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It is widely recognized that climate influences the terrestrial water and carbon cycles, but land

processes also exert a strong control on climate by modifying land-to-atmosphere fluxes of water,

energy, and momentum. This dissertation focuses on feedbacks between vegetation, climate, and

the global water and carbon cycles through a series of modeling studies that address how climate

impacts vegetation (Chapter 2), how land parameter uncertainty impacts climate (Chapter 3), and

how atmospheric feedbacks modulate changes in land processes (Chapter 4).

Chapter 1 introduces previous work in biosphere-atmosphere interactions, and outlines key

outstanding questions in this area of research.

Chapter 2 focuses on how climate influences vegetation, disentangling how different atmospheric

drivers contribute to observed declines in tropical forest photosynthesis under high temperatures.

It is challenging to disentangle the impact of direct temperature effects vs. vapor pressure deficit

(VPD) effects on vegetation because these quantities are tightly correlated. I use two terrestrial

biosphere models and observational data to show that plant hydraulics and photosynthetic temper-

ature acclimation govern the strength of temperature and VPD effects. This work identifies a novel

source of compensating errors in models – models can match the observed apparent ecosystem-level

photosynthesis response to temperature by excluding plant hydraulics and photosynthetic temper-

ature acclimation (which yields stronger direct temperature effects) or by including both processes

(which yields stronger VPD effects). However, these two sets of assumptions yield divergent predic-



tions of ecosystem resilience to warming, underscoring the importance of accurately representing

these processes in models.

Chapter 3 focuses on the impact of land processes on climate, by evaluating the impact of land

parameter uncertainty in a coupled Earth system model. Prior research has demonstrated that

uncertainty in the representation of land processes drives uncertainty in land surface water, energy,

and carbon fluxes. However, the influence of land process uncertainty on the climate system re-

mains underexplored. I run an ensemble of simulations where I perturb 18 parameters governing

land processes in a coupled Earth system model. Using this perturbed parameter ensemble (PPE),

I demonstrate that land parameters generate biogeophysical feedbacks that substantially impact

mean temperature and precipitation, primarily through parameters’ influence on evapotranspira-

tion. Notably, the spatial patterns of parameter-driven changes in precipitation and temperature

differ from those due to radiatively-driven warming. My analysis demonstrates that land parameter

uncertainty propagates to the entire Earth system, highlighting an underappreciated impact of land

processes in determining the mean climate state and providing insights into where and how land

process uncertainty influences climate.

Chapter 4 analyzes land-atmosphere interactions, quantifying how land-driven climate changes

feed back on the global water and carbon cycles. I isolate the impact of atmospheric feedbacks

by comparing the coupled PPE with a paired land-only PPE in which the atmosphere does not

respond to changes in land surface properties. I find that atmospheric feedbacks dampen land-

driven hydrologic changes in climatologically wet regions, but amplify hydrologic changes in some

climatologically dry regions. I also identify several hot spots where atmospheric feedbacks have a

regionally significant impact on photosynthesis. This analysis provides insights into where and how

atmospheric feedbacks modulate terrestrial processes, posing a challenge to the widespread practice

of developing and evaluating land models in an uncoupled configuration and then deploying them

to understand and predict terrestrial processes in a coupled context.

Chapter 5 presents a discussion of the implications of the results in Chapters 2-4 as well as plans

for future research.
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Chapter 1

INTRODUCTION

It is widely recognized that climate influences terrestrial water and carbon cycles, but land

processes also exert a strong control on climate by modifying land-to-atmosphere fluxes of water,

energy, and carbon. This dissertation draws from perspectives in both atmospheric sciences and

terrestrial biology to understand interactions between vegetation, climate, and the global water and

carbon cycles.

1.1 Background on ecological climatology

Atmospheric CO2 concentrations directly influence vegetation, and vegetation also influences at-

mospheric CO2 concentrations by exchanging CO2 with the atmosphere. Land’s influence on the

chemical composition of the atmosphere is referred to as land’s biogeochemical effect on climate.

Vegetation’s influence on atmospheric CO2 concentration is particularly critical for projecting fu-

ture climate. Only about half of anthropogenic CO2 emissions remain in the atmosphere - the land

takes up about 31% of anthropogenic emissions and the ocean takes up about 23% (Friedlingstein

et al. 2020). Comparing future emissions pathways to the past century, most CMIP6 Earth sys-

tem models qualitatively project that terrestrial ecosystems will take up more carbon in absolute

terms but that land will take up a smaller fraction of CO2 emissions, leading to a larger airborne

fraction of emissions (IPCC AR6). However, these projections are highly uncertain, reflecting un-

certainties in both terrestrial ecosystems’ response to increasing atmospheric CO2 concentration

(i.e., the carbon-concentration feedback) and ecosystems’ response to increasing temperature (i.e.,

the carbon-climate feedback). Most Earth system models indicate that the carbon-concentration

feedback is positive and the carbon-climate feedback is negative, but there is a large spread in the

strength of these feedbacks across models (Arora et al. 2020, Friedlingstein et al. 2013, Friedling-

stein et al. 2006). It is challenging to quantify the strength of these feedbacks because they emerge

from the interaction of diverse terrestrial processes operating at multiple scales.
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In the same way that vegetation both influences and is influenced by atmospheric CO2 con-

centrations, vegetation also influences and is influenced by the water cycle. Plant transpiration

constitutes about 60% of the total flux of water from the land to the atmosphere (Lian et al.,

2018), so changes in vegetation cover, plant traits, or plant functioning can therefore substantially

impact the overall flux of water from the land to the atmosphere, which propagates to influence

other parts of the land water cycle.

The land-to-atmosphere water flux also impacts climate, because evapotranspiration (ET ) is

a key component of the surface energy budget which controls surface temperature. Changing

evapotranspiration directly impacts land surface temperature due to evaporative cooling, and can

further influence climate by driving atmospheric responses in precipitation (Kooperman et al., 2018;

Saint-Lu et al., 2019) and cloud cover (Park et al., 2021; Zarakas et al., 2020). Land-atmosphere

exchanges of energy and water are fundamentally governed by the surface energy budget, which

requires that the net radiation absorbed at the surface (Rnet) is balanced by the sum of the sensible

heat flux (H), latent heat flux (λET ) and ground storage (G, which is negligible over long timescales,

but substantial on seasonal timescales), i.e., energy is conserved:

Rnet = SW↓ − SW↑ + LW↓ −+LW↑ = H + λET +G (1.1)

where SW↓ and SW↑ are downwelling and upwelling shortwave radiation, and LW↓ and LW↑ are

downwelling and upwelling longwave radiation. Land processes can modify these land-atmosphere

fluxes of energy and water, thereby influencing climate; this is referred to as land’s biogeophysical

effect on climate. Changes in the land surface can drive biogeophysical feedbacks by changing the

land surface evaporative resistance, as well as by changing the land albedo, and the roughness of

the land surface which influences the turbulent fluxes of sensible and latent heat.

Land therefore plays a critical role in the Earth’s carbon, water, and energy cycles, and under-

standing the mechanisms through which land impacts climate is critical for understanding how the

Earth works and how it will respond to anthropogenic change.
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Atmospheric Processes

Land Processes

Chapter 2

Chapter 3

Chapter 4

Figure 1.1: Schematic diagram of land-atmosphere interactions.

1.2 Outline of this dissertation

This dissertation treats the land and atmosphere as a coupled system (Figure 1.1), recognizing that

changes in the atmosphere influence land, and that changes in land processes in turn influence the

atmosphere. I conduct a series of studies to advance understanding of the mechanisms through

which these interactions occur, drawing from perspectives in both atmospheric sciences and terres-

trial ecology. I use Earth system models in creative ways to isolate different components of this

coupled system: exploring how climate impacts vegetation (Chapter 2), how land processes influ-

ence the mean climate state through biogeophysical feedbacks (Chapter 3), and how atmospheric

feedbacks modulate changes in land processes (Chapter 4).

Chapter 2 focuses on how climate influences vegetation, with implications for biogeochemical

biosphere-atmosphere interactions under climate change. Tropical forests are arguably the domi-

nant driver of inter-model variation in the strength of the carbon-climate feedback (Friedlingstein

et al., 2006, 2013). Reducing this uncertainty is important for projecting future climate change, be-

cause the tropical forest carbon sink controls the airborne fraction of anthropogenic CO2 emissions,

and thereby influences how much the climate will warm under a given CO2 emissions trajectory.

Prior work has shown that much of the inter-model spread in tropical carbon uptake can be ex-

plained by differences in photosynthetic responses to warming (Mercado et al., 2018), making it

critical to understand how and why increasing temperatures influence tropical forest photosynthe-
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sis. This study focuses specifically on disentangling how different atmospheric drivers contribute

to observed declines in tropical forest photosynthesis under high temperatures. It is challenging

to disentangle the impact of direct temperature effects vs. vapor pressure deficit (VPD) effects on

vegetation because these quantities are tightly correlated. I use two terrestrial biosphere models

and observational data to show that plant hydraulics and photosynthetic temperature acclimation

govern the strength of temperature and VPD effects. This work identifies a novel source of compen-

sating errors in models – models can match the observed apparent ecosystem-level photosynthesis

response to temperature by excluding photosynthetic temperature acclimation and plant hydraulics

(which yields stronger direct temperature effects) or by including both photosynthetic temperature

acclimation and plant hydraulics (which yields stronger VPD effects). However, these two sets of

assumptions yield divergent predictions of ecosystem resilience to warming, underscoring the im-

portance of accurately representing photosynthetic temperature acclimation and plant hydraulics

in models.

Chapter 3 focuses on how land processes influence climate, by evaluating the biogeophysical

impact of land parameter uncertainty. Prior research has demonstrated that parameter uncertainty

drives uncertainty in land surface water, energy, and carbon fluxes. However, the influence of

land process uncertainty on the climate system remains underexplored. I use an ensemble of

simulations where I perturb 18 parameters governing land processes in a coupled Earth system

model. Using this perturbed parameter ensemble (PPE), I demonstrate that land parameters

generate biogeophysical feedbacks that substantially impact mean temperature and precipitation,

primarily through parameters’ influence on evapotranspiration. Notably, the spatial patterns of

parameter-driven changes in precipitation and temperature differ from those due to radiatively-

driven warming. My analysis demonstrates that land parameter uncertainty propagates to the entire

Earth system, highlighting an underappreciated impact of land processes in determining the mean

climate state and providing insights into where and how land process uncertainty influences climate.

My analysis also highlights that processes typically evaluated in the context of biogeochemical rather

than biogeophysical impacts (e.g. parametric controls of photosynthesis) can still generate large

climate responses through biogeophysical pathways.

Chapter 4 analyzes land-atmosphere interactions, quantifying how land-driven climate changes

feed back on the global water and carbon cycles. I isolate the impact of atmospheric feedbacks by
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comparing the coupled PPE with a paired land-only PPE in which the atmosphere does not re-

spond to changes in land surface properties. I find that atmospheric feedbacks dampen land-driven

hydrologic changes in climatologically wet regions, but amplify hydrologic changes in climatologi-

cally dry regions. I also identify several hot spots where atmospheric feedbacks have a regionally

significant impact on the carbon cycle. This analysis provides insights into where and how at-

mospheric feedbacks modulate terrestrial processes, posing a challenge to the widespread practice

of developing and evaluating land models in an uncoupled configuration and then deploying them

to understand and predict terrestrial processes in a coupled context. This study bridges biogeo-

chemical and biogeophysical perspectives on biosphere-atmosphere interactions by showing how

biogeophysical land-atmosphere feedbacks modulate biogeochemical process.

Chapter 5 presents a discussion of the implications of the results in Chapters 2-4 as well as plans

for future research.
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Chapter 2

DIFFERENT MODEL ASSUMPTIONS ABOUT PLANT
HYDRAULICS AND PHOTOSYNTHETIC TEMPERATURE
ACCLIMATION YIELD DIVERGING IMPLICATIONS FOR

TROPICAL FOREST RESILIENCE

Abstract

Tropical forest photosynthesis can decline at high temperatures due to (1) biochemical responses

to increasing temperature and (2) stomatal responses to increasing vapor pressure deficit (VPD),

which is associated with increasing temperature. It is challenging to disentangle the influence of

these two mechanisms on photosynthesis in observations, because temperature and VPD are tightly

correlated in tropical forests. Nonetheless, quantifying the relative strength of these two mecha-

nisms is essential for understanding how tropical gross primary productivity (GPP) will respond to

climate change, because increasing atmospheric CO2 concentration may partially offset VPD-driven

stomatal responses, but is not expected to mitigate the effects of temperature-driven biochemical

responses. We use two terrestrial biosphere models to quantify how physiological processes (photo-

synthetic temperature acclimation and plant hydraulic stress) and functional traits (e.g. maximum

xylem conductivity) influence the relative strength of modeled temperature vs. VPD effects on

light-saturated GPP at a tropical forest site in the Amazon, at a seasonally dry tropical forest

site in Mexico, and at an experimental tropical forest mesocosm. By simulating idealized climate

change scenarios, we quantify GPP changes under model configurations with stronger VPD effects

compared to stronger direct temperature effects. Assumptions consistent with stronger direct tem-

perature effects result in larger GPP declines under warming, while assumptions consistent with

stronger VPD effects result in more resilient GPP under warming. Our findings underscore the

importance of quantifying the role of direct temperature and indirect VPD effects for projecting

the resilience of tropical forests in the future, and demonstrate that the relative strength of tem-

perature vs. VPD effects in models is highly sensitive to plant functional parameters and structural
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assumptions about photosynthetic temperature acclimation and plant hydraulics.

2.1 Introduction

Predicting how projected temperature increases will impact the tropical forest carbon sink requires

understanding how tropical forest photosynthesis responds to increasing temperature. Photosyn-

thesis, like most biological processes, is temperature dependent, with photosynthesis-temperature

response curves exhibiting a temperature optimum above which photosynthetic rates decline. Some

studies suggest that tropical forests may already be near their current optimum temperature

(Doughty & Goulden, 2008; Mau et al., 2018; Huang et al., 2019; Duffy et al., 2021; Doughty

et al., 2023), but this is a subject of ongoing debate (Lloyd & Farquhar, 2008; Tan et al., 2017).

It remains unclear what processes drive ecosystem-level photosynthetic declines beyond forests’

apparent temperature optima, and it is likewise unclear how photosynthetic rates will respond to

further increases in air temperature due to climate change.

It is challenging to quantify tropical forests’ direct photosynthetic response to temperature from

observations because temperature is highly correlated with vapor pressure deficit (VPD), which also

directly impacts photosynthesis. Observed photosynthetic declines associated with temperatures

beyond a forest’s thermal optimum can therefore result from two distinct mechanisms: (1) direct

temperature effects on photosynthesis and (2) VPD effects on photosynthesis. VPD effects can also

be considered indirect temperature effects because temperature directly controls the saturation

vapor pressure of air, so increasing temperature increases VPD even if the water content of the air,

or more conservatively the relative humidity, remains constant.

Direct temperature effects result from biochemical responses to high temperatures. Tempera-

ture controls enzymes’ activity rates, and biochemical responses to increasing temperature beyond

a plant’s thermal optimum can lead to reversible downregulation of photosynthesis. Very high

temperatures (e.g. leaf temperature greater than 40°C) can cause permanent damage to photosyn-

thetic machinery, leading to longer-term suppression of photosynthetic capacity (Grossiord et al.,

2020). Under sustained temperature increases, observations indicate that plants can acclimate to

higher temperatures by shifting their photosynthetic thermal optima closer to ambient temperatures

(Kattge & Knorr, 2007; Kumarathunge et al., 2019).



8

Meanwhile, changes in VPD cause reversible stomatal responses to atmospheric demand for

water. Stomata close with increasing VPD in order to minimize water loss, and this stomatal

closure reduces leaf-level photosynthesis. Increasing VPD reduces stomatal conductance even under

well-watered conditions (Medlyn et al., 2011), and leaf water declines driven by plant hydraulic

limitations on supplying water to leaves can further amplify VPD-driven stomatal conductance

declines (Grossiord et al., 2020).

While it is challenging to disentangle these two mechanisms, it is nonetheless essential to do so

in order to project how tropical gross primary productivity (GPP) will respond to climate change.

Future relationships between temperature and VPD are expected to deviate from present day

temperature-VPD relationships because global warming tends to decrease relative humidity over

land, reflecting that increases in land evapotranspiration and moisture import from the ocean are

not expected to keep up with increasing temperature under global warming (Byrne & O’Gorman,

2018). Empirical estimates of GPP sensitivity to temperature that implicitly include VPD effects

(or vice versa) are based on a present climate and may not hold in a warmer climate. Furthermore,

increasing atmospheric CO2 concentrations may partially offset VPD-driven stomatal responses

(Lloyd & Farquhar, 2008; Dusenge et al., 2019), but are not expected to mitigate the effects of

temperature-driven biochemical responses.

The challenge of disentangling temperature and VPD effects has led to substantial discussion

of the extent to which VPD vs. direct temperature effects are driving the observed photosynthetic

declines with increasing temperature in tropical forests, with some evidence for both effects. Many

recent observational studies support the hypothesis that, in the present climate, VPD effects are

stronger than direct temperature effects, based on leaf gas exchange measurements (Vargas-G &

Cordero, 2013; Slot & Winter, 2016; Slot et al., 2016; dos Santos et al., 2018), analysis of ecosystem-

level observations (Wu et al., 2017; dos Santos et al., 2018; Fu et al., 2018), and experimental

decoupling of temperature and VPD (M. N. Smith et al., 2020). However, some analysis of leaf-

level observations suggest that direct temperature effects may be substantial for some tropical tree

species (Slot and Winter 2017a,b; Doughty et al. 2023).

Terrestrial biosphere models differ in the strength of temperature and VPD effects under present

day and future conditions. Rowland et al. (2015) compared five land system models under present

day conditions, and found that modeled VPD effects are stronger than direct temperature effects
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in all models, but that the magnitude of overall (temperature + VPD effects) varies substantially

across models. Galbraith et al. (2010) found that in a high-emissions scenario, Amazonian total

vegetation carbon decreased, but that the extent to which this was due to temperature vs. VPD

effects varied across three models - in two models, direct temperature effects dominated, and in

one model temperature and VPD effects contributed approximately equally to vegetation carbon

declines. It is challenging to determine exactly what drives differences in the strength of temperature

and VPD effects on GPP between models, because in modern land models temperature and VPD

effects on GPP are emergent properties that result from multiple leaf-, plant-, and ecosystem-level

processes. Temperature and VPD effects can vary between models due to different assumptions

about the temperature responses of photosynthetic rates (Galbraith et al., 2010; Rowland et al.,

2015), stomatal conductance, plant hydraulics, plant functional traits, and other plant and soil

processes which indirectly control photosynthesis and stomatal conductance.

In this study, we systematically quantify how different model assumptions control the strength of

temperature and VPD effects (as measured via the GPP responses of tropical forests), and present

a framework for comparing different hypotheses encoded in models with ecosystem-level observa-

tional constraints. We focus on the impacts of plant hydraulics and photosynthetic temperature

acclimation because previous work has shown that they influence plants’ responses to temperature

and VPD (Lombardozzi et al., 2015; Kennedy et al., 2019), but most land surface models used to

assess global carbon cycle feedbacks do not include either process (Table A.1). In our analysis, we

distinguish between structural assumptions (what equations are used to represent plant processes;

e.g. the equations that govern water transport along the soil-plant-atmosphere continuum) and

parameter assumptions (how those equations are parameterized; e.g. the value for maximum xylem

conductivity). We ask the following questions: (1) How do photosynthetic temperature acclima-

tion and plant hydraulics influence the modeled strength of temperature vs. VPD effects on GPP?

(2) How do plant functional traits control apparent GPP responses to temperature? (3) Which

structural and parameter assumptions are consistent with observed variations in the apparent GPP

sensitivity to temperature across three different tropical forest sites? and (4) How do different

assumptions about the relative strength of temperature vs. VPD effects influence projected GPP

responses to warming?
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2.2 Methods

2.2.1 Site descriptions

We analyze three tropical forest sites which span distinct temperature-VPD regimes (Figure A.1):

the Biosphere 2 experimental tropical forest (B2), the kilometer 67 Amazonian evergreen forest

eddy covariance site (K67), and the Tesopaco Mexican tropical deciduous forest eddy covariance

site (MX-Tes). All sites regularly exceed 30°C, but the typical VPD at 30°C differs between the

sites: 0.75 kPa (B2), 1.49 kPa (K67), and 2.75 kPa (MX-Tes).

