
1. Introduction
Evapotranspiration (ET) is a fundamental earth-system process that drives the water cycle, returning ∼60% of 
precipitation over land to the atmosphere and exerting tight control over changes in land-surface temperature 
and surface energy balance (Oki & Kanae, 2006; Seneviratne et al., 2010; Wolf et al., 2016). ET displays strong 
seasonality in many terrestrial ecosystems, and inter-annual variation in the timing and magnitude in seasonal 
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shifts of ET can have considerable ecological and societal impacts. For example, early growing season anomalies 
of higher ET coincident with lower precipitation can lead to soil desiccation, warmer surface temperatures, and 
extreme heat-wave events later in year (Fischer et al., 2007; Lian et al., 2020; Miralles et al., 2014). Seasonal 
variability in the surface energy balance can affect land atmosphere coupling as well. For example, seasonal 
shifts in the Bowen ratio (H/LE)—driven by higher ET—can contribute to a shallower atmospheric boundary 
layer height and a higher likelihood of convective cloud formation (Konings et al., 2010; Manoli et al., 2016). 
Land-surface models also indicate that the land-surface energy balance is sensitive to seasonal anomalies in 
vegetation phenology and soil moisture (Fitzjarrald et al., 2001; Kim & Wang, 2007; Lu & Shuttleworth, 2002; 
Schär et al., 1999). Given expected shifts in hydroclimate under future climate change (Marvel et al., 2021), it 
is important to understand how the relative controls of seasonal ET vary among a wide range of ecosystems and 
under different hydrological regimes, particularly for predicting ecosystem water balance and drought.

Vegetation phenology has been consistently identified as a key control of seasonal variability of ET in some 
ecosystems (Baldocchi et al., 2010; Barr et al., 2007), and remote-sensing applications commonly use measures 
of vegetation seasonality to predict ET across broad spatial areas (Glenn et al., 2010). In temperate and boreal 
deciduous broadleaf forests, seasonal changes in leaf area index (LAI) are tightly coupled to changes in ET, high-
lighted by clear decreases in the Bowen ratio during leaf emergence (Blanken & Black, 2004; Schwartz, 1992; 
Wilson & Baldocchi, 2000). These linkages are a product of increased water loss via stomata during photosyn-
thesis, and while seasonal changes and phenology of LAI are recognized as a key driver of ET in deciduous 
broadleaf forests, there has been less work evaluating these linkages across a broader range of plant functional 
types (PFTs) and among different hydrologic regimes (i.e., energy- vs. water-limited systems). As an exam-
ple, in evergreen needleleaf forests, there are clear seasonal signals in photosynthetic activity and ET (Bowling 
et al., 2018; Seyednasrollah et al., 2021; Stoy et al., 2006), even though annual leaf turnover is considerably 
less compared to deciduous forests. However, it remains unclear how influential phenology is relative to other 
factors, particularly atmospheric and surface dryness represented by vapor pressure deficit (VPD) and precipita-
tion, in evergreen needleleaf forests (e.g., Samuels-Crow et al., 2020; Stoy et al., 2006). The relative control of 
phenology compared to such meteorological factors remains uncertain in non-forested PFTs as well (e.g., Mackay 
et al., 2007; Moon et al., 2020). Given that phenological patterns are shifting in many terrestrial ecosystems, 
understanding how phenology acts as a key control of ET seasonality will help inform how water loss may evolve 
during the course of the growing season.

Understanding how the relative controls of ET vary among different ecosystems will also depend on climatologi-
cal aridity, which defines whether ET is limited primarily by energy- or water-availability (Williams et al., 2012; 
Zhang et al., 2001). Variability in the primary drivers of ET during the growing season has been well identified in 
past studies. For example, during the growing season in energy-limited ecosystems with an ample water supply, 
VPD is likely to exert more influence over ET (Novick et al., 2016). Conversely, in water-limited ecosystems, 
including semi-arid and arid regions, precipitation and soil water content plays a much larger role in governing 
ET (Liu et  al., 2020). At seasonal time scales, several studies have suggested seasonality in LAI can vary in 
importance as a control of ET (Guillevic et al., 2002; Han et al., 2020; Thompson et al., 2011). However, there 
remains little consensus regarding under what conditions or in which hydrologic regimes phenology acts as the 
dominant control of seasonal ET.

Increasing availability of high-resolution datasets (i.e., sub-daily to daily) of canopy plant activity and 
surface-atmosphere energy fluxes (e.g., H and LE) provide the key measurements needed to explore how the 
relative controls of ET vary at seasonal time scales. Specifically, evaluating such datasets would allow for identi-
fying how closely ET tracks phenology and other key environmental variables at short time scales (e.g., days) and 
over multiple years. As a proof-of-concept, we evaluated time series for two AmeriFlux sites that generally span 
the continental-scale aridity gradient of the US (Figure 1): a deciduous broadleaf forest in Indiana (US-MMS, 
Roman et al., 2015) and a semi-arid shrubland in southern Arizona (US-Whs, Scott et al., 2015). For each site, we 
display daily evaporative fraction (EF), bulk surface conductance (Gs), canopy greenness, VPD, as well as total 
weekly precipitation. EF is a key measure for understanding variation in the surface energy balance (Williams 
& Torn, 2015), defining the proportion of available energy at the land surface partitioned as latent heat flux: 
EF = LE/(LE + H). Gs comprises the total conductance to water fluxes from the soil and plant canopy. Overall, 
these time series clearly depict strong seasonal patterns at each site. At the deciduous US-MMS site, EF and 
Gs appear to closely track canopy greenness, obscuring the influence of VPD and precipitation at the annual 
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timescale. By comparison, at US-Whs, seasonal changes in precipitation appear to play a much larger role in driv-
ing seasonal changes in EF and Gs. However, none of these relationships have a clear 1:1 relationship with Gs or 
EF, and simply visualizing these time series does not account for potential mediating effects or feedbacks among 
different variables. Therefore, employing more complex statistical modeling to explicitly quantify the strength of 
these linkages is necessary for elucidating the relative controls of ET seasonality.

