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Abstract 

As a continuous drying trend is predicted in California, changes in precipitation 

and temperature may significantly impact various ecosystem processes, and 

subsequently, the gross primary production (GPP), a measure of the amount of carbon 

assimilated by plants from the atmosphere. This study investigates the sensitivity of 

GPP to variations in precipitation and temperature in a semi-arid grassland in California 

by analyzing AmeriFlux tower observation from 2002 – 2019 and using the process-

based biogeochemical model, Biome-BGCMuSo. Analyses of the observation 

demonstrate that GPP is affected by both precipitation and temperature, but 

precipitation plays a larger role than temperature in controlling soil moisture, vapor 

pressure deficit (VPD), and GPP in spring; compared to summer, fall, and winter 

seasons, spring GPP dominates annual GPP. Biome-BGCMuSo-simulated GPP is in 

good agreement with eddy covariance tower-based GPP. Model results also reveal that 

precipitation and temperature can influence GPP by regulating leaves’ stomatal 

conductance through their impacts on soil moisture and VPD. Precipitation reduction 

and temperature rise projected by CMIP5 North America Coordinated Regional Climate 

Downscaling Experiment (NA-CORDEX) under the high representative concentration 

pathway (RCP 8.5) scenario decreased annual GPP by 8% and 7%, respectively, when 
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applied separately, and 16% when applied together. These results suggest a reduction of 

terrestrial primary production in the semi-arid ecosystems when the climate warms. 
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1. Introduction  

Terrestrial ecosystems play an essential role in the global carbon cycle because of 

their ability to absorb carbon from the atmosphere [Li et al., 2017]. Gross primary 

production (GPP), an estimate of the amount of carbon assimilated by plants during 

photosynthesis, provides us a pathway to study potential variations in the carbon 

uptake ability of ecosystems due to any environmental changes, such as increases in 

temperature and decreases in rainfall intensity [O’Sullivan et al., 2020]. Temperature and 

precipitation are relevant to a range of climate variables, including soil moisture and 

vapor pressure deficit (VPD), and subsequently, the amount of water available to plants 

[Ficklin and Novick, 2017; Wu et al., 2011]. Water availability is a critical parameter that 

governs the behaviors of plants’ stomata, where CO2 and water vapor are exchanged 

between the leaves and the atmosphere [Gentine et al., 2019]. Low water availability 

may lead to stomatal closure to prevent water loss and decrease photosynthesis rates 

[Konings et al., 2017].  As climate change proceeds, warming and variations in 

precipitation patterns will alter the hydrologic cycle and biological processes related to 

plants and impact GPP [Li et al., 2017]. In particular, a continuous drying trend is 

observed in the Southwest United States due to increased temperature and more 

frequent drought events [Ting et al., 2018; He and Guatam, 2016]. California is predicted 

to be 15 to 35% drier by the end of the century, leading to rising concerns on how 

warming and drying will influence GPP in these regions [Pathak et al., 2018].  
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Extensive studies have focused on the sensitivity of GPP to temperature and 

precipitation at different spatial and temporal scales. Over the entire northern 

hemisphere, large-scale modeling and manipulated experiments found an overall 

positive relationship of GPP to both temperature and precipitation [O’Sullivan et al., 

2020; Wu et al., 2011; Piao et al., 2008]. Wolf et al. [2016] also concluded that the 

exceptionally dry and warm year, 2012, in the United States increased carbon uptake in 

spring but reduced the uptake in summer due to droughts. Besides seasonal variations, 

different results on the consequence of warming were shown at local scales. Buermann 

et al. [2018] found a negative and lagged response of GPP to warmer spring in western 

North America. O’Sullivan et al. [2020] also pointed out warming can reduce GPP in 

ecosystems such as savanna and grasslands. Studies in semi-arid grassland supported 

the conclusion of negative responses of GPP to both warming and reduced precipitation 

as warming can exacerbate the soil water stress in summer [Bunting et al., 2017; Li et al., 

2017; Delgado-Balbuena et al., 2019]. These distinct results demonstrate that the 

processes involved in determining the direction of GPP response to warming and 

precipitation reduction may vary according to seasonal variations and ecosystem types.  

Semi-arid grasslands constitute 17.7% of global land and more than 40% of the 

area of California and are uniquely characterized by their relatively high sensitivity to 

precipitation [Delgado-Balbuena et al., 2019; Grant et al., 2012]. Previous studies 

demonstrated that the intensity of precipitation in the wet season, when plant growth is 
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no longer limited by water availability, is especially important, but fewer studies have 

focused on the mechanisms or prediction of the impact of temperature changes in the 

growing season on GPP in semi-arid grasslands, especially on more extended periods 

[Ma et al., 2007; Bunting et al., 2017]. Here in this study, we first investigate the 

relationship between GPP and a range of climate variables and quantify the relative 

importance of precipitation and temperature under observed climate in a semi-arid 

grassland (Vaira Ranch, 38.41°N, 120.95°W) in California that is identified as a water-

limited region. Then, a process-based terrestrial model, Biome-BGCMuSo, is employed 

to understand the mechanisms of how precipitation and temperature affect GPP. Lastly, 

terrestrial GPP responses to climate change, i.e., future drying and warming in 

California, are predicted and quantified using the Biome-BGCMuSo under the RCP8.5 

scenario for a period of 18 years.  
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2. Data and Methods 

2.1 Study Site 

The study site is located in a semi-arid grassland (Vaira Ranch, 38.41°N, 

120.95°W, identified as US-Var in the AmeriFlux Network) in California, USA. (Figure 

2.1 and Table 2.1) The site experiences a Mediterranean climate with dry and hot 

summer and wet and mild winters. (Figure 2.2) Dominate species at the site is annual, 

cool-season C3 grass. The soil of the site is about 0.4 m deep, with silt loam overlaying 

fractured rock [Xu and Baldocchi, 2004].  

Table 2.1: General Information of the 

AmeriFlux Tower, US-Var. 

Latitude, Longitude 38.41, -120.95 

Elevation (m) 129 

Years Data Available 2000 - 2020 

Mean Annual Precipitation 

(mm) 
559 

Mean Annual 

Temperature (°C) 
15.8 

Climate Csa1 

Vegetation Type GRA2 

Albedo 0.2 3 
1 Csa: Mediterranean climate 
2 GRA: grassland 
3 See section 3.3.4 for source 

 

The eddy covariance tower at US-Var is 2-m high, constantly measuring CO2 

fluxes, water vapor, and meteorological variables. Soil volumetric water content (VWC) 

measurements are made at 0.05, 0.1, and 0.20 m depths. A tipping-bucket rain gauge is 

Figure 2.1: Map of the 

AmeriFlux eddy covariance tower, 

US-Var. 

 [Google, n.d.] 
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also equipped for precipitation measurements. Meteorological data, including 

temperature, precipitation, vapor pressure deficit (VPD), VWC, and incoming 

shortwave radiation (SWin) measurements, are available at half-hourly timesteps. Gap-

filling methods include linear interpolation for short data gaps and smoothing for longer 

periods. More details on sensor specification and data filling methods are included in Xu 

and Baldocchi [2004] and Ma et al. [2007]. 

 

Figure 2.2: Seasonal total precipitation and average daily mean temperature at US-Var. 

(Source specified in section 3.3.1) The blue color is for precipitation. The red color is 

for temperature. Circles and diamonds represent the 18-year average of each season. 

