Response

We greatly appreciate the editor and the reviewers for dedicating their time and offering
valuable suggestions to enhance the manuscript. We have carefully revised the
manuscript following the reviewers’ comments. For clarity, our point-by-point

responses are listed below in blue text.

Response to Editor:

The two reviewers of your manuscript have suggested minor revisions before it is ready
for publication. Please implement the suggested changes in your manuscript (together

with a tracked-changes version).
I very much look forward to receiving your revised manuscript.

Response: Thank you for your careful review and for the invitation to submit a revised
manuscript. We have carefully addressed all the suggested changes, and our point-by-
point responses are provided below.



Response to referee comments: Anonymous Referee #1

Overall, I was very impressed with the written manuscript and the scientific rigor of the
analysis. The introduction and methods clearly describe the complex ML, ensemble,
and processed based ET estimates as well as training and validation analysis. The
results showed high accuracy, and the figures were well developed and easily visualized.
I have minor comments below:

Response: Thank you for your encouraging comments and constructive suggestions.
We have carefully revised the manuscript to address these points and improve the
overall quality of the paper.

1. Line 100: Precipitation was not used as an input covariate. Please provide an
explanation for why this was not included.

Response: Thank you for your suggestion. We agree that precipitation is a primary
source of terrestrial water and a vital component of the hydrological cycle. Actually,
the selection of input variables in this study was based on established methodologies
(Monteith, 1965; Mu et al., 2007, 2011; Penman, 1948; Priestley and Taylor, 1972;
Chen et al., 2026; Shang et al., 2023; Zhang et al., 2025) and we’ve tested a model
configuration that included precipitation as an input variable. However, we found that
its inclusion did not lead to a significant improvement in model performance (Fig. R1),
and therefore it was not retained in the final model. We infer that this is primarily due
to the following reasons:
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Figure R1. Performance of a) Classifier-Guided Ensemble model, b) ML model, ¢c) Hybrid
model 1) with precipitation and 2) without precipitation as an input covariate, in ten-fold



cross-validation.

First, from a physical perspective, widely used ET algorithms, such as the Penman-
Monteith equations (Monteith, 1965; Penman, 1948) and Priestley-Taylor equations
(Priestley and Taylor, 1972), are grounded in energy balance and aerodynamic
principles. In these frameworks, variables such as net radiation, vapor pressure, air
temperature, and wind speed are considered the dominant driving factors, rather than
precipitation (Mu et al., 2007, 2011). Notably, Vapor Pressure Deficit (VPD)
incorporates the actual vapor pressure component, thereby capturing information
regarding atmospheric water content. A wide range of process-based algorithms built
upon these frameworks have been extensively applied (e.g., Fisher et al., 2008; Mu et
al., 2007, 2011; Zhang et al., 2010), demonstrating the capability to estimate various
ET components (i.e., canopy interception, vegetation transpiration, and soil evaporation)
without relying on precipitation. On the other hand, soil moisture and vegetation-related
variables, including the Normalized Difference Vegetation Index (NDVI), Leaf Area
Index (LAI), and vegetation type, were included in the proposed model. Physically, soil
moisture functions as a storage component for precipitation anomalies, while
vegetation reflects the cumulative effect of water supply (Seneviratne et al., 2010;
Wang et al., 2026). Therefore, these variables effectively capture the influence of
changes in moisture conditions on ET without requiring precipitation as an input

covariate.

Second, from a data perspective, precipitation events can adversely affect the
accuracy of ET observations (Koppa et al., 2022; Medlyn et al., 2011; Shang et al.,
2023). To ensure the reliability of ET estimates, we followed the methodology from
previous studies (Koppa et al., 2022; Shang et al., 2023) and excluded samples collected
during rainy periods. Consequently, incorporating precipitation data as an input
covariate under these filtered conditions could introduce uncertainties. On the other
hand, previous studies have noted that the inconsistencies among different precipitation
datasets can introduce non-negligible uncertainty into ET estimation (Ma et al., 2024;
Xu et al., 2020). Therefore, to avoid introducing additional uncertainty without a

corresponding gain in accuracy, precipitation was excluded as an input variable.