K67 is a tropical evergreen forest located in the Tapajós National Forest near Santarém, Pará,

Brazil; the site is described in more detail in Hutyra et al. (2007) and Restrepo-Coupe et al.

(2013). Eddy covariance data for this site was collected by the Large-scale Biosphere-Atmosphere

Experiment in Amazonia (LBA). K67 experiences an annual mean temperature of 26°C, annual

mean relative humidity of 84.6%, and 1,993 mm mean annual rainfall. Temperatures can reach up

to 33°C on hourly timescales.

MX-Tes is a tropical dry deciduous forest in Sonora, Mexico (Perez-Ruiz et al., 2010). The mean

annual temperature at MX-Tes is 24°C, mean relative humidity is 48%, and hourly temperatures

can reach up to 42°C. The site receives 712 mm mean annual rainfall, which primarily falls during

the July-September wet season, and most trees lose their leaves during the dry season. We only

analyze data from Tesopaco during the growing season, which we define as July to September based

on leaf area index observations (M. N. Smith et al., 2020).

B2 is an experimental evergreen tropical forest biome within the Biosphere 2 Earth science

facility in Arizona, USA. The mean annual temperature at B2 is 27.2°C, and hourly temperatures

can reach up to 49°C. The annual mean rainfall is 1,300 mm and mean relative humidity is 82%. B2

differs from natural tropical forests in several ways. Firstly, B2 maintains high humidity levels even

at temperatures greater than 30°C, which means the VPD associated with a given temperature

is typically lower than it would be in a natural tropical temperature-VPD regime (M. N. Smith

et al., 2020, Figure A.1). Additionally, the seasonality of temperature and VPD is stronger in

B2, and there is no rainfall seasonality. B2 also experiences lower solar radiation and higher CO2

concentrations than natural forest sites. Differences between B2 and natural tropical forests are

discussed in more depth in M. N. Smith et al. (2020), Rosolem et al. (2010), and Arain et al. (2000).



11

2.2.2 Model descriptions

We run simulations using two different terrestrial biosphere models: the Functionally Assembled

Terrestrial Ecosystem Simulator (FATES; Koven et al., 2020) and the Community Land Model

version 5 (CLM5; Lawrence et al., 2019). We run single-site simulations of K67, B2, and MX-Tes

from 2002-2011, 1998-2003, and 2004-2009, respectively, with simulations forced with gap-filled

historical meteorological data. For each model, we run four different model configurations where

we turn on and off photosynthetic temperature acclimation and plant hydraulics.

FATES model

FATES is a size- and age-structured vegetation demographic model. We use the static stand struc-

ture configuration of the model, a reduced complexity mode in which a site’s stand structure and leaf

area are held constant over time and taken from forest inventory data. This configuration allows us

to look at the direct response of ecosystem function to parameter and structural perturbation in the

absence of internal feedbacks due to the effects of growth and mortality on ecosystem function. The

default FATES model configuration represents stomatal conductance using the Ball-Berry model

(Ball et al., 1987).

The default FATES configuration (FATESNoAcclimNoHydro) does not include either photosyn-

thetic temperature acclimation or plant hydraulics. In a modified version of FATES, FATESHydroOnly,

we turn on the plant hydraulics module (Christoffersen et al., 2016; C. Xu et al., 2023), which dy-

namically calculates water transport along the soil-plant-atmosphere continuum and determines

vegetation water stress as a function of leaf water potential. In FATESAcclimOnly, we implement the

photosynthetic temperature acclimation scheme developed by Kumarathunge et al. (2019), which

allows plants to change the shape of their photosynthesis temperature response curves in response

to changing temperature. Finally, in FATESAcclimAndHydro we turn on both plant hydraulics and

photosynthetic temperature acclimation.

In the default FATES configuration (FATESNoAcclimNoHydro), the maximum potential rate of

electron transport (Jmax) and the maximum rate of carboxylation (Vcmax) change with leaf tem-

perature (Tv):

Jmax = f(Tv)Jmax25 (2.1)
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Variable ∆Ha (J/mol) ∆Hd (J/mol) ∆S (J/mol/K)

Default FATES
Jmax 43,540 152,040 495
Vcmax 65,330 149,250 485

Modified Kumarathunge Jmax 40,710 200,000 658.77 - 0.84Tgrowth

Scheme Vcmax 42.6 + 1,140Tgrowth 200,000 645.13 - 0.38Tgrowth

Table 2.1: Temperature dependence parameters for photosynthesis.

Vcmax = f(Tv)Vcmax25 (2.2)

where Jmax25 and Vcmax25 are Jmax and Vcmax, respectively, at 25°C. f(Tv) is the peaked Arrhenius

function (Equation 2.3):

f(Tv) =

[
exp

(
∆Ha

298.15R

(
1− 298.15

Tv

))](
1 + exp(298.15∆S−∆Hd

298.15R )

1 + exp(Tv∆S−∆Hd
TvR

)

)
(2.3)

where R is the universal gas constant, ∆Ha is the activation energy term (J/mol), ∆Hd is the

deactivation energy term (J/mol), and ∆S is the entropy term (J/K/mol). In default FATES, the

temperature dependence parameters for C3 photosynthesis (∆Ha, ∆Hd, and ∆S) are constant for

all C3 plants (Table 2.1). Photosynthetic rates therefore respond to temperature, but the shape

of that temperature response is fixed. In the observationally derived Kumarathunge et al. (2019)

temperature acclimation scheme, temperature dependence parameters ∆Ha and ∆S can acclimate

to plants’ growth temperature (Tgrowth) and home temperature (Thome), where Tgrowth is defined

as the average temperature over the previous 30 days (limited to the range 3-37°C), and Thome is

defined as the long-term mean maximum temperature of the warmest month of the year (Table

2.1).

The Kumarathunge temperature acclimation scheme also allows the ratio of Jmax to Vcmax to

change based on Tgrowth and Thome (Equation 2.4)

JVr =
Jmax

Vcmax
= 2.56− 0.0375Thome − 0.0202(Tgrowth − Thome). (2.4)

This ratio determines the transition between photosynthesis being limited by carboxylation vs. light,

and can thereby also influence the optimum temperature of photosynthesis. Our temperature
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acclimation scheme deviates slightly from the original Kumarthunge scheme, because we include

only temperature acclimation, and not temperature adaptation effects (which allows plants to adjust

their Jmax temperature dependence curve based on the temperature at the species’ seed source,

Thome). We choose to ignore temperature adaptation effects because in an Earth system modeling

context it is challenging to determine a plant functional type’s climate of origin in a way that is

scalable to the whole globe in both past, present, and future climates, and because Kumarathunge

et al. (2019) found that acclimation was a stronger driver of variation in plants’ photosynthetic

thermal optima than adaptation was. Our modified Kumarathunge scheme (Table 2.1) is identical

to the full Kumarathunge et al. (2019) scheme under the condition where Thome = Tgrowth.

CLM5 model

We use the satellite phenology configuration of CLM5, which is a reduced complexity mode of

the model that prescribes leaf area and vegetation height. As with the FATES configuration,

this CLM5 configuration allows us to isolate direct responses without confounding feedbacks due

to changes in leaf area. The default version of CLM5 (CLM5AcclimAndHydro) includes both plant

hydraulics (Kennedy et al., 2019) and the Kattge & Knorr (2007) photosynthetic temperature

acclimation scheme (Lombardozzi et al., 2015), and represents stomatal conductance using the

Medlyn et al. (2011) model. In addition to the default CLM5 model, we run three additional

model configurations where we turn on and off photosynthetic temperature acclimation and plant

hydraulics: CLM5AcclimOnly, in which we turn off the plant hydraulics module; CLM5HydroOnly,

in which we revert to the photosynthetic temperature response functions from an older version of

CLM (documented in Lombardozzi et al., 2015); and CLM5NoAcclimNoHydro, in which we turn off

both plant hydraulics and photosynthetic temperature acclimation.

2.2.3 Observational data (environmental driver data, forest structure data, and

flux calculations)

We use gap-filled meteorological data to force the models and net ecosystem exchange (NEE) data

from the FLUXNET2015 dataset (Pastorello et al., 2020) for K67, from Rafael Rosolem (Rosolem

et al., 2010; M. N. Smith et al., 2020) for B2, and from the AmeriFlux FLUXNET data product for
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MX-Tes (Yepez & Garatuza, 2021). We calculate GPP by assuming that daily ecosystem respiration

rates are equal to night-time NEE following the methodology in M. N. Smith et al. (2020).

For CLM5 simulations, we prescribe leaf area and vegetation height based on observations

reported in the literature. At K67 we set leaf area to 6 m2/m2 (based on Restrepo-Coupe et al.,

2017), at Biosphere 2 we hold leaf area constant at 5 m2/m2 (based on Rosolem et al., 2010), and

at MX-Tes we prescribe a seasonally varying leaf area index which ranged from 0.3 to 4.1 m2/m2

throughout the year, based on the average monthly leaf area index in M. N. Smith et al. (2020).

We set vegetation height to 33.2 m for K67 (based on the observationally-derived gridded CLM

input dataset at that location), 11.5 m for B2 (from B2 forest inventory data) and 14 m for MX-Tes

(Sanchez-Mejia et al., 2021).

For FATES simulations, we prescribe the forest structure (tree diameter distribution) to match

forest inventory data, and hold this forest structure constant over time. We use 2012 forest inventory

data for K67, 2000 forest inventory for B2, and 2009 forest inventory data for MX-Tes (Sanchez-

Mejia et al., 2021). For B2, we modify FATES’ default allometric scaling relationships to achieve

the observed distribution of tree heights, which was necessary because B2 trees are shorter for a

given stem diameter than trees at natural tropical forests (Rascher et al., 2004; M. N. Smith et al.,

2020).

Our analysis focuses on GPP under high light conditions, and site-specific light saturation

thresholds were estimated from observed relationships between downward shortwave radiation and

NEE. We use light saturation thresholds of 600 W/m2 for K67, 300 W/m2 for MX-Tes, and 200

W/m2 for B2. We refer to GPP above these light thresholds as light-saturated GPP.

2.2.4 Synthetic meteorology method for calculating light-saturated GPP re-

sponses to temperature and VPD

We calculate light-saturated GPP temperature response curves by binning light-saturated GPP

by air temperature in 1°C bins. We refer to the modeled apparent GPP temperature response as

the binned response curve for actual GPP associated with a given temperature in observations,

and we refer to the direct GPP temperature response as the binned response curve only due to

direct temperature effects, which we quantify using FATES and CLM simulations with synthetic
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meteorological forcings.

We quantify the extent to which the apparent modeled light-saturated GPP responses to tem-

perature are due to direct temperature effects or VPD effects by running model simulations with

synthetic meteorological forcings. We use an “everything but” approach to quantify the effect of

each meteorological driver. For example, the direct effect of temperature on modeled GPP is cal-

culated as the difference between modeled historical GPP (in which the model is forced with the

observed historical meteorology) and modeled GPP under a synthetic meteorology where tempera-

ture is held constant at 25°C and all other meteorological quantities match the observed historical

meteorology. Using this approach, we can disentangle the individual contributions of (1) direct

temperature effects, (2) direct VPD effects, (3) synergistic VPD-temperature effects, and (4) all

other meteorological effects, including solar radiation and precipitation (Table 2.2). The sum of

these four terms equals the net effect, and the net effect is equivalent to the apparent GPP response

in model simulations forced with the observed site meteorology (see Section 2.2.5). We additionally

quantify the effect of soil moisture by running synthetic meteorology simulations where rainfall is

held constant throughout the year at 0.005 mm/s, which constantly saturates the soil and relieves

any soil moisture stress.

2.2.5 Decomposition of meteorological drivers

We decompose the modeled light-saturated GPP into four different components: (1) the direct

temperature effect, (2) the VPD effect, (3) the synergistic effect, and (4) other meteorological

effects. We first decompose the modeled GPP into the temperature and VPD combined effects and

into other meteorological effects, such that βtotal = βT+V PD + βother:

βtotal(Ta) = ∆GPPhistorical(Ta) (2.5)

βT+V PD(Ta) = ∆GPPhistorical(Ta)−∆GPPLowV PDLowTemp(Ta) (2.6)

βother(Ta) = ∆GPPLowV PDLowTemp(Ta) (2.7)

where Ta is the air temperature and ∆GPPX is the difference between the light-saturated GPP in

model experiment X (as described in Table 2.2) and the historical light-saturated GPP at 25°C.
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We then further decompose βT+V PD into the direct temperature effect βT , the VPD effect βV PD,

and the synergistic temperature-VPD effect βsyn, such that βT+V PD = βT + βV PD + βsyn:

βT (Ta) = ∆GPPhistorical(Ta)−∆GPPLowTemp(Ta) (2.8)

βV PD(Ta) = ∆GPPhistorical(Ta)−∆GPPLowV PD(Ta) (2.9)

βsyn(Ta) = βT+V PD(Ta)− βT − βV PD(Ta) (2.10)

It follows from these definitions that βtotal = βT + βV PD + βsyn + βother.

Experiment Name

Meteorological Forcing (at the lowest atmospheric level)

Temperature Relative 
Humidity (%)

Incident solar 
radiation Precipitation

Incident 
longwave 
radiation

Wind Surface 
pressure

Historical Historical Historical Historical Historical Historical Historical Historical

LowVPD Historical
Modified so that 
VPD is 0.4 
kPa*

Historical Historical Historical Historical Historical

LowTemp 25°C

Modified so that 
the VPD 
matches the 
historical VPD

Historical Historical Historical Historical Historical

LowVPDLowTemp 25°C
Modified so that 
VPD is 0.4 
kPa*

Historical Historical Historical Historical Historical

* Modified so that VPD at the lowest atmosphere level is 0.4 kPa, which is the average VPD at temperatures 24.5-25.5°C in the historical record.

Table 2.2: Description of synthetic meteorological forcings.

2.2.6 Perturbed parameter ensemble

We quantify how plant functional traits relating to photosynthesis, stomatal conductance, and

plant hydraulics modify the strength of direct and indirect temperature effects by running a small

perturbed parameter ensemble in FATESAcclimAndHydro, where we perturb plant functional trait

parameters one at a time to low-end, median, and high-end values based on the existing literature

(Table A.2). We run twelve parameter perturbation simulations for four FATES parameters. We

quantify the modeled strength of direct and indirect temperature effects for each ensemble member

using the same synthetic meteorology method described above.
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2.2.7 Idealized future climate treatments

We quantify how K67 responds to warming in different model configurations by applying five ide-

alized climate treatments: (E1) temperature increase, (E2) temperature and VPD increase (under

constant relative humidity), (E3) temperature increase and relative humidity decrease, (E4) VPD

increase, and (E5) relative humidity decrease (Figure A.7). We use this factorial idealized climate

treatment design in order to disentangle the extent to which GPP changes under warming are due

to direct biochemical effects from increasing temperature vs. stomatal effects due to VPD increases,

and we assess the impact of constant vs. decreasing relative humidity to represent different expecta-

tions about future climate as described further below. In the temperature increase treatment (E1),

temperature in the historical meteorological forcing dataset is uniformly increased by 3°C at all

points in time, but VPD is held constant at historical levels, and thus relative humidity increases.

In the temperature and VPD treatment (E2), both temperature and VPD increase to reflect a

3°C warming and constant relative humidity. In the temperature increase and relative humidity

decrease (E3), temperature increases by 3°C and relative humidity decreases by 6%. This idealized

relative humidity decrease is consistent with CMIP6 model projections of Amazon climate change -

multi-model mean relative humidity decreases by about 4-7% by midcentury and 4-13% by the end

of the century, depending on the scenario (Y. Li et al., 2023). In the VPD increase treatment (E4),

VPD is increased to reflect the VPD change that would occur under 3°C warming and constant

relative humidity, but temperature is held constant at historical levels. In the relative humidity

decrease (E5), VPD is increased to reflect the VPD change that would occur under 3°C warming

and -6% decrease in relative humidity, but temperature is held constant at historical levels. We

additionally run two of these climate treatments (E1 and E3 above) under elevated CO2 concen-

trations of 560 ppm. We use this CO2 concentration because it is two times the preindustrial CO2

concentrations - in medium to high emission scenarios, this CO2 concentration is reached between

2049 and 2069 (Meinshausen et al., 2020).
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2.3 Results

2.3.1 Structural influences on the strength of temperature and VPD effects

To evaluate how different model structural assumptions influence the apparent GPP response to

temperature, we run site-level simulations of K67 where we turn on and off photosynthetic tem-

perature acclimation and plant hydraulics, resulting in a total of eight model configurations (see

Methods). In observations at K67, light-saturated GPP declines by about 38% as temperature

increases from 25°C to 32°C (Figure 2.1a). In all simulations of K67 under current conditions,

light-saturated GPP declines as temperature increases, which is qualitatively consistent with ob-

servations (Figure 2.1a). The CLM5AcclimAndHydro and CLM5HydroOnly apparent GPP temperature

response curves (green and blue dashed lines, respectively) most closely match this observed ap-

parent GPP temperature response.

We then disentangle the direct and indirect effects of temperature and other meteorological

drivers by running model experiments in which only one driver is allowed to vary at a time using

synthetic meteorology (see section 2.2.5). Across all model configurations, the apparent GPP

response to temperature (defined in section 2.2.4, black horizontal line shows observations and black

circles show modeled apparent GPP change) does not reflect the actual GPP response to direct

temperature effects as quantified through direct modifications to meteorological forcing (Figure

2.1c). Rather, the apparent GPP response to temperature constitutes the combined effect of direct

temperature effects (red bars), VPD effects (blue bars), synergistic VPD-temperature effects (purple

bars), and other meteorological quantities that covary with temperature (orange bars).

The relative impact of temperature and VPD on GPP varies depending on model structural

assumptions (Figure 2.1b-c). When neither photosynthetic temperature acclimation nor plant hy-

draulics are turned on, direct temperature effects in both FATES and CLM5 are stronger than

VPD effects (gray circle and gray triangle, respectively, Figure 2.1b). Turning on photosynthetic

temperature acclimation weakens direct temperature effects (moving from gray to yellow, Figure

2.1b), and adding plant hydraulics strengthens VPD effects (moving from gray to blue, Figure

2.1b). Weakening direct temperature effects and strengthening VPD effects have counteracting in-

fluences on the apparent GPP responses to temperature, such that turning on both photosynthetic

temperature acclimation and plant hydraulics yields a combined temperature and VPD effect which
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Figure 2.1: Process assumptions modify the strength of direct and indirect temper-
ature effects. (a) The apparent light-saturated GPP response to temperature at the K67 site in
observations and in different model configurations of FATES and CLM5. (b) The modeled strength
of direct temperature effects and VPD effects, quantified as the percent change in light-saturated
GPP from 25°C to 32°C as calculated from synthetic meteorology simulations. More negative values
indicate stronger temperature and VPD effects on GPP. Synergistic (nonlinear) temperature-VPD
effects are attributed equally to direct temperature and VPD effects, e.g. the temperature effect
plotted on the x-axis is equal to the direct temperature effect plus ½ of the temperature-VPD syn-
ergistic effects. The gray 1:1 line delineates whether temperature or VPD effects are dominant.
Points above the 1:1 line indicate that direct temperature effects are stronger than VPD effects,
while points below the 1:1 line indicate that VPD effects are stronger. The black line marks the
total apparent GPP response to temperature from 25°C to 32°C, which is an observational con-
straint if other meteorological effects are assumed to be zero. The observed ∆GPP is represented
as a line to reflect ambiguity as to whether temperature or VPD effects are dominant. (c) The
modeled strength of meteorological effects which contribute to the apparent GPP relationship with
temperature, which is quantified as the percent change in light-saturated GPP from 25°C to 32°C
as calculated from synthetic meteorology simulations. The total (circles) refers to the model out-
put when actual site meteorology is used (equivalent to the sum of temperature, VPD, synergistic
VPD+temperature, and other effects).
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is similar to the combined effect when both processes are turned off (Figure 2.1). Ultimately, how-

ever, this similar combined temperature and VPD effect is achieved through different partitioning

between direct temperature and VPD effects under different model structural assumptions (moving

from gray to green, Figure 2.1b). Model configurations with both processes turned off exist in the

stronger direct temperature effects regime (above 1:1 line, Figure 2.1b), while model configurations

with both processes turned on exist in the stronger VPD effects regime (below 1:1 line, Figure

2.1b).