The boxes’ horizontal lines from bottom to top are the lower quartile, the median, and 

the upper quartile. The whiskers are the minimum and maximum values. (Spring is 

from March-May, summer is from June – August, autumn is from September – 

November, and winter is from December in the previous year to February in the 

present year) 
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2.2 Model Description  

Biome-BGCMuSo is a one-dimensional, process-based, biogeochemical model 

that can simulate terrestrial water, carbon, and nitrogen cycle and radiation absorption 

operating at a daily timestep. The model calculates photosynthesis rates, 

evapotranspiration routine, soil temperature, soil hydrology, and soil stress based on the 

Farquhar method, Penman-Monteith method, Zheng’s method, Richards equations, and 

soil water content, respectively. (Table 2.2) Details on each method are included in the 

user’s guide by Hidy et al. [2019]. The model also considers temperature-dependent Q10 

value for respiration calculation, photosynthesis and respiration acclimation, and 

conductance reduction influenced by changing atmospheric CO2 concentration. A spin-

up phase is required to let the carbon and nitrogen pools reach an equilibrium state in 

the model before running the normal phase for the study period.  

Table 2.2: Relevant equations used in the Biome-BGCMuSo model. 

Soil 

Evaporation 

𝐴𝑐𝑡𝑢𝑎𝑙 𝐸𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑖𝑜𝑛 =  
0.3

𝐷𝑆𝑅2  ∙ 𝑒 (1) 

𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙 𝑒𝑣𝑎𝑝𝑜𝑟𝑎𝑡𝑖𝑜𝑛 (𝑒) =  
𝑠 ∙ 𝑅𝐴𝐷 + (𝜌 ∙ 𝐶𝑝 ∙ 𝑉𝑃𝐷 𝑟𝐻𝑅⁄ )

(
𝐴𝑖𝑟𝑃𝑎 ∙ 𝐶𝑝 ∙ 𝑟𝑏𝑙

𝑙ℎ𝑣𝑎𝑝 ∙ 𝜀 ∙ 𝑟𝐻𝑅
) + 𝑠

 
(2) 

𝐿𝑒𝑡𝑒𝑛𝑡 ℎ𝑒𝑎𝑡 𝑜𝑓 𝑣𝑎𝑝𝑜𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 (𝑙ℎ𝑣𝑎𝑝)
= 2.5023 ∙ 106  −  2430.54 ∗  𝑇𝑎 

(3) 

𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑐𝑜𝑛𝑣𝑒𝑐𝑡𝑖𝑣𝑒 𝑎𝑛𝑑 𝑟𝑎𝑑𝑖𝑎𝑡𝑖𝑣𝑒 ℎ𝑒𝑎𝑡 (𝑟𝐻𝑅) =  
𝑟𝑏𝑙 ∙ 𝑟𝑅

𝑟𝑏𝑙 + 𝑟𝑅
 (4) 

 𝑎𝑒𝑟𝑜𝑑𝑦𝑛𝑎𝑚𝑖𝑐 𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝑟𝑏𝑙)

= 107 [(
𝑇𝑑𝑎𝑦 + 273.15

293.15
)

1.75

(
101300

𝐴𝑖𝑟𝑃𝑎
)]⁄  

(5) 
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𝑟𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑟𝑎𝑑𝑖𝑎𝑡𝑖𝑣𝑒 ℎ𝑒𝑎𝑡 (𝑟𝑅) =  
𝜌 ∙ 𝐶𝑝

4  ∙ 𝑆𝐵𝐶  ∙  𝑇𝑎
3 (6) 

𝑫𝑺𝑹: day(s) since the last rain event; 𝒔: rate of change of the saturation 

vapor pressure with temperature; 𝑹𝑨𝑫: incoming shortwave radiation; 

𝝆: density of air; 𝑪𝒑: specific heat of air; 𝑨𝒊𝒓𝑷𝒂: air pressure; 𝜺: the ratio 

of molecular weights of water vapor and air (= 0.6219);  𝑻𝒂: air 

temperature (unit: K); 𝑻𝒅𝒂𝒚: daytime air temperature (unit: K); 𝑺𝑩𝑪: 

Stefan-Boltzmann constant 

Total leaf 

conductance 

to water 

vapor (𝐺𝑤𝑣) 

𝐺𝑤𝑣 =  
𝑔𝑏𝑙 ∙ (𝑔𝑠 + 𝑔𝑐)

𝑔𝑏𝑙 + 𝑔𝑠 + 𝑔𝑐
 (7) 

𝑔𝑠 =  𝑔𝑠,𝑚𝑎𝑥 ∙ 𝑀𝑃𝑃𝐹𝐷 ∙ 𝑀𝑆𝑂𝐼𝐿𝑃𝑆𝐼 ∙ 𝑀𝑇𝑀𝐼𝑁 ∙ 𝑀𝑉𝑃𝐷 (8) 

𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑡𝑖𝑐 𝑝ℎ𝑜𝑡𝑜𝑛 𝑓𝑙𝑢𝑥 𝑑𝑒𝑛𝑠𝑖𝑡𝑦 𝑠𝑐𝑎𝑙𝑎𝑟 (𝑀𝑃𝑃𝐹𝐷)

=  
𝑃𝑃𝐹𝐷/𝐿𝐴𝐼

75 + 𝑃𝑃𝐹𝐷/𝐿𝐴𝐼
 

(9) 

𝑠𝑜𝑖𝑙 𝑤𝑎𝑡𝑒𝑟 𝑝𝑜𝑡𝑒𝑛𝑡𝑖𝑎𝑙, 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒, 𝑎𝑛𝑑 𝑉𝑃𝐷 𝑠𝑐𝑎𝑙𝑎𝑟𝑠  

(𝑀𝑆𝑂𝐼𝐿𝑃𝑆𝐼 , 𝑀𝑇𝑀𝐼𝑁 , 𝑀𝑉𝑃𝐷) =
𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑣𝑎𝑙𝑢𝑒 − 𝑚𝑖𝑛𝑆𝑂𝐸

𝑚𝑎𝑥𝑆𝑂𝐸 − min 𝑆𝑂𝐸
 

(10) 

𝒈𝒃𝒍: leaf boundary layer conductance (constant, set in section 2.3.3); 𝒈𝒄: 

leaf cuticular conductance (constant, set in section 2.3.3); 𝒈𝒔,𝒎𝒂𝒙: 

maximum stomatal conductance (constant, set in section 2.3.3); 𝑷𝑷𝑭𝑫: 

photon flux density; 𝑳𝑨𝑰: projected leaf area index; 𝒎𝒊𝒏𝑺𝑶𝑬: minimum 

stomatal opening endpoint, below which there is full stomatal closure; 

𝒎𝒂𝒙𝑺𝑶𝑬: maximum stomatal opening endpoint, above which there is 

maximum stomatal opening.  

Leaf carbon 

assimilation 

rates (𝐴) 

𝐴 = min(𝐴𝑣 ,  𝐴𝑗) ;  {
𝐴𝑣 =  𝐺𝑚𝑇𝑐 ∙ (𝐶𝑎 − 𝐶𝑖)

𝐴𝑗 =  𝐺𝑚𝑇𝑐 ∙ (𝐶𝑎 − 𝐶𝑖) (11)   

𝑙𝑒𝑎𝑓 𝑐𝑜𝑛𝑑𝑢𝑐𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝐶𝑂2 (𝐺𝑚𝑇𝑐) =  
1 ∙ 106 ∙  𝐺𝑤𝑣

1.6 ∙  𝑅 ∙ 𝑇𝑑𝑎𝑦
 (12) 

𝑐𝑎𝑟𝑏𝑜𝑥𝑦𝑙𝑎𝑡𝑖𝑜𝑛 𝑙𝑖𝑚𝑖𝑡𝑒𝑑 𝑎𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 (𝐴𝑣)  

=  
𝑣𝑐,𝑚𝑎𝑥 ∙  (𝐶𝑖 − Γ∗)

𝐶𝑖 + 𝐾𝑐 ∙  (1 + 𝑂2 𝐾𝑜⁄ )
− 𝑀𝑅𝑙𝑒𝑎𝑓 

(13) 

𝑅𝑢𝐵𝑃 𝑙𝑖𝑚𝑖𝑡𝑒𝑑 𝑎𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 (𝐴𝑗)

=  
𝐽 ∙  (𝐶𝑖 − Γ∗)

5.6 ∙  𝐶𝑖 + 10.5 ∙  Γ∗ − 𝑀𝑅𝑙𝑒𝑎𝑓 
(14) 
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𝑪𝒂: atmospheric CO2 concentration; 𝑪𝒂: intercellular CO2 concentration 

𝑹: the universal gas constant; 𝒗𝒄,𝒎𝒂𝒙: maximum rate of carboxylation; 

𝚪∗: CO2 compensation point in the absence of leaf maintenance 

respiration; 𝑲𝒐, 𝑲𝒄: kinetic constants for oxygen and rubisco 

carboxylation; 𝑶𝟐: the atmospheric concentration of O2; 𝑱: the 

maximum rate of electron transport; 𝑴𝑹𝒍𝒆𝒂𝒇: leaf maintenance 

respiration.  