In summary, the selected input covariate integrates not only the variables used in
some widely-used process-based algorithms (Monteith, 1965; Mu et al., 2007, 2011;
Penman, 1948; Priestley and Taylor, 1972), but also the high-contribution variables
identified in previous studies utilizing machine learning and hybrid frameworks (Chen
et al., 2026; Shang et al., 2023; Zhang et al., 2025), in which precipitation was not
included as an input covariate. Consequently, the current input covariates are sufficient
to achieve robust ET estimation, and the addition of precipitation would not

significantly improve model performance.

Prompted by your suggestion, we realize that our original description regarding



the selection of input variables was somewhat oversimplified. Therefore, we have
revised the text in the Line 100 paragraph as follows:

The same input covariates for all ML model used were selected: International
Geosphere-Biosphere Programme (IGBP) land cover types, leaf area index (LAI),
normalized difference vegetation index (NDVI), atmospheric pressure (P), incident
solar radiation (Rs), soil moisture (SM), air temperature (Ta), soil temperature (Ts),
vapor pressure deficit (VPD), wind speed (WS), with a monthly temporal scale. These
variables comprehensively represent energy, water, and vegetation conditions, and
have been proven effective for ET estimation in previous studies (Monteith, 1965, Mu
etal., 2007, 2011; Penman, 1948, Priestley and Taylor, 1972; Chen et al., 2026, Shang
etal., 2023; Zhang et al., 2025).Specifically, the selected covariates integrate not only
the variables in process-based algorithms (e.g., Penman-Monteith and Priestley-Taylor
equations) but also the high-contribution variables identified in established machine
learning and hybrid frameworks. The calculation process and the models used are as
follows:

Reference:

[1] Chen, H., Good, S., Caylor, K., Fiorella, R. P., and Wang, L.: A hybrid Penman-
Monteith and machine learning model for simulating evapotranspiration and its
components, Journal of Hydrology, 134985,
https://doi.org/10.1016/j.jhydrol.2026.134985, 2026.

[2] Fisher, J. B., Tu, K. P., and Baldocchi, D. D.: Global estimates of the land—
atmosphere water flux based on monthly AVHRR and ISLSCP-II data, validated
at 16 FLUXNET sites, Remote Sensing of Environment, 112, 901-919,
https://doi.org/10.1016/j.rse.2007.06.025, 2008.

[3] Koppa, A., Rains, D., Hulsman, P., Poyatos, R., and Miralles, D. G.: A deep
learning-based hybrid model of global terrestrial evaporation, Nat Commun, 13,
1912, https://doi.org/10.1038/s41467-022-29543-7, 2022.

[4] Ma, N., Zhang, Y., and Szilagyi, J.: Water-balance-based evapotranspiration for 56
large river basins: A benchmarking dataset for global terrestrial evapotranspiration
modeling, Journal of Hydrology, 630, 130607,
https://doi.org/10.1016/j.jhydrol.2024.130607, 2024.
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2. Line 110: You do a great job outlining the models available with Autogluon. In line
110, you end the list with “etc.” — leading me to believe that there are even more
algorithms available. In line 111, can you please list the specific ML algorithms you
used?

Line 110: You say “Autogluon can combine them” — can you provide more specifics
on this (perhaps just changing the phrasing) — did Autogluon combine them in your
research OR autogluon can combine them — but you did not in your research. I think
simply stating “Autogluon combined all the algorithms mentioned above” would
suffice.

