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Large differences in diurnal patterns of WUE estimates by different 
WUE algorithms (Fig. 2) can be attributed to differences in their sensi
tivity to VPD. For both const_value and const_ratio, WUE is proportional 
to VPD^-1. For linear, WUE is insensitive to VPD. For sqrt, WUE is 
moderately sensitive to VPD as it is proportional to VPD^-0.5. For opt, 
WUE is not directly proportional to VPD, but it is closest to varying with 
VPD^-1 (similar to const_value and const_ratio). As a result, const_value, 
const_ratio, and opt models yielded similar diurnal patterns of WUE 
estimates. 

In four winter wheat cultivars, measured ci ranged from 120 to 300 
ppm under various soil water potential and VPD conditions (Xue et al., 
2004). Given that ci is greatly influenced by soil water status and VPD 
(Monteith and Greenwood, 1986; Turner, 1986; Xue et al., 2004), our 
results highlight that errors in temporal variations of ci estimates can 
lead to significant errors in WUE at a range of time scales. Notably, soil 
water status and VPD fluctuate over time during the growing season, 
resulting in significant impacts on gas exchange parameters. Addition
ally, VPD fluctuates even during the same day as it increases with 
increasing air temperature during the daytime and peaks in the late 
afternoon (around 4-5 pm local time as shown in Fig. 2a, e). Greater 
stomatal limitation (i.e., partial or full stomatal closure) at higher VPD 
reduces ci, resulting in decreased stomatal conductance (gs) and net CO2 
assimilation rate (An). In addition, soil water stress may modulate WUE, 
gs, and T simultaneously (Liu et al., 2020; Turner, 1986). Thus, using 
direct measurements of leaf-level WUE could be an option for improving 
the performance of FVS partitioning (Anderson et al., 2017b; Sulman 
et al., 2016). However, upscaling of non-continuous (e.g., only a few 
days in a season) leaf-level WUE measurements to canopies and eco
systems is a complicated process as underlying mechanisms and pro
cesses vary at those spatial scales (Medlyn et al., 2017). 

As FVS partitioning requires continuous estimates of WUE at 30 min 
intervals, large differences in diurnal patterns of WUE for custom input 
ci within the same WUE algorithm and among WUE algorithms, as 
shown in Fig. 2, can induce large discrepancies in partitioned outputs. 
Thus, we explore this next by comparing the sensitivity of T:ET ratios. 

3.3. Differences in the seasonality of T:ET with WUE algorithms and ci 
parameterizations 

Seasonal patterns of T:ET for all WUE algorithms were consistent in 
both crops (Fig. 3). Seasonal patterns of T:ET were similar for con
st_value, const_ratio, opt, and sqrt models. The linear model produced a 
different seasonal pattern of T:ET ratios. The T:ET ratios for const_value, 
const_ratio, opt, and sqrt models decreased in the winter months (lowest 
in February) and increased with increasing temperature and crop 
growth in spring. The T:ET ratios for the linear model increased in 
January and February and decreased from March to May for wheat, but 
they slightly decreased in January and February, increased in March, 
and decreased during April-May for canola. 

The largest discrepancy in T:ET ratios, obtained from different WUE 
algorithms, was found during the winter months. For example, monthly 
T:ET ratios from the opt model were ~0.6 compared to 0.7-0.9 found 
with the linear model for different ci parameterizations during January- 
February in wheat. Similarly, for canola in January and February, T:ET 
ratios from the opt model were 0.63 and 0.54 compared to 0.7-0.8 (for 
different ci parameterizations) obtained using the linear model. Notably, 
T:ET ratios of 0.8-0.9 for the linear model during winter months, when 
crop growth slows down and canopy coverage decreases due to physical 
damages, might be considered beyond the reasonable range. Even for 
the dry period during peak crop growth (i.e., full canopy cover), T:ET 
ratios were only around ~0.8 in canola (Wagle et al., 2021a) and maize 
(Zea mays L.) (Zhou et al., 2016). These results illustrate that the choice 
of appropriate WUE algorithms can result in large discrepancies in 
seasonal patterns of T:ET ratios. 