 

A major improvement of Biome-BGCMuSo from its older version, Biome-BGC, is 

the transition from one single soil layer module to 10 layers. The multilayer model now 

better represents the gradients of soil moisture from shallow to deep layers and soil 

water stress on plants. The calculation of drought-related senescence of plants is also 

improved in the multilayer version, so the mortality of plants due to water stress is 

better simulated in the present version [Hidy et al., 2016]. The model also takes minimal 

time to run multiple years of data while still being able to capture seasonal and 

interannual variations of plant activities. By manipulating the input climate variables 

according to projections, the model is able to predict the impact of climate change on 

plant growth in the future.    

2.2.1 Meteorological Data 

The meteorological data calls for daily maximum and minimum temperature 

(Tmax and Tmin), precipitation, daytime average temperature (Tday), VPD and incoming 

shortwave radiation (SWin), and daylength. For the normal phase, daily maximum and 

minimum temperature and precipitation were obtained directly from PI-filled tower 
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data from 2002 – 2019 [Ma et al., 2020]. The daytime average temperature, VPD, and 

SWin were calculated by averaging PI-filled tower data from 6:00 am – 6:00 pm daily.  

The model also requires a spin-up phase, which was set to run from 1980 – 2004. 

Data for all climate variables for the spin-up run were obtained from Daymet, a dataset 

that interpolated and extrapolated meteorological observations to produce 1 km x 1 km 

gridded daily estimates of weather variables [Thornton et al., 2018]. Daytime average 

temperature and SWin were then generated by the MT-CLIM model using data from 

Daymet [Thornton and Running, 1999].   

2.2.2 Soil Parameters 

The primary source for soil parameters is the Soil Information for Environmental 

Modeling and Ecosystem Management CONUS-SOIL dataset, where silt, sand, and clay 

fraction, bulk density, and pH data were obtained. Data from CONUS-SOIL are gridded 

at 1-km cell size comprising 11 soil layers. To accommodate the 10-layer soil setup in the 

Biome-BGCMuSo model, average values were taken from layers in CONUS-SOIL 

classified in Table 2.3. Critical values of volumetric water content (VWC at saturation, 

field capacity, and wilting point) and runoff curve numbers are taken from the Look-up 

Table (LUT) from Hidy et al. [2016]. (Appendix, Table A1)  
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Table 2.3: Conversion of soil layers between CONUS-SOIL and Biome-BGCMuSo 

Soil Layers in Biome-BGCMuSo Soil Layers in CONUS-SOIL 

Layers Depths (cm) Layers Depths (cm) 

1 0 – 3 1 0 – 5 

2 3 – 10 2 5 – 10 

3 10 – 30 3 10 – 20 

4 30 – 60 

4 20 – 30 

5 30 – 40 

6 40 – 60 

5 60 – 90 

6 40 – 60 

7 60 – 80 

8 80 – 100 

6 90 – 120 

7 60 – 80 

8 80 – 100 

9 100 – 150 

7 120 – 150 9 100 – 150 

8 150 – 200 10 150 – 200 

9 200 – 400 11 200 – 250 

10 400 – 1000 11 200 – 250 

 

2.2.3 Eco-physiological Parameters 

Since the study site is a grassland dominated by C3 grass, major eco-

physiological parameters for C3 grass were inferred from White et al. [2000] and the 

sample file provided by the developer of the Biome-BGCMuSo model. (Table 2.4) A 

complete list of all eco-physiological parameters used is included in the Appendix, Table 

A2.  
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Table 2.4: Input values of major eco-physiological parameters. 

Abbreviation Unit Description Values 

WPM 1/yr whole plant mortality 0.1 

FM 1/yr fire mortality 0.05 

FRC:LC kg C/kg C new fine root to leaf carbon allocation 1 

C:Nleaf kg C/kg N leaf carbon to nitrogen ratio 36.6 

C:Nlit kg C/kg N litter carbon to nitrogen ratio 45 

C:Nfr kg C/kg N fine root carbon to nitrogen ratio 50 

SLA m2 kg/C specific leaf area 49 

LAIall:proj LAI/LAI all-sided to projected LAI ratio 2 

SLAshd:sun SLA/SLA shaded to sunlit specific leaf area ratio 2 

gsmax m/s maximum stomatal conductance 0.003 

gcu m/s cuticular conductance 0.00006 

VPDi Pa 
vapor pressure deficit at initial reduction to 

stomatal conductance 
1000 

VPDf Pa 
vapor pressure deficit at final reduction to 

stomatal conductance 
5000 

Wint 1/(LAI*day) water interception coefficient 0.0225 

k dimensionless light extinction coefficient 0.7 

PLNR % percent of leaf nitrogen in Rubisco 21 

 

2.2.4 Ancillary Data 

Annual mean atmospheric CO2 concentrations from 2002 – 2019 were obtained 

by taking the annual average of the CO2 mole fraction in wet air measured by the 

AmeriFlux tower at a half-hourly timestep and converting the unit to ppm. For the spin-

up phase from 1980 – 2004, annual mean atmospheric CO2 concentrations were provided 

by the Biome-BGCMuSo sample input file.  

 Annual atmospheric N deposition data for both spin-up and normal phase were 

obtained from the total inorganic nitrogen deposition data measured by National 
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Atmospheric Deposition Program (NADP) National Trends Network (NTN) at a nearby 

site, CA88 (latitude: 38.5357, longitude: -121.7762) [NRSP-3, 2021]. 

The model sets a constant value for albedo and fraction of photosynthetically 

active radiation (FPAR). The constant FPAR value was determined by taking the third 

quartile of the 8-day average satellite-derived data from 2002 – 2019 provided by the 

Moderate Resolution Imaging Spectroradiometer (MODIS) Terra (MOD15A2H) data 

product [Myneni et al., 2015]. The constant albedo value was determined by taking the 

average of the daily white-sky albedo (for shortwave broadband) data from 2002 – 2019 

provided by the MODIS combined Terra and Aqua (MCD43A3) data product [Schaaf 

and Wang, 2015]. The two data products both have a spatial resolution of 500 m in 

sinusoidal projection.    

2.3 Observed GPP Data 

GPP estimates are available from the AmeriFlux eddy covariance tower and the 

MODIS MOD17A2H data product from 2002 – 2019 for the evaluation of the 

performance of the Biome-BGCMuSo model [Running et al., 2015]. The tower provides 

half-hourly GPP data calculated by subtracting the ecosystem respiration from net 

ecosystem exchange. The MODIS data are 8-day composites over a 500 m grid that 

contains the tower site. When the quality of the exact grid is not acceptable, the mean 

value of a larger 8.5 x 8.5 km grid was emplaced from the MODIS dataset obtained using 
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the Fixed Sites Subsets Tool by Oak Ridge National Laboratory (ORNL) Distributed 

Active Archive Center (DAAC) [2018].  