Response: Thank you for your suggestion. We acknowledge that the original
description in revised Section 2.1 was ambiguous. In the revised Section 2.1, we have
listed all the ML algorithms employed in this study and clarified that AutoGluon was
used to combine all these algorithms to generate the final results. The revised text in
the Line 110 paragraph is as follows:

Several ML algorithms are provided by Autogluon, including CatBoost boosted



trees (Dorogush et al., 2018), Extremely Randomized Trees, k-Nearest Neighbors,
LightGBM boosted trees (Ke et al., 2017), Random Forests (Breiman, 2001) and neural
networks. These models have been widely used with their own distinct characteristics
and advantages (Fan et al., 2019; da Silva Junior et al., 2019; Zhangzhong et al., 2023).
Autogluon combined all the algorithms mentioned above using methods known as
stacking and bagging (Erickson et al., 2020), and can achieve better performance than
individual models. More detailed algorithm information can be found in Erickson et al.
(2020).

3. Figure 1: This is a great workflow figure — and helps visualize the process.
Response: Thank you very much for your positive comment.

4. Line 164: You say you used 6 well known ET products — can you please cite them
after the sentence in line 164? Or perhaps say “refer to section 3.3”

Response: Thank you for your detailed suggestion. To improve clarity, we have revised
the sentence in Line 164. The updated text is as follows:

At the global scale, due to the lack of reliable ET observations, we utilized six
widely used global ET products, including FLUXCOM, PLSH, GLEAM a, GLEAM b,
GLDAS and ERAS5-Land (refer to Section 3.3 for details), as references to extract some
relatively reliable data from the global dataset for the classification task.

5, Figure 5: Can you include the sites and land cover types of the three lowest RMSE
in Line 350 paragraph. It would provide additional detail than “the majority of land
covers”. I think even reference table 3 in the paragraph of Line 350 would be helpful.

Response: Thank you for your comments. Following your suggestion, we have revised
the text to include specific site details. The updated text is as follows:

As Fig. 5a and Table 2 demonstrates, Classifier-Guided Ensemble model performs
the best among the four models in the majority of the site, with lower average RMSE
of 14.55 mm month™!' (Attention-Based Ensemble model: 15.41 mm month™!, Hybrid
model: 15.52 mm month!, ML model: 15.46 mm month™'), and higher average
correlation coefficient(r) of 0.90 (Attention-Based Ensemble model: 0.88, Hybrid
model: 0.88, ML model: 0.87). Specifically, the best-performing sites for multiple
models include ‘CA-Obs’ (RMSE: Classifier-Guided Ensemble model: 3.92 mm month
! Attention-Based Ensemble model: 3.91, Hybrid model: 5.27 mm month™, ML model:
3.90 mm month™) and ‘CA-SF1’ (RMSE: Classifier-Guided Ensemble model: 3.75 mm
month™, Attention-Based Ensemble model: 4.83 mm month™, Hybrid model: 4.08 mm
month™, ML model: 5.75 mm month”). Furthermore, our model significantly
outperformed the other models at ‘US-Me4’ and ‘DE-Zrk’, achieving RMSE below 4.0,

whereas all other models exceeded 8.0 at these sites.



Classifier-Guided Ensemble model also demonstrates greater performance than
the other three models in the majority of land cover types (Fig. 5Sb and Table 3), with
lower average RMSE of 16.88 mm month™! (Attention-Based Ensemble model: 17.40
mm month™!, Hybrid model: 17.38 mm month™!, ML model: 17.94 mm month™!), and
higher average correlation coefficient(r) of 0.93 (Attention-Based Ensemble model:
0.92, Hybrid model: 0.93, ML model: 0.92). Classifier-Guided Ensemble model
outperforms other models across most land cover types, with the exception of the CSH.
For CSH, the limitation to a single site (‘US-ZS2’) with sparse data resulted in lower
accuracy for all models. In this specific case, although Classifier-Guided Ensemble
model yielded better results than both the ML model and the Attention-Based Ensemble
model, it did not outperform the Hybrid model.

Further, we notice that the Attention-Based Ensemble model assigns more
‘attention’ to the ML model, since the ML model performs best at the site scale among
the three base models. Therefore, the Attention-Based Ensemble model yields results
similar to the ML model across sites and land cover types, and at certain sites, such as
‘CA-SF1’, the Attention-Based Ensemble model is significantly outperformed by the
Hybrid model, while Classifier-Guided Ensemble model can fully utilize the
characteristics of the base models and get better results, which is consistent with the
conclusion from independent validation. In summary, the proposed model better fits the
data from different sites and different land cover types, which demonstrates the

effectiveness of our ensemble method.