Additionally, differences in ci parameterizations within the same 
WUE algorithm caused large differences in monthly T:ET ratios (Fig. 3). 

Monthly T:ET ratios generally differed by approximately 10-20% for the 
smallest and largest ci parameters for all WUE algorithms in both crops. 
Monthly T:ET ratios obtained from the opt model were similar to T:ET 
ratios found with the largest ci coefficients (which were usually used as 
default values in most previous studies) for const_value or const_ratio 
models in both crops. As compared to monthly T:ET ratios obtained 
using the opt model, T:ET ratios from linear and sqrt models were larger 
for most of the ci parameters in both crops. Due to large variations in 
monthly T:ET ratios in response to input parameters throughout the 
growing season, we explore the impact of ci parameterizations in WUE 
algorithms on seasonal T:ET ratios in the next section. 

3.4. Sensitivity of seasonal T:ET ratios to ci parameterizations 

Overall, seasonal T:ET ratios in both wheat and canola increased (by 
10-15% for the range of considered ci values) with an increasing 
magnitude of ci parameterization in all four WUE algorithms (Table 1). 
Smaller input of ci yielded larger (negative sign convention) WUE values 
(Fig. 2), resulting from relatively smaller T losses, which leads to smaller 
T:ET ratios. In general, seasonal T:ET ratios were higher for sqrt and 
linear models than for const_value, const_ratio, and opt models. Lower 
WUE estimates by the sqrt and linear models (Fig. 2) resulted in higher 
T:ET ratios (i.e., higher loss of T) for those models. In comparison, the 
seasonal T:ET ratio for the opt model was 0.71 in wheat (similar to the T: 
ET ratio for c_240 ppm and k_0.65) and 0.72 in canola (similar to the T: 
ET ratio of c_300 ppm and k_0.75). 

Overall, seasonal T:ET ratios were smaller when T:ET ratios were 
determined only for the periods when partitioned fluxes were available 
for all five WUE algorithms (see T:ET ratios in parentheses in Table 1). 
However, variability in T:ET ratios with parameters still showed a 
similar variation (i.e., 13-18% for the range of considered ci values) as 
described above. 

Additionally, successful fractions of partitioned outputs declined 
with the increasing magnitude of ci in each WUE algorithm (Table 2). On 
average, the number of successful partitioned outputs decreased by 
~10% for the range of considered coefficients in both crops. This 
reduction is related to the declining magnitude of WUE to the point that 
it is less than the magnitude of Fc/Fq (see Eq. (8) in Scanlon et al., 2019) 
with increasing ci values (Fig. 2), which is theoretically not possible. 
Although the performance of different WUE algorithms may not be 

Table 1 
Seasonal average ratios of transpiration (T) to evapotranspiration (ET) for 
different parameterizations of water use efficiency (WUE) in wheat and canola. 
The T:ET ratios computed only for the periods when partitioning solutions were 
available for all algorithms are presented in parentheses.  

WUE algorithms Wheat Canola 

Const_value c_220 ppm 0.66 (0.53) 0.61 (0.51) 
c_240 ppm 0.70 (0.56) 0.61 (0.54) 
c_260 ppm 0.75 (0.60) 0.64 (0.58) 
c_280 ppm 0.77 (0.65) 0.68 (0.62) 
c_300 ppm 0.80 (0.71) 0.71 (0.67) 

Const_ratio k_0.55 0.64 (0.55) 0.59 (0.52) 
k_0.60 0.67 (0.58) 0.62 (0.55) 
k_0.65 0.71 (0.61) 0.64 (0.59) 
k_0.70 0.75 (0.65) 0.66 (0.63) 
k_0.75 0.80 (0.70) 0.70 (0.68) 

Linear m1 0.81 (0.70) 0.80 (0.70) 
m2 0.83 (0.73) 0.81 (0.73) 
m3 0.84 (0.76) 0.82 (0.76) 
m4 0.86 (0.80) 0.83 (0.79) 
m5 0.89 (0.84) 0.85 (0.83) 

Sqrt λ1 0.75 (0.63) 0.71 (0.63) 
λ2 0.77 (0.67) 0.74 (0.67) 
λ3 0.80 (0.70) 0.76 (0.70) 
λ4 0.83 (0.75) 0.79 (0.74) 
λ5 0.85 (0.80) 0.82 (0.79) 

Opt  0.71 (0.66) 0.72 (0.66)  
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judged solely based on the number of successful partitioned outputs, a 
large number of partitioned outputs are needed to accurately determine 
T:ET ratios. 

