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Accurate modeling of stomatal conductance (gs) enhances understanding of plant water relations and supports
advancements in eco-physiological modeling and adaptive irrigation practices. This study provides a compre-
hensive evaluation of g; modeling for drip-irrigated kiwifruit through parallel development of three Jarvis-type
empirical models (JV, JV1, JV2) and five machine learning algorithms (XGBoost, LightGBM, CatBoost, SVR, LR)
based on three years of field measurements comprising synchronized records of g and key environmental
drivers. Models were assessed via year-wise grouped cross-validation, with performance measured by R, RMSE,
and MAE, and interpretability analyzed using SHapley Additive exPlanations (SHAP) and Partial Dependence
Plots (PDPs). Results showed that deficit irrigation significantly reduced gs, with sensitivity being most pro-
nounced during stage II. The incorporation of soil water content (SWC) substantially improved the accuracy of
both empirical and machine learning models. Among empirical models, JV2, featuring a stage-specific nonlinear
SWC response function, demonstrated the highest accuracy (R? ranging from 0.736 to 0.814) and minimized bias
under extreme SWC conditions. Using vapor pressure deficit (VPD), air temperature (Ta), photosynthetically
active radiation (PAR), and SWC as input variables, CatBoost outperformed both empirical models and other
machine learning algorithms across all growth stages (R?> = 0.815-0.839; RMSE = 0.065-0.076 mol m~2 s~}
MAE = 0.054-0.064 mol m~2s~!). SHAP analysis and PDPs identified VPD as the dominant driver of g variation,
followed by SWC. Overall, the improved JV2 model offers a structurally transparent framework for gs estimation
with acceptable accuracy, while CatBoost combined with SHAP analysis and PDPs provides superior predictive
performance and robust interpretability under complex environmental conditions. These findings support the
reliable modeling and regulation of kiwifruit g5 under varying SWC scenarios in drip-irrigated orchards.

1. Introduction essential indicator of plant water status and response to drought stress

(Martin-Stpaul, 2017). Accurate modeling of g is crucial for simulating

With rising global temperatures and increasingly frequent drought
events, agricultural systems face unprecedented challenges in sustaining
crop productivity and water use efficiency (Houshmandfar et al., 2021).
Stomata are microscopic pores on the leaf surface that regulate tran-
spiration. They also facilitate CO5 uptake for photosynthesis, serving as
a key physiological interface between plants and the atmosphere
(Buckley, 2019; Gaur and Drewry, 2024). Stomatal conductance (g;), a
measure of the degree of stomatal opening, is widely recognized as an
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plant-atmosphere interactions within land surface and crop growth
models. Stomata directly control transpiration rates, which constitute a
major component of evapotranspiration. Consequently, reliable g esti-
mation significantly enhances the accuracy of ET modeling and water
flux quantification (Franks et al., 2018; Wang et al., 2018). In
agro-ecosystems, especially under water-limited conditions, reliable gg
modeling enhances the estimation of evapotranspiration and supports
the development of precise irrigation strategies (Houshmandfar et al.,
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2021; Wu et al., 2021).

Stomatal conductance models are typically classified into empirical,
semi-empirical, and mechanistic types (Li et al., 2023). Among these, the
Jarvis model is one of the most widely used empirical models, due to its
simplicity, ease of parameterization, and robust performance across
various plant types, such as crops, fruit trees, and forests (Houshmandfar
et al., 2021; Wu et al., 2021; Wang et al., 2018). It expresses gs as the
product of normalized response functions that represent the effects of
individual environmental variables, including photosynthetically active
radiation (PAR), vapor pressure deficit (VPD), air temperature (Ta), and
atmospheric CO5 concentration (C,) (Jarvis, 1976). However, the orig-
inal formulation did not explicitly consider water stress or relied on leaf
water potential, which is difficult to measure under field conditions. To
address this, subsequent studies introduced soil water content (SWC) as
an indicator of plant water status and incorporated SWC response
functions (Houshmandfar et al., 2021). Nevertheless, the commonly
used three-stage linear approach fails to adequately capture the
nonlinear and saturating nature of the g-—~SWC relationship, especially
under extreme SWC conditions, reducing model accuracy under dy-
namic SWC conditions (Qi et al., 2023; Wu et al., 2021). To address this
gap, the present work develops and tests a novel, stage-specific
nonlinear SWC response function derived from boundary line analysis.
This approach is designed to better represent the physiological thresh-
olds of kiwifruit vines and to improve model performance across a wider
range of SWC conditions compared to traditional linear formulations.

Machine learning models have shown notable advantages in
modeling crop responses to environmental factors, particularly in sce-
narios involving nonlinear relationships and complex interactions
among multiple variables. For instance, random forest models have
demonstrated excellent performance in predicting evaporation rates in
complex environmental systems (Al-Mahdawi et al., 2023). Ensemble
algorithms such as XGBoost, LightGBM, and CatBoost have been widely
applied in agricultural and ecological studies, demonstrating high pre-
diction accuracy (EllsaBer et al., 2020; Gaur and Drewry, 2024; Saunders
et al., 2021). However, their application in modeling gs remains limited.
Moreover, conventional machine learning models are often regarded as
"black-box" systems due to their lack of physiological interpretability
(Lundberg and Lee, 2017; Hussein and Abouessaouab, 2023). To address
this limitation, model interpretation methods such as SHapley Additive
exPlanations (SHAP) have been introduced to quantify the influence of
each input variable on model predictions (Yu et al., 2025). In recent
years, SHAP has been effectively utilized in agricultural and environ-
mental sciences to identify key drivers of crop yield, evapotranspiration
patterns, and soil quality indicators (Dhawi et al., 2025; Mohammed
et al., 2024; Rahimi et al., 2025). Integrating machine learning models
with SHAP analysis presents promising opportunities for enhancing gg
simulation accuracy while uncovering underlying environmental
response mechanisms.

Kiwifruit is an important economic fruit crop known for its high
nutritional value and unique flavor (Wang et al., 2021). China contrib-
utes to over 40 % of the global kiwifruit cultivation area, with more than
half located in southern China where seasonal drought and fluctuating
irrigation water availability are common (Zheng et al., 2025). While
stomatal conductance modeling has been advanced for other fruit crops
such as grapes (Sun et al., 2023) and apple (Miao et al., 2021), the
mechanisms by which gs responds to environmental factors and SWC in
kiwifruit remain insufficiently understood. Previous studies on kiwifruit
have primarily focused on yield and quality responses to water deficit
(Calderon-Orellana et al., 2025; Zheng et al., 2023), with limited
attention to mechanistic modeling of stomatal behavior. This gap con-
strains the optimization of water management strategies and un-
dermines the accuracy of evapotranspiration estimation, carbon
assimilation simulation, and eco-physiological modeling. Therefore, this
study aimed to investigate the response of kiwifruit gs to varying SWC
under drip irrigation and develop accurate modeling approaches. The
specific objectives were to: 1) quantify the stage-specific response
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patterns of kiwifruit g to varying SWC; 2) develop an improved
Jarvis-type empirical model by incorporating a novel, stage-specific
nonlinear soil water response function; 3) evaluate the performance of
multiple machine learning algorithms in predicting kiwifruit gg 4)
identify the key environmental drivers of g5 variation and interpret their
effects. The findings are expected to improve the accuracy and inter-
pretability of g simulation, contributing to a physiologically informed
modeling framework for precision irrigation in drip-irrigated kiwifruit
orchards.