Quantifying the strength of the relationships among EF, Gs, greenness, and other variables (e.g., VPD, precipi-
tation) would provide important evidence as to the primary drivers of ET and to seasonal changes in the surface 
energy balance. In this study, we focused on exploring the drivers of Gs and EF, using an approach comparable to 
structural equation modeling. Our research questions were: (a) how do the relative controls of ET seasonality vary 
among different ecosystems across a broad aridity gradient and among different PFTs, and (b) what are the most 
important factors to account for when predicting seasonal changes in ET? Our analysis includes 20 sites, 114 site 

Figure 1. Example time series for two AmeriFlux sites (US-MMS and US-Whs) that span the broad climatic aridity gradient defining our study area (Table 1 and 
Figure 2). These time series show seasonal patterns in evaporative fraction (EF, blue circles), bulk surface conductance (Gs, black circles), as well as drivers with prior 
known influence on ET: canopy phenology measured by greenness from PhenoCam (green line), atmospheric vapor pressure deficit (VPD, red circles), and cumulative 
weekly precipitation (blue bars). Images at the top of the figure are from the morganmonroe and luckyhills PhenoCams, which display visual changes in the canopy at 
different times of the year. The data displayed are for 2014 at US-MMS and 2017 for US-Whs.
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years, and spans the conterminous US, from the northeast to the southwest. Disentangling the primary drivers of 
seasonal patterns in ET among a range of energy- and water-limited ecosystems will inform our understanding of 
how shifts in phenological timing or hydroclimate may impact water use and deficits.

2. Methods and Materials
2.1. Study Area and Site Selection

Our study area spanned a broad climatological aridity gradient in North America (Figure 2), defined using an 
aridity index (PET/P). PET/P is a widely used metric that characterizes long-term atmospheric dryness, useful in 
aiding and understanding the drivers and impacts of changing ET across broad spatial areas (Greve et al., 2019), 
where PET is potential ET (mm) and P is precipitation (mm). In this study, we equate PET to reference evapo-
transpiration (ET0), defined as expected ET under well-watered conditions in a short-statured grassland (Allen 
et al., 1998). To obtain estimates of ET0 (and thus aridity) at the continental scale of our study area, we used the 
Global Aridity Index data product (Trabucco & Zomer, 2019). This data set provides 30-year average estimates 
of both ET0 and P/ET0 at a high resolution of 30 arc-seconds (∼0.7 km at 40° latitude) and is derived from World-
Clim v2.0 data (Fick & Hijmans, 2017). We extracted and inverted this reported P/ET0 value as our measure of 
aridity at the pixel-scale for each of our study sites (Table 1). For the remainder of the paper, we refer to this 
inverted value as PET/P. Full details on calculating ET0 can be found in Trabucco and Zomer (2019). As a final 
step, we classified energy-limited ecosystems if PET/P < 1.5 and water-limited ecosystems if PET/P > 1.5. This 
delineation between energy- and water-limited ecosystems is based on definitions from the United Nations FAO 
and World Atlas of Desertification (Spinoni et al., 2015).

We identified 20 AmeriFlux sites providing the necessary measurements needed for our analysis (Table 1, see 
Section 2.2 for details). Among these sites, there were five major PFTs represented: deciduous broadleaf forests, 
evergreen needleleaf forests, grasslands, woody savanna, and open shrubland. PET/P ranged from 0.88 at our 
wettest site (US-Ho1) to ∼8.7 at the most arid sites (US-Seg and US-Ses). Continental patterns of PET/P were 
also strongly negatively correlated with mean growing season LAI (r 2 = 0.85, p < 0.05; Figure S1 in Supporting 
Information S1), ranging from 0.3 at US-Seg to 8.0 at CA-TP4 where PET/P = 1.01. We only used AmeriFlux 

Figure 2. Geographic distribution of PET/P and our study sites in the United States and Canada. PET/P is the 30-year average (1980–2009) obtained from the Global 
Aridity Index data set (Trabucco & Zomer, 2019). Site-specific PET/P values are listed in Table 1. Note, PET/P is depicted on a loge scale.
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sites affiliated with the PhenoCam network (https://phenocam.sr.unh.edu/webcam/) when there was a minimum 
of 2-years of overlap between AmeriFlux and PhenoCam time series. Meteorological and eddy covariance data-
sets were downloaded from the AmeriFlux web server (https://ameriflux.lbl.gov). See Table S1 in Supporting 
Information S1 for details.

Site PhenoCam PFT Lat. Long.
MAP 
(mm)

MAT 
(°C)

LAI 
(m 2/m 2) PET/P References AmeriFlux data set DOI

US-Ho1 howland1 ENF 45.204 −68.740 1,070 5.3 5.7 0.88 Richardson and 
Hollinger (2005)

https://doi.org/10.17190/
AMF/1246061

CA-TP4 turkeypointenf39 ENF 42.710 −80.357 1,036 8.0 8.0 1.01 Peichl et al. (2010) https://doi.org/10.17190/
AMF/1246012

CA-TPD turkeypointdbf DBF 42.635 −80.558 1,036 8.0 5.8 1.01 Beamesderfer et al. (2020) https://doi.org/10.17190/
AMF/1246152

US-Syv sylvania DBF 46.242 −89.348 826 3.8 4.0 1.03 Desai et al. (2005) https://doi.org/10.17190/
AMF/1246106

US-MMS morganmonroe DBF 39.323 −86.413 1,032 10.9 4.6 1.07 Roman et al. (2015) https://doi.org/10.17190/
AMF/1246080

US-WCr willowcreek DBF 45.806 −90.080 787 4.0 5.4 1.07 Cook et al. (2004) https://doi.org/10.17190/
AMF/1246111

US-UMB umichbiological DBF 45.560 −84.714 803 5.8 5.8 1.21 Gough et al. (2013) https://doi.org/10.17190/
AMF/1246107

US-MOz missouriozarks DBF 38.744 −92.200 986 12.1 3.9 1.36 Gu et al. (2016) https://doi.org/10.17190/
AMF/1246081

US-Me2 oregonMP ENF 44.452 −121.557 523 6.3 3.0 1.41 Thomas et al. (2009) https://doi.org/10.17190/
AMF/1246076

US-Ro4 rosemountnprs GRA 44.678 −93.072 879 6.4 3.0 1.41 Markland (2019) https://doi.org/10.17190/
AMF/1419507

US-KFS kansas GRA 39.056 −95.191 1,014 12.0 2.0 1.47 Brunsell et al. (2013) https://doi.org/10.17190/
AMF/1246132

US-NR1 niwot3 ENF 40.033 −105.546 800 1.5 3.7 2.29 Burns et al. (2015) https://doi.org/10.17190/
AMF/1246088

US-Me6 oregonYP ENF 44.323 −121.608 494 7.6 1.3 2.36 Ruehr et al. (2014) https://doi.org/10.17190/
AMF/1246128

US-Ton tonzi WSA 38.432 −120.966 559 15.8 0.7 2.94 Ma et al. (2016) https://doi.org/10.17190/
AMF/1245971

US-Var vaira GRA 38.413 −120.951 559 15.8 3.5 3.02 Ma et al. (2007) https://doi.org/10.17190/
AMF/1245984

US-Mpj usmpj WSA 34.439 −106.238 385 10.5 1.1 4.51 Anderson-Teixeira et al. (2011) https://doi.org/10.17190/
AMF/1246123