From Figures 2.1b and c, we find that model configurations that include plant hydraulics and

temperature acclimation have different emergent strengths of VPD vs. temperature effects for the

same overall combined VPD and temperature effect as configurations which do not include these

processes. However, the synthetic meteorology simulations also demonstrate that temperature and

VPD are not the sole drivers of the apparent GPP response to temperature. The apparent GPP

response also is influenced by other environmental factors (orange bars, Figure 2.1c). Turning on

plant hydraulics also increases overall soil-plant water stress, especially in FATES (Figure A.3),

and this hydraulic stress contributes to apparent GPP declines with temperature because soil mois-

ture is negatively correlated with temperature and VPD over seasonal timescales (Figure A.2). In

several model configurations (FATESAcclimOnly, CLM5NoAcclimNoHydro, CLM5AcclimOnly) other envi-

ronmental factors contribute to the apparent GPP response to temperature even when soil moisture,

temperature, and VPD are held constant (blue lines in Figure A.3), suggesting an influence of solar

zenith angle or solar radiation.

Of the four FATES model configurations, the apparent GPP temperature response in FATESNoAcclimNoHydro

(default FATES) is closest to the observed response, followed by FATESAcclimAndHydro. While

FATESNoAcclimNoHydro and FATESAcclimAndHydro have similar combined temperature and VPD ef-

fects (sum of red, blue, and purple bars in Figure 2.1c), the apparent temperature response in

FATESAcclimAndHydro deviates more from observations (Figure 2.1c) due to additional soil mois-

ture stress (Figure A.3). Observations do not directly measure how much different meteorological

drivers contribute to this apparent GPP response to temperature, but previous work using analyt-

ical methods such as path analysis (Wu et al., 2017; Fu et al., 2018) and binned regression (Wu

et al., 2017; M. N. Smith et al., 2020) suggest that at the K67 site VPD effects are stronger than

direct temperature effects, indicating that model configurations in the stronger VPD effects regime
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are likely more consistent with observations.

2.3.2 Parametric influences on the strength of temperature and VPD effects

We run a small perturbed parameter ensemble in FATESAcclimAndHydro at K67 to identify how plant

functional traits influence the apparent GPP temperature response, and the relative strength of

direct temperature and VPD effects (see section 2.2.6). We find that the apparent GPP response to

temperature is highly sensitive to plant functional parameters (Figure 2.2a). Our parameter ensem-

ble yields more variation in the strength of VPD effects (ranging from -27% to -12% from 25°C to

32°C) than variation in the strength of direct temperature effects (ranging from -6% to +1%) (Fig-

ure 2.2b). The maximum rate of Rubisco carboxylase activity (Vcmax) exerted a particularly strong

control on VPD effects. Even though we sample a broad parameter space, the FATESAcclimAndHydro

model always shows that VPD effects are stronger than direct temperature effects (Figure 2.2b),

suggesting that the relative importance of direct temperature or VPD effects in models is relatively

robust to parameter choice, and depends more on model structural assumptions (i.e. Figure 2.1b).

The large variation in the apparent GPP response to temperature across our ensemble is pri-

marily due to other meteorological effects (orange bars, Figure 2.2c) such as soil moisture and the

uncertainty in the value of selected parameters. Maximum hydraulic conductivity (kmax) exerted

a particularly strong control over the apparent GPP response to temperature.

2.3.3 Apparent temperature responses across humidity gradients

In observations, B2 has a weaker apparent GPP response to temperature than natural tropical forest

sites (M. N. Smith et al., 2020, Figure 2.3). We run model simulations to test which assumptions are

consistent with this cross-site variation in apparent GPP responses to temperature. When photo-

synthetic temperature acclimation and plant hydraulics are active in CLM5 (CLM5AcclimAndHydro),

modeled apparent GPP temperature response curves match observations relatively well at K67,

MXTes, and B2, though GPP declines associated with increasing temperatures are slightly too

weak at K67 and B2. As in observations, the modeled K67 and B2 apparent temperature response

curves diverge from each other around 28°C. CLM5 is unable to capture this divergence in appar-

ent temperature response curves without including temperature acclimation and plant hydraulics
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Figure 2.2: Plant functional traits modify the strength of direct and indirect tem-
perature effects at K67. The relative strength of direct temperature effects and VPD effects
as in Figure 2.1, but for a perturbed parameter ensemble of FATESAcclimAndHydro, varying kmax,
stomatal slope, p50, and vcmax25.
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(compare Figures 2.3a and 2.3b). When these processes are turned off in CLM5NoHydroNoAcclim,

increasing temperatures are associated with modeled GPP declines that are too weak at K67 and

too strong at B2.

In contrast, apparent GPP temperature response curves in FATESAcclimAndHydro do not per-

form well compared to B2 observations when photosynthetic temperature acclimation and plant

hydraulics are active (Figure 2.3d). The FATESAcclimAndHydro apparent GPP temperature response

fits observations reasonably well at K67, but B2 and MX-Tes GPP declines too much with in-

creasing temperature in FATESAcclimAndHydro. The strong apparent GPP temperature response

in FATESAcclimAndHydro at B2 is driven by soil moisture stress, as diagnosed by synthetic meteo-

rology simulations with fully saturated soils (Figure A.4). Changing B2 plant hydraulic traits so

that B2 trees have higher maximum xylem hydraulic conductivity (16.04 kg/MPa/m/s compared

to 3 kg/MPa/m/s) flattens the FATESAcclimAndHydro B2 apparent GPP temperature response by

alleviating this water stress at B2 (dashed red line in Figure 2.3d). Turning off photosynthetic tem-

perature acclimation and plant hydraulics also improves the apparent GPP temperature response

curves in FATES (Figure 2.1c). In FATESNoAcclimNoHydro, modeled apparent GPP temperature

response curves match observed response curves reasonably well, though GPP declines are slightly

underestimated at K67 and overestimated at B2. B2 and K67 apparent temperature response

curves diverge from each other at about 30°C in FATESNoAcclimNoHydro.

2.3.4 Different structural assumptions yield diverging projections

In the historical period, a model that features strong direct temperature effects and weak VPD

effects (the NoAcclimNoHydro models) can yield a similar apparent GPP response to temperature as

a model that features weak direct temperature effects and strong VPD effects (the AcclimAndHydro

models; see gray vs. green, Figure 2.1a). The same models project very different responses to

anthropogenic forcing however. We illustrate this by showing two idealized forcing experiments

for one site (K67): one with an increase of 3°C and the other with an increase of 3°C and a

reduction in relative humidity by 6%; both are compared to the historical period. In models without

photosynthetic temperature acclimation or plant hydraulics, light-saturated GPP decreases under

an idealized increased temperature treatment (Figure 2.4a and c). In FATESNoAcclimNoHydro and
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CLM5NoAcclimNoHydro, increasing temperature by 3°C decreases mean light-saturated GPP by 14%

and 11%, respectively. These models are not sensitive to VPD changes, and are therefore not

sensitive to different assumptions about relative humidity changes under warming (Figure 2.4a,

Figure 2.4c, and Figure A.5). In contrast, temperature increases drive minimal GPP changes in

models with photosynthetic temperature acclimation and plant hydraulics turned on (Figure 2.4b

and d). In FATESAcclimAndHydro and CLM5AcclimAndHydro, the 3°C increase in temperature changes

GPP by less than 3% as long as VPD is held constant at historical levels. These models are more

sensitive to relative humidity changes under warming (Figure 2.4b, Figure 2.4d, and Figure A.5). If

the 3°C temperature increase is accompanied by 6% decrease in relative humidity, GPP decreases

by 7 and 9%, respectively. If the 3°C warming treatment is accompanied by an increase in CO2

concentration, GPP increases in all model configurations due to FATES and CLM’s strong CO2

fertilization effects. However, GPP increases more in FATESAcclimAndHydro and CLM5AcclimAndHydro

than in FATESNoAcclimNoHydro and CLM5NoAcclimNoHydro (Figure A.5).

The combined impact of a 3°C warming and a 6% reduction in relative humidity on the light-

saturated GPP also differs between models. In FATESNoAcclimNoHydro, CLM5NoAcclimNoHydro, and

CLM5AcclimAndHydro, climate treatments shift the mean GPP but lead to minimal changes in the dis-

tribution of GPP around the mean. In FATESAcclimAndHydro, climate treatments both shift the mean

GPP and drive changes in the GPP distribution around the mean. Compared to observed light-

saturated GPP, the mean light-saturated GPP for CLM5NoAcclimNoHydro and FATESAcclimAndHydro

most closely match observations. There are biases in the GPP distributions in all models (Figure

2.4).

2.4 Discussion

2.4.1 Photosynthetic temperature acclimation and plant hydraulics

We find that both photosynthetic temperature acclimation and plant hydraulics govern the strength

of direct temperature effects and VPD effects on photosynthesis (Figure 2.1), underscoring the im-

portance of improving our scientific understanding and model representations of these processes.

Models can achieve the same overall present day GPP response to temperature and VPD by exclud-

ing both of these processes (which yields stronger direct temperature effects) or by including both
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Figure 2.4: Shifts in the distribution of light-saturated photosynthesis at K67 under
idealized climate treatments. Distributions of light-saturated GPP at K67 under different cli-
mate treatments for CLM5 (a-b) and FATES (c-d). In (a) and (c), photosynthetic temperature
acclimation and plant hydraulics are turned off. In (b) and (d), photosynthetic temperature accli-
mation and plant hydraulics are turned on.
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of these processes (which yields stronger VPD effects). However, these two sets of assumptions yield

diverging predictions of ecosystem resilience to warming (Figure 2.4). Assumptions consistent with

stronger direct temperature effects resulted in larger GPP declines under warming, while assump-

tions consistent with stronger VPD effects resulted in more resilient GPP under warming. This

suggests that the relative strength of direct temperature vs. VPD effects on GPP in the present

day may be a useful diagnostic for GPP responses to future warming. It has long been recognized

that land surface models tend to fit historical data relatively well, but then diverge from each other

under future conditions (Friedlingstein et al., 2006, 2013; Lovenduski & Bonan, 2017; Booth et al.,

2017), in part due to the challenge of equifinality (J. Tang & Zhuang, 2008; Fisher & Koven, 2020).

This study identifies that the tradeoff between weak VPD effects and strong temperature effects

vs. strong VPD effects and weak temperature effects is an important axis along which compensating

errors may occur in models.

Photosynthetic temperature acclimation and plant hydraulics are well established processes with

important effects on ecosystem functioning, so broadly we expect that model configurations that

include these processes should be more realistic than model configurations that exclude them. Pre-

vious observationally-based studies indicate that VPD effects are stronger than direct temperature

effects at K67 in particular (Wu et al., 2017; Fu et al., 2018; M. N. Smith et al., 2020), and at

tropical forests in general (M. N. Smith et al., 2020). This suggests that structural assumptions

that put models in the stronger VPD effect regime are more realistic, and that models without

photosynthetic temperature acclimation or plant hydraulics may match observations by assuming

unrealistically strong direct temperature effects. Most land models used to quantify carbon cycle

responses to warming as part of the Coupled Model Intercomparison Project Phase 6 (CMIP6)

do not include photosynthetic temperature acclimation or plant hydraulics (Table A.1), so we hy-

pothesize that such land models may overestimate the strength of direct temperature effects and

underestimate VPD effects. Given that the present-day partitioning between temperature and VPD

effects may be a useful diagnostic for model GPP sensitivity to warming, we call for more modeling

centers to use synthetic meteorology methods to explicitly quantify how much modeled apparent

GPP responses to temperature in the present day are driven by direct temperature effects, VPD

effects, and other meteorological drivers.

In this study we focus on how photosynthetic temperature acclimation and plant hydraulics
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influence GPP responses to warming, but we also note that photosynthetic temperature acclima-

tion and plant hydraulics can influence tropical carbon pool responses to concurrent changes in

atmospheric CO2 concentration, precipitation, and other environmental conditions. For example,

Lombardozzi et al. (2015) found that turning on photosynthetic and respiratory temperature accli-

mation yielded a smaller tropical carbon pool increase from 1850 to 2100, compared to simulations

when these processes were turned off. This was attributed to the fact that 1850 tropical carbon

pools were larger in simulations that included temperature acclimation, but the rate of ecosystem-

level carbon accumulation slowed by the end of the 21st century due to limitation of another

environmental quantity (e.g. nutrient or water limitation).

2.4.2 Plant functional traits

We find that plant functional traits control the strength of VPD and temperature effects (Figure

2.2), which means that the strength of these effects can differ across time and space due to varia-

tion in tropical forest functional composition. This poses a challenge for modeling tropical forest

responses at a regional to pan-tropical scale, because doing so will require representing the diver-

sity of plant functional traits which can vary widely both within an ecosystem and geographically.

This, paired with the fact that hydraulic trait data for tropical forests is limited, motivates further

data collection of tropical tree hydraulic trait data through field campaigns (Tavares et al., 2023;

Christoffersen et al., 2016) and satellite-based methods (e.g. Liu et al., 2021). For example, our

perturbed parameter ensemble demonstrated that the apparent GPP response to temperature at

K67 is highly sensitive to stem maximum hydraulic capacity. However, a previous meta-analysis

identified less than 300 observations of this trait for tropical trees (Christoffersen, 2021). Collecting

more hydraulic trait data, and developing methods for estimating hydraulic traits based on corre-

lations with environmental conditions or more easily collected plant traits, will enable better model

representation of ecosystem photosynthetic responses to temperature, VPD, and soil moisture. Our

results also suggest that GPP sensitivities to environmental changes are influenced by variation in

plant traits within an ecosystem, due to both variation across trees (e.g. X. Xu et al., 2016) and

vertical variation in plant traits and forest microclimates (Vinod et al., 2023).

Previous studies have documented differing strengths of VPD and temperature effects on GPP
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across tropical forest sites (Fu et al., 2018), and we demonstrate here that this variation could be

partially due to inter-site variation in plant functional traits. Additionally, tropical forest functional

composition can change in response to changing climate, thereby driving shifts in tropical forest

GPP sensitivities to VPD, temperature, and soil moisture. This nonstationarity in time points to

the importance of accounting for dynamic ecosystem functional assembly (Fisher et al., 2015) when

predicting tropical forest photosynthesis under novel climates on longer timescales.

2.4.3 Multiple hypotheses consistent with apparent GPP responses to temper-

ature at Biosphere 2

From observations alone, it is challenging to identify the unique features of Biosphere 2 (see section

2.2.1) that enable the site to maintain high photosynthetic rates even at high temperatures. Broadly,

we expect that models should be able to represent all sites using the same physiological rules, and

that B2’s shallower apparent GPP temperature response curve could be due to (1) environmental

and/or (2) biological differences between B2 and natural forest sites. If environmental differences

are the primary driver of the different apparent GPP temperature responses across sites, we would

expect that models could represent cross-site variation in GPP temperature response curves using

one common set of plant traits for all sites. If biological differences are the primary driver of the

different apparent GPP temperature responses across sites, it would be necessary to vary plant

traits across sites.

Our results indicate that we cannot currently distinguish between these two perspectives (Fig-

ure 2.3). Simulations using CLM suggest that the different apparent GPP temperature responses

between the Biosphere 2 forest and the natural tropical forest sites can be explained by environ-

mental differences, but only if both plant hydraulics and photosynthetic temperature acclimation

processes are turned on. Considering only CLM simulations would therefore support the idea that

CLM5AcclimAndHydro includes more realistic set of physiological rules than CLM5NoAcclimNoHydro,

because only CLM5AcclimAndHydro is able to capture the variation in GPP temperature responses

across humidity gradients.

FATES simulations, however, support the alternative hypothesis that biological differences con-

tribute to the different apparent GPP temperature responses across sites. In FATESAcclimAndHydro,
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environmental differences alone cannot explain the differences in apparent GPP temperature re-

sponses across sites because FATESAcclimAndHydro cannot capture the shallower temperature re-

sponse curve at B2. However, FATESAcclimAndHydro can capture the variation in GPP temperature

responses across sites if B2 trees have higher maximum hydraulic conductivity. This change reduces

(but does not eliminate) large biases in FATES’ modeled leaf water potential compared to obser-

vations (Figure A.6) and aligns with the fact that trees at B2 have lower wood density than most

tropical trees, which is associated with higher maximum xylem conductivity (Christoffersen et al.,

2016). Prior studies also suggest that the functional composition of B2 may differ from natural

tropical forests. For example, over the last twenty years the percentage of trees at B2 that emit iso-

prene has increased (Taylor et al., 2018), which suggests a shift towards higher community-weighted

photosynthetic rates at high temperatures (Taylor et al., 2019).

The different GPP responses between FATESAcclimAndHydro and CLM5AcclimAndHydro at B2

demonstrate that photosynthetic responses to temperature and VPD are not simply determined by

whether or not models include plant hydraulics. The implementation of plant hydraulic processes

(which differs between FATES and CLM) matters, as do the specific values of plant hydraulic

traits. We also note that soil hydrology is important for capturing the temporal variation in plant

leaf water potential, and can therefore also influence photosynthetic responses to VPD. The water

transport through plants depends on soil water potential, so soil hydrology biases can lead to inac-

curate leaf water potential and water fluxes (Ivanov et al., 2012; Restrepo-Coupe et al., 2017) even

if models were to perfectly represent plant hydraulics.

2.4.4 Drivers of GPP variation on different timescales

Predicting tropical forest GPP responses to a warming climate will require understanding biotic

and abiotic controls on photosynthesis across a range of timescales, from hours to centuries, and

accurately representing these processes in models. This paper focuses on variation in hourly light-

saturated GPP, which is the timescale at which land surface models are perhaps most likely to

match observations because for several decades or more land surface models have represented in-

stantaneous leaf-level responses to environmental conditions (Fisher and Koven 2020). The fact

that structural assumptions not included in many land models can influence photosynthesis at
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this timescale underscores the importance of doing this kind of test. Our model simulations did

not represent temporal variation in leaf area, leaf age, or plant functional composition, which is a

reasonable simplification for this study because on hourly timescales GPP is primarily driven by

environmental rather than biotic variability (Wu et al., 2017). However, while the data is hourly,

trends may in part be related to factors varying at seasonal timescales. For example, if GPP de-

creases with increasing temperature and the true driver of this relationship were soil moisture, that

would be because higher temperatures are occurring during the dry season when soil moisture is

lower, creating a spurious correlation that occurs over seasonal timescales.

Ultimately, however, it is necessary to compare models and observations at all timescales, and bi-

otic variation is increasingly important when considering GPP variability beyond hourly timescales

(Wu et al., 2017). Mechanistically representing the processes affecting canopy light-use efficiency,

such as plant carbon allocation and leaf turnover, will be essential for capturing monthly and

interannual GPP responses to temperature and VPD. Previous work has found that forest photo-

synthetic capacity increases in the dry season (Wu et al., 2017; Albert et al., 2018; Lopes et al.,

2016; A. C. I. Tang et al., 2019), and that on monthly timescales VPD increases may increase

photosynthesis by stimulating flushing of new leaves (Restrepo-Coupe et al., 2013). Additionally,

representing how environmental change alters forest functional composition is an important process

on decadal to centennial timescales.

A limitation of our modeling approach is that we represent each site using a single plant func-

tional type, and therefore did not represent within-site functional diversity. Previous work has

demonstrated that diversity in plant traits is an important control on ecosystem responses to water

stress (Werner et al., 2021) and seasonal to interannual variation in ecosystem functioning (X. Xu

et al., 2016). Our simulations also did not represent vertical variations in plant traits and forest

microclimates, which previous work suggests is important for forest responses (M. N. Smith et al.,

2019), but is often insufficiently represented in models (Vinod et al., 2023). We encourage future

work to expand on this study by quantifying how functional diversity and seasonal to interannual

biotic variations influence GPP responses to temperature and VPD effects at multiple timescales.
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2.5 Conclusions

We demonstrate in this chapter that plant functional parameters and structural assumptions about

photosynthetic temperature acclimation and plant hydraulics control the strength of temperature

and VPD effects on tropical forest photosynthesis. This led us to identify a novel axis along which

compensating errors can occur in models – models can match observed apparent ecosystem-level

photosynthesis responses to temperature by excluding both processes (which yields stronger direct

temperature effects) or by including both processes (which yields stronger VPD effects). However,

these two sets of assumptions yield diverging predictions of ecosystem resilience to warming, un-

derscoring the importance of improving our scientific understanding and model representations of

these processes. This study also demonstrates the challenges of disentangling temperature vs. VPD

effects from observational data alone. Developing further observational constraints on the parti-

tioning between temperature vs. VPD influences in the historical period should be a future research

priority, as should using those observational constraints to evaluate model performance.