2. Materials and methods
2.1. Experimental site and design

Field experiments were carried out at the kiwifruit experimental
station from 2017 to 2019. The experimental site was located in
Chengdu City, Sichuan Province, China (30 19'20'N, 103 25'57"E),
within a subtropical monsoon climate zone. The terrain of the area is
characterized by shallow hills, and the dominant soil type is yellow
earth, consisting of 10.9 % sand, 76.8 % silt, and 12.3 % clay. The
average soil bulk density was 1.27 g cm >, with a field capacity (FC) of
0.383 m® m ™ and a permanent wilting point (PWP) of 0.145 m® m~3,

Eight-year-old kiwifruit vines (Actinidia chinensis 'Jinyan"), a yellow-
fleshed cultivar, were selected for this study. The vines were planted
with a row spacing of 5.0 m and a plant spacing of 4.5 m. The growth
period was divided into four distinct developmental stages: bud burst to
leafing stage (I, mid-March to mid-April), flowering to fruit set stage (II,
mid-April to early May), fruit expansion stage (III, early May to late
June), and fruit maturation stage (IV, late June to late October). Five
irrigation levels were implemented, including one full irrigation control
(CTL) and four levels of deficit irrigation: low (D15 %), mild (D25 %),
moderate (D35 %), and severe (D45 %), corresponding to 85 %, 75 %,
65 %, and 55 % of full irrigation amount, respectively. Irrigation
scheduling was based on crop water requirements (ET.), which were
estimated using the single crop coefficient method. Reference evapo-
transpiration (ET() was calculated using the Penman-Monteith function
(Allen et al., 1998). Kiwifruit crop coefficients (K.) were calibrated by
Jiang et al. (2022) and determined to be 0.98, 1.26, 1.36, and 1.21 for
stages I to IV, respectively. A completely randomized design was
adopted, with three independent replicates per treatment. Each exper-
imental plot consisted of five vines, with the two edge vines serving as
border plants and the three central vines as experimental plants. Drip
irrigation was employed, with two lateral drip lines installed along each
plant row. The drip lines were equipped with pressure-compensating
emitters with a flow rate of 1.6 L h™?, spaced at 0.4 m intervals.

2.2. Measurement

Stomatal conductance (gs;) and environmental parameters were
measured using a portable photosynthesis system (LCPro-SD, ADC
BioScientific, UK). For each treatment, one representative vine was
selected. On each selected vine, six fully expanded and healthy leaves
were randomly chosen from the upper-middle canopy for measurement.
To capture gs responses under conditions of significant variation in soil
moisture and environmental factors, measurements were conducted on
two separate days during each growth stage—one day prior to irrigation
and one day following irrigation. On each measurement day, gs and
environmental parameters, including photosynthetically active radia-
tion (PAR, pmol m2sY), air temperature (Ta, °C), relative humidity
(RH, %), and vapor pressure deficit (VPD, kPa), were recorded at 2-hour
intervals from 9:00-17:00 under clear sky conditions.

Volumetric soil water content (SWC) was monitored using PR2
profile probes (PR2/6, Delta-T Devices Ltd., UK), which were installed at
a distance of 10 cm from the emitters in each plot. The probes collected
SWC data at five depths: 10, 20, 30, 40, and 60 cm, covering the effective
rooting zone of kiwifruit. The average SWC across all five depths was
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used to represent the overall soil moisture status. The sensors were
factory-calibrated and further validated against gravimetric SWC mea-
surements to ensure measurement accuracy.

2.3. Boundary line approach

The boundary line approach analyzes the relationship between a
single dependent variable and an independent variable under complex
conditions (Alonso et al., 2008). It assumes that the outer margin data
points represent the functional relationship between the two factors,
specifically SWC and g; in this study. At this margin, SWC is considered
the sole limiting factor for gg; data below it suggests additional influ-
encing factors. To define the boundary, g; data were grouped into SWC
classes with 0.005 cm® cm™2 increments. The maximum g value was
calculated as the average of values above the 95th percentile (Alonso
et al., 2008), while the average SWC per class was derived from all data
in that class. A function was then fitted to relate maximum gs and
average SWC.

2.4. Empirical stomatal conductance model

The Jarvis model assumes that the effects of PAR, VPD, Ta, and at-
mospheric CO5 concentration (Ca) on g are independent, and it repre-
sents gs as the product of these environmental factors (Jarvis, 1976):

& = & maxf(PAR)f(VPD)f(Tﬂ)f(Ca) (1)

where gimax denotes the maximum stomatal conductance under non-
limiting conditions (mol m2 s_l), and f(PAR), f(VPD), f(Ta), and f
(Ca) are dimensionless reduction functions (0-1) describing the re-
sponses of g5 to PAR, VPD, Ta, and Ca, respectively. In this study, Ca
showed minimal variation across seasons and within days and was
therefore omitted. The formulations for f(PAR), f(VPD), and f(Ta) were
adopted from Samanta et al. (2008) and Matsumoto et al. (2005), and
Ortega-Farias et al. (2010), respectively, and are expressed as follows:
PAR

f(PAR) = PAR + ki (2)

flp|-— Lt 3

k
14 Vgggs)

f(Ta) =1 —ks(To — Top)” )

where VPDy 5 is the VPD value when f(VPD) is equal to 0.5; Tp is the
fitted optimum temperature; ki, ks, and k3 are empirical parameters.

2.4.1. Traditional soil water response function

Stomata opening is notably influenced by SWC variations. A
commonly used soil water response function is a three-stage linear
formulation based on PWP and FC, referred to as f1(SWC) (Eq. 5) (Qi
et al., 2023):

0 SWC < PWP
SWC — PWP
={ ———— PWP F
f1(SWC) FC —PWP WP < SWC < FC 5)
1 FC < SWC

where PWP and FC are SWC at permanent wilting point and field ca-
pacity, respectively. This function assumes that gs increases linearly
with SWC between PWP and FC and reaches its maximum value when
SWC exceeds FC. Although simple and widely used, this linear
assumption does not fully reflect the nonlinear and saturating behavior
observed in g-—SWC relationship between PWP and FC (Qi et al., 2023;
Wang et al., 2018).
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2.4.2. Improved soil water response function

Field observations in this study indicated that the relationship be-
tween gsmax and SWC is better characterized by a nonlinear pattern with
a decline at low SWC and a saturation plateau at high SWC. To capture
this behavior, an improved soil water response function f,(SWC) was
developed based on the boundary line approach described in Section
2.3. For each growth stage, the upper envelope of the measured g,—SWC
scatter distribution was extracted, and two physiologically meaningful
thresholds were identified: 1) the lower SWC threshold (SWC;.) at which
stomata closure occurs and g5 approaches zero; and 2) the upper SWC
threshold (SWCy) at which g; reaches its maximum and becomes
insensitive to further increases in SWC. Based on these thresholds,
f2(SWC) was defined as a piecewise linear function:

0 SWC < SWC,,
SWC — SWC,
Swe) = { 2772w gwe, < SWC < SWC, 6
£(SWE) =1 swe, —swe, se < SWE < SWh ®)
1 SWC, < SWC

Below SWCg, stomata are considered effectively closed and g; is
zero. Between SWCg, and SWC;, g; increases approximately linearly with
SWC, representing the transition from water-stressed to adequately
watered conditions. When SWC exceeds SWC;, fo(SWC) remains equal to
1, indicating a saturation region where soil water is no longer limiting to
gs. In contrast to f;(SWC), which relies solely on static soil hydraulic
limits (PWP and FC), the thresholds SWCs. and SWC; in f>(SWC) are
derived from data-driven boundary line analysis. This approach repre-
sents a fundamental shift from a soil-centric to a plant-physiology-
centric framework, as it incorporates stage-specific physiological re-
sponses and directly captures the observed nonlinear saturation
behavior of stomata. The estimated threshold values for each growth
stage are presented in the Results section.

2.4.3. Jarvis-type model configurations
Based on the above response functions, three Jarvis-type empirical
stomatal conductance models were constructed:

JV = g maxf(PAR)-f(VPD)-f(T,) @
JV1 = g max:f(PAR)-f(VPD)-f(Ta)-f1 (SWC) ®)
JV2 = g max:f(PAR)-f(VPD)-f(Tq)-f2(SWC) )

The JV model represents the original Jarvis formulation without a
soil water term. JV1 incorporates the traditional soil water response
function f;(SWC), whereas JV2 employs the improved stage-specific
function f(SWC).

2.5. Machine learning algorithm and SHAP and partial dependence
analysis

Five machine learning algorithms were used to estimate g, including
eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LightGBM), Categorical Boosting (CatBoost), Support Vector Regres-
sion (SVR), and Linear Regression (LR). These algorithms were chosen to
represent a spectrum of ensemble-based, kernel-based, and parametric
learning strategies, each exhibiting distinct advantages in addressing
nonlinearity, feature interactions, and interpretability.

