotranspiration in Wet Regions2

1 Regionally- vs. Remotely-Driven Land-Atmosphere Feedbacks3

Land-atmosphere feedbacks lead global-scale land parameter perturbations to af-4

fect ET differently in a coupled context than in a land-only context. Our analysis focuses5

on testing whether land-atmosphere feedbacks at any spatial scale modulate changes in6

land surface fluxes (i.e., where is ∆ETcoupled different from ∆ETland−only). However, we7

note that in the coupled context, both local and remote land surface changes impact the8

atmosphere in a given grid cell. We use the fraction of variance explained by local re-9

gression with land-only ET changes as a proxy for the extent to which local to regional10

ET changes are responsible for the observed land-atmosphere feedbacks. In many trop-11

ical and temperate humid to semi-arid regions, local regression explains a large fraction12

of variance in the coupled PPE, suggesting a dominant role of local to regional land sur-13

face changes (Figure S1e). However in deserts and the high-latitudes, local ET changes14

explain less than 10% of the variance in the coupled ensemble, suggesting that the cou-15

pled ET changes in those locations are driven by atmospheric responses to remote land16

surface changes. This would be consistent with prior work which has shown that ET changes17

in mid-to-high latitudes can drive Arctic amplification (Park et al., 2020) and alter at-18

mospheric energy transport (Laguë et al., 2019). For example, in the northern Russia19

example location (Figure S2c), the slope of the line of best fit is statistically significantly20

different from one, indicating that atmospheric responses significantly alter ET changes,21

and that local land-only ET changes are a poor predictor of coupled ET responses. Con-22

sequently, if one were to try to use a land-only PPE to estimate how global-scale param-23

eter uncertainty impacts high-latitude ET fluxes, the land-only PPE would give the wrong24

answer. However, this linear regression only explains 27% of the variance in ET across25

the coupled PPE at this site, indicating that in the coupled PPE, ET is likely primar-26

ily responding to remotely-driven climate changes.27

2 Potential Evapotranspiration28

We calculate potential ET (PET , units of mm/s) from monthly data using the Penman-29

Monteith equation:30

PET =
1

λ

sR∗
net +

ρacp
rah

D

(1 + raw

rah
)γ + s

(1)

which represents PET as a function of the net radiation at the surface minus the ground31

heat flux (R∗
net in W/m2) and the vapor pressure deficit (D in Pa). s is the change in32

saturation vapor pressure per degree (Pa/K), ρa is the density of near-surface air (kg/m3),33

and γ is the psychrometric constant. Cp and λ are the specific heat of dry air (J/(kgK))34

and the latent heat of vaporization (J/kg), respectively. PET also depends on two re-35

sistances: rah, the aerodynamic resistance to water vapor transfer from the surface to36

near-surface air (s/m), and raw, the aerodynamic resistance to heat transfer from the37

surface to near-surface air (s/m). We calculate changes in PET to illustrate changes in38

atmospheric controls on ET in coupled simulations. We therefore use the default FAO39

(Allen et al. 1998) definitions of rah and raw for a reference crop, for which raw is 70 s/m40

–1–



and rah is defined as a function of wind speed:41

rah =
ln(

zm− 2
3h

0.123h )ln(
zm− 2

3h

0.0123h )

k2uz
(2)

where zm is the height of wind and humidity measurements, h = 0.12 is the reference42

crop height, k = 0.41 is von Karman’s constant, and uz is the wind speed at height zm.43

Rearranging equation 1, we separate PET into the components due to R∗
net (PETR∗

net
)44

and D (PETD):45

PET = PETR∗
net

+ PETD (3)

where PETR∗
net

and PETD are defined in equations 4 and 5, respectively:46

PETR∗
net

=
s
λR

∗
net

(1 + raw

rah
)γ + s

(4)

PETD =

ρacp
λrah

D

(1 + raw

rah
)γ + s

(5)

3 Atmospheric Modulation of GPP47

Atmospheric modulation of photosynthesis differs from atmospheric modulation48

of ET in several key ways. First, land-atmosphere feedbacks have a smaller impact on49