Author Contributions

This chapter has been submitted for publication with co-authors Abigail L. S. Swann, Charles

Koven, Marielle N. Smith, and Tyeen C. Taylor. CMZ, CDK, and ALSS conceptualized the research

project, developed the methodology, and administered the project. ALSS and CDK supervised

the project and provided computing resources. CMZ acquired the primary funding, ran model

experiments, performed analysis, prepared visualizations, and wrote the original draft. ALSS,

CDK, MNS, and TCT reviewed and edited writing. MNS and TCT collected observational data.

CMZ and CDK developed code used in this research. CMZ, CDK, MNS, and TCT curated data.

Acknowledgements

CMZ was supported by the U.S. Department of Energy (DOE) Computational Science Graduate

Fellowship (DE-SC0020347). ALSS and CMZ were supported by the DOE Regional and Global

Model Analysis Program (DE-SC0021209) and the National Science Foundation (NSF) grant AGS-

1553715 to the University of Washington. CDK was supported by the Next Generation Ecosystem

Experiments-Tropics project, funded by the DOE, Office of Science, Office of Biological and En-



33

vironmental Research. MNS was supported by NSF DEB grant 1950080 to Michigan State Uni-

versity (MSU). TCT was supported by NSF grant 2111028 to the University of Michigan. We

thank FLUXNET, Ameriflux, and Rafael Rosolem for providing publicly accessible net ecosystem

exchange data and gap-filled meteorological data. We also thank all scientists, software engineers,

and administrators who contributed to the development of FATES and CLM5.

Open Research

The original data for this study are all publicly available. The observational gap-filled meteorological

data and net ecosystem exchange (NEE) data are available for K67 at https://ameriflux.lbl

.gov/sites/siteinfo/BR-Sa1, and for B2 and MXTes at https://github.com/m-n-smith/B2

-temp-paper-datasets. The output of all model simulations used in this paper is available in the

Dryad Digital Repository at https://doi.org/10.5061/dryad.wdbrv15w2.

https://ameriflux.lbl.gov/sites/siteinfo/BR-Sa1
https://ameriflux.lbl.gov/sites/siteinfo/BR-Sa1
https://github.com/m-n-smith/B2-temp-paper-datasets
https://github.com/m-n-smith/B2-temp-paper-datasets
https://doi.org/10.5061/dryad.wdbrv15w2


34

Chapter 3

LAND PROCESSES CAN SUBSTANTIALLY IMPACT THE
MEAN CLIMATE STATE

Abstract

Terrestrial processes influence the atmosphere by controlling land-to-atmosphere fluxes of energy,

water, and carbon. Prior research has demonstrated that parameter uncertainty drives uncertainty

in land surface fluxes. However, the influence of land process uncertainty on the climate system

remains underexplored. Here, we quantify how uncertainty in modeling land processes impact

climate using a perturbed parameter ensemble for 18 land parameters in the Community Earth

System Model (CESM2) under preindustrial conditions. We find that an observationally-informed

range of land parameters generate biogeophysical feedbacks that significantly influence the mean

climate state, largely by modifying evapotranspiration. The spread in global mean land surface

temperature associated with the spread in land parameters is 2.2°C across our ensemble (σ = 0.5°C)

and precipitation uncertainty is significant and spatially variable. Our analysis demonstrates that

the impacts of land parameter uncertainty on surface fluxes propagates to the entire Earth system,

and provides insights into where and how land process uncertainty influences climate.

Plain Language Summary

Land processes affect climate by controlling the transfer of energy and water from the land to the

atmosphere. Previous research has shown that uncertainty in the representation of land processes

(e.g. photosynthesis and the movement of water through soils) can drive uncertainty in land-to-

atmosphere fluxes. However, it remains unclear how much that land uncertainty impacts climate.

Here, we quantify the sensitivity in the mean climate to assumptions about land processes by

varying 18 land model parameters to create an ensemble of 36 possible worlds in a global climate

model. Global mean land temperature differs by up to 2.2°C across this ensemble, mostly due
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to changes in how much water is evaporated from the land surface. Changing land parameters

also drives regionally variable changes in mean precipitation. This study highlights a large and

underappreciated impact of land processes on the mean climate state, and provides insights into

how climate is influenced by land process uncertainty.

Key Points

• Assumptions about land processes substantially impact the climatological mean state terres-

trial temperature and precipitation.

• Land parameters influence climate predominantly through changing evapotranspiration.

• Warming driven by land processes activates different atmospheric feedbacks than radiatively-

driven warming.

3.1 Introduction

Land models were initially developed to support weather and climate prediction by providing atmo-

spheric models with lower boundary conditions of energy, water, and momentum fluxes. Given this

limited scope, early land models were simple biogeophysical models, in which land-to-atmosphere

fluxes were determined by prescribed land surface albedo, evaporative resistance, and roughness

(Manabe, 1969). Since then, land models have substantially expanded in scope and complexity.

Modern land models now represent biogeochemical cycling, hydrology, ecology, land use, and land

management, and are used to predict how processes across these domains interact and respond to

global change (Fisher & Koven, 2020). This evolution has been accompanied by an increase in the

number of model parameters, many of which can influence land-to-atmosphere fluxes by altering

the emergent land surface albedo, turbulent fluxes of water and heat, and roughness.

The increasingly complex land model parameter space has driven a large body of research ex-

ploring the implications of land parameter uncertainty for land model calibration (Dagon et al.,

2020), carbon and water flux uncertainty quantification (Hou et al., 2012; McNeall et al., 2023),

and process understanding (Boulton et al., 2017). Earth system parametric uncertainty is often

quantified through perturbed parameter ensembles (PPEs), in which multiple poorly constrained

parameters are systematically varied within a single model structure. Land PPEs have demon-
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strated that parameter uncertainty is a major driver of uncertainty in land-to-atmosphere surface

heat and moisture fluxes, at local (Ricciuto et al., 2018; Fisher et al., 2019), regional (Bauerle et

al., 2014; Huo et al., 2019), and global scales (Dagon et al., 2020; Zaehle et al., 2005).

Most existing land parameter uncertainty studies have quantified parameters’ impact in a land-

only framework (Zaehle et al., 2005; Dagon et al., 2020; Ricciuto et al., 2018; Bauerle et al., 2014;

Fisher et al., 2019; Dietze et al., 2014; Bauerle et al., 2014), where the atmospheric forcing is

an external boundary condition and land surface fluxes do not influence the atmosphere. Only a

handful of previous studies have assessed the biogeophysical (Liu et al., 2005; Fischer et al., 2011;

Williams et al., 2016) or carbon cycle (Booth et al., 2012, 2017; L. R. Hawkins et al., 2019; McNeall

et al., 2023) implications of land parameter uncertainty in a coupled context, or included land

parameters in PPEs perturbing parameters across the Earth system (Sexton et al., 2021; Yamazaki

et al., 2021). This is in part due to computing constraints. For example, in the Community Earth

SystemModel version 2 (CESM2), a simulation with a dynamic atmosphere requires about ten times

more computing time per modeled year than a land-only simulation, and coupled configurations

often require more simulated years to establish a signal due to internal variability of the coupled

system. Additionally, the prevalence of land-only analyses reflects the land modeling community’s

focus on how land parameter uncertainty influences terrestrial processes, rather than atmospheric

processes. The biogeophysical impact of land parameter uncertainty on atmospheric processes and

land-atmosphere interactions remains underexplored. Of the few studies which have assessed land

parameter uncertainty in a coupled context, only one has quantified the biogeophysical impact of

land parameters on climate globally (Fischer et al., 2011).

This is a problematic gap in the literature because the documented impact of land parameter

uncertainty on surface energy fluxes suggests that land parameters influence the mean climate

state. It has been established for decades that changes in land surface albedo (Charney et al.,

1975; Charney, 1975; Charney et al., 1977), roughness (Sud et al., 1988; White et al., 2021), and

capacity to evaporate water (Shukla & Mintz, 1982) can alter temperature and precipitation on

global scales. More recently, Laguë et al. (2019) used a modern Earth system model to show that

atmospheric feedbacks are critical in determining how land temperatures respond to idealized land

surface changes. Extensive previous work has demonstrated that changes in land cover can drive

local, regional, and remote climate impacts (e.g. Pongratz et al., 2010; Swann et al., 2012; Boysen
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et al., 2020). Additionally, changing land model representations of terrestrial processes such as

stomatal conductance and soil hydrology can influence the mean climate state (Lawrence et al.,

2007) and frequency of extremes (Kala et al., 2016).

In this study, we aim to close this gap in the literature by using a coupled PPE to address the

following questions: (1) to what extent can land parameters impact the mean climate state? and

(2) through what mechanisms do land parameters influence climate?

3.2 Methods

3.2.1 Model configuration

We ran PPEs under preindustrial conditions using two configurations of CESM2 (Bitz et al., 2012;

Danabasoglu et al., 2020): a coupled configuration (“coupled”) and an uncoupled, land only con-

figuration (“land-only”). In both the coupled and land-only PPE, the land model (the Community

Land Model version 5, CLM5; Lawrence et al., 2019) was run with prognostic leaf area. In the

coupled ensemble, we ran preindustrial simulations with constant greenhouse gas concentrations

using an active atmosphere (CAM6; Bogenschutz et al., 2018) and a slab ocean (Danabasoglu &

Gent, 2009). Because these simulations have fixed concentrations of greenhouse gasses including

CO2, they capture the biogeophysical impacts of land parameters which is the focus of this paper,

but they do not capture biogeochemical feedbacks. The land-only simulations used a custom at-

mospheric forcing, which was generated by CAM6 in the reference coupled simulation that used

default parameters.

Simulations were run using the branch_tags/PPE.n11_ctsm5.1.dev030 tag for the Commu-

nity Land Model version 5 (CLM5; Lawrence et al., 2019) and the cesm2.2.0 tag for all other

model components. The land was initialized with the spun-up land state from the default model

parameterization which includes the carbon content of soil and vegetation pools. The coupled sim-

ulations use the Community Atmosphere Model 6 (CAM6; Bogenschutz et al., 2018), and a slab

ocean (Danabasoglu & Gent, 2009) which is based on q-fluxes from preindustrial simulations of the

full dynamic ocean model; we did not apply flux corrections. We note that the top of atmosphere

energy imbalance is relatively small and changes minimally across the PPE (average=-0.157 W/m2,

σ=0.010 W/m2; Figure B.1).

https://github.com/ESCOMP/CTSM/releases/tag/branch_tags%2FPPE.n11_ctsm5.1.dev030
https://github.com/ESCOMP/CESM/releases/tag/cesm2.2.0
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Each parameter perturbation simulation, which we refer to as an ensemble member, was run

for 140 years under constant preindustrial greenhouse gas concentrations and land use conditions.

The first 40 years were discarded as spin up, which is long enough for fast atmospheric processes,

leaf area, soil moisture and temperature, and the surface ocean to largely equilibrate (Figure B.2).

3.2.2 Perturbed parameter ensemble design

Our PPEs sampled 18 land parameters (Table B.1), and our parameter selection was informed by

the CLM5 PPE project (data and methods description are available via https://github.com/

djk2120/clm5ppe). The CLM5 PPE differs from ours in that the simulations were run in a land-

only configuration forced with observationally-derived atmospheric data for present-day. Nonethe-

less, the one-at-a-time parameter perturbations provide insight into which parameters might be

meaningful for our coupled PPE. We used two parameter selection criteria: (1) that parameters

would likely have a large impact on the atmosphere, based on results from the CLM5 PPE, and

(2) that parameters spanned different functional areas of the model.

For our first criterion, we ranked all parameters based on multiple metrics of land-to-atmosphere

fluxes (Table B.2, Table B.3), globally and for individual biomes, focusing on the quantities that

the land model passes to the atmosphere model in CESM2 (Table B.4). We quantified parameters

impact on individual biomes by classifying the land surface into the nine Whittaker biomes (Whit-

taker, 1975) and ice sheets based on each grid cell’s mean precipitation and temperature (Table

B.5). Out of 205 total parameters, we identified 40 parameters that appeared in the top five for

more than five rankings. For our second criterion, we then grouped those top 40 parameters into

functional categories, and we selected 18 parameters such that we did not sample more than four

parameters from any given functional category. The 18 parameters we selected are described in

detail in Table B.1 and span nine functional categories: soil hydrology, stomatal conductance and

plant water use, snow, photosynthesis, boundary layer / roughness, radiation, canopy evaporation,

biomass heat storage, and temperature acclimation.

For each parameter, we ran two simulations, where the parameter was perturbed to a minimum

and maximum value (ensemble n = 36). We used the parameter ranges from the CLM5 PPE, which

were determined by domain-area experts based on literature review and expert judgement. Because

https://github.com/djk2120/clm5ppe
https://github.com/djk2120/clm5ppe
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some parameters have larger ranges than others, our analysis includes both the sensitivity of the

climate system to a change in a parameter combined with the uncertainty in that parameter’s range.

We note that this one-at-a-time sampling procedure does not account for parameter interactions,

though we expect that parameter interactions may be of second-order importance based on Fischer

et al. (2011) who finds that nonlinear interactions between parameters were minimal in a stationary

climate.

3.3 Results and Discussion

3.3.1 Mean temperature changes

Our ensemble demonstrates that land parameters can substantially impact the mean climate state.

Global annual mean land surface temperatures range by 2.2°C across our coupled PPE (σ = 0.5°C),

and by over 3°C at some latitudes (σ > 0.65°C above 67°N; Figure 3.1a). Seven out of 18 param-

eters generated a greater than 1°C temperature range (Figure 3.1b), and more than 70% of the

land surface experienced statistically significant changes from the control climate in annual mean

temperature in 20 out of the 36 ensemble members (Figure B.3). Global mean surface temper-

atures (including ocean) ranged by 1.1°C (σ = 0.5°C; Figure B.4-B.5), which is over 40% of the

preindustrial absolute temperature range in CMIP6 (2.4°C, σ=0.58°C; Tett et al., 2022) and CMIP5

(E. Hawkins & Sutton, 2016). Three soil hydrology parameters - frac_sat_soil_dsl_init, d_max,

and fff - had the largest impact on global mean temperature. Land surface temperature changes in

the land-only PPE were generally much smaller than those in the coupled PPE (Figure 3.1), con-

sistent with the fact that atmospheric feedbacks substantially amplify the land surface temperature

response to changing land surface properties (Laguë et al., 2019).

Parameters generally impacted surface temperature with a similar spatial pattern globally. The

leading pattern of temperature change, as quantified by the first empirical orthogonal function

(EOF; Lorenz, 1956) of annual mean surface temperature changes, explains 78% of the variance

across our coupled ensemble (Figure 3.2a, Figure B.6) and is highly correlated with the global

average mean land temperature change (Figure B.7). As expected, the leading EOF in the land-

only ensemble explains less of the temperature variance and has a different spatial pattern (Figure

3.2b), indicating that regional to global-scale atmospheric responses contribute to the consistent
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Figure 3.1: Zonal mean (a) and global mean (b) changes in annual land temperature
across the coupled PPE, relative to the default simulation. Color indicates parameter category,
and only ensemble members perturbing soil hydrology and plant water use parameters are colored
in (a). In (b), bars indicate the range of coupled global mean land surface temperature changes
associated with each parameter, and Xs mark the range of land-only global mean land surface
temperature changes.
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coupled PPE pattern of temperature change because the atmospheric motions act to diffuse regional

anomalies (in effect, averaging the disparate regional responses). Notably, the leading coupled PPE

EOF differs from the typical pattern of radiatively driven warming (e.g. CO2-driven warming,

Figure 3.2c and Appendix B.1), a pattern which is generally consistent across climate models

(Proistosescu et al. 2020). This indicates that the dominant coupled spatial pattern is not only

due to parameter-driven temperature changes kicking off radiative feedbacks (e.g. ice albedo feed-

back, water vapor feedback) which have consistent spatial fingerprints. Rather, this suggests that

land parameter uncertainty drives a consistent temperature response pattern, despite the fact that

parameters influence different terrestrial processes.

The dominant coupled PPE temperature pattern is characterized by temperature sensitivity

hotspots in the grassland ecosystems of both North America and eastern Europe / central Asia,

and larger temperature changes in the Northern Hemisphere than the Southern Hemisphere. Across

the tropics, the temperature response is larger in South America than in tropical Africa or Asia.

This pattern resembles the summer temperature response to soil moisture forcing in the Global

Land-Atmosphere Climate Experiment (GLACE) experiments (Koster et al., 2006; Seneviratne

et al., 2013) which we discuss further in section 3.3. The hemispheric asymmetry of the land

parameter temperature pattern reflects the higher land fraction in the Northern Hemisphere, and

land perturbations have a larger impact on climate in zonal bands with higher land fraction (Laguë

et al., 2021), noting that these are for land-only zonal means and thus already take into account zonal

variation in land fraction. Fischer et al. (2011)’s land PPE also generated larger land temperature

changes in the Northern Hemisphere than in the Southern Hemisphere, but in Fischer et al. high

latitude temperature changes were driven mainly by model sensitivity to snow albedo, while in

our PPE most parameters drive high latitude temperature changes. Our PPE generated a larger

temperature range than Fischer et al., perhaps in part due to the fact that Fischer et al. used a

different slab ocean configuration in their simulations.

3.3.2 Mean precipitation changes

We found that terrestrial precipitation is highly sensitive to land parameter choice. Global annual

land mean precipitation ranged by about 5% (σ= 1%) across our ensemble, and in several regions our
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Figure 3.2: Spatial patterns of annual mean temperature change. The leading EOF of
annual mean temperature change across (a) the coupled PPE and (b) the land-only PPE explain
78% and 65% of the variance across the coupled and land-only PPEs, respectively. The EOFs are
scaled to depict two standard deviations of the variation across the ensemble along that mode of
variability. The bottom panel (c) shows the CESM slab ocean model pattern of warming due to a
doubling of CO2 (B.1).
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PPE drove annual mean precipitation changes of greater than 30% (Figure 3.3a). The same three

soil hydrology parameters which most changed global mean temperature—frac_sat_soil_dsl_init,

d_max, and fff—also had the largest impact on precipitation. These three hydrology parameters

also generated the most extensive spatial coverage of statistically significant annual mean precip-

itation changes (Figure B.8). Across the PPE, less of the land surface experienced statistically

significant changes in annual mean precipitation compared to statistically significant changes in

mean temperature (Figures B.9, B.10).

Changing parameters drove spatially variable signs of precipitation change, in contrast to mostly

consistent signs of temperature change globally (Figure B.11). Similarly, while there was a single

dominant temperature response pattern across our PPE, the patterns of annual mean precipitation

changes were less consistent across ensemble members. The leading EOF of precipitation change

explained 48% of the variance across the PPE (Figure 3.3, B.12) compared to the 78% temperature

variance explained. This aligns with the fact that precipitation is generally more variable over time

than temperature, and some of the variance across the ensemble is likely due to internal variability.

Nonetheless, our PPE identified several hotspots where precipitation is sensitive to land parameter

choice. In particular the North American Great Plains again emerged as a hotspot when considering

precipitation changes on both a percentage (Figure 3.3a) and absolute (Figure B.13) basis.

Surprisingly, precipitation in the Great Plains region was not especially sensitive to land param-

eters in Fischer et al. (2011). However, this region has been identified as a land-atmosphere coupling

hotspot due to soil moisture feedbacks in both modeling (Koster et al., 2006; Santanello et al., 2018;

Zheng et al., 2015) and observational (Ferguson et al., 2012; Abdolghafoorian & Dirmeyer, 2021)

studies. Many land-atmosphere studies use metrics that quantify covariances of surface fluxes and

the land and atmospheric state on daily timescales. Here we are quantifying how land assumptions

influence annual mean climatological precipitation rather than daily precipitation variability, but

this spatial correspondence suggests that changing land parameters may influence long-term climate

through mechanisms similar to the soil moisture feedbacks that drive land-atmosphere coupling on

daily timescales.
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Figure 3.3: Range of annual mean land precipitation change across the coupled PPE.
(a) Map of the range of percent changes in annual mean precipitation across the ensemble. Stippling
indicates regions where precipitation changes were not statistically significant for 31 out of 36
ensemble members. (b) First EOF of precipitation changes across the coupled PPE. (c) Principal
component 1 across parameters. Colors in (c) indicate parameter category as in Figure 3.1.
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3.3.3 Mechanisms through which land parameters influence climate

Parameters relating to soil hydrology and plant water use drove the largest temperature and pre-

cipitation changes in our ensemble (Figure 3.1b, 3.3c), highlighting that hydrological processes

play a critical role in determining land temperature and precipitation. We note that we purpose-

fully chose parameters across a range of model components and that soil hydrology parameters did

not dominate the land-only CLM5 PPE rankings of parameters with the largest impact on global

temperature (Table B.5), so we did not expect a priori that hydrological processes would dominate

the temperature response. We also found that multiple parameters typically evaluated in the con-

text of biogeochemical rather than biogeophysical impacts (e.g., jmaxb0, the baseline proportion

of nitrogen allocated for electron transport; jmaxb1 the response of the electron transport rate

to light availability) can still generate large climate responses through biogeophysical pathways,

consistent with prior work (N. G. Smith et al., 2017). We note that the large climate responses

reflect both the climate sensitivity to a change in a parameter and the magnitude of the parameter

ranges we tested. Parameters that influence boundary layer processes and roughness length drove

the smallest global mean temperature changes, but they generated significant local temperature

and precipitation changes, particularly over ice sheets and snow-covered regions (Figure B.3).