US-Wkg kendall GRA 31.737 −109.942 407 15.6 0.8 5.98 Scott et al. (2010) https://doi.org/10.17190/
AMF/1246112

US-Whs luckyhills OSH 31.744 −110.052 320 17.6 0.5 6.75 Scott et al. (2015) https://doi.org/10.17190/
AMF/1246113

US-Ses sevilletashrub OSH 34.335 −106.744 275 13.7 0.3 8.68 Petrie et al. (2015) https://doi.org/10.17190/
AMF/1246125

US-Seg sevilletagrass GRA 34.362 −106.702 273 13.7 0.3 8.76 Petrie et al. (2015) https://doi.org/10.17190/
AMF/1246124

Note. Sites are ordered by increasing PET/P. MAP and MAT are the 30-year mean annual precipitation and mean annual temperature reported on the AmeriFlux site 
webpages. LAI is the mean growing season leaf area index obtained from MODIS. PET/P are grid level 30-year mean aridity indices from Trabucco and Zomer (2019). 
PFT codes: ENF = evergreen needleleaf forest, DBF = deciduous broadleaf forest, GRA = grassland, WSA = woody savanna, OSH = open shrubland.

Table 1 
Site Information for Co-Located AmeriFlux and PhenoCam Study Sites

https://phenocam.sr.unh.edu/webcam/
https://ameriflux.lbl.gov
https://doi.org/10.17190/AMF/1246061
https://doi.org/10.17190/AMF/1246061
https://doi.org/10.17190/AMF/1246012
https://doi.org/10.17190/AMF/1246012
https://doi.org/10.17190/AMF/1246152
https://doi.org/10.17190/AMF/1246152
https://doi.org/10.17190/AMF/1246106
https://doi.org/10.17190/AMF/1246106
https://doi.org/10.17190/AMF/1246080
https://doi.org/10.17190/AMF/1246080
https://doi.org/10.17190/AMF/1246111
https://doi.org/10.17190/AMF/1246111
https://doi.org/10.17190/AMF/1246107
https://doi.org/10.17190/AMF/1246107
https://doi.org/10.17190/AMF/1246081
https://doi.org/10.17190/AMF/1246081
https://doi.org/10.17190/AMF/1246076
https://doi.org/10.17190/AMF/1246076
https://doi.org/10.17190/AMF/1419507
https://doi.org/10.17190/AMF/1419507
https://doi.org/10.17190/AMF/1246132
https://doi.org/10.17190/AMF/1246132
https://doi.org/10.17190/AMF/1246088
https://doi.org/10.17190/AMF/1246088
https://doi.org/10.17190/AMF/1246128
https://doi.org/10.17190/AMF/1246128
https://doi.org/10.17190/AMF/1245971
https://doi.org/10.17190/AMF/1245971
https://doi.org/10.17190/AMF/1245984
https://doi.org/10.17190/AMF/1245984
https://doi.org/10.17190/AMF/1246123
https://doi.org/10.17190/AMF/1246123
https://doi.org/10.17190/AMF/1246112
https://doi.org/10.17190/AMF/1246112
https://doi.org/10.17190/AMF/1246113
https://doi.org/10.17190/AMF/1246113
https://doi.org/10.17190/AMF/1246125
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2.2. Eddy-Covariance and Canopy Greenness Measurements

From each AmeriFlux tower, we used measurements of P, air temperature (Ta [°C]), sensible heat flux (H [W 
m −2]), latent heat flux (LE [W m −2]), relative humidity (RH [%]), and air pressure (kPa). We first filtered these 
tower data to only include mid-day values (10:00–14:00 local time) under the following conditions for individual 
half-hour or hour measurements: Ta > 0 and friction velocity (𝐴𝐴 𝐴𝐴∗ ) > 0.2 m s −1. We focused on midday values 
where Ta > 0 as it was assumed transpiration was not a significant component of ET outside of these periods 
and this is when LE was highest at a diurnal scale. Data associated with low 𝐴𝐴 𝐴𝐴∗ values were excluded to remove 
observations with insufficient turbulence (Papale et al., 2006). We also removed days where the average mid-day 
H or LE was <0, to constrain our calculations of EF between 0 and 1. To exclude the confounding effects wet 
surfaces may have on measuring surface-atmosphere fluxes, we removed any days that had P > 0 within 48 hr 
prior to the current measurement.

To include daily estimates of vegetation activity, we used canopy greenness data from the PhenoCam public data 
release (V2.0; Seyednasrollah et al., 2019a, 2019b). PhenoCam datasets provide estimates of canopy “greenness” 
on a 1- or 3-day timestep for each site obtained from digital camera imagery. Specifically, cameras are mounted 
to overlook the canopy, and three-channel reg-green-blue (RGB) images are recorded typically every 30 min. 
Statistics summarizing RGB digital numbers (DN) at the pixel level are generated to quantify changes in canopy 
color over time for the image. In our analysis, we used the green-chromatic coordinate (Gcc) to measure canopy 
greenness,

𝐺𝐺CC =
𝐺𝐺DN

𝐺𝐺DN +𝑅𝑅DN + 𝐵𝐵DN

 (1)

Gcc captures the relative greenness from these DN in the repeat imagery, and values typically range from 0.3 to 
0.5 at most sites. We used daily estimates of Gcc in our analysis. Complete details and methodology for PhenoCam 
can be found in Seyednasrollah et al. (2019), Richardson et al. (2018), and Richardson (2019).

2.3. Processing of Eddy Covariance Datasets

For our analysis, we focused on exploring the relative controls of two measures closely related to ET: EF and bulk 
surface conductance (Gs). First, we chose to investigate the drivers of EF instead of ET itself because day-to-day 
variability in Rn can dominate the influence of other variables, and EF also captures important changes in the 
partitioning of the land-surface energy balance (Williams & Torn, 2015). Second, we chose to include Gs in our 
analysis because it directly represents the capacity for the land-surface to regulate the transfer of water to the 
atmosphere. Gs was estimated by inverting the Penman-Monteith model (Monteith, 1981),

𝐺𝐺s =

𝛾𝛾 ⋅ 𝐺𝐺𝑎𝑎 ⋅ 𝜆𝜆𝜆𝜆𝜆𝜆

Δ𝐴𝐴 + 𝜌𝜌𝜌𝜌pVPD𝐺𝐺a − 𝜆𝜆𝜆𝜆𝜆𝜆 (Δ + 𝛾𝛾)
 (2)