Multiple weather variables, including daily mean temperature, precipitation, 

VPD, and soil moisture, were compared against the tower GPP data to understand how 

temperature and precipitation associate with the seasonal and annual variation in GPP. 

Both MODIS and tower data were used to assess the ability of the Biome-BGCMuSo 

model to reproduce the carbon flux at US-Var from 2002 – 2019.  

2.4 Experimental Setup 

In order to investigate the terrestrial GPP response to the predicted warming and 

drying trend in California, the Biome-BGCMuSo model was forced with future 

projections of temperature increase and precipitation reduction separately and 

combined after a control run that used tower observed climate data for model validation 

and result comparisons.  

2.4.1 Control Run  

Biome-BGCMuSo model was forced with the tower-observed meteorological 

data from 2002 – 2019 described in section 2.2 to test the model performance in 

reproducing the tower-observed GPP estimates. The model runs were all conducted at a 

daily timescale, treating the study site as a single point in space.  
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2.4.2 Experimental Runs 

Daily precipitation and temperature were altered by seasons as listed in Table 2.5 

taken from the North American Coordinated Regional Downscaling Experiment (NA-

CORDEX) under the RCP8.5 scenario simulated by the Regional Climate Model 

(RegCM4) driven by the Geophysical Fluid Dynamics Laboratory Earth System Model 

(GFDL-ESM2M) [Mearns et al., 2017]. The RCP8.5 scenario refers to the IPCC 

representative concentration pathway (RCP) that simulates the high-end or business-as-

usual scenario with very high greenhouse gas emissions. Projected data is available at a 

daily timescale and a 25 km grid resolution from 2006 – 2099 and is bias-corrected using 

Cannon's MBCn algorithm against the gridMET. However, a further comparison of the 

historical simulations of RegCM4 GFDL-ESM2M with the AmeriFlux tower observations 

revealed that there remain biases in the model simulations of temperature and 

precipitation at the finer, local scale. (Figure A1) Therefore, seasonally averaged percent 

changes of each variable were determined and used by comparing the model projections 

between 2082 – 2099 and 2006 – 2023. (Table 2.5) 

Table 2.5: Changes applied to precipitation, temperature, relative humidity, and VPD 

by seasons obtained by comparing the seasonal averages of 2082 – 2099 against 2006 – 

2023 of the downscaled IPCC CMIP5 projection under the RCP8.5 scenario.  

 
Spring 

(Mar – May) 

Summer 

(Jun – Aug) 

Autumn 

(Sep – Nov) 

Winter 

(Dec – Feb) 

(a) Precipitation (%) - 17.75 - 0.03 -26.23 -19.07 

(b) Temperature (°C) +3.06 +2.19 +3.28 +2.83 

(c) Relative Humidity (%) -4.70 -2.66 -4.99 -4.43 
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Since atmospheric temperature directly relates to saturation vapor pressure and 

VPD, daily average VPD during daytime was altered from the observed data according 

to the predicted changes in relative humidity when the temperature was changed using 

equations listed in Table 2.6. The calculated average percent change in daytime VPD is 

+16.15%, +6.85%, +16.80%, and +21.97% in spring, summer, autumn, and winter, 

respectively. (d in Table 2.5)  

Table 2.6: Equations used to calculate VPD. 

𝑒𝑠 = 611 ∗ 𝑒𝑥𝑝 [
𝐿𝑣

𝑅𝑣
 ∗ (

1

273.16
−

1

𝑇
)] (1) 

𝑒 = 𝑅𝐻 ∗  𝑒𝑠 (2) 

𝑉𝑃𝐷 =  𝑒𝑠 − 𝑒 (3) 

𝐿𝑣 = 2.5 ∗ 106 𝐽 𝑘𝑔⁄ ; 𝑅𝑣 = 461 𝐽/𝐾 ∙ 𝑘𝑔 

𝑒𝑠: saturation vapor pressure; 𝑒: atmospheric vapor pressure; 𝑅𝐻: daytime average 

relative humidity 

𝑇: daily mean temperature during daytime altered according to (b) in Table 2.5.  

 

Given the projected increase in temperature and decrease in precipitation (Table 

2.5), the following three experiments that alter the meteorological input of the Biome-

BGCMuSo model were performed to quantify how precipitation reduction and 

temperature rise impact GPP individually and combined.  

1. Precipitation reduction: alteration (a) in Table 2.5 

(d) VPD (%) + 16.15 + 6.85 + 16.80 + 21.97 
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2. Temperature rise: alterations (b) and (d) in Table 2.5 applied to the observed 

daily minimum and maximum temperatures and daytime average temperatures 

and VPD 

3. A combination of precipitation reduction and temperature rise:  alterations (a), 

(b), and (d) in Table 2.5.  

All other input variables were kept as values used in the control run during each 

experimental run except the variable(s) of interest listed above.  
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3. Results 

3.1 GPP analysis based on tower observation 

3.1.1 Seasonal control on GPP 

Plant activities at the study site are strongly limited by water availability. In 

summer and fall, the soil dries out under the summer heat without replenishment from 

precipitation, so plants quickly senescence due to severe water stress. (Figure 2.2) As 

rainfall events start to occur more frequently, grasses begin to emerge in winter and 

become most active in spring when there are sufficient rainfall and a moderate 

temperature. As a result, spring GPP, on an 18-year average, contributes 66% of annual 

GPP. (Figure 3.1) Our results presented here are consistent with those found by Ma et al. 

[2016], who used shorter periods of data in their analysis, and suggest a dominant role 

of springtime weather conditions in controlling annual GPP [Ma et al., 2016].   
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Figure 3.1: The contribution of seasonal GPP to annual GPP.  

Black circles represent the 18-year averaged proportion of each season. The boxes' 

horizontal lines represent the lower quartile, the median, and the upper quartile of 

each season's GPP proportion from 2002 - 2019. The whiskers are the minimum and 

maximum proportions. 

 

3.1.2 The impact of climate factors on GPP 

To understand which climate factors are most essential in affecting GPP, linear 

regression analyses were performed between GPP and a suite of climate factors, 

including precipitation, mean temperature, soil moisture, VPD, and incoming shortwave 

radiation (SWin) observed by the AmeriFlux tower from 2002 – 2019 at both seasonal and 

annual timescales. (Table 3.1)  
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A higher proportion of variance explained means the corresponding climate 

variable can explain more variance in GPP. The correlation coefficient (R) represents the 

strength of the correlation between the observed and predicted GPP using the 

corresponding weather variable(s). The larger the R is, the stronger the correlation 

between the weather variable and GPP. A significant relationship exists when P-value is 

smaller than 0.05. For instance, in Table 3.1, spring precipitation has a significant 

positive relationship with and can explain more variance in spring GPP than spring 

average temperature, which has a negative, insignificant relationship with spring GPP. 

Table 3.1 demonstrates that only annual precipitation has a significant 

relationship with annual GPP, but significant relationships (P-value < 0.05) with GPP 

exist for all variables in spring, except daily mean temperature, which confirmed that 

weather conditions in spring dominate spring GPP and thus annual GPP.  

Precipitation may directly affect the amount of water input to the soil and, in 

turn, regulates soil moisture. Spring precipitation, in particular, is highest in magnitude 

throughout the year and presents a significant positive relationship with soil moisture at 

all depths. (Table 3.2) In contrast, temperature influences soil moisture primarily 

through evapotranspiration, and thus is more correlated with the topsoil layer (R = – 

0.46, P = 0.0526 at 5 cm depth) and has insignificant relationships with the deeper layer.  



 

 

29 

Table 3.1: Linear regression analysis of GPP versus various climate variables at both seasonal and annual timescales.  