XGBoost is an efficient implementation of gradient-boosted decision
trees. It constructs an ensemble of weak learners in a sequential manner,
aiming to minimize a regularized loss function in order to prevent
overfitting and enhance generalization performance. XGBoost employs
second-order derivatives for optimization and provides built-in support
for handling missing values and parallel computation, making it
particularly suitable for high-dimensional and nonlinear problems
(Sheridan et al., 2016).

LightGBM, another gradient boosting framework, introduces
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histogram-based feature binning and leaf-wise tree growth strategies,
which significantly accelerate training speed while reducing memory
consumption. This makes LightGBM highly effective for processing
large-scale datasets and imbalanced data distributions (Pan et al., 2021).

CatBoost is a gradient boosting framework specifically designed for
handling categorical data and performing well on small-to-medium-
sized datasets. It integrates ordered boosting and permutation-driven
techniques to reduce prediction shift and mitigate overfitting
(Dorogush et al., 2018). Additionally, CatBoost offers native support for
missing value imputation and categorical feature encoding, thereby
simplifying the preprocessing pipeline.

SVR is based on the theoretical foundation of support vector ma-
chines. It transforms input features into a high-dimensional feature
space using kernel functions and seeks to find a flat regression function
within a predefined tolerance margin (Ge et al., 2013). SVR is widely
recognized for its robustness in modeling nonlinear relationships with
limited sample sizes.

LR, as a baseline parametric model, assumes a linear relationship
between the input predictor variables and the target variable (Fernandes
and Leblanc, 2005). Despite its simplicity, LR remains valuable for
interpretability and serves as a benchmark for evaluating more sophis-
ticated models.

SHapley Additive exPlanations (SHAP) is a unified approach for
explaining model outputs, which computes the marginal contribution of
each feature using principles from cooperative game theory (Enouen
and Liu, 2025). SHAP values provide both global and local interpret-
ability, enabling the quantification of feature importance.

In addition to SHAP, partial dependence plots (PDPs) were used to
characterize the marginal effects of individual environmental variables
on gs. Following Elshaarawy (2025), PDPs quantify the expected change
in model predictions when a target variable varies across its observed
range while all other variables are held at their empirical distributions.
This method provides graphical representations that visualize the rela-
tionship between input features and the predicted outcome, averaging
out the effects of other features to reveal how changes in a specific
feature influence the model's predictions. PDPs are particularly useful
for understanding the direction and magnitude of feature influence,
enabling interpretation of whether the relationship is linear, monotonic,
or more complex.

2.6. Model implementation and evaluation

2.6.1. Year-wise grouped three-fold cross-validation

To avoid temporal autocorrelation and information leakage, the
dataset was not randomly shuffled. Instead, a year-wise blocked strategy
was applied in which all measurements collected within the same year
were treated as an indivisible group. Based on this grouping structure, a
three-fold cross-validation was conducted using the measurement years
as independent folds. In each fold, one year was used exclusively as the
testing set, while the remaining two years served as the training set:
train on 2017 and 2018 and test on 2019 (Fold 1); train on 2017 and
2019 and test on 2018 (Fold 2); and train on 2018 and 2019 and test on
2017 (Fold 3). This grouped validation design preserves the temporal
dependence inherent in field measurements, prevents information
leakage between folds, and enables an unbiased assessment of model
generalization under unseen environmental and physiological
conditions.

2.6.2. Calibration of Jarvis-type models

For the empirical models (JV, JV1, and JV2), parameters were esti-
mated using constrained nonlinear optimization. The sum of squared
errors between measured and simulated g was used as the objective
function, and the trust-region-reflective algorithm implemented in
MATLAB (Isqcurvefit) was used to obtain parameter solutions. For JV2,
the two SWC thresholds (SWCs. and SWC;) were fixed based on the
boundary-line analysis described in Section 2.3, while all remaining
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parameters (gsmax, VPDo.5, Topt, K1, ko, and k3) were optimized jointly.
To ensure that simulations remained physiologically meaningful, spe-
cific constraints were applied: gsmax Was constrained to be no lower than
the maximum observed g; within each growth stage, and Top was
restricted to fall within the range of 0-50 °C.

2.6.3. Training of machine learning models

Prior to the training of machine learning models, all input variables
(PAR, Ta, VPD, and SWC) were normalized to a common scale using
min-max normalization. This preprocessing step is crucial for algorithms
sensitive to feature scales, such as SVR and LR, and ensures a consistent
basis for fair performance comparison across all evaluated machine
learning models.

Hyperparameter tuning for the five machine learning models
(XGBoost, LightGBM, CatBoost, SVR, and linear regression) was per-
formed within the same year-wise three-fold grouped cross-validation
framework to maintain consistency with the empirical model evalua-
tion and to prevent overfitting by testing on temporally independent
data. For the CatBoost model, hyperparameters were tuned using a
manual, model-driven adjustment strategy. Based on preliminary ex-
periments, the number of boosting iterations and learning rate were
empirically adjusted to balance predictive accuracy and computational
efficiency, while other hyperparameters including L2 regularization
(12_leaf reg) were maintained at their default values due to CatBoost's
built-in robustness against overfitting. The final configuration consisted
of 200 iterations with a learning rate of 0.08. This approach aligns with
established practices, as CatBoost's default settings often yield compet-
itive performance without extensive hyperparameter searches, thereby
enhancing reproducibility without compromising model effectiveness
(Florek and Zagdanski, 2023).

2.6.4. Performance metrics

Model performance was evaluated using the coefficient of determi-
nation (Rz), root mean square error (RMSE), mean absolute error (MAE),
and relative residual:

> - )
RR=1-5L (10)
;(yiﬂ")z
= ANy
RMSE = n;(yl X;) 1)
MAE:%ZIyi—xA a2)
i=1

. . Xi—V:
Relativeresidual — X —Yt
i

13

where y; indicates the measured value, y indicates the mean measured
value, x; indicates the predicted value, and n is the sample size. Larger R>
and smaller RMSE and MAE indicate better simulation performance of
models, while relative residuals closer to zero indicate better local
prediction accuracy across varying conditions. The methodological
flowchart adopted in this study is presented in Fig. 1.

2.7. Statistical analysis

The significance of differences in g; among irrigation treatments
within each growth stage was determined using one-way analysis of
variance (ANOVA). When the ANOVA indicated a significant effect
(p < 0.05), post hoc comparisons were performed using Tukey's Honest
Significant Difference (HSD) test to control the family-wise error rate.

To examine potential multicollinearity among environmental vari-
ables, the Variance Inflation Factor (VIF) was calculated for each growth
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Data collection

©® Environmental parameters: photosynthetically active radiation (PAR),
air temperature (Ta). relative humidity (RH). vapor pressure deficit
(VPD). soil water content (SWC)

® Target variable: stomatal conductance (g,)

L 4

Model construction

Dataset Partitioning: Year-wise grouped 3-fold cross-validation

Empirical model Machine learning model
' Original Jarvis model (JV) | with PAR, with PAR,
1 based on PAR, VPD and T, 1 VPD, and T VPD, Ta,
CTTTRTTTTTTRTTT ’ 29 Ta || and SWCas

e _@_ __________ Q_ _____ as Inputs inputs
. , ,
',J A del 1 Jarvis model ! 2 &
I

s | incorporating ! { Min-max normalization ]
incorporating 1 a boundary- 4
| the classical ', i : &
. three-stage QR
: SWC '\ nonlinear | » XGBoost
| response || SWC 1| > LightGBM
i '\ response |
function (JV1), 1 ! L ‘i | » CatBoost
" based on PAR. 1 | function (JV2),
: VPD. T. and SV&’/C I'| based on PAR, : > SVR
g /| VPD, T,and SWC i | | » Linear Regression

Model evaluation

* Overall accuracy: R%2, RMSE, MAE

¥

Interpretability analysis

* Local accuracy: Relative residual
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Provide a theoretical foundation for ecological physiology
modeling and precise irrigation

Fig. 1. Methodological flowchart adopted in this study.

stage. VIF values were computed using a linear regression framework,
where a VIF greater than 10 was considered indicative of severe mul-
ticollinearity, and values between 5 and 10 suggested moderate multi-
collinearity. This analysis ensured that subsequent model
interpretations and variable attribution results were not biased by
redundant information among predictors.