Here, A is available energy (H  +  LE  =  Rn  −  G), ρ is air density (kg m −3), Cp is specific heat of dry air 
(1,004.834 J K −1 kg −1), λ is the latent heat of vapourization (J kg −1, with λET = LE), Δ is the slope of the satu-
ration vapor pressure curve (kPa K −1), and γ is the psychrometric constant (kPa K −1). VPD is atmospheric VPD 
and Ga is the aerodynamic conductance of water vapor transfer from the surface to the atmosphere (m s −1). We 
used Equation 2 to estimate Gs at a daily timestep using midday data, deriving all other variables using flux tower 
data. We calculated Gs with the “bigleaf” R package (Knauer et al., 2018). We obtained values for Ga by inverting 
the aerodynamic equation for H,

𝐺𝐺a = 𝐻𝐻
1

𝜌𝜌𝜌𝜌p (𝑇𝑇aero − 𝑇𝑇a)
 (3)

Here, Taero is the aerodynamic surface temperature at the source height of heat exchange in the temperature 
profile, which we approximated with the radiometric surface temperature by using upwelling and downwelling 
longwave radiation measurements (Knauer et al., 2018). Atmospheric VPD was estimated by using RH flux-tower 
measurements: 𝐴𝐴 VPD = 𝑒𝑒

∗
(𝑇𝑇a) − 𝑒𝑒

∗
(𝑇𝑇a) × RH . 𝐴𝐴 𝐴𝐴

∗ is the saturation vapor pressure as a function of air temperature 
(Campbell & Norman, 1998) and 𝐴𝐴 RH = 𝑒𝑒a∕𝑒𝑒

∗
(𝑇𝑇a) , where ea is actual vapor pressure of the air. After these calcu-

lations, we filtered our data one final time to exclude days where Ga < 0 m s −1 or >0.5 m s −1, Gs < 0 m s −1, and 



Journal of Geophysical Research: Biogeosciences

YOUNG ET AL.

10.1029/2022JG006916

7 of 19

VPD < 0.6 kPa. Days where VPD < 0.6 kPa were excluded to reduce the risk 
of these low values inflating Gs when inverting Penman-Monteith, which 
accounted for an average of 22% of all observations across all sites (Equa-
tion 2; Oren et al., 1999). Overall, the total number of observations remaining 
for statistical analysis after data filtering ranged from 290 to >3,000 among 
all sites.

It is reasonable to question whether it is valuable to include both Gs and 
EF simultaneously in our analysis, as we expect Gs to generally track EF 
at seasonal time scales given the intrinsic linkage between Gs and ET. By 
re-arranging and substituting Equation 3 in Equation 2, we can evaluate how 
Gs is theoretically related to EF (Equation 4),

𝐺𝐺s =

𝛾𝛾 ⋅ 𝐺𝐺a ⋅ 𝐸𝐸𝐸𝐸

Δ +
VPD(1 −𝐸𝐸𝐸𝐸 )

(𝑇𝑇aero
− 𝑇𝑇

a)
− 𝐸𝐸𝐸𝐸 (Δ + 𝛾𝛾)

 (4)

Equation 4 clearly demonstrates that other key factors play a role in deter-
mining the magnitude of Gs, including VPD, aerodynamic conductance (Ga), 
and surface-to-air temperature difference (Taero  −  Ta). Thus, while Gs and 
EF may be correlated with each other, we should not expect EF to explain 
all the observed variability in Gs. Furthermore, we would not expect Gs to 
directly track EF as both measures are subject to their own uncertainties, and 
thus they will not perfectly match the theoretical framework of Equation 2. 
Therefore, we ultimately decided to include both EF and Gs in our analysis.

2.4. Path Analysis

Our main statistical tool for quantifying the relative importance among key 
drivers of Gs and EF was path analysis (or structural equation modeling when 

including latent variables, Bollen, 1989). Path analysis is a statistical modeling framework based on multiple 
regression theory and provides a structure for exploring the importance and strength of the causal connections 
among multiple response and explanatory variables. We developed an a priori path diagram capturing important 
causal drivers of EF and Gs (Figure 3).

Our path diagram (Figure 3) comprises and links together four multiple linear regression models:

VPD = 𝛼𝛼 + 𝑏𝑏1𝑇𝑇𝑎𝑎 + 𝑏𝑏2𝑃𝑃10 + 𝑏𝑏3𝐺𝐺cc + 𝜀𝜀 (5)

𝐺𝐺cc = 𝛼𝛼 + 𝑏𝑏1GDD + 𝑏𝑏2CDD + 𝑏𝑏3VPD + 𝑏𝑏4𝑃𝑃10 + 𝜀𝜀 (6)

𝐺𝐺s = 𝛼𝛼 + 𝑏𝑏1VPD + 𝑏𝑏2𝑃𝑃10 + 𝑏𝑏3𝐺𝐺cc + 𝜀𝜀 (7)

𝐸𝐸𝐸𝐸 = 𝛼𝛼 + 𝑏𝑏1𝐺𝐺𝑠𝑠 + 𝑏𝑏2VPD + 𝜀𝜀 (8)

Here, α and ε in Equations  5–8 are the intercept and error terms, respectively, while b represents the slope 
coefficients for each explanatory variable. We do not include any interactions in our regression models (e.g., 
VPD × P10), as we account for such effects using mediation (see Section 2.5). We found consistent non-linearities 
among relationships involving EF, Gs, VPD, P10, and Gcc. To ensure our models met required linearity assump-
tions, we performed loge transformations for EF, Gs, VPD, and Gcc, as well as a square root transformation for P10. 
Finally, all variables were standardized using a z-score prior to running our path analysis models.

Within our path diagram, we used growing degree days (GDD) and chilling degree days (CDD) as predictors for 
Gcc in place of Ta; GDD and CDD are more useful variables for modeling phenology as they capture cumulative 
antecedent conditions (Hänninen & Kramer, 2007). We calculated GDD and CDD using simple threshold models 
based on thermal forcing with parameters for start date, end date, and a base temperature for both warming and 
chilling. Parameters were individually selected for each PFT. We also used the cumulative 10-day sum of precip-
itation (i.e., P10). The 10-day window was chosen because it captures both short-term rainfall pulses, important 