It is challenging to fully disentangle the pathways through which parameters influence climate

because land parameters alter multiple land surface properties simultaneously. For example, in-

creasing the parameter kmax, which sets the maximum plant hydraulic conductance, simultaneously

changes the land surface evaporative resistance, albedo, and aerodynamic roughness, all of which

influence temperature through different mechanisms. Increasing kmax decreases evaporative resis-

tance by increasing the rate at which plants can transpire water, which decreases land temperatures.

In regions with abundant soil moisture, increasing kmax also decreases plant water stress and in-

creases leaf area, which changes albedo and thereby temperature. Increased photosynthetic rates

due to reduced plant water stress also increases vegetation height, which can increase aerodynamic

roughness, driving further cooling.

We used multiple linear regression to disentangle the extent to which land precipitation and

temperature changes across our coupled PPE are driven by three land surface properties: albedo

(α), evaporative fraction (EF), and a measure of aerodynamic coupling (ra) (Appendix B.2). We
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note that we use the term “land surface properties” to refer to these emergent properties of the

land surface that directly influence land-to-atmosphere energy and water fluxes, as opposed to

“parameters” which are values that are directly encoded in equations representing specific terrestrial

processes in the land model. We use albedo, evaporative fraction, and aerodynamic coupling as

predictors in our analysis because those are the primary mechanisms through which land surface

changes can impact the atmosphere. Our analysis further emphasizes that evapotranspiration

changes dominate the spread in land surface temperature and precipitation responses across our

PPE. Changes in evaporative fraction explained the most variance across our ensemble, with albedo

playing a secondary role (Figure 3.4). Coupled temperature changes due to changes in aerodynamic

coupling were minimal. The dominance of the evapotranspiration mechanism in our PPE may in

part be due to the subset of parameters we selected from the 40 top parameters identified based

on CLM5-PPE output. Nonetheless, our results demonstrate that land parameters’ influence on

evapotranspiration is an important (and potentially the dominant) mechanism whereby which land

parameters influence the mean climate state.

Further, the dominance of the evapotranspiration mechanism across our ensemble may explain

why the leading EOF explains such a high percentage of temperature change variance, and why

temperature and precipitation changes are correlated with each other (see, e.g., Figures B.6, B.7,

and B.12). While we initially designed the PPE to sample multiple processes across CLM’s high-

dimensional parameter space (including photosynthesis, snow processes, radiation, etc.), parameters

mainly impacted surface climate through changes in evapotranspiration, resulting in an ultimately

low-dimensional ensemble of climate responses. We hypothesize that the leading EOFs of tem-

perature and precipitation changes capture the atmospheric response to land evapotranspiration

changes, which is supported by the strong correlation between land-only changes in evaporative

fraction and the leading coupled temperature and precipitation EOFs (Figure B.14). The spatial

correspondence of mean climate changes between our PPE and GLACE experiments (Seneviratne

et al., 2013) further supports this interpretation, because in GLACE experiments soil moisture

forcing is also influencing climate by modifying turbulent fluxes. However, we note that the climate

responses in our PPE are not directly driven by soil moisture changes. Rather, land parameter per-

turbations influence land evaporative resistance, which directly influences land evapotranspiration

independently of any soil moisture change. That land evapotranspiration change (and associated
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albedo, and (d) aerodynamic resistance across all ensemble members. Colors indicated parameter
category, as in Figure 3.1.
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climate feedbacks) can in turn influence soil moisture, but in our experimental design soil moisture

changes are an effect or feedback, rather than an external forcing.

It has long been recognized that changes in soil moisture and evaporative resistance can impact

climate (Shukla & Mintz, 1982; Sellers et al., 1996; Seneviratne et al., 2013; Laguë et al., 2019), but

this is the first study to our knowledge that quantifies how parameter uncertainty associated with

terrestrial controls on evapotranspiration impacts mean climate, and compares the impact of the

evapotranspiration mechanism to other land surface property changes. For example, the only previ-

ous study that quantified the global biogeophysical impact of land parameter uncertainty (Fischer

et al., 2011) did not evaluate the relative impact of evapotranspiration, albedo, and aerodynamic

resistance changes on climate. Leveraging the results of the land-only CLM5-PPE enabled us to

take a more systematic approach to parameter selection, yielding new insights which may not have

emerged had we chosen parameters based on our own assumptions or prior work. This highlights

the value of projects that systematically quantify and report parameter uncertainty in land models

(e.g. the CLM5 PPE), which we encourage land modeling groups to incorporate as a standard part

of model development and documentation efforts. This study also underscores the importance of

developing better observational constraints for land parameters which influence evapotranspiration.

3.4 Conclusions

This study highlights a large and underappreciated impact of land processes in determining the

mean climate state. We used a PPE to quantify the biogeophysical impact of land parameters on

terrestrial climate. We found that land parameters can substantially impact mean temperature and

precipitation, primarily through parameters’ influence on evapotranspiration, and that uncertainty

associated with soil hydrology and plant water use parameters drive the largest spread in the mean

climate state. Uncertainty in land models’ representation of land surface fluxes stems from multiple

sources: internal variability, model structure, and model parameters. This study focuses on the

effect of land parametric uncertainty, but our results demonstrate the importance of land process

uncertainty more generally because both model structure and parameters control the land surface

properties (e.g., evaporative resistance) that ultimately influence climate.

Biases in land evapotranspiration have been invoked as possible drivers for several persistent
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ESM biases (e.g., the central United States warm and dry summer biases, Klein et al., 2006; Cheruy

et al., 2014; Williams et al., 2016; Y. Lin et al., 2017; Morcrette et al., 2018; Zhang et al., 2018; Ma

et al., 2018; Mueller & Seneviratne, 2014), and this work directly shows how land assumptions can

influence the mean climate at regional and global scales, demonstrating the importance of including

land perspectives in the assessments of model biases. Additionally, this study underscores that

land processes primarily discussed in the context of carbon cycle uncertainty (e.g. photosynthesis)

can have large biogeophysical impacts on the physical climate, in addition to their influence on

atmospheric CO2 concentration.

There has been a concerted effort across climate modeling centers to create ‘digital twins’ of the

Earth (e.g., Voosen, 2020; X. Li et al., 2023) by increasing climate model resolution, thereby en-

abling direct modeling of fine-scale atmospheric processes such as convection that are subgrid-scale

parameterizations in coarser scale models (Betancourt, 2022). While increased resolution will likely

diminish biases associated with some atmospheric processes, increased resolution does less to im-

prove land process representation because many land processes occur at molecular to hillslope scales

and therefore will continue to require subgrid parameterizations (Fisher & Koven, 2020; Reichstein

et al., 2019; Balaji et al., 2022). Further, finite computational resources imply tradeoffs between

increasing resolution and the number of ensembles to quantify parameter uncertainty and calibrate

models. If atmospheric-focused model advancements are not accompanied by efforts to improve

land models, land parameter uncertainty may remain a persistent driver of climatological uncer-

tainty and biases, even in the next generation of high-resolution climate models. Recognizing that

land process uncertainty influences climate also presents an opportunity for model improvement.

The climate modeling community has historically devoted more effort to atmospheric uncertainty

than to land uncertainty (Hourdin et al., 2017). We hypothesize that committing comparable re-

sources to land parameter calibration could drive rapid improvements in model representation of

present-day climate.

By demonstrating that land parameters influence the mean climate state, we hope that this

study will stimulate further research into the climate impacts of land process uncertainty by a

broader geophysical research community. In particular, our results suggest there is potential for

land parameter uncertainty to influence the sensitivity of land temperature trends to historical and

future climate forcing, and we plan to test this in future work. Because the evaporative fraction
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influences how much the land surface warms in response to radiative forcing, we hypothesize that

changing parameters that influence the baseline evaporative fraction will influence the modeled

trajectory of land surface temperatures under increasing greenhouse gas concentrations, even if the

evaporative fraction were to remain constant over time. Furthermore, land processes influence how

the evaporative fraction changes over time, for example due to plant physiological responses to

CO2 (Lemordant et al., 2018). Quantifying how land parameter uncertainty influences future land

temperature trajectories should be a high research priority.

While land modeling has substantially expanded beyond its initial scope of providing lower

atmospheric boundary conditions into its own subdiscipline and research community, land models’

continued role as atmospheric boundary conditions means that a broader climate science community

must engage with land processes (and uncertainty therein) in order to understand and model the

physical climate system.
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Chapter 4

ATMOSPHERIC FEEDBACKS MODULATE CHANGES IN
LAND WATER AND CARBON FLUXES

Abstract

Terrestrial processes such as photosynthesis and the movement of water through soils can influence

climate from local to global scales by controlling land-to-atmosphere fluxes of water, energy, and

carbon. Terrestrial processes are also influenced by climate, as demonstrated by the large body

of research exploring how the terrestrial water and carbon cycles respond to climate change. Bio-

geophysical land-atmosphere feedbacks can therefore potentially modulate changes in land surface

water and carbon fluxes. However, the influence of land-atmosphere feedbacks on terrestrial pro-

cesses has been underexplored. We use a novel experimental design of paired perturbed parameter

ensembles (PPEs) to isolate the extent to which atmospheric feedbacks modulate land parame-

ters’ impact on the global water and carbon cycles. We perturb 18 land parameters spanning a

wide range of terrestrial processes in two PPEs: one where the atmosphere can respond to land

surface changes, and one where the land is forced with a fixed atmosphere. We found that atmo-

spheric feedbacks’ influence on evapotranspiration depends on the climatological moisture regime:

atmospheric feedbacks dampen evapotranspiration changes in wet regions but amplify evapotran-

spiration changes in some dry regions. Land-atmosphere feedbacks do not consistently amplify or

dampen photosynthesis changes, but we identified regional hotspots where land-atmosphere feed-

backs have a larger impact on photosynthesis. Our analysis provides insights into where and how

atmospheric feedbacks modulate terrestrial processes, posing a challenge to the widespread practice

of developing and evaluating land models in an uncoupled configuration and then deploying them

to understand and predict terrestrial processes in a coupled context.
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4.1 Introduction

Terrestrial processes such as photosynthesis and the movement of water through soils influence

climate from local to global scales by modifying land-to-atmosphere fluxes of water, energy, and

momentum. These processes are also directly influenced by climate, due to their dependence on

air temperature, relative humidity, net radiation, and soil moisture. The land and atmosphere

are therefore a coupled system, in which biogeophysical land-atmosphere feedbacks can potentially

modulate changes in land surface water and carbon fluxes. An extensive body of literature has

long established mechanisms through which land processes impact the atmosphere (i.e., the land-

to-atmosphere branch of this coupled system), as well as how the atmosphere impacts land water

and carbon fluxes (i.e., the atmosphere-to-land branch). However, the impact of coupled feedbacks

in modulating changes in land water and carbon fluxes remains underexplored.

In the atmosphere-to-land branch of the coupled system, it has been long established that climate

is a primary control on evapotranspiration (ET) and photosynthetic rates. Evapotranspiration

is fundamentally limited by terrestrial water availability and the atmospheric demand for water

(Budyko, 1974), which are determined by soil moisture (and therefore precipitation), near-surface

vapor pressure deficit (which is a function of temperature and relative humidity), and net radiation

at the land surface. Similarly, it is long established that on short timescales photosynthetic rates

vary with air temperature, vapor pressure deficit, and soil moisture. On longer timescales, climate is

the dominant filter on where different plant types grow (Whittaker, 1975). This climate sensitivity

of the terrestrial water and carbon cycles has stimulated an entire field of global change research

that seeks to understand how the water and carbon cycles respond to modern climate change.

In the land-to-atmosphere branch of this coupled system, it has similarly long been recognized

that land surface water and energy fluxes exert a strong control on Earth’s physical climate, stem-

ming back to Shukla & Mintz (1982). Since then, multiple studies have demonstrated that changing

biogeophysical land surface properties can impact air temperature (Sellers et al., 1996), precipita-

tion (Kooperman et al., 2018; Saint-Lu et al., 2019), relative humidity (Lemordant et al., 2018),

and cloud cover (Zarakas et al., 2020; Kim et al., 2020; Teuling et al., 2017). Idealized model ex-

periments have found that decreasing evapotranspiration drives substantial global warming (Laguë

et al., 2019; Kong et al., 2023), changes in the spatial distribution of precipitation (Pietschnig et
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al., 2021), and changes in shortwave and longwave radiative fluxes due to changes in cloud cover

and air temperature (Kong et al., 2023). Model analysis of the biogeophysical impacts of plant

physiological responses to CO2 similarly indicate that physiologically driven evapotranspiration

declines lead to warming (Zarakas et al., 2020), decreases in relative humidity (Lemordant et al.,

2018), zonally asymmetric changes in tropical precipitation (Kooperman et al., 2018), and decreases

in cloud cover (Park et al., 2021). An extensive body of literature on the impacts of changes in

vegetation cover provide further evidence of land surface biogeophysical impacts on atmospheric

processes, in both modeling (Pongratz et al., 2010; Swann et al., 2012; Boysen et al., 2020) and

observational (Teuling et al., 2017) studies, though such studies typically do not disentangle the

impact of changing evapotranspiration from changing albedo and land surface roughness.

The fact that so many studies have identified strong land-to-atmosphere and atmosphere-to-land

branches of the coupled land-atmosphere system suggest a potential for land-atmosphere feedbacks

to further modulate changes in land surface water and carbon fluxes. However, the atmosphere’s

role in modulating land-driven changes in water and carbon fluxes remains unquantified on a global

scale. Most previous studies evaluate the biogeophysical impact of land surface changes either in a

land only context (i.e., not accounting for land-atmosphere feedbacks at all) or in a fully coupled

context (i.e., quantifying the net change in land fluxes without the ability to attribute how much of

the response is from feedbacks). While some coupled studies invoke land-atmosphere feedbacks as

important drivers of the net coupled land surface changes (e.g. pointing to moisture recycling in the

Amazon as likely amplifying the photosynthesis response to land cover change), it is rare for coupled

modeling studies to unambiguously disentangle the extent to which (or mechanisms through which)

land-atmosphere feedbacks contribute to the net coupled land response. In isolation, neither coupled

nor land-only simulations alone are able to directly disentangle the influence of land-atmosphere

feedbacks on the overall coupled change in land water and carbon fluxes.

There have been a handful of studies which have isolated the influence of atmospheric feedbacks

on land surface fluxes through complementary coupled and land-only simulations. Laguë et al.

(2019) compared coupled and land-only simulations to isolate the impact of atmospheric feedbacks

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

Shum et al. (2023) used an unconventional combination of coupled and land-only simulations to

show how forest establishment in North American high latitudes drives regional climate changes
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which would encourage further boreal forest expansion. A few studies have also combined coupled

simulations with model-derived vegetation climate sensitivities to estimate the extent to which

changes in vegetation cover can drive regional climate changes that influence photosynthesis (Y. Li

et al., 2022; Staal et al., 2023).

However, prior work has focused on idealized changes to land surface properties and specific

regional dynamics. We still lack a global understanding of how coupled land-atmosphere feedbacks

modulate changes in the terrestrial water and carbon cycles. In this study, we quantify how bio-

geophysical land-atmosphere feedbacks modulate changes in land water and carbon fluxes using a

unique paired perturbed parameter ensemble experimental design to isolate the atmosphere’s role

in modulating terrestrial processes. We ask the following questions: (1) how do land-atmosphere

feedbacks modulate land-driven changes in mean evapotranspiration and photosynthesis, and (2)

what mechanisms determine the sign and spatial pattern of these land-atmosphere feedbacks?

4.2 Methods

4.2.1 Paired perturbed parameter ensembles

We ran paired perturbed parameter ensembles (PPEs) under preindustrial conditions using two

configurations of CESM2 (Danabasoglu et al., 2020): a coupled configuration (“coupled”) and

an uncoupled, land only configuration (“land-only”), which are described in detail in section 3.2.

For both PPEs, we ran one-at-a-time parameter perturbation experiments for 18 land parameters,

where we perturbed each parameter to a minimum and maximum value (ensemble n = 36) based on

plausible parameter ranges determined by the CLM5-PPE. The parameter selection procedure and

model configurations are described in more detail in section 3.2.2. The 18 parameters we sampled

parameterize diverse terrestrial processes, including soil hydrology, photosynthesis, and stomatal

conductance. The land parameters included in our PPE are described in detail in Table B.1, and

our parameter selection was informed by the CLM5 PPE project (data and methods description

are available via https://github.com/djk2120/clm5ppe). We note that the goal of this study is

not to quantify parameter uncertainty, but rather to leverage this PPE dataset to gain mechanistic

insights into how atmospheric feedbacks modulate changes in terrestrial processes.

In the coupled PPE, the atmosphere responds to changes in land surface parameters (i.e. atmo-

https://github.com/djk2120/clm5ppe
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spheric feedbacks are turned on), while in the land-only PPE, the atmospheric state is prescribed

at 3-hourly resolution to match the atmosphere simulated by CAM6 in the reference coupled sim-

ulation that used default parameters (i.e. atmospheric feedbacks are turned off). We can therefore

quantify the impact of atmospheric feedbacks on terrestrial processes by making pairwise compar-

isons between each coupled and land-only ensemble member. This study focuses on land-atmosphere

feedbacks over non-glaciated land, so we exclude all gridcells which contain snow during all months

of the average year.

4.2.2 Disentangling the land-to-atmosphere and atmosphere-to-land branches

of land-atmosphere feedbacks

We identify the mechanisms through which atmospheric feedbacks modulate changes in land surface

processes by decomposing the overall feedback into two branches: the land-to-atmosphere branch

and the atmosphere-to-land branch. Atmospheric feedbacks can modulate terrestrial processes

only when changing land processes impact atmospheric quantities that are inputs to the land

model (Table 4.1). We therefore focus on these quantities, particularly near-surface atmospheric

temperature, precipitation, and humidity, and surface radiation.

Isolating how land surface fluxes impact the atmosphere

We use linear regression to quantify the sensitivity of atmospheric state variables to local changes in

evapotranspiration. We regress coupled changes in atmospheric state variables on land-only evap-

otranspiration changes in order to isolate the land-to-atmosphere branch of the land-atmosphere

feedback. In the coupled PPE, changes in evapotranspiration are due to both land parameter

changes and atmospheric changes (e.g., evapotranspiration changes driven by changes in precipi-

tation), but in the land-only PPE, evapotranspiration changes are only due to initial land surface

parameter perturbation. We define the sensitivity of atmospheric state variables to changes in

evapotranspiration as the slope of the regression. For example, we calculate the precipitation sen-

sitivity to evapotranspiration (
∂Pcoupled

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

land-only changes in evapotranspiration for each grid cell across the 36 PPE ensemble members.
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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 4.1: Atmospheric inputs to the land model in CESM. Adapted from Table 2.4 in
the CLM5 Technical Note
∗ These quantities cannot change in our model configuration
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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 4.2: Idealized land-only simulations.

Isolating how atmospheric changes impact land surface fluxes

We identify how changes in atmospheric quantities influence land surface fluxes by running addi-

tional idealized land-only simulations. We ran idealized land-only simulations where we modified

the atmospheric quantities that impact the atmosphere (Table 4.2). This method allows us to

quantify the terrestrial response to mean state climate changes, but does not assess the terrestrial

response to shorter timescale atmospheric variability, which land parameter perturbations can also

impact. From these simulations, we calculate the land sensitivity to that meteorological driver (e.g.

the sensitivity of evapotranspiration to precipitation change is ∂ET
∂P ).