GPP than on ET (Figure S1c-d). Land-only ET changes only explain about 51% of the50

variance in coupled ET changes while land-only GPP changes explain about 71% of the51

variance in coupled GPP changes (averaged globally from Figure S1). This means that52

land-only simulations do a better job capturing the GPP response than the ET response53

of a coupled system.54

Second, when considering variance in ET and GPP on an absolute basis, land-atmosphere55

feedbacks meaningfully impact ET broadly across space globally (Figure S1a), while at-56

mospheric modulation of GPP is most important in two regional hotspots: the Amazon57

and the Great Plains. These regions emerge as hotspots due to the combination of three58

factors: (1) the absolute GPP fluxes are large, so even modest fractional changes GPP59

have large impacts on absolute carbon fluxes, (2) in these regions changes in land pa-60

rameters cause large changes in temperature and precipitation across the PPE (Zarakas,61

Kennedy, et al., 2024), and (3) GPP is sensitive to temperature and precipitation in these62

regions (Figure S7).63

Finally, ET and GPP differ in how consistent land-atmosphere feedbacks are across64

the PPE. For ET, there is spatial variation in how land-atmosphere feedbacks modulate65

ET changes, but for any given location the direction of land-atmosphere feedbacks are66

quite consistent (i.e., consistently dampening or consistently amplifying ET changes),67

regardless of what parameter drove the initial ET change (Figure S8a-d). Because of this,68

the line of best fit relating ∆ETcoupled and ∆ETland−only is statistically different from69

one across 57% of the land surface. Estimating ∆ETcoupled as a linear function of ∆ETland−only70

(i.e., ∆ETcoupled = m∗∆ETland−only) explains additional variance in ∆ETcoupled across71

the ensemble, particularly in wet regions (Figure S1g). In contrast, atmospheric mod-72

ulation of GPP is more parameter dependent (Figure S8). Because of this, estimating73

∆GPPcoupled as a linear function of ∆GPPland−only does not meaningfully improve the74

amount of ∆GPPcoupled variance explained (Figure S1h).75

The impact of land-atmosphere feedbacks on GPP is parameter-dependent because76

GPP does not directly impact the atmosphere in our experimental design, due to the fact77

that our simulations include only biogeophysical feedbacks, rather than biogeochemical78
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feedbacks (i.e., atmospheric CO2 is held constant). Land-atmosphere feedbacks there-79

fore modulate GPP changes only if a parameter perturbation impacts both GPP and land80

surface properties, and then those land surface properties impact the atmosphere, which81

feeds back on GPP. In both the Amazon and the Great Plains, the parameter depen-82

dent impact of land-atmosphere feedbacks on GPP can be explained by differences across83

parameters in the relationship between GPP and ET changes: land-atmosphere feedbacks84

amplify GPP changes when a parameter increases (or decreases) both GPP and ET in85

tandem, and land-atmosphere feedbacks dampen GPP or drive sign changes when a pa-86

rameter modifies GPP and ET in opposite directions (Figure S9).87

For example, in the Amazon, increasing the maximum hydraulic conductance of88

plants (kmax) both increases evapotranspiration and increases GPP, because photosyn-89

thesis in the default case is limited by leaf water potential, and increased stem hydraulic90

conductance enables available water in deep soil layers to be transported to the leaves91

of trees. The atmosphere directly responds to kmax’s influence on ET, leading to decreases92

in regional temperature and vapor pressure deficit. This atmospheric feedback damp-93

ens ET changes, but amplifies GPP changes because decreasing temperature increases94

photosynthetic rates in the tropics (Figure S7d). We note that in CESM, this temper-95

ature sensitivity is not due to direct temperature effects on photosynthesis, but rather96

due to the fact that decreasing temperature decreases VPD, and lower VPD increases97

stomatal conductance which thereby increases photosynthesis (Zarakas, Swann, et al.,98

2024). Atmospheric amplification of kmax’s influence on GPP is consistent with prior99

work that hypothesized that the evolution of angiosperms (which have higher hydraulic100

conductance) enhance photosynthesis in the Amazon (Lee & Boyce, 2010).101

Most parameter perturbations cause ET and GPP to change in the same direction102

like kmax, but some parameters change the coupling of ET and GPP. In both the Ama-103

zon and the Great Plains parameters influencing stomatal conductance change the cou-104

pling between ET and GPP by changing leaf-level trade-offs between carbon gain and105

water loss (Figure S9). For example, increasing medlynintercept increases ET but de-106

creases GPP. The ET increase drives the same climate responses in the Amazon as in-107

creasing kmax does, which increase GPP, but this acts to counter the initial GPP change,108

so the land-atmosphere feedback is dampening. In the Great Plains, parameters which109

influence the partitioning between soil evapotranspiration, canopy evaporation, and tran-110

spiration (Figure S10) also modify the coupling of ET and GPP (Figure S9).111
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Figure S1. Comparison of variance in changes in coupled ET (left) and GPP