To quantify the relative importance of environmental factors in
regulating g, a one-way ANOVA was performed for each growth stage.

0.39
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Environmental variables were grouped using tertile-based thresholds
(low, medium, and high) to ensure balanced sample sizes across cate-
gories. Prior to ANOVA, Levene's test was conducted to assess the ho-
mogeneity of variances. In addition to significance testing, the effect size
(1) was calculated to quantify the magnitude of influence of each factor
on g;. These analyses provided a statistical basis for understanding the
dominant drivers of g, variations prior to predictive model development.

3. Results and analysis

3.1. Variations in soil water content and stomatal conductance of
kiwifruit under deficit drip irrigation

The variations in SWC of kiwifruit under deficit drip irrigation are
presented in Fig. 2. During stages I-IV, SWC under different irrigation
levels ranged between 0.234-0.327, 0.243-0.345, 0.233-0.375, and
0.225-0.349 cm® cm ™3, respectively. It is evident that SWC increased
with rising irrigation levels. Compared to CTL, deficit irrigation resulted
in average reductions in SWC by 2.6-8.6 %, 3.9-10.8 %, 4.8-14.6 %,
and 5.7-17.1 % during stages I-IV, respectively.

The variations and distribution of g in kiwifruit under deficit drip
irrigation are illustrated in Fig. 3. As the growth period progressed, g
exhibited a slightly increasing trend. During stages I-IV, g; ranged be-
tween 0.04-0.79, 0.06-0.89, 0.08-0.97, and 0.08-0.90 mol m % 57,
respectively. Although the overall ranges among treatments were
similar, both the median and interquartile range (IQR) decreased with
reduced irrigation levels at each stage. During stages I and II, g; under
CTL exhibited a bimodal distribution with relatively uniform density
across low and high values, whereas deficit treatments showed a strong
concentration of density toward the lower range. During stages III and
IV, all treatments displayed unimodal distributions; however, the den-
sity peak shifted downward as deficit severity increased. Quantitatively,
compared to CTL, the D45 % treatment significantly decreased average
gs by 20.5, 16.4, 20.1, and 25.4 % during stages I-IV (p < 0.05),
respectively; the D35 % treatment showed significant reductions only in
stages Il and IV, decreasing average gs; by 15.3% and 20.1 %
(p < 0.05), respectively.

3.2. Multicollinearity and environmental controls on stomatal
conductance

VIF analysis showed negligible collinearity for PAR and SWC across
all growth stages, with VIF values consistently close to 1 (Table 1). In
contrast, Ta and VPD exhibited elevated VIFs (6.14-9.14) during stages
I-1II, reflecting their inherent atmospheric coupling. Nevertheless, all
VIF values were below the threshold of 10, indicating that collinearity
among the environmental variables was not severe.

D45% [ |D35% [ |D25% [ ]D15%[_]CTL

o

w

=3
1

0.33

0.30
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Fig. 2. Variations of soil water content of kiwifruit under deficit drip irrigation. I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set stage, fruit
expansion stage, and fruit maturation stage, respectively. D45 %, D35 %, D25 %, and D15 % were water deficit levels where irrigated at 55 %, 65 %, 75 %, and 85 %

of full irrigation (CTL), respectively.
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Table 1
Variance inflation factor (VIF) values for PAR, Ta, VPD, and SWC across different
growth stages of kiwifruit under deficit drip irrigation.

Table 2
One-way ANOVA results for the effects of environmental variables on stomatal
conductance across different growth stages.

Variable Stage I Stage II Stage III Stage IV ALL Stage Variation F-value p-value n2
PAR 1.02 1.02 1.01 1.01 1.01 Stage PAR 27.8 2.38 x 10712 0.07
Ta 9.14 7.94 6.75 2.90 2.09 Ta 257.5 5.32 x 107%° 0.42
VPD 9.08 7.78 6.14 2.84 2.08 VPD 328.1 6.85 x 107102 0.48
SWC 1.03 1.04 1.42 1.05 1.00 SWC 74.3 4.74 x 107 0.17
- - - Stage II PAR 1.1 3.37 x 107* 0.00
Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set Ta 353.1 1.77 x 10-197 0.50
stage, fruit expansion stage, and fruit maturation stage, respectively. PAR: VPD 375.0 3.38 x 10~ 112 0.51
photosynthetically active radiation; Ta: air temperature; VPD: vapor pressure SWC 113.7 1.30 x 10743 0.24
deficit; SWC: soil water content. Stage III PAR 22.1 4.73 x 10710 0.06
Ta 121.7 3.12 x 1074 0.25
A VPD 271.0 2.21 x 10758 0.43
'One-way ANOVA revealed SIgmﬁca.nt effects of Ta, VPD, anfi SY\{C on SWC 85.3 6.03 x 103 019
gs in all growth stages (p < 0.05), while PAR showed a non-significant Stage IV PAR 15.1 3.79 x 10~ 0.04
influence in stage II (Table 2). Across the season, VPD exerted the Ta 150.0 3.68 x 107>° 0.30

. . . —78

strongest control on g, with effect sizes (%) ranging from 0.43 to 0.51, VPD 229.4 9.80 x 10 0.39
SWC 133.1 6.93 x 107°° 0.27

followed by Ta (2 = 0.25-0.50) and SWC (12 = 0.17-0.27). PAR showed
only weak effects (112 < 0.07).

3.3. Empirical modeling of stomatal conductance

3.3.1. Boundary line analysis of soil water thresholds for maximal stomatal
conductance

The relationship between maximum g; and SWC across different
growth stages is illustrated in Fig. 4, and the fitted parameters of soil
water response function are summarized in Table 3. Fig. 4 displays the
results of the boundary line analysis, where the maximum g, values were
derived as the average of values above the 95th percentile within each
SWC class, along with the full dataset of individual measurements for

Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively. PAR:
photosynthetically active radiation; Ta: air temperature; VPD: vapor pressure
deficit; SWC: soil water content.

reference. In the lower range of SWC, maximum g, increases linearly
with increasing SWC. The fitted slopes and SWC;. generally decreased as
the growth stages progressed, ranging from 4.50 to 5.07 and
0.139-0.161 cm® em 3, respectively. The slopes and SWC, in stages I
and II were lower than those in stages IIl and IV, illustrating that gs was
more sensitive to SWC reduction during the early growth period. When
SWC exceeded SWC;, maximum g; remained relatively stable. Overall,
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Table 3
The fitted parameters of soil water response function for kiwifruit under deficit
drip irrigation across different growth stages.

Stage Slope SWCs. SWC, Zemax R?
(em® ecm ™) (em® em ™) (molm2s™)

I 4.99 0.160 0.311 0.755 0.96

I 5.07 0.161 0.322 0.815 0.94

111 4.65 0.139 0.331 0.890 0.96

v 4.50 0.141 0.326 0.831 0.95

Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively. SWC: soil
water content at which kiwifruit stomata close; SWC: soil water content
threshold for stomatal conductance reduction; gsmax: maximum stomatal
conductance.

SWC; showed an increasing trend as the growth stages progressed, with
values of 0.311, 0.322, 0.331, and 0.326 cm® em™ in stages I-TV,
respectively. The fitted gsmax were 0.755, 0.815, 0.890, 0.831 mol m~2

s lin stages I-IV, respectively.

3.3.2. Improvement of the Jarvis-type model by incorporating soil water
response function

The validated model parameters of stomatal conductance models for
different growth stages are presented in Table 3. Overall, the parameters
of the JV1 and JV2 models were more consistent with each other,
whereas they differed significantly from those of the JV model, partic-
ularly in terms of Tqp; and gsmax. The JV model yielded an unrealistically
high T,y in stage III (45.7 °C), whereas the values obtained for JV1 and
JV2 were closely aligned with the physiologically reasonable optimum
of approximately 30 °C across all stages. Furthermore, Top tended to be
lower during stages I and II and higher during stages III and IV, indi-
cating a dynamic adaptation of stomatal behavior in response to sea-
sonal temperature changes. The calibrated ggmax for the JV2 model
showed better agreement with the observed gsmax compared to those

derived from the JV1 model, suggesting that the stage-specific soil water
thresholds enhance parameter interpretability Table 4.