Decomposing the influence of atmospheric feedbacks upon evapotranspiration and pho-

tosynthesis

We then quantify the extent to which different atmospheric quantities contribute to the overall

fractional change in evapotranspiration due to atmospheric feedbacks (∆ETfeedback) using Equation

4.1:
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∆ETfeedback =
∑
X

(
∂Xcoupled

∂ETland−only

∂ET

∂X

)
(4.1)

where
∂Xcoupled

∂ETland−only
is the sensitivity of atmospheric quantity X to changes in evapotranspiration

(as diagnosed through regression), and ∂ET
∂X is the sensitivity of evapotranspiration to changes in

atmospheric quantity X (as diagnosed through idealized synthetic meteorology simulations using

the land-only model configuration). We sum over the major atmospheric inputs to the land model:

temperature at the lowest atmospheric level, total precipitation, specific humidity at the lowest

atmospheric level, incident solar radiation, and incident longwave radiation.

We use a similar equation for gross primary production (GPP), with the key difference being

that we do the decomposition using the simulated coupled change in each atmospheric quantity

(∆X) instead of the sensitivity of the atmospheric quantity to changes in GPP, because we found

that atmospheric responses to GPP were parameter dependent (as described in Section 4.3):

∆GPPfeedback =
∑
X

(
∆X

∂GPP

∂Xcoupled

)
(4.2)

4.2.3 Potential evapotranspiration

We calculate potential evapotranspiration (ET in units of mm/s or L in units of W/m2) from

monthly data using the Penman-Monteith equation:

L = λET =
sR∗

net +
ρacp
rah

D

(1 + raw
rah

)γ + s
(4.3)

which represents potential evapotranspiration as a function of the net radiation at surface minus

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

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

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

of vaporization (J/kg), respectively. Potential evapotranspiration also depends on two resistances:

rah, the aerodynamic resistance to water vapor transfer from the surface to near-surface air (s/m),

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

We calculate changes in potential evapotranspiration to illustrate changes in atmospheric controls
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on evapotranspiration in coupled simulations. We therefore use the default FAO (Allen et al. 1998)

definitions of rah and raw for a reference crop, for which raw is 70 s/m and rah is defined as a

function of wind speed:

rah =
ln(

zm− 2
3
h

0.123h )ln(
zm− 2

3
h

0.0123h)

k2uz
(4.4)

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

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

4.3 Results and Discussion

4.3.1 Atmospheric modulation of evapotranspiration changes

We found that atmospheric feedbacks substantially modulate evapotranspiration changes, and that

the sign of the impact of atmospheric feedbacks varies spatially (Figure 4.1a). Atmospheric feed-

backs generally dampen land-driven changes in evapotranspiration in climatologically wet regions,

while in warm and dry regions atmospheric feedbacks either amplify evapotranspiration changes

or are not statistically significant (Figure 4.1a-b). In the Budyko framework (Budyko, 1974), this

corresponds to dampening atmospheric feedbacks in energy-limited locations where there is more

annual precipitation than energy available to evaporate it (Rnet < λP , where P is the precipitation

rate) and amplifying feedbacks or no feedbacks in moisture-limited locations where evapotranspira-

tion (ET ) is instead controlled by water availability. The magnitude of this atmospheric modulation

is significant, particularly in the energy-limited regime, where atmospheric feedbacks can dampen

evapotranspiration changes by 20 to 60%.

The Amazon (Figure 4.2f) is a classic energy-limited region, both in our model experiments and

in observations. In the Amazon (indicated by a black circle in Figure 4.1a), increasing the maximum

hydraulic conductance of plants (kmax) leads to a 20.2 W/m2 increase in evapotranspiration in

a land-only framework. If the atmosphere is allowed to respond to that land surface change,

the same parameter perturbation leads to a much smaller increase in evapotranspiration of 13.2

W/m2, indicating that atmospheric feedbacks dampen the initial evapotranspiration change by

about 35%. This linear scaling is remarkably consistent at this location across the whole PPE

(average dampening is 37%, R2=0.94). In contrast, a site in Eastern Ukraine (Figure 4.1e) is an
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Figure 4.1: Influence of atmospheric feedbacks on land evapotranspiration. Slope of
regression between coupled and land-only changes in evapotranspiration (a) spatially, (b) average
in each mean climate space (T , P ), and (c) in the Budyko energy- and moisture-limited frame-
work (Budyko, 1974). Reds indicate regions where land-atmosphere feedbacks amplify changes in
evapotranspiration, and blues indicate regions where land-atmosphere feedbacks dampen changes
in evapotranspiration. Stippling indicates regions where the slope is not statistically significantly
different from 1. In (b), the average slope in (a) is binned by climate space (annual mean tem-
perature and precipitation). Only climate bins that contain greater than 10 gridcells in (a) are
shown. 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 = Rnet) and moisture limits (ET = P )
on evapotranspiration. Analysis in (a)-(c) excludes land that is covered in snow year round. ET ,
Rnet, and P in (c) are from the coupled reference case.
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example of a water-limited site in this ensemble. Here, soil hydrology parameters have the largest

impact on evapotranspiration, for example decreasing the decay factor for fractional saturated area

(fff) to the minimum value decreases evapotranspiration by 5.3 W/m2 in a land-only framework,

but by 7.9 W/m2 in a coupled framework (48% amplification). On average, atmospheric feedbacks

amplify evapotranspiration changes by 72% at this location (R2=0.88).

ET differs between the land-only and coupled PPEs due to the influence of atmospheric responses

to global-scale land parameter perturbations. Our goal in this study is to quantify the impact of

global-scale atmospheric feedbacks on land surface fluxes, and to identify where, and through what

mechanisms, atmospheric feedbacks lead evapotranspiration to respond differently in a coupled

context than in a land-only context. We therefore adopt the null hypothesis that atmospheric

feedbacks do not modulate changes in land surface fluxes (i.e., in each grid cell that ∆ETcoupled =

∆ETland−only, or in the context of the linear regression, that the slope equals 1). However, we note

that in the coupled context, both local and remote land surface changes can impact the atmosphere

in a given grid cell.

We do not directly disentangle locally-driven atmospheric changes from remotely-driven at-

mospheric changes, but use the fraction of variance explained by local regression with land-only

evapotranspiration changes as a proxy for the extent to which local to regional evapotranspiration

changes are responsible for the observed atmospheric feedbacks (see section 4.3.2). In many tropi-

cal and temperate humid to semi-arid regions, local regression explains a large fraction of variance

across the coupled PPE, suggesting a dominant role of local to regional land surface changes. How-

ever in deserts and the high-latitudes, local evapotranspiration changes explain less than 10% of the

variance in the coupled ensemble, suggesting that the coupled evapotranspiration changes in those

locations are driven by atmospheric responses to remote land surface changes. For example, in

the northern Russia example location (Figure 4.2b), the slope of the line of best fit is statistically

significantly different from one, indicating that atmospheric responses significantly alter evapo-

transpiration changes, and that local land-only evapotranspiration changes are a poor predictor of

coupled evapotranspiration responses (and consequently, if one were to try to use a land-only PPE

to estimate how global-scale parameter uncertainty impacts high-latitude evapotranspiration fluxes,

the land-only PPE would give the wrong answer). However, this linear regression only explains 27%

of the variance in evapotranspiration across the coupled PPE at this site, indicating that in the
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coupled PPE, evapotranspiration may be primarily responding to remotely-driven climate changes.

This would be consistent with prior work which has shown that evapotranspiration changes in mid-

to-high latitudes can drive Arctic amplification (Park et al., 2020) and alter atmospheric energy

transport (Laguë et al., 2019).

In the global average, atmospheric feedbacks slightly dampen global mean changes in evapo-

transpiration (by 14% on average, Figure 4.2a) because most of the Earth’s evapotranspiration

occurs in wet regions, so the wet regime atmospheric feedbacks dominate the global signal. The

one amplifying exception is the minimum decay factor for fractional saturated area (fff), which

has the largest impact on evapotranspiration in desert and semi-arid regions.

Mechanism

The impact of atmospheric feedbacks on evapotranspiration varies depending on the climatological

water regime because changing land evapotranspiration impacts multiple atmospheric quantities

simultaneously, and the climatological water regime determines which atmospheric changes exert

the strongest control on evapotranspiration at that location. We can see this climatological depen-

dence clearly in idealized simulations where we modify temperature and precipitation independently

(Figure 4.3). Increasing precipitation increases evapotranspiration, with the largest evapotranspi-

ration increases occurring in moisture-limited locations (Figure 4.3a-c). Increasing temperature

also increases evapotranspiration, but has the largest impact in energy-limited locations (Figure

4.3d-f) because increasing temperature while maintaining constant specific humidity increases the

atmospheric demand for moisture due to the Clausius-Clapeyron relationship.

Atmospheric feedbacks dampen evapotranspiration changes in energy-limited regions because

(1) increasing evapotranspiration decreases the atmospheric demand for moisture and (2) evapo-

transpiration in these regions is limited by the atmospheric demand for water and energy available

to evaporate water (i.e., the potential evapotranspiration, PET), rather than by water availabil-

ity. Increasing evapotranspiration decreases PET (Figure 4.4a) primarily by decreasing the vapor

pressure deficit (Figure 4.4c), which is the atmospheric demand for moisture. This VPD decrease

is driven by the fact that increasing evapotranspiration cools (Figure 4.5a) and generally moistens

(Figure 4.5b) the near-surface air. This leads to global increases in near-surface relative humidity
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Figure 4.2: Relationship between land only and coupled changes in latent heat flux,
globally (a) and for several example locations (b-f), as marked in Figure 4.1. 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 B.1. 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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Figure 4.3: How atmospheric changes impact evapotranspiration. Evapotranspiration
(W/m2) response to idealized meteorological treatments of (a) decreasing precipitation, (b) increas-
ing precipitation, (d) decreasing temperature, and (e) increasing temperature. The right column
bins the evapotranspiration responses to increasing precipitation (c) and decreasing temperature
(f) in the Budyko framework. ET , P , and Rnet which define the Budyko space in panels (c) and (f)
are from the reference simulation. The coupled and land-only reference simulations are identical
because the land-only PPE is forced with the meteorology from the coupled reference case.
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Figure 4.4: ET influences on potential evapotranspiration (PET) and precipitation.
Sensitivity of PET and precipitation to ET, quantified by linear regression as described in section
4.2.2. Positive values indicate that increasing evapotranspiration increases the atmospheric variable.
Stippling indicates regions where the slope is not statistically significantly different from 0. An
increase in ET in 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 Rnet component.

(Figure 4.5c) and decreases the vapor pressure deficit (Figure 4.5d). This decrease in the at-

mospheric demand for moisture dampens the initial evapotranspiration change in regions where

evapotranspiration rates are primarily controlled by atmospheric demand. VPD (and consequently,

PET) also decreases in water-limited regions, but in those locations this change in atmospheric

demand influences evapotranspiration less because evapotranspiration is controlled primarily by

precipitation rather than by atmospheric demand for water.

Increasing evapotranspiration also drives radiative changes (Figure 4.6) due to decreases in

surface temperature and near-surface air temperature, as well as changes in cloud cover. However,

these radiation changes largely cancel each other out, leading to small changes in net absorbed

radiation Rnet and only minor radiation-driven changes in PET (Figure 4.4d).

In contrast, atmospheric responses amplify evapotranspiration changes in some dry regions

where (1) increasing evapotranspiration increases precipitation, and (2) evapotranspiration is moisture-

limited and therefore more sensitive to precipitation changes. Increasing evapotranspiration in-

creases precipitation in some regions (Figure 4.4b), likely due to a combination of local land-

atmosphere coupling (e.g. as is typical in the Great Plains) and larger scale circulation responses
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Figure 4.5: Influence of evapotranspiration on vapor pressure deficit. Sensitivity of (a)
air temperature, T , (b) specific humidity, q, (c) relative humidity, RH, and (d) vapor pressure
deficit, VPD, to changes in ET. Sensitivities are quantified by linear regression as in Figure 4.4.
Increasing evapotranspiration decreases T globally (a), and increases q in many regions (b). This
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Figure 4.6: Influence of evapotranspiration on net radiation. Sensitivity of surface energy
fluxes to changes in evapotranspiration, as in Figure 4.4. 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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(e.g. asymmetric precipitation responses to evapotranspiration reductions as in Kooperman et al.

(2018) or shifts in the inter-tropical convergence zone). Precipitation increases can increase soil

moisture, thereby amplifying the initial evapotranspiration increase. Atmospheric feedbacks do not

amplify evapotranspiration changes in all dry or transitional locations because increasing evapo-

transpiration does not increase precipitation in all of these regions. There are also some regions

(e.g., the Amazon) where increasing evapotranspiration increases precipitation, but does not lead to

an amplifying feedback because evapotranspiration is relatively insensitive to precipitation changes

in wet regions.

By linearly combining the land sensitivity to each of these factors, we can decompose the

overall land-atmosphere feedback into different components (Figure 4.7). This linear decomposition

captures the actual atmospheric modulation reasonably well (compare Figure 4.7a and b), including

the emergent dependence on the climatological moisture regime.

Alignment with prior work

While no prior study has quantified the full feedback through which atmospheric responses modulate

changes in land evapotranspiration, our results are broadly consistent with prior work. Laguë et

al. (2019) discuss the impact of atmospheric feedbacks on latent heat changes in a global mean

sense, and note that increasing evaporative resistance drives smaller changes in latent heat flux in

land-only simulations than in coupled simulations. They hypothesize that this is due to reduced

evapotranspiration driving increased atmospheric demand for water in coupled simulations, which

is consistent with the mechanism that we demonstrate here for energy-limited regions.

Additionally, the land-to-atmosphere and atmosphere-to-land branches of our identified feed-

back mechanism are both supported by first principles. The fact that precipitation would have a

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

ET in energy-limited regions follows from the long-established Budyko framework. Similarly, on

local scales the surface energy budget requires that increasing ET decreases land surface temper-

atures, which is the dominant driver of VPD declines in our simulations. Multiple studies have

demonstrated that this relationship between ET and temperature holds true in a coupled context

on regional to to global scales (Shukla & Mintz, 1982) under modern continental configurations
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Figure 4.7: Linear decomposition of the atmospheric modulation of evapotranspiration
changes. Contribution of temperature (c), precipitation (d), specific humidity (e), downwelling
shortwave (f), and downwelling longwave (g) to atmospheric modulation of evapotranspiration
changes. Estimated atmospheric modulation of ET changes due to the sum of these terms (a),
which can be compared to the actual atmospheric modulation (b) across the PPE. 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 (amplifying) atmospheric feedback.
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(though see Laguë et al., 2021). In the results presented here we show this directly and explicitly.

The amplifying land-atmosphere feedback mechanism we identified in moisture-limited regions is

also consistent with the soil moisture feedbacks literature, though soil moisture forcing studies quan-

tify land-atmosphere feedbacks in an alternative framework. The more traditional land-atmosphere

feedback literature adopts a framework where soil moisture is the driver, and the metric of interest

is the strength of coupling between soil moisture and precipitation (i.e., SMcoupling = ∂P
∂SM ) or tem-

perature. This coupling strength can be decomposed into the terrestrial contribution ( ∂ET
∂SM ) and

the atmospheric contribution ( ∂P
∂ET ), such that SMcoupling = ∂P

∂SM = ∂ET
∂SM

∂P
∂ET . Analysis of GLACE

experiments and observations identify transitional regions to be regions of strong soil moisture-

precipitation coupling (Koster et al., 2006; Seneviratne et al., 2013), which align with the regions

identified in this study where coupling enhances perturbations in ET compared to land-only per-

turbations. However, we note that we are quantifying a different kind of atmospheric feedback, in

that we consider evapotranspiration to be the driver of the feedback loop, such that soil moisture

is a part of the feedback loop rather than an external driver. For example, consider a water-limited

location that is unaffected by changes in VPD or net radiation. This study would quantify the

atmospheric modulation of long-term ET changes as
∂Pcoupled

∂ETland−only

∂ET
∂P , which can be further de-

composed into ∂P
∂ETland−only

∂SM
∂P

∂ET
∂SM . Our atmospheric modulation metric therefore has the soil

moisture coupling strength embedded in it, but is quantifying a different feedback. Our analysis

also differs from the traditional land-atmosphere feedback literature in that many (though not all)

land-atmosphere feedback papers focus on daily to interannual variability in soil moisture, evap-

otranspiration, and precipitation, while we are focusing on atmospheric modulation of long-term

(climatological) changes in land water fluxes.

Additionally, by adopting a more holistic perspective on land-atmosphere feedbacks beyond just

the soil moisture-ET-precipitation feedback, we are able to explore atmospheric feedbacks’ influence

on ET in regions that are primarily radiation limited and therefore insensitive to soil moisture

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

feedback mechanism which is consistent with longstanding theory but underemphasized in the

traditional land-atmosphere feedback literature.
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4.3.2 Differences between atmospheric modulation of evapotranspiration and

photosynthesis

Atmospheric modulation of photosynthesis differs from atmospheric modulation of evapotranspi-

ration in several key ways. First, atmospheric feedbacks have a smaller impact on GPP than on

ET (Figure 4.8c-d). Land-only ET changes only explain about 51% of the variance in coupled ET

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

(averaged globally from Figure 4.8d). This means that atmospheric feedbacks change ET more than

they change GPP. When considering global mean changes in GPP and ET, land-only GPP changes

explain about 98% of the variance in global mean ∆GPPcoupled, while land-only ET changes explain

about 91% of the variance in global mean ∆ETcoupled.

Second, ET and GPP differ in how consistent atmospheric feedbacks are across the PPE. For

ET, there is spatial variation in how atmospheric feedbacks modulate ET changes, but for any given

location the direction of atmospheric feedbacks are quite consistent (i.e., consistently dampening

or consistently amplifying ET changes), regardless of what parameter drove the initial ET change

(Figure C.2a-d). Because of this, the line of best fit relating ∆ETcoupled and ∆ETland−only is statis-

tically different from one across 57% of the land surface. Estimating ∆ETcoupled as a linear function

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

across the ensemble, particularly in wet regions (Figure 4.8g). In contrast, atmospheric modulation

of GPP is more parameter dependent (Figure C.2). Because of this, estimating ∆GPPcoupled as

a linear function of ∆GPPland−only does not meaningfully improve the amount of ∆GPPcoupled

variance explained (Figure 4.8h).

Finally, when considering variance in ET and GPP on an absolute basis, atmospheric feedbacks

meaningfully impact ET broadly across space globally (Figure 4.8a), while atmospheric modulation

of GPP is most important in two regional hotspots: the Amazon and the Great Plains.

4.3.3 Atmospheric feedbacks’ modulation of changes in photosynthesis

Due to these differences between atmospheric feedbacks’ impact on evapotranspiration vs. photo-

synthesis, we focus our analysis on the two hotspot regions with the most variance in photosynthesis

that is not explained by the land-only simulation: the Amazon and the Northern Great Plains (Fig-
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Figure 4.8: 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 predicting
∆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 4.9: How atmospheric changes impact GPP. GPP (W/m2) response to idealized
meteorological treatments of (a) decreasing precipitation, (b) increasing precipitation, (c) decreasing
temperature, and (d) increasing temperature.
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Figure 4.10: Atmospheric drivers of spatial pattern of atmospheric modulation of GPP
across PPE. Contribution of temperature (c), precipitation (d), specific humidity (e), downwelling
shortwave (f), and downwelling longwave (g) to atmospheric modulation of GPP changes. Esti-
mated atmospheric modulation of GPP changes due to the sum of these terms (a), which can be
compared to the actual atmospheric modulation (b) across the PPE. Atmospheric modulation is
quantified by the standard deviation in atmospheric feedbacks’ impact on GPP (∆ GPPcoupled - ∆
GPPland−only); higher values mean that atmospheric feedbacks have a larger impact on GPP, but
this metric does not indicate whether atmospheric feedbacks are amplifying or dampening.
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Figure 4.11: Relationship between land-only and coupled changes in gross primary
production. As in Figure 4.2, but for gross primary production (GPP), globally (a) and for
regional hotspots in the Amazon (b) and Great Plains (c).

ure 4.8b). These regions emerge as hotspots due to the combination of two factors: (1) in these

regions changes in land parameters cause large changes in temperature (Figure 3.2) and precip-

itation (Figure 3.3) across the PPE, and (2) GPP is sensitive to temperature and precipitation

in these regions (Figure 4.9). By linearly combining the monthly land sensitivity to temperature

and precipitation with the monthly variation in temperature and precipitation across the PPE, we

decompose the impact of atmospheric feedbacks on GPP into different components (Figure 4.10).