The climate variables include precipitation, daily mean temperature, soil moisture (VWC at 5 cm, 20 cm, and 50 cm depths), daily 

average VPD, and daily average incoming shortwave radiation (SWin). [Significant correlations (P-value < 0.05) are bolded] 

 Precipitation Tmean 
VWC 

VPD SWin 
5 cm 20 cm 50 cm 

S
p

ri
n

g
 Variance 

Explained 
0.3117 0.1536 0.2363 0.2381 0.3475 0.4444 0.3277 

R 0.56 -0.39 0.49 0.49 0.59 -0.67 -0.57 

P-value 0.0160 0.1077 0.0408 0.0399 0.0100 0.0025 0.0130 

S
u

m
m

er
 Variance 

Explained 
0.3434 0.0708 0.5193 0.3192 0.0685 0.0791 0.0001 

R 0.59 -0.27 0.72 0.57 0.26 -0.28 -0.01 

P-value 0.0106 0.2860 0.0007 0.0146 0.2943 0.2582 0.9712 

A
u

tu
m

n
 Variance 

Explained 
0.2784 0.0217 0.3530 0.3319 0.1356 0.1837 0.0576 

R 0.53 -0.15 0.60 0.58 0.37 -0.43 -0.24 

P-value 0.0244 0.5600 0.0093 0.0123 0.1326 0.0760 0.3374 

W
in

te
r 

Variance 

Explained 
0.0064 0.0146 0.1687 0.1283 0.2305 0.1028 0.0532 

R -0.08 0.12 0.41 0.36 0.48 -0.32 -0.23 

P-value 0.7521 0.6328 0.0904 0.1444 0.0438 0.1946 0.3571 

A
n

n
u

al
 Variance 

Explained 
0.2619 0.0102 0.0876 0.0269 0.0843 0.1864 0.1764 

R 0.51 -0.10 0.30 0.16 0.29 -0.43 -0.42 

P-value 0.0299 0.6895 0.2330 0.5152 0.2425 0.0736 0.0827 
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Temperature also directly controls the saturation vapor pressure according to the 

Clausius Clapeyron Equation, so it is unsurprising that a strong positive correlation 

exists between temperature and VPD. (Table 3.2) Precipitation, on the other hand, may 

increase the atmospheric humidity, raise the air vapor pressure, and decrease VPD, 

demonstrated by the significant negative relationship between precipitation and VPD in 

spring.  

Table 3.2: Linear regression analysis of SWin, VPD, and VWC at 50 cm depth versus 

total precipitation and average daily mean temperature in spring.  

[Significant correlations (P-value < 0.5) are bolded] 

 

Interestingly, both temperature and SWin negatively correlate with GPP in spring 

(Table 3.1), implying that a lower level of radiation and temperature in spring favors 

plant growth. One possible explanation is due to cloudiness and rainfall [Hanrahan et 

 Variance 

Explained 
R P-value 

P
re

ci
p

it
at

io
n

 

SWin 0.5379 -0.73 0.0005 

VPD 0.7077 -0.84 < 0.0001 

VWC 

5 cm 0.5592 0.75 0.0004 

20 cm 0.4385 0.66 0.0028 

50 cm 0.3538 0.59 0.0092 

Tmean 

SWin 0.5092 0.71 0.0009 

VPD 0.7008 0.84 < 0.0001 

VWC  

5 cm 0.2150 -0.46 0.0526 

20 cm 0.0539 -0.23 0.3537 

50 cm 0.1466 -0.38 0.1168 
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al., 2017]. A negative relationship between incoming shortwave radiation and 

precipitation is also observed at the study site in spring. (Table 3.2) Reduction in SWin 

and low temperature may be caused by heavy cloud coverage or precipitation events, 

which presumably increased photosynthesis rate. Sometimes, cloudiness may enhance 

the relative proportion of diffused light and increase the light use efficiency, which can 

accelerate photosynthesis rates [Ma et al., 2007].  

A further multivariate regression of precipitation and temperature combined 

versus VPD and soil moisture in spring showed that temperature and precipitation 

together could explain higher portions of variance in VPD and soil moisture and have 

stronger correlations with these climate variables than each factor individually. (Table 

3.2 and 3.3) Meanwhile, the coefficient of precipitation is higher in absolute value than 

that of the temperature for all multivariate regressions in Table 3.3, implying that 

precipitation is a slightly stronger controlling factor in influencing the springtime 

weather conditions. Spring temperature helps explain the variation in GPP primarily 

because of its impact on spring VPD and relatively lighter influence on soil moisture in 

the top layers. As a result, precipitation and temperature together largely determine the 

weather condition in spring and, consequently, spring and annual GPP, although 

precipitation has a stronger influence than temperature.  
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Table 3.3: Linear multivariate regression analysis of spring precipitation and 

temperature combined versus spring VPD, VWC, and GPP.  

[Significant correlations (P-value < 0.5) are bolded] 

 VPD 
VWC 

GPP 
5 cm 20 cm 50 cm 

Variance Explained 0.8915 0.5605 0.4732 0.3560 0.3187 

R 0.94 0.75 0.69 0.60 0.56 

P-value < 0.0001 0.0021 0.0082 0.0369 0.0147 

C
o

ef
fi

ci
en

ts
 

Precipitation – 0.5361 0.7215 0.7948 0.5616 0.4987 

Tmean 0.5263 -0.0454 0.2286 – 0.0573 -0.1028 

 

According to the regression analysis of temperature and precipitation against 

other climate variables and GPP (Table 3.1 and 3.2), a combination of lower temperature 

and higher precipitation usually correlates with higher soil water contents, lower VPD, 

and higher GPP in spring, and subsequently, results in higher annual GPP. The average 

anomalies of spring precipitation and temperature in high and low GPP years (referring 

to years of which annual GPP are one standard deviation above or below the 18-year 

average) corroborate this conclusion. (Table 3.4) In high GPP years (2003, 2005, and 

2016), spring precipitations are above average, and the spring temperatures are below 

average. The opposite occurred in low GPP years (2008 and 2013) with higher absolute 

values of the anomalies.  
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Table 3.4: Average anomalies of precipitation and temperature in high/low GPP years.   

High GPP years are 2003, 2005, and 2016, years of which annual GPP is one standard 

deviation above the 18-year average. Low GPP years are 2008 and 2013, years of which 

annual GPP is one standard deviation below the 18-year average.  

 
Precipitation (cm) Mean Temperature (°C) 

High GPP years Low GPP years High GPP years Low GPP years 

Spring 5.5059 – 15.0271 – 0.2734 0.6333 

Summer 0.5808 – 0.4264 0.2196 0.3428 

Autumn 0.5725 – 2.8248 – 0.1114 0.1327 

Winter – 0.7177 – 3.1061 0.7456 – 1.1281 

Annual 8.4672 – 31.2190 0.1682 – 0.0509 

 

3.2 Model Analysis 

Although tower observation can demonstrate the relationship between climate 

variables, such as precipitation and temperature, and GPP, it cannot reveal the processes 

behind how precipitation and temperature influence GPP individually or combined 

since the responses of plants are more difficult to measure. However, the process-based 

Biome-BGCMuSo model can provide additional insights on the mechanisms of plants’ 

response to environmental changes and predict how precipitation reduction and 

temperature rise may change GPP separately and together.  

3.2.1 Model validation 

The close agreement in the vegetation periods between Biome-BGCMuSo 

simulations and tower observations is expected since the onset and end of vegetation 

periods are manually set in the model. (Figure 3.2) The model-simulated GPP also have 

a higher correlation coefficient (R) and a smaller root-mean-square-error (RMSE) than 
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MODIS data with the tower estimates. (Table 3.5) In particular, the RMSE between the 

tower and the model estimates (1.30 g C/m2/day) is substantially smaller than the 

standard error of the tower estimates, which is 2.50 g C/m2/day. This relatively high 

correlation and small RMSE indicate that Biome-BGCMuSo can reproduce the variations 

in the GPP estimates measured by the tower. However, the model simulation does have 

an overall underestimation of the magnitude of GPP, possibly due to an overestimation 

of water stress as soil moisture decreases too fast during the transition between spring 

and summer. 