In the three Jarvis-type empirical models, both the averaged results
(Table 5) and the fold-specific outcomes (Table S1) exhibited consistent
performance patterns across growth stages. The JV model showed the
lowest accuracy, with R? of 0.514-0.649 during training and
0.426-0.622 during testing. Incorporation of soil water response func-
tion significantly enhanced model performance. Compared to JV, the
JV1 model increased R? by 0.144-0.349 and decreased RMSE and MAE
by 0.026-0.043 and 0.019-0.035 mol m~2 s, indicating a substantial
regulatory effect of SWC on stomatal dynamics. Further improvements
were observed for the JV2 model, which consistently outperformed both
JV and JV1 during the testing phase, achieving R? between 0.736 and
0.814, RMSE between 0.070 and 0.082 mol m 2 s~ !, and MAE between

Table 4
Calibrated parameters of Jarvis-type stomatal conductance models for kiwifruit
under deficit drip irrigation.

Stage Model kq VPDg 5 ko ks Topt Zsmax
Stage I JV 250 5.66 2.46 0.0021 28.9 0.77
Jv1 244 5.49 2.54 0.0033 26.1 1.22
Jv2 243 5.66 2.58 0.0035 25.2 0.94
Stage 1T JV 179 5.94 3.17 0.0040 28.1 0.73
Jv1 157 3.62 2.94 0.0039 29.8 1.28
Jv2 154 3.58 291 0.0038 30.3 0.99
Stage 111 JV 199 4.17 2.75 0.0040 45.7 1.78
Jv1 211 3.30 3.81 0.0025 26.8 1.57
Jv2 245 3.77 3.36 0.0039 34.4 1.14
Stage IV JV 178 3.91 4.22 0.0027 27.4 0.81
JV1 141 3.66 3.66 0.0032 34.0 1.18
Jv2 149 3.89 3.70 0.0035 33.9 0.92

Notes: 1, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively. ki, VPDg s,
ko, ks, Top, and gsmax are parameters for Jarvis-type stomatal conductance
models, gsmax is maximum stomatal conductance (mol m2sh.
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Table 5
Performance evaluation of Jarvis-type stomatal conductance model for kiwifruit
under deficit drip irrigation.
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Table 7
Performance evaluation of machine learning models for predicting kiwifruit
stomatal conductance using PAR, Ta, VPD, and SWC as input variables.

Stage Model  Training Testing Stage Model Training Testing

R? RMSE MAE R? RMSE MAE R? RMSE  MAE R? RMSE  MAE

(mol (mol (mol (mol (mol (mol (mol (mol

m? m2 m? m? m? m 2 m 2 m 2

s sh s s7h s7h s s s
Stage I JV 0.617 0.102 0.080 0.581 0.108 0.084 Stage XGBoost 0.814 0.070 0.055 0.768 0.076 0.060
JV1 0.761 0.081 0.064 0.725 0.082 0.066 I LightGBM 0.871 0.058 0.046 0.765 0.076 0.058
JV2 0.762 0.084 0.066 0.736 0.082 0.065 CatBoost 0.887 0.055 0.044 0.839 0.065 0.057
Stage JV 0.649 0.106 0.082 0.622 0.118 0.090 SVR 0.519 0.118 0.091 0.466 0.130 0.104
I JV1 0.833 0.073 0.060 0.803 0.079 0.064 LR 0.604 0.099 0.069 0.677 0.093 0.081
JV2 0.837 0.072 0.060 0.814 0.076 0.063 Stage XGBoost 0.871 0.063 0.052 0.791 0.081 0.066
Stage JV 0.590 0.119 0.095 0.558 0.124 0.100 11 LightGBM 0.901 0.055 0.045 0.791 0.081 0.065
111 JV1 0.787 0.087 0.070 0.793 0.085 0.069 CatBoost 0.916 0.051 0.042 0.830 0.073 0.063
JV2 0.812 0.081 0.067 0.813 0.079 0.066 SVR 0.525 0.129 0.095 0.494 0.136 0.102
Stage JV 0.514 0.108 0.084 0.426 0.117 0.093 LR 0.796 0.079 0.064 0.779 0.082 0.066
v JV1 0.780 0.073 0.058 0.775 0.074 0.058 Stage XGBoost 0.860 0.069 0.056 0.790 0.083 0.067
JV2 0.799 0.069 0.057 0.792 0.070 0.057 111 LightGBM 0.896 0.059 0.048 0.803 0.081 0.065

Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively.

0.063 and 0.066 mol m~2 s, reflecting the effectiveness of incorpo-
rating stage-specific soil water thresholds. The fold-specific cross-vali-
dation results provided additional support for these findings. Across the
three year-based folds (Table S1), the JV2 model maintained the highest
R? and lowest RMSE and MAE among the three empirical models.
Although some interannual variability was observed, the fluctuations in
JV2 performance were relatively small, indicating that the improved soil
water response function enhances model robustness and generalization
across different years Tables 6 and 7.

Violin plots showing the measured g and the simulated values from
the JV, JV1, and JV2 models across different growth stages are pre-
sented in Fig. 5. The IQR of measured g in stages I-IV were 0.18-0.43,
0.18-0.44, 0.26-0.51, and 0.25-0.45 mol m~2 s}, respectively. Across
all stages, the JV model produced notably narrower distributions
compared to the observed measurements. The IQRs for JV were
0.194-0.381, 0.197-0.386, 0.282-0.493, and 0.275-0.419 mol m 25!

Table 6
Performance evaluation of machine learning models for predicting kiwifruit
stomatal conductance using PAR, Ta, and VPD as input variables.

Stage Model Training Testing
R? RMSE  MAE R? RMSE  MAE
(mol (mol (mol (mol
m-2 m-2 m-2 m-2
s s s s

Stage XGBoost 0.769 0.078 0.062 0.628 0.097 0.074

I LightGBM  0.837 0.066 0.051 0.650 0.095 0.072
CatBoost 0.870  0.059 0.049 0.724  0.084 0.066

SVR 0.405 0.129 0.099 0.354 0.142 0.113

IR 0.589 0.104 0.082 0.515 0.111 0.088

Stage XGBoost 0.817 0.075 0.059 0.630 0.108 0.084
I LightGBM  0.861 0.065 0.052 0.625 0.109 0.083
CatBoost 0.887  0.059 0.047 0.712  0.095 0.080

SVR 0.427 0.149 0.110 0.285 0.158 0.119

LR 0.577 0.114 0.090 0.525 0.119 0.095

Stage XGBoost 0.769 0.088 0.071 0.566 0.120 0.095
1II LightGBM  0.836 0.074 0.059 0.581 0.118 0.095
CatBoost 0.869 0.067 0.055 0.660 0.106 0.089

SVR 0.181 0.167 0.127 0.129 0.173 0.134

IR 0.542 0.124 0.097 0.500 0.131 0.102

Stage XGBoost 0.756 0.076 0.059 0.500 0.108 0.086
v LightGBM  0.840 0.061 0.048 0.496 0.107 0.084
CatBoost 0.866  0.057 0.044 0.576  0.099 0.079

SVR 0.259 0.133 0.101 0.173 0.142 0.109

LR 0.503 0.108 0.084 0.387 0.118 0.093

Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively.