Overall, seasonal T:ET ratios varied greatly (i.e., up to >15%) when 
they were derived using all successful partitioned outputs for individual 
WUE algorithms or they were determined only for the periods when all 
WUE algorithms produced successful partitioned outputs (Table 1). 
Most studies use a single method to estimate leaf-level WUE in FVS 
partitioning. Our results demonstrate that the use of a single WUE al
gorithm or multiple WUE algorithms to determine T:ET ratios for FVS 
partitioning can lead to large differences in seasonal T:ET ratios for 
water balance interpretations. 

Seasonal T:ET ratios found with the opt model were comparable to 
the T:ET ratios found with const_value and const_ratio models in both 
wheat and canola (Fig. S1). When compared to the opt model, the ranges 
of mean absolute percent error (MAPE) for different ci parameterizations 
in const_value and const_ratio models were 13-19% in wheat and 14- 
22% in canola (Fig. S1). In comparison, the MAPE range for different ci 
parameterizations in the linear model was 47-59% in wheat and 49-65% 
in canola. Similarly, the MAPE range for the sqrt model was 20-37% in 
wheat and 21-40% in canola. Since const_value and const_ratio models 
produce nearly identical seasonal T:ET ratios for identical ci, either of 
these models can be selected for FVS partitioning. Additionally, con
st_value and const_ratio models yield a higher frequency of T:ET esti
mates than does the opt model. Despite a substantially lower number of 
successful partitioning solutions, the opt model also showed its potential 
for inter-model comparison, especially in sensitivity analysis, for FVS 
partitioning in C3 species. However, the formulation constraint of ci /ca 
≥ 0.5 limits the applicability of the opt model in C4 species (Scanlon 
et al., 2019; Wagle et al., 2021b). 

3.5. Sensitivity of weekly T:ET ratios in response to rainfall and dry 
periods 

Since large ranges in seasonal patterns of T:ET ratios were found for 
different WUE algorithms, we further investigated weekly T:ET ratios for 
variable input parameters in WUE algorithms for wet and dry periods 
during peak growth (Fig. 4). Week to week T:ET variations were 

different for different WUE algorithms (Fig. 4). The T:ET ratios are larger 
during dry periods due to reduced E and smaller during wet (rain or 
irrigation) periods due to higher E loss from wet surfaces (soil, plant 
canopy, and litter). In the first week of peak growth with no rainfall and 
higher VPD (diurnal peak VPD of ~23 hPa), we observed comparable T: 
ET ratios for all five WUE algorithms in both crops. In both crops, T:ET 
ratios differed only slightly for five WUE algorithms in the second week 
that received 47 mm rainfall towards the end. Additional rainfall in the 
third week caused large discrepancies in T:ET for WUE algorithms as T: 
ET ratios decreased for const_value and const_ratio, but T:ET ratios did 
not decrease for linear and sqrt in both crops. In the fourth week of peak 
growth (no rainfall at all), T:ET ratios in wheat increased by ~10% from 
the third to the fourth week for const_value, const_ratio, and opt, but 
remained constant for linear and only increased by 2-3% for sqrt. 
Similarly, T:ET ratios in canola increased by ~30% for const_value and 
const_ratio, and 23% for opt, but only increased by ~5% for linear and 
~15% for sqrt. Similar temporal variations in T:ET ratios for con
st_value, const_ratio, and opt models, and their ability to capture 
reduced T:ET in wet and increased T:ET in dry conditions indicate their 
greater potential to accurately partition ET into E and T in wheat and 
canola. 