Figure 3. a priori conceptual path diagram for the primary drivers of bulk 
surface conductance (Gs) and evaporative fraction (EF). Circles represent 
exogenous variables and squares represent endogenous variables (i.e., response 
variables). Ta = air temperature, P10 = 10-day antecedent precipitation, Gcc is 
vegetation greenness as measured by PhenoCam (Equation 1), GDD and CDD 
are growing and chilling degree days, respectively, and VPD = atmospheric 
vapor pressure deficit.
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in water-limited and arid ecosystems (Potts et al., 2006), as well as longer-term seasonal trends in precipitation 
that are more important for understanding in energy-limited regions (Wilson & Baldocchi, 2000). We evaluated 
the impact of this window length by testing 5-day, 15-day, and 30-day lengths. There was some sensitivity in our 
results to changing this window size, but the overall findings and inferences did not change significantly (Figure 
S2 in Supporting Information S1). We also chose to use precipitation instead of measures related to soil water 
as a measure of ecosystem water supply. While factors such as soil water potential are more physiologically 
relevant when characterizing plant-water availability (Liu et al., 2020; Novick et al., 2016), site-level soil water 
content measurements from flux tower sites are less commonly available and have varying measurement depths 
across sites. Therefore, precipitation likely provides a more consistent measure of site-level water availability that 
is comparable among all our study sites. Soil water content data was available at some sites. At these sites, we 
compared path analysis results between using soil water content or P10, finding no meaningful differences, indi-
cating that antecedent precipitation is adequate for capturing ecosystem water availability in our analysis (Figure 
S3 in Supporting Information S1). Finally, while EF is normalized by available energy, Gs is not. We conducted 
one final test to evaluate how our results may change if we controlled for available energy for Gs. To conduct this 
test, we filtered out all days where mean daytime net radiation (Rn) < 400 W m −2 and confirmed that the key find-
ings from our study did not appreciably change when controlling for Rn (Figure S4 in Supporting Information S1).

We ensured that our path analyses met necessary statistical requirements. The path diagrams were identifiable 
using the t-rule: t < p(p + 1)/2, where t is the number of parameters to estimate (including variances) and p is 
the number of variables (Bollen, 1989). Our path analysis had 10 degrees of freedom, indicating the ability of 
our models to uniquely identify the model parameters. Furthermore, given that our path diagram is non-recursive 
due to the two-way effect between Gcc and VPD, we confirmed that our path diagram met the required rank 
and order conditions (Berry,  1984). We ensured the linearity assumption between response and explanatory 
variables was met by using added-variable plots (Fox, 2008). All path analyses were run using the “lavaan” 
package in R (Rosseel, 2012). We assessed overall goodness of fit using the comparative fit index (CFI) and the 
standardized root mean squared residual (SRMR), as these two measures are less sensitive to variations in sample 
size (Chen, 2007; Hu & Bentler, 1999). CFI provides a measure of how well the path analysis model fits when 
compared to a baseline that assumes there is no correlation among the variables. CFI is bound between 0 and 1, 
with higher values indicating a stronger fit. SRMR measures the exact fit of a path analysis model, with a value 0 
signaling a perfect fit and values <0.1 are generally considered to indicate a good fit. The equations for both CFI 
and SRMR are provided in the supplementary information (Equations S1 and S2 in Supporting Information S1). 
Finally, we used R 2 to evaluate goodness of fit and predictive power for each multiple linear regression in the path 
diagram (Equations 5–8).

2.5. The Indirect and Direct Effects on Gs

A key strength to using path analysis is the ability to quantify the total effect of a given explanatory variable on 
a response by considering all linkages in the diagram using “mediation” (Baron & Kenny, 1986). Specifically, 
mediation allows for the estimation of the indirect effects (IE) of a given explanatory variable on a response 
as it is mediated by another variable. This IE can then be used with a direct effect (i.e., the path coefficient 
directly connecting two variables) to determine the total effect of a specific explanatory variable (i.e., total 
effect = IE + DE). For example, using Figure 4b, the DE between Gcc and Gs is 0.36 (i.e., the path coefficient 
linking Gcc to Gs). IE is calculated by finding all the explanatory variables that Gcc links to that also connect to 
Gs. In this case, the only other variable is VPD, and IE is calculated as −0.11 × −0.43 = 0.047 (Figure 4a). Thus, 
the total effect = 0.36 + 0.047 ≈ 0.41. We quantified and evaluated the total effect for P10, VPD, and Gcc on Gs.

2.6. Quantifying Prediction Influence Among the Drivers of Gs

To aid in ranking and comparing the importance of VPD, precipitation, and canopy greenness as controls of Gs, 
we quantified the prediction influence (PI) of each variable. Specifically, we define PI as the improvement in 
prediction power gained by including the influence of a given variable in a multiple regression:

�� = �2
full∕�

2
removed (9)
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𝐴𝐴 𝐴𝐴
2

full
 is the R 2 value for the full model with all explanatory variables included. Likewise, 𝐴𝐴 𝐴𝐴

2

removed
 is the R 2 when 

the influence of a given variable is not included. To estimate 𝐴𝐴 𝐴𝐴
2

removed
 , rather than simply remove a specific vari-

able completely from the multiple regression, we kept that variable in the model but randomized the order of 
the observations, eliminating any relationship between the chosen variable with the response, Gs. We chose this 
randomization approach to maintain the same number of degrees of freedom in the linear model, making 𝐴𝐴 𝐴𝐴

2

full
 and 

𝐴𝐴 𝐴𝐴
2

removed
 directly comparable. One important note regarding this approach, in some cases precipitation time series 

Figure 4. Examples of (a–b) path analysis results and (c–h) partial relationships for two sites broadly spanning the aridity gradient of our study area (Figures 1 and 2). 
In our path analysis diagrams (a–b), red arrows depict positive coefficient values while blue arrows indicate negative relationships. The beta coefficient displayed in the 
partial plots (c–h) is the same as the path coefficients for a given linkage displayed in (a) or (b); panels (c–e) are for US-MMS and (f–h) are for US-Whs. We chose to 
depict the above relationships to specifically highlight how precipitation and phenology (i.e., Gcc) influences Gs across the aridity gradient defining our study area.
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may exhibit properties of random distributions (e.g., Laio et al., 2001). The randomized precipitation time series 
may therefore closely resemble the observed one, resulting in potentially high uncertainty in PI for precipitation 
at some sites. However, given that seasonal precipitation is more likely to exhibit such randomness at sites where 
precipitation will have a lower overall effect on Gs (i.e., in energy-limited ecosystems), we do not believe that such 
a factor will strongly influence our results.

3. Results
Path analysis produced well-fit models at each site. Specifically, we found that CFI was >0.80 for all sites, rang-
ing from 0.82 at an evergreen needleleaf forest site in southern Ontario (CA-TP4, PET/P = 1.01) to 0.97 at a 
shrubland site in southern Arizona (US-Whs, PET/P = 6.75) (Table S2 in Supporting Information S1). US-Ro4, 
an energy-limited grassland site (PET/P = 1.41), had the highest SRMR values (0.13). The lowest SRMR value 
(i.e., best fit) was 0.02, occurring at multiple sites which included a range of PFTs (Table S2 in Supporting 
Information S1). Finally, the R 2 for each regression model (Equations 5–8) in our path diagram indicated strong 
goodness-of-fit as well. While there was some variation, these R 2 values were generally high and more than 73% 
of the multiple regression models had an R 2 > 0.50 (Table S2 in Supporting Information S1).