CatBoost 0.910 0.055 0.046 0.826  0.076 0.064

SVR 0.395 0.146 0.113 0.327 0.153 0.120

LR 0.768 0.088 0.071 0.770 0.088 0.071

Stage XGBoost 0.846 0.060 0.047 0.768 0.073 0.057
v LightGBM  0.886 0.052 0.041 0.775 0.071 0.056
CatBoost 0.907  0.047 0.037 0.815  0.065 0.054

SVR 0.508 0.112 0.085 0.437 0.117 0.091

LR 0.717 0.088 0.071 0.732 0.078 0.062

Notes: I, II, III, and IV refer to bud burst to leafing stage, flowering to fruit set
stage, fruit expansion stage, and fruit maturation stage, respectively.

for stages I-1V, respectively, indicating a systematic underestimation of
high g values and an overestimation of low gs values. In contrast, the
simulated g distributions from JV1 and JV2 more closely resembled the
measured patterns in both spread and density. The two models exhibited
similar performance; however, JV2 showed slightly better agreement
with observations. The IQRs of JV2 were 0.193-0.425, 0.179-0.387,
0.271-0.502, and 0.251-0.440 molm™2 s ! for stages [-1V,
respectively.

The relative residuals of empirical stomatal conductance models
under different SWC conditions are illustrated in Fig. 6. It can be seen
that the JV model produced the largest relative residuals across all
stages, with a tendency to overestimate g5 under low SWC conditions
and to underestimate it under high SWC conditions. In contrast, the JV1
and JV2 models demonstrated consistently stable and comparable per-
formance across all SWC levels, indicating greater reliability in their
estimations. Compared to the JV1 model, the JV2 model exhibited more
tightly clustered relative residuals that were closer to zero under
extreme SWC conditions, particularly at FC levels ranging from 60 to
65 % and 85-95 % during stages I, II, and IV, and from 90 to 100 %
during stage III.

Overall, the saturation constraint implemented in JV2 effectively
reflects the physiological phenomenon that stomatal opening no longer
increases once a critical soil water threshold is reached, thereby
enhancing both the biological plausibility and predictive stability of the
model. Furthermore, the performance comparison showed that incor-
porating both the magnitude and saturation characteristics of SWC
response is crucial for reliably modeling g under varying SWC scenarios.

3.4. Modeling and interpretation of stomatal conductance using machine
learning

3.4.1. Estimation of stomatal conductance using machine learning
algorithms

The performance of five machine learning models (XGBoost,
LightGBM, CatBoost, SVR, and LR) in simulating g; was evaluated using
two sets of input variables: PAR, Ta, and VPD (Table 6 and S2), and PAR,
Ta, VPD, and SWC (Table 7 and S3). When PAR, Ta, and VPD were used
as input features, testing R? values for all models were notably lower
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Fig. 5. Violin plots showing the measured stomatal conductance and the simulated values from the JV, JV1, and JV2 models across different growth stages.

than training R?, indicating varying degrees of overfitting. Tree-based
ensemble models significantly outperformed SVR and LR across all
growth stages. Among these models, CatBoost exhibited the highest
predictive accuracy, achieving testing R? ranging from 0.576 to 0.724,
RMSE between 0.084 and 0.106 mol m 2 s_l, and MAE between 0.066
and 0.089 mol m~2 s!. LightGBM performed comparably to CatBoost
during the training phase; however, its testing accuracy declined
notably, reflecting evident overfitting and limited generalization capa-
bility under constrained input conditions. XGBoost yielded moderate
performance, whereas SVR and LR displayed relatively poor perfor-
mance, characterized by low testing R2 values and high RMSE and MAE,
suggesting potential underfitting.

When PAR, Ta, VPD, and SWC were used as input variables, CatBoost
consistently demonstrated superior overall performance in estimating
gs, with minimal difference between training and testing results, indi-
cating strong generalization capability (Table 7 and S3). It achieved
testing R? ranging from 0.815 to 0.839, RMSE between 0.065 and
0.076 mol m~2 s~!, and MAE between 0.054 and 0.064 mol m~2 s~ .
LightGBM exhibited robust performance during the training phase but
experienced a notable decline in testing accuracy, which occasionally
fell below that of XGBoost, further illustrating issues of overfitting and
limited generalizability. SVR consistently displayed poor and compa-
rable accuracy in both training and testing phases, reflecting typical
underfitting behavior.

Across the three year-based folds, CatBoost consistently achieved the
highest testing R and the lowest testing RMSE and MAE among all
machine learning models (Table S3). The differences between its
training and testing R? below 0.15 in each fold, and its fold-to-fold
variation in both R? and RMSE was minimal. These results demon-
strate that CatBoost delivered the most stable and accurate predictive
performance over different years.

Incorporating SWC into the models enhanced the goodness-of-fit and
reduced prediction errors across all growth stages and machine learning
algorithms (Fig. 7). CatBoost, which already achieved high accuracy
with three input variables (PAR, Ta, VPD), showed further significant
improvements after adding SWC, with testing R? increasing by
0.115-0.239 and RMSE and MAE reduced by 0.019-0.035 and
0.010-0.025 mol m 2 57, respectively. LR exhibited the greatest rela-
tive improvement in R? however, its overall accuracy remained notably
lower compared to ensemble learning models. The most substantial
improvements across all models were observed during stages III and IV,
with marked reductions in RMSE and MAE.

Violin plots comparing the measured gs with simulated values from
five machine learning models using PAR, Ta, VPD, and SWC as input
variables across different growth stages are shown in Fig. 8. The dis-
tribution characteristics revealed clear performance differences among
the models. SVR produced a substantially narrower IQR than the
measured gs and exhibited a markedly different density pattern. LR
produced IQR similar to the measurements, but its density patterns
differed substantially, indicating poor reconstruction of the underlying
distribution. In contrast, the three tree-based ensemble models
(XGBoost, LightGBM, and CatBoost) yielded distributions more similar
to the observed g in both IQR and density shape. Among them, CatBoost
provided the closest match to the measured distributions, with IQRs of
0.211-0.424, 0.184-0.408, 0.287-0.520, and 0.259-0.442 mol m 25!
for stages I-1V, respectively. These results highlight that CatBoost most
accurately captures both the magnitude and distributional characteris-
tics of g.

Overall, the incorporation of SWC substantially enhanced the accu-
racy of machine learning models in predicting g;. Regardless of input
variable combinations, ensemble learning models consistently out-
performed SVR and LR, and CatBoost exhibited the highest accuracy,
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Fig. 6. Relative residuals of Jarvis-type models in estimating stomatal conductance under different soil water content conditions. I, II, III, and IV refer to bud burst to
leafing stage, flowering to fruit set stage, fruit expansion stage, and fruit maturation stage, respectively.

stability, and generalization capability across all growth stages.

3.4.2. Quantification of variable contributions

To enhance the interpretation of model outputs and assess the key
driving factors influencing gs variation, SHAP analysis was conducted
using the top-performing machine learning model, CatBoost, under two
input scenarios (Figs. 9a and b). When PAR, VPD, and Ta were used as
input variables, VPD consistently demonstrated the highest mean SHAP
values across all stages, underscoring its predominant influence in
regulating g;. Specifically, the mean SHAP value of VPD during stages
I-1V was 0.084, 0.081, 0.103, and 0.054, respectively. In stages Il and IV,
Ta ranked second following VPD, with mean SHAP values of 0.053 and
0.040, respectively. Conversely, PAR exhibited relatively greater
importance compared to Ta in stages I and IIL

When SWC was included as an input variable, VPD remained the
most influential factor (Figs. 9c and 9d). However, the differences be-
tween VPD and SWC were relatively minor. Specifically, the mean SHAP
values of VPD across stages I to IV were 0.065, 0.064, 0.079, and 0.063,
respectively, while the corresponding mean SHAP values for SWC were
0.050, 0.062, 0.073, and 0.061. In stages II and IV, the mean SHAP
values of SWC approached those of VPD. The contributions of Ta and
PAR remained relatively minor, with average SHAP values generally
below 0.05.

These results suggest that VPD is the primary factor influencing g
variability under both input configurations. Incorporating soil moisture
into the model improves its interpretability by accounting for the effects
of water stress. The comparable SHAP value magnitudes of VPD and
SWC in later growth stages underscore the complementary roles of at-
mospheric transpiration demand and soil water availability in regu-
lating kiwifruit stomatal behavior.