(right) explained by the land-only PPE. Top row shows the variance unexplained by pre-

dicting ∆ETcoupled = ∆ETland−only (a) and ∆GPPcoupled = ∆GPPland−only (b). For ET,

this is calculated as

∑
i
(∆ETcoupled−∆ETland−only)

2

n−1
for all ensemble members i. Panels (c) and

(d) show the fraction of variance explained by assuming ∆ETcoupled = ∆ETland−only (c) and

∆GPPcoupled = ∆GPPland−only (d). Panels (e) and (f) show the fraction of variance explained

by the linear fit of coupled changes to land-only changes. Panels (g) and (h) how much the linear

regression increases the fraction of variance explained, compared to assuming the coupled changes

will equal the land-only changes.
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Figure S2. Relationship between land only and coupled changes in evapotranspi-

ration, globally (a) and for several example locations (b-f), as indicated in (g). Each point is

a different paired ensemble member (n = 36), and color indicates the parameter category. The

parameter perturbations and categories are described in Table S1. Shading indicates whether

land-atmosphere feedbacks amplify (red) or dampen (blue) evapotranspiration changes. The thick

black line indicates the 1:1 line dividing amplifying and dampening feedbacks, and the thin gray

line indicates the line of best fit, calculated via ordinary least squares linear regression with y-

intercept=0. p-values indicate whether slopes are statistically significantly different from 1.
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Normalized ET response to precipitation change

(ΔET/ΔP)

Figure S3. How precipitation changes impact ET. ET response to idealized 10% precip-

itation increase. The idealized meteorological treatment is described in section 2.2.3. This data

is the same as in Figure 2a, but here ET is normalized by the precipitation change to account for

different magnitudes of precipitation perturbations in different regions. When the ratio is 1, all

additional precipitation added is evaporated. When the ratio is 0, additional precipitation does

not lead to any additional evapotranspiration. Small negative responses in the high latitudes are

likely due to feedbacks driven by increases in the snow pack.
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Figure S4. How ET influences the atmosphere. Sensitivity of various quantities to ET,

quantified by linear regression. Positive values indicate that increasing evapotranspiration in-

creases the atmospheric variable. Stippling indicates regions where the slope is not statistically

significantly different from 0. An increase in ET drives (a) a decrease in PET and (b) regionally

variable changes in precipitation. The PET change in (a) is mostly driven by changes in the VPD

component of PET (c), with minimal contributions from the R∗
net component (d). Sensitivity of

(e) air temperature, (f) specific humidity, (g) relative humidity, and (h) vapor pressure deficit,

VPD, to changes in ET. Increasing ET decreases temperature globally (e), and increases specific

humidity in some low- and mid-latitude regions (f). This leads to a global increase in relative

humidity (g) and decrease in VPD (h).
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LW↓ response to 𝜆ΔET
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Correlation between Change in Radiation 
Flux and Change in Latent Heat Flux
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d e f

g

Figure S5. Influence of evapotranspiration on net radiation. Sensitivity of surface

energy fluxes to changes in evapotranspiration, as in Figure 3. Increasing evapotranspiration

decreases upwelling longwave, LW↑, (b) and decreases downwelling longwave, LW↓ by a smaller

amount (a), leading to an increase in the net longwave flux from the atmosphere to land (c).

Increasing evapotranspiration also increases downwelling shortwave, SW↓, (d) and drives small

changes in upwelling shortwave, SW↑ (e), leading to a net increase in net shortwave absorbed by

the land surface (f). The combined changes in longwave and shortwave radiation result in small,

spatially variable changes in net radiation minus storage (Rnet).
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Figure S6. Linear decomposition of the atmospheric modulation of ET changes.