6. Table 2: This seems repetitive and unnecessary. It is unclear how it is different than
Figure 4.

Response: Thank you for your comment. We apologize for not having clearly explained
the distinct purposes of Table 2 and Figure 4. Although they may appear to both
illustrate model performance across different sites, they actually assess different
datasets and serve different analytical objectives. Figure 4 displays the boxplots of R?
and KGE specifically for the 30 selected independent sites, while Table 2 summarizes
the average RMSE and R? for sites derived from the validation set during the cross-
validation process.

In addition, Table 2 is provided as a supplementary reference to Figure 5. While
the Figure 5 visually compares the distribution of model performance, Table 2 provides
the precise numerical metrics that are difficult to read directly from the diagram. To
improve their clarity, we have revised the titles of Table 2, Table 3 and Figure 5 as
follows:

Table 2. Performance of different ET models as indicated by averaged RMSE and

R? for all sites, based on the cross-validation dataset.



Table 3. Performance of different ET models as indicated by RMSE and R? for all

IGBP land cover types, based on the cross-validation dataset.

Figure 5. Taylor diagram that compares the performance of the four models with
ground observations for a) different sites and b) different land cover types, based on

the cross-validation dataset.

7. The overall importance of the paper is not clear. Are the global ET estimates available
for public use — if so, is a link available to the dataset and what is the spatial and
temporal resolution? If the estimates are available — I recommend making it clear and
provide specific details and explanations about the use of the data.

On the other hand, is the paper simply a methodologic paper meant to explain a novel
method for estimating global ET —although you explain the research, it would be hard
for another researcher to reproduce for local or global ET estimates. If so, I recommend
making it clear that the data are meant to remain proprietary, but the manuscript simply
provides novel methodology.

Response: Thank you for this valuable suggestion. Yes, we would be happy to make
our data publicly available. The methodology proposed in this study relies entirely on
publicly available datasets and algorithms. By following the detailed steps described in
the manuscript, the results can be easily reproduced to yield similar ET estimates. The
dataset is generated with a spatial resolution of 0.1° % 0.1° and a temporal resolution of

1 month.

We have clarified in the Data Availability section that the global ET estimates are
publicly available, and we have provided the corresponding access link:
https://doi.org/10.5281/zenodo.18543737.



Response to referee comments: Anonymous Referee #2

This study uses a Classifier-Guided Ensemble model to integrate process-based
algorithm, ML-based model, and Hybrid model to identify the best model for a given
case and subsequently estimate evapotranspiration (ET). The results demonstrate that
the selected dominant model outperforms the individual constituent models. And the
contribution of input parameters is also analyzed, which identifies the key drivers across
all 3 model types. Overall, this study offers a tool to select the better model for a specific
location among different models. Here, I have some comments and suggestions for the

authors to consider in improving the manuscript, as well as some questions:

Response: Thank you for your constructive comments and suggestions. We have
carefully revised the manuscript to address these points and improve the overall quality
of the paper.

1. Line 142: The manuscript mentioned “ET as the sum of daytime and nighttime
components”, but the calculation methods for these two components are not clearly
described. Please provide more details on how daytime and nighttime ET are estimated
and combined.

Response: Thank you for your suggestion. We have revised Section 2.3 to explicitly
describe the methodology for distinguishing and calculating daytime and nighttime ET
components, following the methodology proposed by Mu et al. (2007, 2011). The
updated text in Line 141 paragraph is as follows:

Additionally, they improved the method to estimate vegetation cover fraction, soil
heat flux, and parameters such as rs, 74, etc., and calculated ET as the sum of daytime
and nighttime components, thereby enhancing accuracy. The distinction between
daytime and nighttime periods was determined based on incoming shortwave radiation
(Rs). Specifically, hours with Rs > 10.0 (W m™) were classified as daytime, while the
remainder were defined as nighttime. Although the general framework remained
consistent for both periods, distinct parameterization equations were applied for surface

conductance (Gs) and soil heat flux (Gsoil) to account for the differences:

= 0.0

Gsnight
Gsday = C, X m(Tmin) X m(VPD) X 1.opr
4.73 X T; — 20.87 Tmingpse < Tanng,g < 25°C,Tday — Tnight = 5°C

Gsoil =<{0.0 Tanng,, = 25°C or Tanng,; < Tmingys, or Tday — Tnight < 5°C
0.39 x 4; abs(G) > 0.39 X abs(4;)

where Gg day and Gs,pigne ArC daytime and nighttime stomatal conductance, respectively;

Gsoil is soil heat flux for bare soil without vegetation, reorr 1S the total acrodynamic

resistance to vapor transport corrected for atmospheric temperature and pressure,



Tannavg 1s annual average daily temperature. Cr, m(Tmin), m(VPD) and Tminciose are
empirical parameters based on vegetation cover types. Subsequently, the daily total ET
was computed by aggregating the hourly estimates:

N_, ET, x 24
ET = &n=1 &'n
N

where N is the number of valid hourly observations in a day. More detailed information

on the algorithms and the parameters can be found in Mu et al. (2011, 2007).
References:

[11] Mu, Q., Heinsch, F. A., Zhao, M., and Running, S. W.: Development of a global
evapotranspiration algorithm based on MODIS and global meteorology data,
Remote Sensing of Environment, 111, 519-536,
https://doi.org/10.1016/j.rse.2007.04.015, 2007.

[2] Mu, Q., Zhao, M., and Running, S. W.: Improvements to a MODIS global
terrestrial evapotranspiration algorithm, Remote Sensing of Environment, 115,
1781-1800, https://doi.org/10.1016/j.rse.2011.02.019, 2011.

2. Lines 163-164: How did you extract the relatively reliable data from global ET

products?

3. Lines 168-169: The manuscript mentioned “data from other pixels were excluded to

reduce uncertainty”, what is the meaning of other pixels? Do you mean the pixels from

other finer products but within the same pixel already settled?

Response: Thank you for your comments. As Question 3 pertains to part of the data
extraction process (Step 3) in Question 2, we have combined the responses to Questions
2 and 3. We acknowledge that the original description regarding the global-scale data
extraction process was not sufficiently clear. To clarify how reliable data were extracted,
we describe the procedure as follows.

Stepl: At each pixel for every time point, we calculated the relative errors between
estimated ET of three base models and global ET products, obtaining six error values
for each base model.

Step2: If a base model yielded relative errors consistently lower than the other two
models across all six products, data of this specific pixel and time point was identified
as relatively reliable training data, since at this particular spatiotemporal point, the six
global products exhibit relative consistency and one base model significantly
outperforms the others.

Step3: Data from these specific spatiotemporal points were added into the training
data, and the model yielding the lowest relative errors was considered to be the
‘dominant model’ of these specific spatiotemporal points. Data from the remaining

spatiotemporal points (referred to as 'data from other pixels' in Question 3) were



excluded to reduce uncertainty.

To improve the clarity of the manuscript, we have revised the corresponding

description in the Line 163 paragraph as follows:

At the global scale, due to the lack of reliable ET observations, we used six widely
used global ET products as references to extract some relatively reliable data for the
training dataset. Specifically, we calculated the relative errors between estimated ET
of base models and global ET products at each pixel for every time point, obtaining six
error values for each base model. If a base model yielded relative errors consistently
lower than the other two models across all six products, data of this specific pixel and
time point was identified as relatively reliable training data. Data from these specific
spatiotemporal points were added into the training data, and the model yielding the
lowest relative errors was considered to be the ‘dominant model’ of these specific
spatiotemporal points. In contrast, data from the remaining spatiotemporal points were

excluded to reduce uncertainty.

4. Lines 171-173: You get the dominant model for both time and spatial scales. If for
the same spatial, the dominant model varies frequently with time, what is your strategy
for forecasting? Do you select the dominant model for a specific location with more
better-results?