The PDPs illustrate the marginal effects of the four environmental

10

variables on g5 across the four growth stages (Fig. 10). For PAR, a rapid
increase in g5 was observed below approximately 700 pmol m~2 s~!
during stages II-1V, followed by a gradual plateau during stages II-IV. Ta
exhibited a typical asymmetric unimodal response. In stage I, g peaked
at around 25 °C, while in stages II-1V, the optimum temperature shifted
upward to approximately 32-36 °C. VPD exerted a strong negative effect
on g across all stages. Once VPD exceeded roughly 1.5-2.0 kPa, g
declined sharply. SWC consistently showed a positive marginal effect
across all growth stages. The most pronounced increase in gs occurred as
SWC increased from dry conditions toward field capacity, with the
response diminishing under wetter soil conditions.

4. Discussion
4.1. Responses of kiwifruit stomatal conductance to deficit irrigation

In the present study, deficit irrigation significantly decreased gs of
kiwifruit at different growth stages (Fig. 3), which aligns with previous
findings by Mills et al. (2009) and Rogiers et al. (2012). Water deficit
triggered drought response mechanisms by reducing soil water avail-
ability. To minimize water loss, plants regulate multiple signaling
pathways and close their stomata under water-limited conditions, rep-
resenting a self-protective adaptive strategy (Rodriguez-Dominguez and
Brodribb, 2020; Li and Liu, 2022a).

Importantly, the impact of deficit irrigation on gs was found to vary
across growth stages. The stage-specific sensitivity of g; to SWC was
quantified through two complementary approaches. Under near-ideal
conditions (as revealed by boundary line analysis, Fig. 4 and Table 1),
the intrinsic sensitivity, represented by the slope of the gsmax-SWC
relationship, was highest in stage I (4.99) and II (5.07), demonstrating
the greatest physiological responsiveness to soil moisture during early
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Fig. 7. Radar plots comparing model performance (R%, RMSE, and MAE) of five machine learning models (XGBoost, LightGBM, CatBoost, SVR, and LR) in estimating
stomatal conductance using different input variable combinations. I, IL, III, and IV refer to bud burst to leafing stage, flowering to fruit set stage, fruit expansion stage,

and fruit maturation stage, respectively.

vegetative growth. This may be attributed to the greater sensitivity of
immature leaves to water stress (Funk et al., 2021). In contrast, under
actual field conditions where multiple environmental factors interact (as
quantified by ANOVA, Table 2), the relative importance of SWC (nz) in
explaining gs variation showed a different pattern: it was most pro-
nounced in stage II (0.24) and stage IV (0.27). This indicates that while
the leafs inherent physiological responsiveness to soil moisture is
strongest early in the season, the actual impact of SWC on stomatal
behavior is most ecologically significant during the critical fruit set
(stage II) and maturation (stage IV) periods. The particularly high
sensitivity observed in stage II through both metrics underscores its dual
significance as a period of both high physiological sensitivity and sub-
stantial ecological impact.

Although a positive correlation between SWC and g is well docu-
mented (Carminati and Javaux, 2020; Lamptey et al., 2020), this rela-
tionship is not strictly linear. Previous studies have identified a stable
phase of gs during the early stages of water deficit, where g5 remains
relatively constant despite decreasing SWC (Qi et al., 2023; Wang et al.,
2018). Similar patterns have been reported in tomatoes and grasses,
with reductions in gg occurring only after SWC drops below a specific
threshold, typically within the range of 80-90 % of FC (Li and Liu, 2022;
Huang et al., 2020). Comparable thresholds were identified for kiwifruit
in the present study, with g5 decline occurring at SWC values between
0.311 and 0.331 ecm® ecm™2 across different stages (Table 1). These
thresholds represent the upper limits beyond which further increases in
SWC do not enhance g5 but may instead contribute to excessive water
loss. The observed variability in SWC thresholds can be attributed to
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dynamic interactions between plant physiological responses and envi-
ronmental conditions, underscoring the complex and non-linear nature
of stomatal regulation under combined environmental influences.

4.2. Enhancement of Jarvis-type stomatal conductance models by
incorporating soil water response functions

The original Jarvis model assumes that g; is independently regulated
by environmental variables such as PAR, Ta, and VPD. It has been shown
to perform well under well-watered conditions (Wang et al., 2018).
However, this type of model often fails to adequately account for the
influence of soil water availability in water-limited scenarios. In the
present study, the JV model showed low estimation accuracy across
different stages (Table 2). Furthermore, the model displayed systematic
residual biases, overestimating g at low SWC and underestimating it at
high SWC (Fig. 6). These results align with those reported by Wang et al.
(2018) and Li et al. (2023), further indicating the limitations of the JV
model under drought conditions.

To address the limitations, a classical soil water response function
f1(SWC) was integrated into the Jarvis model, thereby significantly
enhancing the accuracy of gs estimation under varying SWC conditions.
In this study, the JV1 model incorporating f;(SWC) exhibited markedly
improved performance in estimating gs across all growth stages. How-
ever, f1(SWC) assumes a linear decline of g5 between field capacity and
the permanent wilting point, which may lead to inaccuracies (Qi et al.,
2023; Wang et al., 2018). While such linear formulations represent an
important step forward, they fail to capture the nonlinear and saturating
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Fig. 8. Violin plots showing the measured stomatal conductance and the simulated values from five machine learning models (XGBoost, LightGBM, CatBoost, SVR,
and LR) using PAR, Ta, VPD, and SWC as input variables across different growth stages.

nature of the gs—SWC relationship, particularly under extreme condi-
tions. In this study, a novel soil water response function fo(SWC) was
proposed. Its core advancement is the incorporation of a nonlinear
saturation constraint defined by stage-specific thresholds. By better
capturing the saturation behavior of g, the JV2 model further improved
gs estimation accuracy. As a result, under extreme SWC conditions, the
JV2 model exhibited more tightly clustered and near-zero relative re-
siduals compared to the JV1 model (Fig. 6), indicating enhanced
generalization performance.

4.3. Superiority of machine learning models in stomatal conductance
prediction

In this study, ensemble learning models based on gradient boosting
decision trees (XGBoost, CatBoost, and LightGBM) demonstrated supe-
rior performance over traditional machine learning algorithms (SVR and
LR) in simulating g;. These models are capable of capturing complex
nonlinear relationships and interaction effects among variables, thereby
making them particularly suitable for eco-physiological prediction tasks
under field conditions (Alizamir et al., 2024). In contrast, SVR exhibited
limitations in modeling the high-dimensional nonlinear patterns
involved in stomatal regulation, which may be attributed to the limited
expressiveness of its kernel functions and its sensitivity to sparse data
(Araetal., 2022; Sekeroglu et al., 2022). LR, constrained by its simplistic
linear assumptions (Sekeroglu et al., 2022), also failed to adequately
capture the complexity of stomatal responses. Overall, these findings
underscore the substantial advantages of gradient boosting-based
ensemble models over conventional machine learning approaches for
gs prediction.

Among the ensemble models, CatBoost consistently demonstrated
the highest prediction accuracy and superior generalization perfor-
mance across all growth stages. This can be attributed to its ordered
boosting algorithm and integrated mechanisms for managing feature
distributions, which effectively mitigate overfitting and enhance model
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robustness under conditions of limited or imbalanced input data in gg
simulation (Alizamir et al., 2024). In contrast, although XGBoost
exhibited strong performance during the training phase, it showed a
noticeable decline in accuracy during testing, indicating limited gener-
alization and a tendency toward overfitting. This discrepancy may stem
from the pronounced diurnal variation in gs, as stomata tend to open
rapidly under favorable morning conditions, leading to an uneven
concentration of high-gs samples in the dataset. These nonlinear and
dynamic patterns may intensify XGBoost's tendency toward biased
feature partitioning during training, ultimately compromising its pre-
dictive performance (Niazkar et al., 2024).

Compared to empirical models, machine learning algorithms ach-
ieved higher accuracy in predicting gs, which aligns with findings in
farmland (Houshmandfar et al., 2021) and forest ecosystems (Saunders
et al., 2021). The empirical model JV2 achieved reasonable estimation
performance while maintaining interpretable parameter structures.
Nevertheless, CatBoost surpassed the performance of the JV2 model
across all growth stages, achieving testing R? values higher than JV2's
maximum of 0.815, despite lacking mechanistic constraints. This supe-
riority stems from its ability to automatically learn complex interactions
among input variables, which empirical models typically fail to capture.