As mentioned above, the opt model showed great potential to be used 
for inter-model comparison and sensitivity analysis for FVS partitioning. 
However, it is important to mention that the total number of partitioning 
attempts and successful fractions of partitioned outputs for the opt 
model was substantially lower in both wheat and canola, indicating the 
need for careful consideration of bypassing some filtering constraints for 
retrieving a large number of successful partitioning solutions. Addi
tionally, previous studies have shown inapplicability of the opt model in 
C4 species (Scanlon et al., 2019; Wagle et al., 2021b). Particularly, the 
opt model could be more useful for mixed vegetation as upscaling of 
leaf-level measurements of WUE is challenging for mixed vegetation due 
to dissimilarities in stomatal strategies among species (Scanlon et al., 
2019). Results illustrated the poor performance of linear and sqrt models 
to accurately capture expected trends of T:ET in wet and dry periods as 
they were unable to capture reduced T:ET ratios under wet conditions, 
most probably due to estimation errors in WUE. Linear and sqrt models 
are solely based on VPD to compute ci, but variations in other drivers 
such as soil moisture can alter the performance of these models by 
influencing plant gas exchange parameters and stomatal conductance 
(Monteith and Greenwood, 1986; Turner, 1986; Xue et al., 2004). 

4. Conclusions 

A constant defined value has been usually used for parameterizing 
intercellular CO2 concentrations (ci) in four WUE algorithms (const ci 
value, const ci/ca ratio, and ci/ca as linear and square root functions of 
VPD) for FVS partitioning. In this study, we performed a sensitivity 
analysis of chosen inputs (a range of five values) for parametrizing ci on 
ET partitioning for four WUE algorithms (const_value, const_ratio, 
linear, and square root) and compared them with the outputs of the 
optimum model for inter-model comparison. Notably, the optimum 
model (i.e., optimized WUE approach based on eddy covariance statis
tics only) has the advantage of not having an adjustable parameter for ci 
parameterization. As we hypothesized, changing ci parameters resulted 
in varied partitioned outputs (i.e., T:ET ratios), due to the direct impact 
on WUE estimates and T, for all four WUE algorithms. Seasonal T:ET 
ratios differed by 10-15% for different ci coefficients for the same WUE 
algorithm in both crops. In general, the optimum model produced mid to 
upper-range estimates of WUE and T:ET ratios as compared to con
st_value and const_ratio. Three models (const_value, const_ratio, and 
optimum) were able to produce expected T:ET patterns during dry and 
wet periods in both wheat and canola. These results indicated the po
tential for using const_value and const_ratio models for FVS partitioning 
by continuing to use the commonly used ci, especially as these methods 
provide more number of T:ET estimates as compared to the optimum 

Table 2 
Successful fractions of half-hourly partitioned solutions for different parame
terizations of intercellular carbon dioxide concentrations (ci) in different water 
use efficiency (WUE) algorithms during a growing season for wheat and canola. 
Total partition attempts for the opt model were 10,073 and 9,697, while they 
were 18,876 and 17,380 for the other four WUE models in wheat and canola, 
respectively.  

WUE algorithms Successful fractions 
Wheat Canola 

Const_value c_220 ppm 0.65 0.66 
c_240 ppm 0.64 0.64 
c_260 ppm 0.61 0.62 
c_280 ppm 0.59 0.58 
c_300 ppm 0.54 0.54 

Const_ratio k_0.55 0.65 0.66 
k_0.60 0.64 0.64 
k_0.65 0.62 0.62 
k_0.70 0.60 0.60 
k_0.75 0.57 0.56 

Linear m1 0.50 0.51 
m2 0.48 0.48 
m3 0.46 0.45 
m4 0.43 0.43 
m5 0.41 0.40 

Sqrt λ1 0.61 0.62 
λ2 0.58 0.59 
λ3 0.56 0.56 
λ4 0.52 0.52 
λ5 0.48 0.48 

Opt  0.66 0.65  
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partitioning method. Techniques allowing temporally complete 
coverage of ci could be immensely useful in reducing uncertainty in ci 
parameterizations. 
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