Examining the path coefficients across all sites revealed distinct patterns regarding how the drivers of ET vary 
in relative importance across the aridity gradient. First, Gs emerged as the more important explanatory variable 
of EF relative to VPD, irrespective of PFT or PET/P (Figures 4 and 5). This importance of Gs can be demon-
strated by comparing results from two sites that span the range of PET/P in our study area (Figure 1): US-MMS 
(PET/P = 1.07) and US-Whs (PET/P = 6.75). Specifically, for the direct effect, the path coefficient (±Std. Error) 
linking Gs to EF was 0.88 (±0.013) at US-MMS and 1.07 (±0.006) at US-Whs (Figure 4). By comparison, the 
path coefficients between VPD and EF were 0.23 (±0.013) and 0.33 (±0.006) between these same sites, respec-
tively (Figure 4).

Although Gs was consistently ranked as the most important driver of EF among all our study sites (Figure 5), 
there was no single variable that emerged as the most important for explaining Gs. Rather, by using mediation and 
quantifying the total effect (i.e., DE + IE) of precipitation, VPD, and canopy greenness on Gs (see Section 2.5), we 
found the importance of each variable was largely dependent on site-level aridity (PET/P, Figure 6). In particular, 
the total effect of canopy greenness decreased with increasing PET/P (Figure 6c, r 2 = 0.49 and p < 0.05), indi-
cating that canopy greenness had a considerably stronger effect on Gs in energy-limited ecosystems relative to 
water-limited ecosystems. This pattern can be illustrated by again comparing US-MMS and US-Whs (Figure 4); 

Figure 5. The path coefficients of the linkages between Gs and evapotranspiration (EF) and vapor pressure deficit and EF for 
each site. We plotted these coefficient values in response to PET/P (x-axis) and y-axis units are path coefficient values (e.g., 
Figure 4). We found no significant relationship between path values and PET/P for either variable at the α = 0.05 significance 
level.
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the path coefficients linking canopy greenness to Gs were 0.77 (±0.03) and 0.36 (±0.019) for these two sites, 
respectively (Figures 4d and 4g). In total, seasonal changes in canopy greenness emerged as having the highest 
total effect on Gs at all but one site where PET/P < 1.5 (Figure 6d). By comparison, in water-limited ecosystems, 
we generally found that either precipitation or VPD had the highest total effect on Gs. Specifically, precipitation 
had a much higher effect in the more arid ecosystems (Figure 6a; r 2 = 0.81 and p < 0.05). The total effect of VPD 
was relatively high at many sites, with a significant pattern indicating that the magnitude of the effect of VPD was 
higher in water-limited systems (Figure 6b; r 2 = 0.36, p < 0.05); VPD either had the highest or second highest 
total effect at 14 out of 20 sites (Figure 6d).

While our path analysis provided key information for understanding how the drivers of Gs may vary among 
ecosystems, the results from it do not indicate the importance of accounting for each variable when predicting 
seasonal patterns in Gs. To address this limitation, we quantified the prediction influence for precipitation, VPD, 
and canopy greenness for each site using Equation 9. We found that accounting for canopy greenness was neces-
sary to successfully predict seasonal patterns in Gs (Figure 7), and thus ET. In energy-limited ecosystems, the 
average prediction influence was 920%, indicating that including the influence of greenness as an explanatory 
variable improved model predictions by a significant amount. In water-limited ecosystems this influence was 
considerably less, averaging 145%. The prediction influence of VPD or precipitation was generally low (<200%) 
relative to greenness.

Figure 6. The total effect of (a) precipitation, (b) vapor pressure deficit (VPD), or (c) canopy greenness on Gs at all 20 study sites. The total effect of either 
precipitation, VPD, or canopy greenness is plotted against PET/P. If one of these three variables had the highest total effect on Gs the marker is filled in gray. In (a–c) 
the vertical dashed line represents the delineation between energy- and water-limited ecosystems (PET/P = 1.5). (d) Visualization of the ranking of total effects on Gs 
for each site, ordered by increasing PET/P (in parentheses next to each site name). Different shadings indicate different variables, and the values displayed in each cell 
are the total effect on Gs from the path analysis. For example, at our least-arid site, US-Ho1 (PET/P = 0.88), canopy greenness is ranked as having the highest effect 
(total effect = 0.70), while VPD (total effect = 0.37) and precipitation (total effect = 0.14) are ranked as having the second and third highest effects on Gs, respectively. 
In panel (d), the vertical black line between US-KFS and US-NR1 represents the separation between energy and water-limited ecosystems.
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4. Discussion
To understand how the drivers of ET vary in relative strength among different ecosystems and climatic regimes, 
we leveraged daily time series data from 20 AmeriFlux and PhenoCam sites that span a broad climatological 
aridity gradient (PET/P) in the US We used path analysis to model a relatively simple ecological network char-
acterizing the linkages among multiple response and explanatory variables. We found clear evidence that bulk 
surface conductance (Gs) had the highest relative control over EF, with VPD having an important, yet secondary 
effect. However, whereas the strong influence of Gs over EF was consistent among all sites, the underlying drivers 
of Gs notably varied in importance, particularly in response to site-level PET/P. Specifically, at sites where ET 
is limited primarily by energy availability (i.e., energy-limited ecosystems), we found that canopy greenness had 
the strongest effect on Gs relative to meteorological factors, such as VPD or precipitation. In the remainder of this 
discussion, we highlight and disentangle how the controls of Gs—and thus EF—vary in strength and importance 
among different ecosystems, with a particular focus on the role of phenology.