4.4. Feature attribution and physiological implications unveiled through
SHAP and partial dependence analysis

To further elucidate the behavior of machine learning models and
the underlying physiological mechanisms governing g;, SHAP analysis
coupled with PDPs was performed based on the CatBoost algorithm. This
integrated approach enabled the quantification of the relative influence
of multiple driving factors and the visualization of their marginal effects
on g, facilitating a stage-specific interpretation of g regulation.

Across all growth stages, VPD emerged as the most consistently
influential predictor, confirming its predominant influence on the
variation in gs of kiwifruit under varying SWC conditions (Fig. 9). This
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growth stages of kiwifruit.

finding aligns with preliminary ANOVA results, which similarly identi-
fied VPD as the factor with the largest effect size (nz). The dominance of
VPD aligns with well-established physiological principles indicating that
VPD directly influences transpiration demand and stomatal aperture
(Grossiord et al., 2020; Gaur and Drewry, 2024). As a key indicator of
atmospheric evaporative demand, elevated VPD intensifies the water
vapor gradient from the leaf to the air, thereby accelerating transpira-
tion rates (Jalakas et al., 2021). To prevent excessive water loss and
mitigate the risk of hydraulic failure, plants actively regulate stomatal
aperture by closing stomata under high VPD, representing a crucial
water-conserving mechanism (Buckley, 2019; Li and Liu, 2022a). This
robust regulatory mechanism is clearly illustrated in the PDPs (Fig. 10),
where g, exhibits a pronounced decline once VPD surpasses a threshold
of approximately 1.5-2.0 kPa across all stages, providing visual confir-
mation of the protective stomatal response.

The SHAP values of SWC were comparable to or slightly lower than
those of VPD, confirming its substantial influence in regulating g5 under
water-limited conditions (Qi et al., 2023; Li et al., 2023). Notably, the
co-dominance of VPD and SWC suggests a key interaction between at-
mospheric evaporative demand and soil water availability. This aligns
with the physiological principle that stomatal sensitivity to VPD is
modulated by soil moisture status (Grossiord et al., 2020). The PDPs for
SWC consistently showed a positive marginal effect, with gs increasing
most rapidly as SWC rose from dry levels toward a threshold value,

followed by a gradual plateau under wetter soil conditions (Fig. 10).
This saturation pattern underscores the nonlinear relationship between
gs and SWC. Furthermore, the significant improvement in machine
learning model performance upon incorporating SWC further sub-
stantiates its regulatory importance. The stage-dependent discrepancy
between the intrinsic sensitivity to SWC (as shown by boundary line
slopes) and its explanatory power in the field observations (ANOVA 1n?)
may reflect this dynamic interplay, where the dominance of VPD during
certain stages can mask the expression of SWC's influence.

In contrast, PAR exhibited lower SHAP values, indicating a relatively
smaller influence on the model output. The PDPs for PAR revealed an
initial sharp increase in gs at low light intensities, followed by a plateau,
reflecting the typical stomatal response to light saturation (Lawson and
Vialet-Chabrand, 2019). Although increasing PAR generally enhances
photosynthesis, reduces intercellular CO, concentration and promotes
stomatal opening to facilitate carbon uptake (Lawson and
Vialet-Chabrand, 2019; Driesen et al., 2020), this effect may plateau or
decrease when PAR reaches light saturation levels, raises leaf tempera-
ture, or increases VPD, potentially stabilizing or reducing gs (Li et al.,
2022b). Ta demonstrated the smallest overall contribution, as its impact
on gs was primarily indirect, mediated largely through its effect on VPD
(Whitehead, 1998). While temperature has the potential to affect
enzymatic activity and membrane fluidity, its direct impact on g5 was
relatively minor in this study. This may result from the complex
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interplay between positive and negative feedback mechanisms in sto-
matal regulation under varying environmental conditions.

Overall, the SHAP and PDPs results collectively indicated that gg of
kiwifruit is regulated by both atmospheric and soil water availability.
VPD emerged as the dominant factor, followed by SWC. Ta and PAR
exhibited more limited and context-dependent influences. This multi-
factorial regulation underscores the complexity of stomatal behavior
and highlights the value of explainable machine learning approaches in
elucidating the dynamic importance of environmental variables.

4.5. Applicability, limitations, and future directions

This study developed both Jarvis-type empirical models and machine
learning models to simulate gs of kiwifruit under varying SWC condi-
tions. The improved JV2 model achieved acceptable estimation accu-
racy while preserving structural transparency and physiological
interpretability. In comparison, CatBoost exhibited superior prediction
performance and adaptability across different growth stages. These re-
sults suggest that, in orchards where reliable environmental and soil
moisture data are available, both modeling approaches can effectively
support accurate estimation and regulation of gg in kiwifruit production.
Specifically, the estimated g5 values can be benchmarked against ggmax to
assess plant water status, or coupled with evapotranspiration models to
improve the accuracy of water flux simulations. Furthermore, the stage-
specific SWC thresholds identified in this study offer directly applicable
irrigation triggers when compared with real-time SWC data. This multi-
faceted approach provides reliable physiological references for opti-
mizing irrigation schedules, advancing beyond traditional methods
based solely on SWC monitoring.

However, the models were developed using data from a single site
and cultivar, which may limit their immediate applicability to other
regions or kiwifruit varieties without appropriate recalibration. More-
over, although the machine learning model demonstrated strong per-
formance, it depends on high-quality, multivariate input data that may
not be consistently available in typical production environments.
Additionally, the current models considered only environmental factors
and SWC, neglecting potential root-zone dynamics, plant hydraulic
traits, and long-term inter-seasonal feedbacks.

Future research should prioritize several key directions to advance
the findings of this study. First, expanding datasets across multiple
years, diverse cultivars, and varied agroecological zones is essential for
improving model robustness and transferability. Second, incorporating
plant hydraulic traits and other physiological variables could signifi-
cantly enhance the mechanistic basis of g; models. Third, developing
hybrid modeling frameworks that integrate the interpretability of
mechanistic models with the predictive power of data-driven ap-
proaches would leverage the strengths of both methodologies
(Elshaarawy et al., 2024). Additionally, implementing comprehensive
uncertainty quantification and resilience analysis would provide deeper
insights into model stability under varying environmental conditions.
Finally, designing user-friendly software tools would facilitate the
practical adoption of these models among agricultural practitioners.
Collectively, these efforts will establish a more robust foundation for gg
modeling and enable more accurate simulations in land surface and crop
modeling systems.

5. Conclusion

This study investigated the stage-specific response of kiwifruit g to
deficit drip irrigation and evaluated the performance of improved
empirical and machine learning models in simulating gs under varying
soil water conditions. The key conclusions are summarized as follows:

(1) Deficit irrigation significantly reduced gs of kiwifruit, with gg
displaying distinct stage-specific responses to SWC across
different growth stages. During stages I and II, g; demonstrated
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higher sensitivity to reductions in SWC. The SWC thresholds

triggering g; reductions were 0.311, 0.322, 0.331, and 0.326 cm®

cm 3 for stages I-IV, respectively.

Incorporating soil water response functions into the Jarvis-type

model substantially improved its performance in predicting g;.

The JV2 model, which introduced a nonlinear saturation

constraint, achieved the highest prediction accuracy and effec-

tively reduced systematic bias, especially under extreme SWC
conditions.

(3) Among the five evaluated machine learning models, CatBoost
consistently outperformed both empirical models and other ma-
chine learning models, achieving the highest R? and lowest RMSE
across all stages. SHAP analysis and PDPs further revealed that
VPD was the most influential driver of g variation, followed by
SWC, while PAR and Ta exhibited moderate to limited
contributions.

(2)

Overall, the improved JV2 model significantly enhanced g estima-
tion, while CatBoost demonstrated superior predictive performance,
offering enhanced interpretability through SHAP analysis and PDPs.
These findings provide a robust foundation for accurately modeling and
regulating kiwifruit gs under water-limited conditions.
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