Table 3.5: Quantitative evaluation of GPP estimates between Biome-BGCMuSo, 

MODIS, and AmeriFlux tower. 

 

RMSE (g C/m2/day) Correlation Coefficient (R) 

Biome-

BGCMuSo vs. 

Tower 

MODIS vs. 

Tower 

Biome-

BGCMuSo vs. 

Tower 

MODIS vs. 

Tower 

2002 - 2019 1.2953 2.3178 0.89 0.49 

2002 1.1694 2.2461 0.93 0.52 

2003 1.2341 2.4544 0.96 0.56 

2004 0.9721 2.3422 0.90 0.39 

2005 1.9610 2.9550 0.97 0.49 

2006 0.8079 2.3455 0.94 0.44 

2007 1.5541 2.2470 0.85 0.55 

2008 0.5810 1.9342 0.89 0.35 

2009 1.6035 2.3125 0.91 0.51 

2010 1.2492 2.4107 0.95 0.42 

2011 1.1122 2.4007 0.83 0.27 

2012 1.3703 2.4682 0.90 0.38 

2013 0.9405 2.1023 0.91 0.50 

2014 1.7683 2.1894 0.92 0.65 
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2015 0.8839 1.7632 0.92 0.65 

2016 1.4571 2.1215 0.92 0.60 

2017 1.1482 2.0888 0.83 0.67 

2018 1.0512 2.4729 0.91 0.47 

2019 1.5894 2.6086 0.85 0.50 

 

In contrast, there are significant differences between the AmeriFlux tower 

estimates and the MODIS GPP product in summer and fall (Figure 3.2). GPP estimates 

from MODIS data sync with those of tower estimates in peak growing seasons but show 

substantial overestimation in summer and fall. The data grid for MODIS is 500 m in 

width and length, but the meteorological input for MODIS calculations is from a coarser 

spatial resolution of 1° × 1° of the DAO data [Gebremichael and Barros, 2006]. The 

MODIS algorithm for GPP estimations also relies heavily on FPAR and LAI with a 

spatial resolution of 500 m and lacks limitation on soil stress [Lowman and Barros, 2015]. 

Thus, the dimension of the grids of the input variables in MODIS may have exceeded 

the footprint of AmeriFlux towers and included signals of trees, which are more tolerant 

to droughts and do not senescence completely during summer and fall [Liu et al., 2017]. 

MODIS algorithms also may not capture well the magnitude of GPP when soil stress is 

severe, such as during summer at the study site, which makes the tower-based GPP 

estimates essential to justify model simulated GPP results.  
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Figure 3.2: Time series of 8-day averaged GPP data from Biome-BGCMuSo 

Simulation, MODIS, and tower estimates from 2002 – 2019.  

The blue and grey solid line represents GPP estimated by Biome-BGCMuSo and 

MODIS, respectively. The black crosses represent the tower estimated GPP.  

 

3.2.2 The mechanisms of GPP variations with climate variables 

To understand what processes are involved in determining the effects of 

precipitation and temperature on GPP, the behavior of plant stomata is essential since 

the opening and closing of stomata directly regulate the exchange of CO2 and water 

vapor between leaves and the atmosphere [Konings et al., 2017]. Terrestrial models, 

including Biome-BGCMuSo used in this study, usually simulate the opening and closure 

of stomata by constraining the stomatal conductance according to environmental 
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stresses. Biome-BGCMuSo calculates the assimilation rate as a product of stomatal 

conductance and the difference between the atmospheric and intercellular CO2 pressure 

[Franks et al., 2017; Golinkoff, 2010; equation 11 in Table 2.2]. Stomatal conductance is a 

measure of the opening and closing of stomata. Zero conductance means the stomata are 

completely closed. Maximum conductance means the stomata are fully opened. The 

intercellular CO2 concentration is determined by the carboxylation and RuBP 

regeneration rates, which are Av and Aj in Table 2.2. They are more dependent on the 

kinetic constants, such as Ko and Kc.  

 

Figure 3.3: Spring GPP against average stomatal conductance of the control run. 

Blue dots represent spring total GPP against spring average stomatal 

conductance each year for the control run. Grey solid line is the linear best-fit line.  
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As a result, model-simulated GPP is in a significant positive relation (R = 0.88; P < 

0.0001) with stomatal conductance in spring. (Figure 3.3) Higher stomatal conductance 

means that stomata are open for photosynthesis, so higher GPP is simulated.  

Furthermore, stomatal conductance is deeply affected by soil moisture and VPD. 

Soil moisture largely controls the water available to plant roots and reduces stomatal 

conductance when water availability is low to avoid water tension in the plants [Gentine 

et al., 2019]. High VPD may stimulate plants to close their stomata and reduce stomatal 

conductance to avoid water loss and critical water tension within the xylem [Grossiord 

et al., 2020; Gentine et al., 2019]. 

The Biome-BGCMuSo model simulates this effect of soil moisture and VPD on 

stomatal conductance based on the calculation of scaling factors of soil stress and VPD 

[Hidy et al., 2016]. (Equations 8 – 10 in Table 2.2) A scaling factor of 1 means no 

constraint on stomatal conductance. A scaling factor of 0 means complete stomatal 

closure and no conductance. Lower soil moisture or higher VPD decreases the scaling 

factor and directly reduces the stomatal conductance. Subsequently, figure 3.4 shows 

that the model captured these environmental stresses on stomatal conductance well 

since soil moisture has a positive relationship (R = 0.97; P < 0.0001) and VPD has a 

negative relationship (R = – 0.82, P-value < 0.0001) with the stomatal conductance.  

Due to the shallow soil profile and the relatively light silt loam texture of the soil, 

soil moisture reacts quickly to and strongly depends on precipitation at the study site 
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[Xu and Baldolcchi, 2004]. This strong correlation is also observed by the tower, given 

the significant positive relationship between spring precipitation and soil moisture in all 

depths. (Table 3.2) VPD is also strongly affected by the precipitation and temperature, 

also shown by the regression analysis of tower observed data.   

 

Figure 3.4: Average stomatal conductance against (a) average VWC in the root zone 

and (b) VPD in spring of the control run. 

Blue dots represent model simulated results. Solid grey lines are the best-fit lines.  
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3.2.3 Comparisons between control and experimental runs 

The influence of changes in precipitation and temperature is demonstrated in the 

difference in GPP estimates between the control and experimental runs. (Table 3.6) Since 

the model tends to underestimate GPP, percent changes are used to compare and 

analyze the results of experimental runs. When precipitation reduced by around 20% 

annually, annual GPP decreased by 7.97% on an 18-year average. When the daily 

temperature increased by around 3 °C annually, VPD increased by 12% annually, and 

annual GPP decreased by 7.12% on an 18-year average. When the changes in 

precipitation, temperature, and VPD are combined, annual GPP decreased by 15.67% on 

an 18-year average.  

Table 3.6: Changes in annual GPP between each experiment and control run. 

Control 
Precipitation 

Reduction 
Temperature Rise Combination 

Total GPP 

(g C/m2/year) 

GPP change 

(g C/m2/year) 

% 

change 

GPP change 

(g C/m2/year) 

% 

change 

GPP change 

(g C/m2/year) 

% 

change 

544.25 -42.02 -7.97 -38.29 -7.12 -84.01 -15.67 

 

In conclusion, precipitation reduction and temperature rise both resulted in a 

decrease in GPP, which agrees with the positive relationship between precipitation and 

GPP and the negative relationship between temperature and GPP obtained from the 

eddy flux tower data. Moreover, the combination of precipitation reduction and 

temperature rise has resulted in the largest decrease in GPP. However, the compound 

effect is relatively weak since the magnitude of the decrease is similar to the simple 
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additive combination of the single factor effect, suggesting that changes in temperature 

and precipitation may have impacted GPP nonlinearly.   