This linear decomposition captures the actual variation in atmospheric modulation reasonably well

(compare Figure 4.10a and b), including the emergence of the Amazon and Great Plains as hot

spots where atmospheric feedbacks have the greatest influence on GPP. In the Amazon, land-driven

air temperature changes have the largest influence on GPP, while atmospheric modulation of GPP

in the Great Plains is due to changes in both temperature and precipitation.

Amazon

In the Amazon, atmospheric feedbacks generally amplify the sensitivity of GPP to changes in terres-

trial parameters (Figure 4.11b). However, there are two ensemble members for which atmospheric

feedbacks dampen ET changes (the minimum medlynslope and the maximum medlynintercept)

and one ensemble member where atmospheric feedbacks are negligible (maximum medlynslope).
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These parameters influence plant stomatal conductance, controlling the intrinsic water use efficiency

(i.e., the leaf-level trade-off between carbon gain and water loss) (Medlyn et al., 2011).

The impact of atmospheric feedbacks on GPP is parameter-dependent because there is no di-

rect feedback between GPP and the atmosphere in our experimental design, due to the fact that

our simulations include only biogeophysical feedbacks, rather than biogeochemical feedbacks (i.e.,

no changes in atmospheric CO2). Atmospheric feedbacks therefore modulate GPP changes only

if a parameter perturbation impacts both GPP and land surface properties, and then those land

surface properties impact the atmosphere, which feeds back on GPP. For example, in the Amazon,

increasing the maximum hydraulic conductance of plants (kmax) both increases evapotranspiration

(Section 4.3.1) and increases GPP, because photosynthesis in the default case is limited by leaf

water potential, and increased stem hydraulic conductance enables available water in deep soil lay-

ers to be transported to the leaves of trees. The atmosphere directly responds to kmax’s influence

on ET, leading to decreases in regional temperature and vapor pressure deficit. This atmospheric

feedback dampens ET changes, but amplifies GPP changes because decreasing temperature in-

creases photosynthetic rates in the tropics (Figure 4.9d). We note that in CESM, this temperature

sensitivity is not due to direct temperature effects on photosynthesis, but rather due to the fact

that decreasing temperature decreases VPD, and lower VPD increases stomatal conductance which

thereby increases photosynthesis (Chapter 2). Atmospheric amplification of kmax’s influence on

GPP is consistent with prior work that hypothesized that the evolution of angiosperms (which

have higher hydraulic conductance) enhance photosynthesis in the Amazon (Lee & Boyce, 2010).

In all simulations, increasing land-only ET consistently leads to cooling of the near-surface

air (Figure 4.12a), and the GPP sensitivity to air temperature is also relatively consistent across

our PPE (Figure 4.12d). The fact that atmospheric feedbacks are parameter dependent can be

largely explained by whether parameters change the coupling between GPP and ET. Atmospheric

feedbacks generally amplify GPP changes in the Amazon because GPP changes are often correlated

with ET changes (i.e., increasing GPP also increases ET). However, for three outlier stomatal

conductance parameter perturbations atmospheric feedbacks do not amplify GPP because these

parameters change the coupling between GPP and ET (Figure 4.12c) by directly modifying the

leaf-level trade-off between carbon gain and water loss. For the two ensemble members that lead to

dampening atmospheric feedbacks, those parameter perturbations alter the coupling between GPP
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and ET such that GPP and ET changes are of opposite sign.

The Great Plains

In the Great Plains, the impact of atmospheric feedbacks on GPP is even more parameter dependent

than in the Amazon. Of the 16 parameter perturbations which drive GPP changes greater than 5%

in the land-only simulations (labeled in Figure 4.11c), atmospheric feedbacks amplify GPP changes

for 9 ensemble members, drive sign changes for 6 ensemble members, and dampen GPP changes for 1

ensemble member. Atmospheric feedbacks drive sign changes when the land-only GPP changes are

driven by stomatal conductance parameters (medlynintercept, medlynslope), and atmospheric

feedbacks either dampen or change the sign of GPP responses to parameters controlling the dry

surface soil layer (d_max, frac_sat_dsl_init), as described further below.

As in the Amazon, the parameter dependent impact of atmospheric feedbacks on GPP can be

explained by differences across parameters in the relationship between GPP and ET changes: atmo-

spheric feedbacks amplify GPP changes when a parameter increases (or decreases) both GPP and

ET in tandem, and atmospheric feedbacks dampen GPP or drive sign changes when a parameter

modifies GPP and ET in opposite directions (Figure 4.13c). As in the Amazon, changing stom-

atal conductance parameters (medlynintercept, medlynslope) causes GPP and ET to change in

opposite directions because those parameters mechanistically control the coupling between GPP

and transpiration (Figure C.1). Parameters impacting the dry surface layer (DSL; Swenson and

Lawrence 2014) cause GPP and ET to change in opposite directions because the dry surface layer

parameterization controls rates of soil evaporation and the partitioning between different soil fluxes,

which impacts the amount of water available for plants. Decreasing the dry surface layer param-

eter d_max or the fraction of saturated soil for moisture value at which dry surface layer initiates

(frac_sat_soil_dsl_init) enhances soil evaporation, which reduces the amount of water that

makes it into plant-available soil levels. This causes plants to be more stressed by soil moisture,

which reduces GPP.
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a b c
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Figure 4.12: Relationships between ET, GPP, temperature, and precipitation in the
Amazon. (a) Temperature response to land-only evapotranspiration changes, (b) Precipitation
response to land-only evapotranspiration changes, and (c) Relationship between land-only ET and
GPP changes. (d) Relationship between coupled temperature changes and atmospheric feedbacks’
impact on GPP, where the line indicates the GPP sensitivity to temperature as diagnosed from the
idealized climate treatment simulations. (e) Relationship between coupled precipitation changes
and atmospheric feedbacks’ impact on GPP, where the line indicates the GPP sensitivity to tem-
perature as diagnosed from the idealized climate treatment simulations. (f) Relationship between
the predicted impact of atmospheric feedbacks on GPP (as reconstructed from linear decomposition
of GPP changes due to individual atmospheric drivers) and actual impact of atmospheric feedbacks
on GPP, where the line is the 1:1 line.
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Figure 4.13: Relationships between ET, GPP, temperature, and precipitation in the
Great Plains. (a) Temperature response to land-only evapotranspiration changes, (b) Precipita-
tion response to land-only evapotranspiration changes, and (c) Relationship between land-only ET
and GPP changes. (d) Relationship between coupled temperature changes and atmospheric feed-
backs’ impact on GPP, where the line indicates the GPP sensitivity to temperature as diagnosed
from the idealized climate treatment simulations. (e) Relationship between coupled precipitation
changes and atmospheric feedbacks’ impact on GPP, where the line indicates the GPP sensitivity
to temperature as diagnosed from the idealized climate treatment simulations. (f) Relationship be-
tween the predicted impact of atmospheric feedbacks on GPP (as reconstructed from linear decom-
position of GPP changes due to individual atmospheric drivers) and actual impact of atmospheric
feedbacks on GPP, where the line is the 1:1 line.
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4.4 Conclusions and Implications

We found that atmospheric feedbacks substantially dampen evapotranspiration changes in wet

regions, and can amplify evapotranspiration changes in some dry regions. The spatial pattern and

magnitude of atmospheric modulation of evapotranspiration is largely consistent across the PPE,

regardless of which process drove the initial evapotranspiration change. In contrast, atmospheric

modulation of photosynthesis is more parameter dependent, such that atmospheric feedbacks in

a given location can dampen or amplify GPP changes depending on the relationship between

parameter’s influence on GPP and on ET. Atmospheric modulation of photosynthesis is also less

important on a global scale, but regionally important in the Amazon and Great Plains. Our

finding that atmospheric feedbacks modulate evapotranspiration changes poses a challenge to the

widespread practice of developing and evaluating land models in a land only configuration and

then deploying them to understand and predict terrestrial processes in a coupled context. Our

results indicate that assessing parameters’ impact on the water cycle in a land only framework

will yield the wrong answer - overestimating parameters’ impact by up to 60% in wet regions and

underestimating parameters impact in some dry regions.

While this study specifically quantifies how land-atmosphere feedbacks modulate the impact of

land parameter uncertainty, it provides more general insights into how land-atmosphere feedbacks

modulate any land surface perturbation which alters ET (e.g. due to land cover change or changes

in plant functioning). For example, this study suggests that land-only experiments will overestimate

the impact of CO2-driven stomatal closure on ET in wet regions, but underestimate it in dry regions.

This study also suggests a possible mechanism for atmospheric responses to amplify long-term

feedbacks between hydroclimate and plant functional traits. For example, decreased precipitation

and/or increased atmospheric demand for moisture in the Great Plains could drive shifts in plant

communities towards more drought tolerant traits (e.g., as in Trugman et al., 2020) that would

decrease ET. Our work suggests that such a shift would both decrease precipitation and increase

VPD, amplifying water scarcity and potentially driving further shifts towards even more water-

conserving plant traits.
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Chapter 5

CONCLUSIONS AND FUTURE WORK

5.1 Conclusions

This dissertation investigates how vegetation impacts climate and the global water and carbon

cycles. In Chapter 2, I demonstrate that plant functional parameters and structural assumptions

about photosynthetic temperature acclimation and plant hydraulics control the strength of tem-

perature and VPD effects on tropical forest photosynthesis. I identify a novel axis along which

compensating errors can occur in models – models can match observed apparent ecosystem-level

photosynthesis responses to temperature by excluding photosynthetic temperature acclimation and

plant hydraulics (which yields stronger direct temperature effects) or by including both of these

processes (which yields stronger VPD effects). However, these two sets of assumptions yield diverg-

ing predictions of tropical photosynthesis responses to warming, with implications for the strength

of the carbon-climate feedback. This study underscores that understanding the fate of the tropical

forest carbon sink will require improving our scientific understanding and model representations

of photosynthetic temperature acclimation and plant hydraulics. This is especially important to

recognize because most CMIP6 models do not represent either of these processes.

In Chapter 3, I show that land processes play a large and underappreciated role in determining

the mean climate state through biogeophysical feedbacks. This work demonstrates the importance

of including terrestrial perspectives when evaluating the drivers of biases in climate models. While

Chapter 3 only directly quantifies the biogeophysical impacts of land parameter uncertainty under

preindustrial conditions, my findings also suggest there is potential for land parameter uncertainty

to generate biogeophysical feedbacks which influence the sensitivity of land temperature trends to

historical and future climates.

Finally, in Chapter 4, I show that atmospheric feedbacks are critical for understanding how

terrestrial processes impact the water and carbon cycles. Atmospheric feedbacks substantially

dampen land-driven evapotranspiration changes in wet regions by up to 60%, and can amplify
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evapotranspiration changes in some dry regions. Atmospheric feedbacks also modulate changes in

photosynthesis, particularly in the Amazon and the Great Plains, though the sign of atmospheric

feedbacks are parameter dependent. This study highlights the importance of studying vegetation

and the atmosphere as a coupled system, by showing that using an isolated land-only framework to

quantify the impact of terrestrial processes on the carbon and water cycles would yield the wrong

answer.

5.2 Future work

By designing and running the coupled PPE for Chapters 3 and 4, I generated a rich and unique

dataset that I expect can be used to answer multiple science questions and to inform parameter

estimation and uncertainty quantification efforts. I outline some of my ideas for future work below.

5.2.1 Plant influences on drought intensification

Climate change is leading to shifts in the community composition of ecosystems around the world.

A robust body of literature has documented changes in species ranges and in the species compo-

sition at specific sites from diverse biomes, and further global warming is expected to continue to

alter ecosystems’ species composition (IPCC 2021). Ecologists are increasingly documenting these

community composition shifts not just in terms of changes in specific species at specific sites, but

in terms of continental-scale shifts in functional traits. For example, Trugman et al. (2020) doc-

umented widespread shifts in the community composition of United States forests towards more

drought-resilient traits.

While some studies have shown that climate-driven changes in plant functional traits related to

carbon uptake and allocation can influence the surface energy budget (Kovenock and Swann 2018;

Verheijen et al. 2013, 2015), no study has quantified the implications of regional shifts in hydraulic

traits on the hydrologic cycle. I plan to use the PPE to estimate the hydrologic impact of observed

and projected shifts in plant water use traits across the United States. I am particularly interested

in quantifying the extent to which changes in plant water use traits influence drought intensification

feedbacks, building on the framework outlined by Anderegg et al. (2019). Anderegg et al. (2019)

used observations and an offline vegetation model to demonstrate that plant physiological traits
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can affect drought intensification feedbacks in the United States. However, their analysis did not

consider the implications of changes in plant traits over time. My results in chapters 3 and 4

suggest that changing plant water use traits can drive substantial atmospheric responses, and that

these atmospheric responses amplify hydrologic changes in the Great Plains. I am interested in

using my PPE dataset to estimate how how changing plant water use traits would impact drought

intensification feedbacks.

5.2.2 Connecting the coupled PPE to complementary parameter estimation

projects

Developing a climate model that accurately represents reality requires estimating hundreds of model

parameters, which span multiple Earth system components and are often poorly constrained by

observations. In practice, groups modeling each Earth system component (e.g. land, ocean, atmo-

sphere) are often isolated from each other, and groups separately tune parameters for their Earth

system component in an uncoupled configuration. All components are then coupled at the end of

the model development cycle to project Earth system responses to global change. Chapter 4 poses

a challenge to this practice, since I show that parameters have a different impact on the carbon and

water cycles in a coupled context than they do in a land-only context, because atmospheric feed-

backs modulate changes in land surface fluxes. Chapter 3 also highlights issues with this parameter

tuning norm, since land parameters can drive biases in the mean climate state.

I see several opportunities for my coupled PPE to inform existing parameter estimation efforts.

The Community Land Model working group ran a 500 member Latin hypercube PPE which samples

a much broader land parameter space than my coupled PPE, but this ensemble was run in a land-

only configuration (which is why it is computationally possible for them to sample a larger parameter

space). I plan to more comprehensively estimate how land parameter uncertainty can impact

mean climate by applying the relationship I developed in Chapter 3 between land-only changes

in evaporative fraction and coupled temperature changes to the evaporative fraction generated by

this 500 member land-only ensemble. By connecting that broader PPE to temperature, I can also

potentially use mean temperature as a constraint to exclude implausible parameter combinations.

Additionally, because atmospheric feedbacks modulate evapotranspiration changes in such a
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consistent way across my coupled PPE, my results in Chapter 3 could be applied to land-only

evapotranspiration changes to correct for the anticipated impact of atmospheric feedbacks.

5.2.3 Temperature variability

Chapter 3 focuses on how land parameter uncertainty impacts the mean climate state. I also

found that land parameter uncertainty impacts the distribution of daily temperature variability,

particularly during the summer months. Future work could explore the mechanisms through which

land parameters influence this shorter timescale summertime temperature variability, building off

the framework developed by Kong et al. (2023).
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Appendix A

SUPPLEMENT FOR CHAPTER 2

CMIP6 Earth 
system model Land Model Includes Plant 

Hydraulics?

Includes 
Photosynthetic 
Temperature 
Acclimation?

Plant Hydraulics 
Implementation

Photosynthetic Temperature 
Acclimation Implementation

CESM2 CLM5.0 Yes Yes Kennedy et al. (2019) Lombardozzi et al. (2015)1

NorESM2-LM CLM5.0 Yes Yes Kennedy et al. (2019) Lombardozzi et al. (2015)1

GFDL-ESM4 GFDL-LM4.1 Yes No* Wolf et al. (2016) Smith et al. (2016)

IPSL-CM6A-LR ORCHIDEE (v2.0, 
Water/Carbon/Energy) No* Yes Naudts et al. (2015), Yao et 

al. (2022) Vuichard et al. (2019)1

CMCC-ESM2 CLM4.5 (BGC mode) No Yes NA

BCC-CSM2-MR BCC_AVIM2 No Yes NA

ACCESS-ESM1-5 CABLE2.4 No* No* De Kauwe et al. (2020, 
2022) Knauer et al. (2023)2

UKESM1-0-LL JULES-ES-1.0 No* No* Eller et al. (2018, 2020) Mercado et al. (2018)1, Oliver et 
al. (2022)1

GISS-E2-1-G GISS LSM No* No NA

E3SM-1-1 ELM (v1.1) No* No NA

EC-Earth-CC HTESSEL and LPJ-
GUESS v4 No* No Hickler et al. (2006) NA

MPI-ESM1-2-LR JSBACH3.20 No No* NA Goll (2013)1

MIROC-ES2L MATSIRO6.0+VISIT-e 
ver.1.0 No No NA NA

CanESM5 CLASS3.6/CTEM1.2 No No NA NA
CNRM-ESM2-1 Surfex 8.0c No No NA NA
MRI-ESM2-0 HAL 1.0 No No NA NA

* There are versions of the land model that include this process (e.g. for specific scientific projects) or model implementation of this process is currently being 
developed, but these processes are not active in the land model codebase that was used in CMIP6 coupled Earth system model simulations.
1 These models implement the Kattge and Knorr (2007) temperature acclimation scheme
2 These models implement the Kumarathunge et al.(2019) temperature acclimation scheme

Table A.1: Processes included in CMIP6 land models. The table includes all Earth
system models participating in the Coupled Climate–Carbon Cycle Model Intercomparison Project
(C4MIP; Jones et al., 2016).
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FATES parameter FATES parameter 
description

Default 
Value

Low 
Perturbation

Median 
Perturbation

High 
Perturbation

Reference for 
parameter ranges

fates_hydr_kmax_node maximum xylem 
conductivity per unit 
conducting xylem area 
[kg/MPa/m/s]

3 0.105 3.43 16.038 Christofferson et al. 
(2021)

fates_leaf_stomatal_slo
pe_ballberry

stomatal slope 
parameter for Ball-Berry 
model [unitless]

8 6.98 10.62 18.07 Lin et al. (2015)

fates_hydr_p50_node* xylem water potential at 
50% loss of conductivity

-2.25 -6.3 -1.79 -0.18 Christofferson et al. 
(2021)

fates_leaf_vcmax25top maximum carboxylation 
rate of Rub. at 25C, 
canopy top

60 7.78 45 60.1 Albert et al. (2018)

Table A.2: Parameter perturbations included in the small perturbed parameter en-
semble. For each parameter (each row), three one-at-a-time parameter perturbation experiments
were simulated: one low-end simulation, one median, and one high-end simulation, where the low-
end, median, and high-end parameter perturbation values were determined based on literature
review.
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Figure A.1: Temperature-VPD regimes of study sites, compared to other tropical
forest sites. (a) Location of tropical forest sites used in this study, along with other tropical
forest sites in the FLUXNET and/or Ameriflux networks which have a mean annual temperature
> 20°C and are classified as deciduous or evergreen broadleaf tropical forests. Colors indicate the
extent of tropical Köppen-Geiger climate classifications (Köppen, 1936; Peel et al., 2007) as calcu-
lated from ERA5 Reanalysis (European Centre for Medium-Range Weather Forecasts, 2019). (b)
Temperature-VPD relationships for tropical forest sites, based on FLUXNET and/or Ameriflux
meteorological data. Curves are calculated by binning VPD by air temperature in 1°C bins, and
calculating the mean VPD for each temperature bin. Lines are colored to indicate natural forest
sites’ average relative humidity. Gray background curves indicate the temperature-VPD relation-
ship for a given relative humidity level.
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Figure A.2: Variation in VPD and soil moisture on monthly timescales. (a) Relationship
between monthly mean VPD at 2m and monthly mean soil matric potential (SMP) at 40 cm depth
(note that more negative SMP corresponds to drier soils). Seasonal cycles of (b) SMP and (c) VPD.
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Figure A.3: Soil moisture influences on the apparent GPP response to temperature at
K67 for different configurations of CLM5 (a-d) and FATES (e-h). Shaded areas show how
much the modeled apparent GPP response to temperature (black line) are due to the combination
of temperature and VPD effects (purple shaded area) and soil moisture effects (orange area). These
meteorological effects are calculated from synthetic meteorology simulations where temperature and
VPD are held constant (dashed black line) and where precipitation is held constant at 0.005 mm/s
to fully saturate the soil at all points in time (blue line).
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Figure A.4: Soil moisture influences on the apparent GPP response to temperature
at Biosphere 2. As in Figure A.3, but at Biosphere 2.
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Figure A.5: Mean light-saturated GPP responses at K67 to idealized climate treat-
ments for different model configurations: (a) FATES without temperature acclimation or
plant hydraulics, (b) CLM5 without temperature acclimation or plant hydraulics, (c) FATES with
active temperature acclimation and plant hydraulics, and (d) CLM5 with active temperature ac-
climation and plant hydraulics. Solid bars indicate the mean GPP change when the atmospheric
CO2 concentration is held constant at historical levels, and empty bars indicate the change when
atmospheric CO2 concentration is elevated to 560 ppm.
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Trees with 15-20 cm DBH

Trees with <10 cm DBH

Figure A.6: Modeled leaf water potential for FATESAcclimAndHydro, with default param-
eters (black) compared to increased maximum hydraulic conductivity (gray). Bars to
the right of the plots indicate the range of leaf water potential observations collected in 2002 at
Biosphere 2 (Pegoraro et al., 2006) in normal conditions (blue) and during a drought experiment
(red).
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curves indicate the temperature-VPD relationship for a given relative humidity level. Numbers in
the legend correspond to the idealized climate treatment numbers in the main text.
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Appendix B

SUPPLEMENT FOR CHAPTER 3

B.1 Calculating the pattern of warming due to a doubling of CO2

We calculated the pattern of warming due to a doubling of CO2 from two concentration-driven

CESM2 simulations: one forced with preindustrial CO2 concentrations of 284.7 ppm (1xCO2) and

one forced with a doubling of preindustrial CO2, 569.4 ppm (2xCO2). We ran simulations with an

active land and atmosphere, and a slab ocean. We ran simulations for 120 years, and discarded

the first 60 years as spin up. These CESM simulations were run using the cesm_2_3_beta03

tag and branch_tags/PPE.n08_ctsm5.1.dev030 tag for CTSM (results are presented in Figure

3.2c). Doubling CO2 drove a 5.2°C global mean temperature increase (6.5°C global mean land

temperature increase), consistent with CESM2’s documented high equilibrium climate sensitivity

(Gettelman et al. 2019).