4.1. How do the Relative Controls of Gs Vary Among Ecosystems?

Seasonal changes in canopy greenness measured by PhenoCam Gcc had the highest total effect on Gs at most of 
our study sites (60%), implying that phenology acts as a key driver of Gs and EF in some, but not all, ecosystems. 
Furthermore, we found that this strong influence of greenness did not occur randomly among sites; instead, it was 
much more prominent in energy-limited ecosystems (i.e., PET/P < 1.5). In energy-limited ecosystems there is 
generally abundant and stable soil moisture in the root zone, particularly during the early part of the growing season 

Figure 7. Prediction influence of precipitation, vapor pressure deficit, and canopy greenness (Equation 9). Prediction 
influence measures the change in R 2 when each of these variables is included in a multiple regression model predicting Gs. 
For example, a value of 800% for canopy greenness indicates that there is an eightfold increase in R 2 when greenness is 
included as an explanatory variable. The horizontal dashed line in all three panels represents 100% (i.e., no difference).
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(Wilson et al., 2000). However, this root-zone soil moisture is effectively unavailable for evaporation, particularly 
when the soil surface begins to dry (Daikoku et al., 2008; Idso et al., 1974). Plants provide the hydraulic archi-
tecture to transport this soil moisture to the atmosphere via water loss as stomata open during photosynthesis 
(Sakai et al., 1997; Tyree & Ewers, 1991; Wilson & Baldocchi, 2000). As a result, canopy greenness—acting as 
a proxy measure for transpiration occurring under photosynthesis—emerges as having the strongest effect on Gs 
in energy-limited ecosystems. This finding is not necessarily surprising, given that many of the energy-limited 
sites used in this study are from deciduous broadleaf forests (Fitzjarrald et al., 2001; Schwartz, 1992). Likewise, 
the relationship between greenness and Gs may be confounded by physiological feedbacks among VPD and 
stomatal aperture; stomata close to prevent water loss during periods of high VPD, thereby ultimately decreasing 
Gs even though canopy greenness may not decrease in unison (Grossiord et al., 2020; Novick et al., 2016; Oren 
et al., 1999). Additionally, increasing VPD and decreasing soil moisture can influence the timing of leaf senes-
cence and green-down in some ecosystems, and thus VPD may have a higher effect on Gs at certain parts of the 
year (Seyednasrollah et al., 2020; Zavaleta et al., 2003). Nevertheless, at seasonal time scales, we consider VPD 
to have secondary influence as a control of Gs compared to vegetation phenology in energy-limited ecosystems, 
as the importance of VPD is dependent on vegetation status.

A second key pattern highlighted by our results is that this effect of greenness on Gs occurred among multi-
ple different PFTs, including deciduous broadleaf, evergreen needleleaf forests, and grasslands. While linkages 
between phenology and shifts in Gs or ET have been well established for decades in deciduous broadleaf forests 
(Blanken & Black, 2004; Sakai et al., 1997), we provide clear evidence extending this linkage to other ecosys-
tems and PFTs. For example, we found strong linkages between canopy greenness and Gs in evergreen needleleaf 
forests, providing evidence for a direct and clear linkage between photosynthetic activity and water use in these 
systems (Bowling et al., 2018; Seyednasrollah et al., 2021; Stoy et al., 2006). Furthermore, we found that this 
strong effect of greenness was not limited to only energy-limited systems. In a water-limited Mediterranean 
grassland site in central California (US-Var, PET/P = 1.98), greenness was ranked as more important than VPD 
or precipitation (Figure 6). At this site, the growing season occurs during the spring rather than summer months; 
peak ET and greenness occurs at approximately May 10th in a given year, when soil water is non-limiting and 
air temperature is relatively mild (Baldocchi et al., 2021). Thus, even though PET/P > 1.5 at annual time scales, 
greenness still has a large influence on Gs during periods of the year when soil water is non-limiting. Compara-
tively, during the hot and dry summer months both the vegetation senesces and Gs decreases due the lack of mois-
ture availability (Baldocchi et al., 2010). This result from a water-limited ecosystem highlights that the strong 
influence of greenness is not limited to only certain PFTs. Instead, seasonal shifts in photosynthetic activity acts 
as a key regulator and control of Gs through changes in stomatal aperture, and this linkage can be measured and 
modeled using measurements of canopy greenness.

Canopy greenness had a much smaller effect on Gs in water-limited regions, with either antecedent 10-day precip-
itation or VPD having the strongest total effect on Gs (Figure 6). This relatively small effect of greenness on Gs in 
water-limited ecosystems is primarily a product of variations in LAI that accompany PET/P (Table 1 and Figure 
S1 in Supporting Information S1). Specifically, in water-limited ecosystems, bare soil comprises a much higher 
proportion of land cover for most of the year, leading to surface evaporation being a more substantial contribu-
tion to ET relative to transpiration (Scott et al., 2021; Villegas et al., 2010; Wang et al., 2014). Consequently, 
significant water fluxes can occur regardless of vegetation status, resulting in Gs being decoupled from seasonal 
phenological signals of vegetation greening. Examples of this decoupling occur during the North American 
monsoon. Specifically, green-up and subsequent transpiration in semi-arid systems is triggered by monsoonal 
precipitation (Matsui et al., 2005). However, there are significant increases in surface evaporation as wetting of 
the soil surface (i.e., 0–50 mm) occurs well before green-up, and transpiration may not happen for several days-to-
weeks until water infiltrates into the root zone (Kurc & Small, 2004; Scott et al., 2006). Vegetation seasonality is 
therefore not acting as a first-order control of Gs in water-limited ecosystems. Additionally, it should be noted that 
species composition or PFTs may be playing a role in driving how decoupled phenology appears to be from ET in 
water-limited ecosystems. Specifically, at two shrubland sites (US-Whs and US-Ses), the influence of phenology 
is notably lower relative to a grassland site (US-Wkg), and this difference may be due to shrubs having a more 
delayed decline in senescence than in grasslands (Yan et al., 2019).

In general, the lack of influence of greenness in water-limited ecosystems compared to energy-limited ecosys-
tems was fairly surprising for several reasons. First, there are clear examples of Gs or ET or plant productivity 
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closely tracking phenological signals of greenness in these systems (e.g., Figure  1, Vivoni et  al.,  2008; Yan 
et al., 2019). Second, the ratio of transpiration to ET (i.e., T/ET) can sometimes peak as high as 60% to >80% in 
water-limited ecosystems, indicating plant physiological activity plays a key role in governing ET for at least parts 
of the year (Raz-Yaseef et al., 2012; Scott & Biederman, 2017). Finally, plants in semi-arid regions can provide 
access to deeper soil water that is unavailable for surface evaporation, enhancing transpiration and Gs (Cavanaugh 
et al., 2011; Scott et al., 2006). Discrepancies between our results and past studies may be due to differences 
in scale; by evaluating the time series at daily timestep, any divergences between the timing of green-up and 
seasonal shifts in Gs will be more evident. For example, at an open shrubland site in southeastern Arizona 
(US-Whs, PET/P = 6.75), shifts in increasing EF and precipitation clearly occur well before green-up (Figure 1), 
resulting in greenness having little effect on Gs (Figure 4). Likewise, senescence in shrublands lags behind more 
immediate response of Gs to decreased precipitation (Figure 1). Finally, this lack of phenological influence may 
also be due in part to a decoupling of vegetation and ET or plant productivity due to water limitations during 
long inter-storm periods in the growing season; in general, greenness is slower to respond to precipitation pulses 
in such ecosystems (Yan et al., 2019). Thus, while vegetation can play an important role in regulating Gs during 
the growing season in water-limited regions (Scott et al., 2021), it is a less informative predictor of Gs relative to 
precipitation.