Seasonally speaking, although the percent changes in precipitation and 

temperature are slightly higher in autumn and winter, GPP reduction is highest in 

spring under all experimental conditions, possibly due to a much higher GPP in 

magnitude in spring than in other seasons. (Figure 3.5) Vegetations are not active in 

summer or fall, so the magnitudes and variations in GPP are much smaller.  

 

Figure 3.5: The changes in seasonal total GPP between experimental runs and the 

control run for the 18-year period.  

The blue, red, and yellow squares represent the mean anomalies of seasonal GPP 

throughout the 18-year study period caused by precipitation reduction, temperature 

rise, and the combination of the two. The error bars are one standard deviation above 

or below the mean.  
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GPP decreased in all seasons in all experiments, except when in winter, 

temperature increase led to a slightly higher GPP. From tower observations, although 

spring temperature is in a negative correlation with GPP, the opposite occurs in winter, 

which suggests that a slightly higher temperature in winter may be able to stimulate the 

emergence of grass and increase GPP. (Table 3.1) A closer look at the daily minimum 

temperature in winter measured by the AmeriFlux tower shows that minimum 

temperature can fall below zero in winter under the current climate. (Figure 3.6) The 

temperature alteration applied in the experiment raised the minimum temperature to be 

above zero at all times. This increase in temperature may have alleviated the negative 

freezing effect on plant growth and resulted in a slight increase in winter GPP [Xu and 

Baldocchi, 2004; Pitt and Heady, 1978].  

 

Figure 3.6: Time series of daily minimum temperature. 

The solid red line represents data observed by the AmeriFlux tower. The solid blue 

line represents the altered temperature data in the experiments. 
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Since stomatal conductance is strongly correlated with GPP, the simulated 

stomatal conductance of each experimental run was compared against that of the control 

run. Decreasing precipitation and increasing temperature negatively affected stomatal 

conductance both when applied individually and together. (Figure 3.7) Given the 

significant positive relationship between stomatal conductance and GPP (Figure 3.3), the 

decrease in stomatal conductance can largely explain the decrease in GPP.  

 

Figure 3.7: The changes in seasonal average stomatal conductance in the 18-year study 

period comparing the experimental runs against the control run. 

The blue, red, and yellow squares represent average anomalies induced by 

precipitation reduction, temperature rise, and the two alterations combined, 

respectively. The blue, red, and yellow error bars represent one standard deviation 

above and below the average anomalies for the three experimental runs, respectively.  
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Nonetheless, temperature increase led to a higher decrease in stomatal 

conductance annually when compared with precipitation reduction and seasonally in 

winter, but not in GPP. (Figure 3.7 and Table 3.7) First, increasing temperature by 

around 3 °C is around 21% in spring and 34% in winter, which are 3-5% larger than the 

percent change in precipitation. (Table 2.5) Moreover, the decoupling of changes in 

stomatal conductance from changes in GPP caused by temperature increase may suggest 

that assimilation rates might be more sensitive to the temperature-dependent kinetic 

constants in winter. The increased temperature accelerated the enzymatic reaction rates 

controlled by the kinetic constants and partially mediated the negative effect of the 

decrease in stomatal conductance. (Equation (13-14) in Section 2 in Method Section) As a 

result, although higher temperature decreased stomatal conductance more compared to 

precipitation reduction, the decrease in GPP is smaller than that caused by precipitation 

reduction.  

Table 3.7: The annual average changes in the stomatal conductance, rootzone VWC 

and VPD comparing each experimental run against the control run. 

 Precipitation 

Reduction 
Temperature Rise Combination 

Stomatal 

Conductance 
-2.62% -5.57% -8.19% 

Rootzone VWC - 2.28% - 0.54% - 2.92% 

VPD 0% +5.90% +5.90% 
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The experimental runs also showed that decreasing precipitation reduced soil 

moisture significantly both when alone and combined with temperature increase. 

(Figure 3.8 and Table 3.7) From the tower analysis, the correlation between temperature 

and soil moisture is less significant and more restricted to topsoil layers, and thus the 

resulting seasonal change of soil VWC was minimal and annual change was only – 

0.54% when only temperature and VPD were altered. (Figure 3.8 and Table 3.7)  

 

Figure 3.8: The changes in seasonal average rootzone VWC in the 18-year study period 

comparing the experimental runs against the control run.   

The blue, red, and yellow squares represent average anomalies induced by 

precipitation reduction, temperature rise, and the two alterations combined, 

respectively. The blue, red, and yellow error bars represent one standard deviation 

above and below the average anomalies for the three experimental runs, respectively.  

Seasonally, changes in rootzone VWC were more significant in spring, autumn, 

and winter since percent changes in precipitation were highest in these three seasons. 
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(Table 2.5) When temperature increased alone, changes in rootzone VWC were more 

significant in spring and winter due to the heavy reliance on temperature and VPD in 

calculating the evaporation rates in the model. (equation 1 – 6 in Table 2.2) Higher 

evaporation rates decreased soil moisture in spring and winter when the soil water 

storage is replenished by sufficient precipitation. However, in summer, higher 

temperatures and low water availability may have suppressed microbial and root 

respiration in soil and decreased water loss from soil respiration [Li et al., 2017; Liu et 

al., 2009]. Hence, decreased transpiration rates may have contributed to the slight 

increase in soil moisture in summer induced by warming.  

The design of the experiment incorporated the increase of VPD associated with 

temperature rise and thus induced the decrease in stomatal conductance in the 

experimental runs when temperature was increased. However, VPD changes that might 

associate with the decrease in precipitation are not considered in this study due to the 

relatively more complex relationship between the two. This lack of consideration in VPD 

changes might also lead to a smaller decrease in stomatal conductance and a possible 

underestimation of the decline of GPP caused by precipitation reduction.  
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4. Discussion 

4.1 Sensitivity to temperature increase 

Alterations of temperature applied in the experimental runs increased the daily 

temperature from 7.8 – 21.7 °C to 10.9 – 24.8 °C in spring and 4.2 – 13.7 °C to 7.0 – 16.5 °C 

in winter. The study site's dominant species are cool-season C3 grasses, which have a 

general growing optimum temperature of 16 – 24 °C and a relatively lower tolerance to 

heat stress [Du et al., 2009; Wertin et al., 2015]. Thus, an increase of 3 °C in temperature 

may have more substantial impacts on plant growth as the observed ambient 

temperature was already near their optimum range on both ends in winter and spring. 

The model simulation results also suggest that there may be a higher sensitivity to 

temperature of the Biome-BGCMuSo model since temperature may directly control 

assimilation rates through the kinetic constants besides its side-effects on stomatal 

conductance through soil moisture and VPD. (Figure 3.5 and 3.7)  

A closer examination of the changes in soil stress scaling factor also showed that 

the decreased soil stress scaling factor caused by precipitation reduction is less than that 

by temperature rise even though soil moisture decreased more due to precipitation 

reduction than temperature rise. This inconsistency may be that soil stress is calculated 

based on transpiration demand, which is more sensitive to temperature, instead of the 

actual VWC in the model. As a result, the model may have simulated a more significant 
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decrease in stomatal conductance and, subsequently, annual GPP when the temperature 

was increased.   