Atmospheric modulation of ET changes due to (a) temperature, (b) specific humidity, (c) pre-

cipitation, (d) downwelling shortwave, and (e) downwelling longwave). The reconstructed at-

mospheric modulation of ET changes in (f) is the sum of the components in (a-e). The actual

atmospheric modulation from Figure 1 is reproduced here for comparison.
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Figure S7. How atmospheric changes impact GPP. GPP (W/m2) response to ideal-

ized meteorological treatments of (a) decreasing precipitation, (b) increasing precipitation, (c)

decreasing temperature, and (d) increasing temperature.
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Percent of simulations
(as calculated from all simulations that drove a land-only change of >1% at that location)

a b c d

e f g h

ET % Dampening ET % Amplifying ET % Sign Change ET % Single Regime

GPP % Dampening GPP % Amplifying GPP % Sign Change GPP % Single Regime

Figure S8. Consistency in the sign of atmospheric feedbacks across the PPE, for

ET (top row) and GPP (bottom row). For ET, there is spatial variation in whether atmospheric

feedbacks dampen (a) or amplify (b) ET changes, but for a given location atmospheric feedbacks

tend to have a consistent sign of change across the PPE. We define atmospheric feedbacks as

being consistent when atmospheric feedbacks drive the same qualitative impact (i.e., dampening,

amplifying, or driving a sign change) across more than 80% of the PPE. For ET, about 15% of

the land surface experiences consistent dampening feedbacks (a), and 11% of the land experiences

consistent amplifying feedbacks (b), leading to consistent signs of change for 26% of the land

surface (d). For GPP, there is less spatial variation in whether atmospheric feedbacks dampen

or amplify GPP changes, but at a given location atmospheric feedbacks are less consistent (i.e.,

atmospheric feedbacks are parameter dependent). Essentially none of the land surface experi-

ences consistent dampening feedbacks, and less than 2% of land experiences consistent amplifying

feedbacks.
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Figure S9. Relationship between land-only and coupled changes in gross primary

production. As in Figure S2, but for gross primary production (GPP), averaged globally (a)

and averaged across regional land-atmosphere feedback hotspots in the Amazon (c) and Great

Plains (d). The regions in (c) and (d) are indicated in panel (b).
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Figure S10. Relationship between parameter perturbations and different com-

ponents of the total evapotranspiration flux in the Great Plains. Top row shows the

relationship between land-only changes in GPP and land-only changes in transpiration (a),

canopy evaporation (b), and soil evaporation (c). The bottom row indicates how parameter per-

turbations impact different components of evapotranspiration. Highlighted parameters on the

right indicate stomatal conductance parameter perturbations (green), dry surface layer parameter

perturbations (red), and perturbations which directly influence canopy evaporation rates (blue).
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Category Field

Temperature
Temperature at lowest atmospheric level
Potential temperature at lowest atmospheric level

Precipitation
Liquid precipitation
Solid precipitation

Humidity Specific humidity

Surface radiation

Incident direct beam visible solar radiation
Incident direct beam near-infrared solar radiation
Incident diffuse visible solar radiation
Incident diffuse near-infrared solar radiation
Incident longwave radiation

Wind
Zonal wind at atmospheric reference height
Meridional wind at atmospheric reference height

Height and pressure
Atmospheric reference height
Atmosphere model’s surface height
Pressure

Biogeochemistry

Carbon dioxide (CO2) concentration*
Nitrogen deposition rate*
Lightning frequency*
Aerosol deposition rate

Table S2. Atmospheric inputs to the land model in CESM. Adapted from Table 2.4 in

the Community Land Model Version 5 Technical Note. *These quantities cannot change in our

model configuration

Simulation Variable Variable description Perturbation

Increase temp a2x3h Sa tbot Temperature at the lowest model level +1 K

Decrease temp a2x3h Sa tbot Temperature at the lowest model level -1 K

Increase precip

a2x3h Faxa rainl Large-scale precipitation rate +10%
a2x3h Faxa rainc Convective precipitation rate +10%
a2x3h Faxa snowl Large scale snow rate +10%
a2x3h Faxa snowc Convective snow rate +10%

Decrease precip

a2x3h Faxa rainl Large-scale precipitation rate -10%
a2x3h Faxa rainc Convective precipitation rate -10%
a2x3h Faxa snowl Large scale snow rate -10%
a2x3h Faxa snowc Convective snow rate -10%

Increase SWdown

a2x1hi Faxa swndr Direct near-infrared incident solar radiation +10%
a2x1hi Faxa swvdr Direct visible incident solar radiation +10%
a2x1hi Faxa swndf Diffuse near-infrared incident solar radiation +10%
a2x1hi Faxa swvdf Diffuse visible incident solar radiation +10%

Increase LWdown a2x3h Faxa lwdn Downward longwave heat flux +10%

Increase humidity a2x3h Sa shum Specific humidity at the lowest model level +10%

Table S3. Idealized land-only simulations.
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