4.2. The Varying Importance of Vegetation Phenology as a Driver of Gs: Implications for Understanding 
Present and Future Changes in Ecosystem Water Fluxes

Our analysis highlights that vegetation phenology acted as the primary control of Gs, but only in energy-limited 
ecosystems. As indicated in the previous section of this discussion, this lack of importance of phenology in 
water-limited ecosystems was surprising, and there are several implications associated with this finding. First, 
seasonal patterns in ET and the partitioning of the surface energy balance are driven primarily by climatic 
factors, rather than biological or physiological controls in these regions. In particular, this indicates that ET may 
become increasingly sensitive to atmospheric VPD as climatological aridity increases (Baldocchi et al., 2022). 
Such decoupling from the land surface ultimately implies that the capacity for vegetation phenology to mediate 
this sensitivity of ET to climate will become increasingly diminished (e.g., Zavaleta et al., 2003). Furthermore, 
drylands are expected to expand regionally under many future climate change scenarios (Huang et al., 2016; Yao 
et al., 2020). Expansion of such water-limited ecosystems suggests that the phenology may play a less important 
role in governing the surface energy balance over broader spatial regions as time goes on, potentially affecting 
planetary-boundary layer dynamics and mesoscale weather patterns (Hiestand & Carleton, 2020). Finally, while 
the influence of phenology is less at water-limited sites relative to sites in energy-limited ecosystems, it is not 
negligible. However, there may be an LAI threshold of fractional vegetation cover where the influence of phenol-
ogy is effectively nil. Identifying such a threshold will likely be important as many regions continue to experience 
increasing aridity.

The significant influence phenology has on Gs in energy-limited ecosystems also comes with some important 
implications. In particular, the strong linkage from greenness → Gs → EF directly implies that phenology plays 
a significant role regulating seasonal variability in the surface energy balance, with potential implications for 
land-atmosphere interactions in energy-limited ecosystems. Specifically, by modeling EF in our path analysis, 
we provide direct evidence that the partitioning of available energy closely tracks canopy greenness through Gs in 
these ecosystems. Our results share important parallels with past studies. For example, similar linkages between 
canopy greenness and seasonal variations in the land-surface energy balance have been identified in deciduous 
broadleaf forests, where distinct seasonal shifts of the Bowen ratio (H/LE) occur in response to leaf emergence 
occur (Fitzjarrald et al., 2001; Moon et al., 2020; Schwartz, 1992). Furthermore, recent work has established 
strong seasonal correlations between seasonal EF and LAI, indicating vegetation plays a critical role in govern-
ing land-atmosphere coupling across a broad range of US ecosystems (Williams & Torn, 2015). Our findings 
expand on these past studies by explicitly quantifying and identifying key regional differences in the importance 
of phenology, and to our knowledge, there are few studies that have identified similar regional patterns (e.g., 
Guillevic et al., 2002). Broadscale, regional differences in the effect of phenology on ET can have considerable 
impacts on land-atmosphere coupling and synoptic-scale atmospheric dynamics. For example, there is evidence 
that strong phenological patterns in aspen-dominated boreal forest ecosystems in central Canada enhance ET 
and EF relative to bordering evergreen needleleaf forests, ultimately influencing regional precipitation patterns 
and surface warming (Hogg et al., 2000). As an additional illustration for regional-scale implications, in the U.S. 
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Midwest differing phenological effects on ET between deciduous broadleaf forests and neighboring croplands 
influenced the likelihood of convective precipitation (Carleton et al., 2008; Hiestand & Carleton, 2020).

We have discussed how continental-scale variability in the drivers of ET are important for understanding shifts in 
the land-surface energy balance among different hydroclimatic regimes. However, this finding by itself does not 
directly address the importance of accounting for such patterns when predicting seasonal variations in ET. As a 
final piece to this analysis, we found that including vegetation phenology is essential for successfully predicting 
the complete seasonal trajectory of Gs in energy-limited ecosystems. Specifically, we found that including canopy 
greenness in our multiple linear regression models to predict Gs (Equation 7) ultimately improved R 2 > 300%; the 
prediction influence of both VPD and precipitation was comparatively less at most sites (Figure 7). While this 
finding is not necessarily novel (e.g., Granier et al., 2000; Wilson & Baldocchi, 2000), it does further cement the 
inference that accounting for regional variations in phenology-ET relationships can have significant influence on 
accurately forecasting land-surface and meteorological processes (Fischer et al., 2007; Guillevic et al., 2002; Lu 
& Shuttleworth, 2002; Puma et al., 2013). The results also highlight the importance of controlling for greenness 
or LAI when attempting to disentangle the effects of soil moisture and/or VPD conductance or carbon uptake at 
the ecosystem-scale. It is expected that both the timing of green-up and growing-season length will be sensitive to 
future warming, particularly in energy-limited ecosystems where vegetation phenology was identified as the most 
important driver of Gs (Migliavacca et al., 2012; Seyednasrollah et al., 2020). In these systems, shifts to earlier 
green-up and longer growing seasons could lead to depletion of soil water through increased ET, ultimately 
enhancing surface warming and affecting regional climates (Lian et al., 2020; Miralles et al., 2014).

5. Conclusions
Through a data synthesis using mid-day eddy covariance measurements from AmeriFlux and PhenoCam green-
ness data, we elucidated how vegetation phenology varies in importance as a control of bulk surface conductance 
(Gs) across a broad climatic gradient. We used path analysis to compare and evaluate the causal linkages among 
Gs, VPD, precipitation, and canopy greenness. Using the path coefficients from this approach, we found clear 
patterns that the drivers of Gs (and thus ET) vary across a continental-scale aridity gradient. Specifically, our 
findings highlight that seasonal greenness had the strongest influence in energy-limited ecosystems, regard-
less of specific PFT, indicating that phenology plays a key role in governing seasonal patterns of the surface 
energy balance in many ecosystems. By comparison, phenology consistently had relatively low importance in 
water-limited ecosystems; instead, precipitation had a significantly higher effect on Gs. Finally, we found that 
accounting for vegetation phenology in predictive models is critical for successfully anticipating seasonality in 
ET in energy-limited ecosystems.

Data Availability Statement
AmeriFlux data used in this analysis are available at https://ameriflux.lbl.gov/, and the dataset citations for each 
site are provided in Table 1. PhenoCam datasets are from the V2.0 public data release available on the ORNL 
DAAC (https://doi.org/10.3334/ORNLDAAC/1674). The code used to conduct this analysis is available on 
GitHub via Zenodo (https://doi.org/10.5281/zenodo.6558541).
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