4.2 Limitations of the study 

In this study, daily VPD remained unchanged when only precipitation is 

reduced in the experimental runs. However, VPD, as a measure of the difference 

between saturation and atmospheric vapor pressure, theoretically should be affected by 

both temperature and precipitation since precipitation may increase the relative 

humidity in the air [Ficklin and Novick, 2017]. The reason for excluding the effect of 

precipitation on VPD is that the relationship between the two factors is relatively 

complex. Wind direction, soil moisture, and, particularly, evapotranspiration all 

profoundly influence relative humidity [Gentine et al., 2019]. Hence it is difficult to 

isolate and quantify the influence of precipitation reduction on VPD. Similarly, potential 

variations in incoming solar radiation associated with changes in precipitation were not 

considered in the experiments because the effects of precipitation on local cloud cover 

and, in turn, incoming shortwave radiation are highly subject to local conditions and 

other climate variables [Hanrahan et al., 2017]. If the influences on VPD and shortwave 

radiation were considered, the decrease in GPP caused by precipitation reduction might 

be higher because less precipitation usually associates with a higher level of VPD and 

shortwave radiation observed by the tower (Table 3.2).   
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Additionally, the model input requires daily minimum and maximum 

temperatures, which takes nighttime temperatures into account. However, 

photosynthesis only occurs during the daytime. Thus, future improvement of the study 

may include restricting the model's meteorological input to only daytime observations 

to produce better GPP estimates.  

The Biome-BGCMuSo model also presented an overall underestimation in the 

magnitude of GPP during peak growing seasons when it is forced with the observed 

climate. However, the biases of the model and climate projections were avoided by 

focusing on the percent changes of all parameters when comparing the results of the 

experimental and control run. Since the model results and the climate projections 

captured the seasonal and annual variations reasonably well, the results and analyses of 

the experimental runs based on percent changes can predict changes in GPP in the 

future.  
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5. Conclusion 

The observed climate showed that weather conditions are most favorable for 

plant growth in spring at the study site, located in a semi-arid grassland in California, 

making spring GPP contribute most of the annual GPP. From regression analyses of the 

observed climate, spring precipitation and temperature are the major climate factors that 

control spring GPP and subsequently annual GPP due to their strong correlations with 

soil moisture and VPD. More precipitation and lower temperature in spring usually 

associate with a higher level of soil moisture and a lower level of VPD in spring, which 

can stimulate plant growths and lead to a higher GPP. The mechanism behind how 

temperature and precipitation influence annual GPP is demonstrated by simulations 

performed by a process-based terrestrial model, Biome-BGCMuSo. The model results 

show that the two climate variables have significant impacts on stomatal conductance 

through their influences on soil moisture and VPD, resulting in changes in GPP. Using 

projections of future changes in temperature and precipitation from CMIP5 models 

RCP8.5 scenario, the model predicts a decrease in stomatal conductance, and 

consequently, annual GPP in response to a higher temperature and reduced 

precipitation both individually and combined. Specifically, reducing precipitation by 

around 20% decreased annual GPP by 8% on average; increasing temperature by around 

3 °C decreased annual GPP by 7%; and annual GPP decreased by around 16% when 

precipitation reduction and temperature increase were combined. Although the decrease 
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in annual GPP is higher when the two alterations are combined than applied separately, 

no significant compound effect is found when precipitation reduction and temperature 

rise are combined, implying a possible nonlinear interaction between the effects of 

higher temperature and reduced precipitation.  

This study shows that the predicted drying and warming trend in California may 

lead to a decline in GPP, particularly in water-limited ecosystems, such as semi-arid 

grassland. On a longer timescale, this decline may have a major impact on the ability of 

terrestrial ecosystems to sequester carbon from the atmosphere.  
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Appendix A 
Table A1: Soil Parameters Look-up Table 

 

Soil 

Texture 

Number 

Soil Texture 

Abbreviation 
B SWCsat SWCfc SWCwp RCN 

Sand 1 S 3.45 0.4 0.155 0.03 1.6 

Loamy sand 2 LS 10.45 0.52 0.445 0.275 70 

Sandy loam 3 SL 9.22 0.515 0.435 0.26 68 

Sandy clay 10 SC 5.26 0.44 0.25 0.09 54 

Sandy clay 

loam 
7 SCL 4.02 0.49 0.38 0.19 56 

Loam 6 L 50 0.51 0.42 0.24 64 

Silt loam 4 SIL 7.71 0.505 0.405 0.22 66 

Silt 5 SI 7.63 0.5 0.39 0.205 62 

Silty clay 

loam 
8 SICL 6.12 0.46 0.31 0.13 58 

Clay loam 9 CL 5.39 0.48 0.36 0.17 60 

Silty clay 11 SIC 4.11 0.42 0.19 0.05 52 

Clay 12 C 12.46 0.525 0.46 0.29 72 
        

Organic 

materials 
13 OM      

Water 14 W      

Bedrock 15 BR      

Other 16 O      

        

B (dimensionless): Clapp-Hornberger parameter 

SWCsat (m3/m3): soil water content at saturation 

SWCfc (m3/m3): soil water content at field capacity 

SWCwp (m3/m3): soil water content at wilting point 

RCN (dimensionless): runoff curve number 
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Appendix B 

Table A2: Plant Parameters Look-up Table 

Abbreviation Unit Description Values 

LFRT 1/yr Leaf and fine root turnover 1 

LWT 1/yr Live wood turnover  

WPM 1/yr whole plant mortality 0.1 

FM 1/yr fire mortality 0.05 

FRC:LC kg C/kg C new fine root to leaf carbon allocation 1 

SC:LC kg C/kg C new stem to leaf carbon allocation  

LWC:TWC kg C/kg C new live to total wood carbon allocation  

CRC:SC kg C/kg C coarse root to stem carbon allocation  

C:Nleaf kg C/kg N leaf carbon to nitrogen ratio 25 

C:Nlit kg C/kg N litter carbon to nitrogen ratio 45 

C:Nfr kg C/kg N fine root carbon to nitrogen ratio 50 

C:Nlw kg C/kg N live wood carbon to nitrogen ratio  

C:Ndw kg C/kg N dead wood carbon to nitrogen ratio  

FRlb % labile fine root fraction 34 

FRcel % cellulose fine root fraction 44 

FRlig % lignin fine root fraction 22 

LTlb % labile litter fraction 68 

LTcel % cellulose litter fraction 23 

LTlig % lignin litter fraction 9 

DWcel % cellulose dead wood fraction  

DWlig % lignin dead wood fraction  

SLA m2 kg/C specific leaf area 49 

LAIall:proj LAI/LAI all-sided to projected LAI ratio 2 

SLAshd:sun SLA/SLA shaded to sunlit specific leaf area ratio 2 

gsmax m/s maximum stomatal conductance 0.006 

gcu m/s cuticular conductance 0.00006 

gb m/s boundary layer conductance 0.04 

𝝍i Mpa 
leaf water potential at initial reduction to stomatal 

conductance 
-0.73 

𝝍f Mpa 
leaf water potential at final reduction to stomatal 

conductance 
-2.7 

VPDi Mpa 
vapor pressure deficit at initial reduction to 

stomatal conductance 
1 
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VPDf Mpa 
vapor pressure deficit at final reduction to 

stomatal conductance 
5 

Wint 1/(LAI*day) water interception coefficient 0.0225 

k   light extinction coefficient 0.48 

PLNR % percent of leaf nitrogen in Rubisco 21 
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Appendix C 

 

Figure A1: The historical and future seasonal average precipitation and temperature 

from CORDEX under the RCP8.5 scenario.  

Both historical (2001 – 2005) and future (2082 – 2099) simulations were simulated by 

RegCM4 GFDL-ESM2M from NA-CORDEX under the RCP8.5 scenario compared 

with tower observed (2001 – 2005) data. Red squares and error bars represent tower 

observed mean and one standard deviation above or below average. Red curves are 

cubic polynomial best-fit curves of tower observed mean. Yellow stars and curves 

represent average historical simulations of RegCM4 GFDL GFDL-ESM2M and cubic 

polynomial best-fit curves of the mean of historical simulations. Purple diamonds 

and dashed curves are average future predictions of RegCM4 GFDL GFDL-ESM2M 

and polynomial best-fit curves of the mean of future simulations. 
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