B.2 Disentangling drivers of land temperature and precipitation
changes

We used multiple linear regression to disentangle the extent to which land precipitation (P ) and

temperature (Ts) changes across our coupled PPE are driven by three emergent land surface prop-

erties: albedo (α), evaporative fraction (EF), and a measure of aerodynamic coupling (ra). Results

are presented in Figure 3.4. First, we diagnosed α, EF, and ra for each ensemble member of land-

only PPE at each grid cell using monthly model output. We calculated ra by inverting the equation

for sensible heat flux. We then use these derived changes in land-only α, EF, ra as predictors in a

multiple linear regression to predict coupled Ts and P change at each point for each month. We used

predictors from the land-only rather than the coupled PPE in order to remove the feedback between

climate and land surface properties. In the coupled PPE, changes in land surface properties are

https://github.com/ESCOMP/CESM/releases/tag/cesm2_3_beta03
https://github.com/ESCOMP/CTSM/releases/tag/branch_tags%2FPPE.n08_ctsm5.1.dev030
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due to both land parameter uncertainty and land responses to climate changes (e.g., precipitation

changes can influence evaporative fraction), but changes in land surface properties in the land-only

PPE isolate the influence of land parameter uncertainty on land surface fluxes. Because this grid

cell level analysis does not account for remote or global-scale impacts of parameter perturbations,

we also report results from regressions conducted using global averages. We do not perform re-

gressions on global average land precipitation changes because the sign of precipitation changes are

more regionally variable.

We calculated the emergent changes in rs and ra by inverting the equations for sensible heat

flux (S) and latent heat flux (L):

S = (ρCp(Ts − Ta))/ra (B.1)

L = (ρλ(q∗(Ts)− qa))/(ra + rs) (B.2)

where ρ is the air density at the lowest atmospheric level, Ta is the air temperature at the lowest

atmospheric level, qa is the specific humidity at the lowest atmospheric level, Ts is land surface skin

temperature, and q∗(Ts)is the saturated specific humidity at Ts. Cp and λ are the specific heat

capacity of dry air and the latent heat of vaporization, respectively. We verified our derived changes

in α, rs, and ra by demonstrating that they yielded accurate reconstructions of temperature changes

in the offline land-only PPE using the two-resistance method (TRM; Rigden and Li 2017). The

TRM is ill-suited for attributing quantifying how much the changes in α, rs, and ra drive coupled

temperature changes to changes in α, rs, and ra because it combines all temperature changes from

atmospheric feedbacks into one term (due to change in the near-surface air temperature Ta), and

cannot distinguish the extent to which Ta changes are driven by changes in α, rs, and ra.
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Figure B.1: Time series of the net radiative flux at the top of the model (RESTOM),
as calculated from the net solar flux at top of model (FSNT) minus the net longwave flux at
top of model (FLNT). The average RESTOM for the last 100 years of the reference case is -
0.157 W/m2. RESTOM varied minimally across the ensemble (σ=0.010 W/m2), and was not
statistically significantly different from the reference case for any ensemble member. We tested
whether simulations were different from the reference case using two-tailed Student’s t-test on the
time series of annual mean RESTOM.
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a b

c d

Figure B.2: Time series of annual mean (a) global temperature, (b) global land temper-
ature, (c) global leaf area index, and (d) global root zone soil wetness factor (where 1 indicates no
water stress) for each ensemble member of the PPE. The black line indicates the reference simula-
tion, and ensemble members are colored by parameter category as in Figure 3.1. The first 40 years
of each simulation (denoted by dashed vertical line) were discarded as spin up. Data in panels (c)
and (d) are averaged over non-glaciated land only.
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Figure B.3: Maps of annual mean coupled land temperature changes for each ensemble
member, compared to the reference case with default parameterizations. For each grid cell, we
performed a two-tailed Student’s t-test to test whether the ensemble member mean (standard
deviation calculated from the distribution from interannual variability in the ensemble member
mean) was different from the default mean (standard deviation calculated from the distribution
from interannual variability in the default mean). Hatching (black) indicates regions where the
temperature change was not significant at the 0.05 significance level. The percentage of land
with statistically significant temperature changes is shown in parentheses, and * indicates field
significance. We test for field significance using Walker’s test.



118

2.0

1.5

1.0

0.5

0.0

0.5

1.0

1.5

2.0

C
ha

ng
e 

in
 T

em
pe

ra
tu

re
 (

°C
)

rhosnir, min (84.0% *) rhosnir, max (84.0% *) d_max, min (76.0% *) d_max, max (88.0% *) frac_sat_soil_..., min (97.0% *) frac_sat_soil_..., max (84.0% *)

fff, min (76.0% *) fff, max (60.0% *) sand_pf, min (12.0% *) sand_pf, max (9.0% *) maximum_leaf_wet..., min (55.0% *) maximum_leaf_wet..., max (60.0% *)

medlynslope, min (76.0% *) medlynslope, max (84.0% *) medlynintercept, min (13.0% *) medlynintercept, max (96.0% *) kmax, min (77.0% *) kmax, max (29.0% *)

tpu25ratio, min (59.0% *) tpu25ratio, max (30.0% *) jmaxb0, min (81.0% *) jmaxb0, max (64.0% *) jmaxb1, min (71.0% *) jmaxb1, max (37.0% *)

lmrha, min (18.0% *) lmrha, max (15.0% *) nstem, min (87.0% *) nstem, max (21.0% *) upplim_destruct_..., min (27.0% *) upplim_destruct_..., max (47.0% *)

zsno, min (77.0% *) zsno, max (33.0% *) z0mr, min (18.0% *) z0mr, max (14.0% *) zetamaxstable, min (22.0% *) zetamaxstable, max (90.0% *)

Figure B.4: Maps of annual mean coupled temperature changes for each ensemble
member, including both land and ocean. Hatching and significance testing is as in Figure
B.3, but the title indicates the total percentage of the Earth surface (including land and ocean)
with statistically significant temperature changes.
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Figure B.5: Correlation between the change in annual mean land temperature and
annual mean global temperature (including both land and ocean). Colors indicate pa-
rameter category as in Figure 3.1. Because the parameter zetamaxstable is an outlier in our PPE,
it is denoted as the filled purple point.
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Figure B.6: EOF analysis of changes in land surface temperature across the PPE.
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across the PPE. Ensemble members are colored by parameter category, as in Figure 3.1.
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Figure B.8: Percentage of global land area that experiences statistically significant
changes in annual mean precipitation due to perturbations in each parameter. For each
land grid cell, we performed a two-tailed Student’s t-test to test whether the parameter maximum
simulation was different from the parameter minimum simulation.
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Figure B.9: Maps of annual mean land precipitation changes for each ensemble mem-
ber, compared to the reference case with default parameterizations. The percentage of land with
statistically significant temperature changes are shown in parentheses, and * indicates field signifi-
cance. For each grid cell, we performed a two-tailed Student’s t-test to test whether the ensemble
member mean (standard deviation calculated from the distribution from interannual variability in
the ensemble member mean) was different from the default mean (standard deviation calculated
from the distribution from interannual variability in the default mean). Hatching (black) indicates
regions where the precipitation change was not significant at the 0.05 significance level. We test
for field significance using Walker’s test.
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Figure B.10: Percentage of land area with statistically significant temperature vs.
precipitation changes for each ensemble member in the PPE. Ensemble members are
colored by parameter category, as in Figure 3.1. Zetamaxstable is indicated with a filled circle
because it is a frequent outlier.
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Figure B.11: Sign of change of statistically significant mean climate changes across
the PPE. Percent of land area experiencing statistically significant decreases vs. increases in
temperature (left) and precipitation (right) for each PPE ensemble member. Ensemble members
are colored by parameter category, as in Figure 3.1. We note that one parameter (zetamaxstable)
drove statistically significant temperature changes of opposite sign across 63% of land area, which
canceled each other out in the global mean resulting in a minimal global mean land temperature
change (Figure B.3) - this parameter is indicated with a filled circle because it is a frequent outlier.
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Figure B.12: EOF analysis of changes in land precipitation across the PPE.
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Figure B.13: Range in annual mean precipitation changes across the PPE, on an absolute
basis (left) and as a percentage of the default precipitation (right), as repeated from Figure 3.3a.
Hatching indicates regions where annual mean precipitation changes were not statistically significant
for five or more ensemble members.
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Figure B.14: Correlation between change in global mean evaporative fraction (EF) and
first principal components of temperature (top) and precipitation (bottom) change
across the PPE. Colors indicate parameter category as in Figure 3.1.
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Parameter Parameter description Land 
Component

Parameter
Category

Minimum 
Value

Default 
Value

Maximum
Value Unit Range source Reference

d_max Parameter specifying the length scale of max 
dry surface layer thickness

Soil Soil hydrology

10 15 60 mm Literature review
Swenson and Lawrence (2014), van de Griend and 
Owe (1994), Goss and Madliger (2007), Smits et al. 
(2012)

frac_sat_soil_dsl_init Fraction of saturated soil for moisture value at 
which dry surface layer initiates 0.5 0.8 1 unitless Literature review Swenson and Lawrence (2014)

fff Decay factor for fractional saturated area 0.02 0.5 5 m-1 Literature review Niu et al. (2005), Hou et al. (2012), Fan and Miguez-
Macho (2011), Fan et al. (2013)

sand_pf Perturbation factor (via addition) for percent 
sand -20 0 20 percent Percentage perturbation

z0mr Ratio of momentum roughness length to 
canopy top height

Boundary 
layer

Boundary layer / 
Roughness 
length

0.033 to 
0.072a

0.055 to 
0.120a

0.077 to 
0.168a unitless Literature review Zeng and Wang (2007), Raupach (1994), Shaw and 

Pereira (1982)

zsno Momentum roughness length for snow 0.00001 0.0024 0.07 m Literature review Chamberlain (1983), Manes et al. (2008), Gromke
et al. (2011)

zetamaxstable
Max value zeta ("height" used in Monin-
Obukhov theory) can go to under stable 
conditions.*

0.1 0.5 10 unitless Expert judgment

upplim_destruct_metamorph Upper limit for snow densification through 
destructive metamorphism Snow 100 175 250 kg/m^3 Literature review van Kampenhout et al. (2017)

jmaxb0 Tthe baseline proportion of nitrogen allocated 
for electron transport

Vegetation

Photosynthesis

0.01 0.0311 0.05 J Expert judgment

jmaxb1 Determines the response of electron transport 
rate to light availability 0.05 0.17 0.25 unitless Expert judgment

tpu25ratio Triose phosphate utilization at 25C (ratio of 
tpu25/vcmax25) 0.0835 0.167 0.501 unitless Percentage perturbation Lombardozzi et al., GRL (2018)

lmrha
Activation energy for leaf maintenance 
respiration (used in temperature acclimation of 
leaf maintenance respiration)

Temperature 
acclimation -50% 46390 +50% J/mol Percentage perturbation Bernacchi et al. (2001)

medlynslope Medlyn slope of conductance-photosynthesis 
relationship

Stomatal 
conductance 
and plant water 
use

0.65 to 
3.89a

1.62 to 
5.79a 3.93 to 9.11a µmol H2O/ 

µmol CO2
Literature review Lin et al. (2015)

medlynintercept Medlyn intercept of conductance-
photosynthesis relationship 1 100 200000

µmol 
H2O/(m^2/s) Literature review Duursma et al. (2018)

kmax Plant segment maximum conductance 2.3e-10 to 
1.5e-8a

1.3e-9 to 
4.0e-8a

1.9e-9 to 
2.3e-7a

mm H2O 
(transpired)/
mm H2O 
(water 
potential 
gradient)/sec

Literature review
Bonan et al. (2014), Chuang et al. (2006), Sperry et 
al. (1998), Sperry and Love (2015), Williams et al 
(1996), Kennedy et al. (2019)

rhosnir Near-infrared stem reflectance Plant optical 
properties

0.29 to 
0.42a

0.36 to 
0.53a 0.43 to 0.64a unitless Percentage perturbation Majasalmi and Bright (2019)

maximum_leaf_wetted_
fraction

Maximum fraction of leaf that may be wet prior 
to drip occuringoccurring

Canopy 
evaporation 0.01 0.05 0.5 unitless Expert judgment

nstem

Stem number; number of individuals per meter 
squared (similar to stocking number). 
Influences canopy height and biomass heat 
storage.

Canopy height / 
biomass heat 
storage

0.03 0.035 to 
100a 0.5 number/m2 Expert judgment

Table B.1: Land parameters used in this study. aParameter ranges vary depending on the plant
functional type.
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Quantity
Latent heat flux
Sensible heat flux
Water vapor flux
Zonal momentum flux
Meriodional momentum flux
Emitted longwave radiation
Direct beam visible albedo
Direct beam near-infrared albedo
Diffuse visible albedo
Diffuse near-infrared albedo
Absorbed solar radiation
Radiative temperature
Temperature at 2 meter height
Specific humidity at 2 meter height
Wind speed at 10 meter height
Snow water equivalent
Aerodynamic resistance
Friction velocity
Dust flux
Net ecosystem exchange*

Table B.2: Quantities that the land model passes to the atmosphere in CESM2. Note that
net ecosystem exchange does not impact the atmosphere in our experimental design because our
experimental design held atmospheric CO2 concentrations fixed.
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Parameters Global 
Ranking

Biome Ranking
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kmax 1 1 1 - 3 3 4 4 4 4 -
medlynslope 3 - 4 - 1 5 5 1 1 -
fff 2 - 2 - 1 1 1 2 -
medlynintercept 5 5 3 5 2 - - - 2 -
liq_canopy_storage_scalar 4 2 5 - 4 - - - 3 -
jmaxb0 - - - 4 - - - - 5 3 -
jmaxb1 - - - 3 5 2 - - - - -
tpu25ratio - - - 2 - 4 - - - - -
sand_pf - - - - - 5 3 - - -
maximum_leaf_wetted_fraction - 3 - 1 - - - - - - -
krmax - - - - - - 2 2 - - -
snw_rds_refrz - - - - - - - - - - 3
upplim_destruct_metamorph - - - - - - - - - - 4
slopebeta - - - - - - - - - 5 -
zetamaxstable - - - - - - - - - - 1
zsno - - - - - - - - - - 2
d_max - - - - - - 3 - - - -
psi50 - 4 - - - - - - - - -

Table B.3: Example of parameter rankings in terms of their impact on mean latent heat flux,
globally and for Whittaker biomes. Rankings are only shown if the parameter was ranked in the
top 5. Bolded parameters were included in our PPE.
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Metric CLM5 Variable Metric Category Measure Globally By Whittaker 
Biome

Annual Mean
Mean albedo Calculated quantity Albedo and 

shortwave radiation
Mean Yes Yes

Mean absorbed shortwave radiation FSA Mean Yes Yes
Mean emitted longwave radiation FIRE Temperature and 

longwave radiation
Mean Yes Yes

Mean near-surface air temperature TSA Mean Yes Yes
Mean land skin temperature TSKIN Mean Yes Yes
Mean latent heat flux EFLX_LH_TOT Water and turbulent 

fluxes
Mean Yes Yes

Mean sensible heat flux FSH Mean Yes Yes
Mean near-surface specific humidity Q2M Mean Yes Yes
Mean zonal momentum flux TAUX Wind and roughness Mean Yes Yes
Mean 10 meter wind speed U10 Mean Yes Yes
LAC Area (DJF) Calculated quantity* Land-atmosphere 

coupling (LAC)
Mean Yes No

LAC Area (JJA) Calculated quantity* Mean Yes No
LAC Area (MAM) Calculated quantity* Mean Yes No
LAC Area (SON) Calculated quantity* Mean Yes No
Interannual Variability
Mean albedo Calculated quantity* Albedo and 

shortwave radiation
IAV Yes Yes

Mean absorbed shortwave radiation FSA IAV Yes Yes
Mean emitted longwave radiation FIRE Temperature and 

longwave radiation
IAV Yes Yes

Mean near-surface air temperature TSA IAV Yes Yes
Mean land skin temperature TSKIN IAV Yes Yes
Mean latent heat flux EFLX_LH_TOT Water and turbulent 

fluxes
IAV Yes Yes

Mean sensible heat flux FSH IAV Yes Yes
Mean near-surface specific humidity Q2M IAV Yes Yes
Mean zonal momentum flux TAUX Wind and roughness IAV Yes Yes
Mean 10 meter wind speed U10 IAV Yes Yes

Table B.4: Metrics for evaluating parameter impact on land-to-atmosphere fluxes.
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Parameters Global 
Ranking

Biome Ranking
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fff 1 - 1 - - 1 - 4 - - -
zetamaxstable 2 - - - - 4 - 1 1 1
jmaxb0 3 - - 5 3 - - 5 3 4 -
kmax 4 1 2 - 2 - - - 5 - -
leafcn 5 - - - 5 - - - - - -
jmaxb1 - - - 2 1 2 - - 2 - -
tpu25ratio - - - 1 4 4 - - 4 - -
zsno - - - - - - 1 - - 2 2
clay_pf - - - - - - 3 2 - - -
leaf_long - 4 5 - - - - - -
maximum_leaf_wetted_fraction - 2 - 3 - - - - -
sand_pf - - - - - - 2 3 - - -
d_max - - - - - - 5 - - - -
frac_sat_soil_dsl_init - - 3 - - - - - - - -
FUN_fracfixers - - - - - 3 - - - - -
krmax - - 4 - - - - - - - -
liq_canopy_storage_scalar - 3 - - - - - - - - -
lmrha - - - - - 5 - - - - -
medlynintercept - - - - - - - - - 5 -
medlynslope - - - - - - - - - 3 -
psi50 - 5 - - - - - - - - -
snw_rds_refrz - - - - - - - - - - 4
tpuha - - - 4 - - - - - - -
upplim_destruct_metamorph - - - - - - - - - - 5
xdrdt - - - - - - - - - - 3
zlnd - - - - - - - 1 - - -

Table B.5: Rankings of parameters with the largest land surface temperature change in the land-
only CLM5-PPE, globally and for Whittaker biomes. Rankings are only shown if the parameter
was ranked in the top 5. Bolded parameters were included in our PPE, and parameters relating to
soil hydrology, stomatal conductance and plant water use, and canopy evaporation are highlighted.



134

Appendix C

SUPPLEMENT FOR CHAPTER 4
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Figure C.1: Relationship between parameter perturbations and different components
of the total evapotranspiration flux. Top row shows the relationship between land-only changes
in GPP and land-only changes in transpiration (a), canopy evaporation (b), and soil evapora-
tion (c). The bottom row indicates how parameter perturbations 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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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 C.2: 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 experiences consistent
dampening feedbacks, and less than 2% of land experiences consistent amplifying feedbacks.
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