Response: Thank you for your valuable comment. Regarding our forecasting strategy,
we implemented a strategy that dynamically selects the dominant model corresponding
to each location and time step, rather than fixing a single model for a location.
Specifically, even if the dominant model varies frequently with time at the same
location, our algorithm utilizes the dominant model identified for each time step for
forecasting. This strategy effectively captures the spatiotemporal heterogeneity across
different ET models.

In response to your question concerning the dynamic selection strategy, we
conducted an additional validation of the 'Static Spatial' Classifier-Guided Ensemble
model (i.e., selecting the dominant model for a specific location) using reliable ET
datasets at both site and catchment scales, and compared its performance with that of
the proposed model.

At the site scale (Fig. R1), the Static Spatial Ensemble model performed
reasonably well, with a KGE of 0.91, R? of 0.88, MAE of 9.64 mm month™!, and RMSE
of 14.31 mm month™!. While it outperformed the individual base models and yielded
results comparable to the Attention-based Ensemble, it did not exhibit superior
performance compared to the proposed spatiotemporal dynamic Classifier-Guided
Ensemble model.
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Figure R1. Performance of a) Static Spatial Ensemble model, b) ML model, ¢) Hybrid
model, d) Attention-Based Ensemble model, e) process-based algorithm and f) Classifier-
Guided Ensemble model in ten-fold cross-validation.

The underlying reason is that among the base models, the ML model exhibits the
highest accuracy at the site scale. Consequently, in the Static Spatial Ensemble model,
the ML model is mainly selected as the dominant model. Therefore, similar to the
Attention-Based Ensemble model, although process-based and hybrid models are
selected at certain sites, the overall performance of the Static Spatial Ensemble model
closely mirrors that of the ML model. This similarity persists in the extreme sample
validation (Fig. R2): the Static Spatial Ensemble modal performs similarly to the ML
model in most extreme samples, showing distinct advantages only under extremely high
NDVI conditions. In contrast, the proposed spatiotemporal dynamic Classifier-Guided
Ensemble model achieved superior results compared to all base models across the
majority of extreme samples.
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Figure R2. The comparison of different models (A Classifier-Guided Ensemble model, B
Static Spatial Ensemble model, C ML model, D Hybrid model) under extreme conditions in
the form of heatmaps. a) and b) represent the extreme samples sorted in ascending order
within the Oth — 1st percentiles and 99th - 100th percentiles, respectively.
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Figure R3. Scatterplot for the relationship between estimated ET and water balance ET
(each point represents a catchment over a one-year period).

Similarly, at the basin scale, the Static Spatial Ensemble model did not yield
superior performance (Fig. R3). In summary, in addition to the validation across



multiple scales and uncertainty analysis (Sections 4 and 5.1), the additional validation
further confirms that spatiotemporal dynamic selection is key to optimal accuracy,
outperforming the static selection of a dominant model for each location.

5. Line 233: The variables from ERAS5-land product were used for training. Were the
input variables for the other five models derived from the same data source? If not,
were inter-dataset comparisons conducted? If differences among variables are
substantial, the training process may introduce model bias.

Response: Thank you for your comments. In this study, all models, including the
process-based algorithm, ML-based ET model, Hybrid model, Attention-Based
Ensemble Model and Classifier-Guided Ensemble Model, were driven by the same set
of input datasets. This consistency ensures that performance differences among our
models can be attributed to algorithm structures rather than inconsistent input forcing.
To avoid any ambiguity and ensure clarity, we have revised the text in Line 233 as
follows:

Input covariates for all models described in Section 2 were derived from the same
source to ensure consistency in the training process. Variables P, Rs, SM, ST, Ta, VPD
and WS are sourced from the ERA5-Iand product......

We share your concern regarding uncertainty. Given the current lack of reliable
direct global ET observations, we selected six global ET products derived from
different data sources and algorithms to conduct a comprehensive validation. As
demonstrated in Section 4.3, we verified that our model estimates exhibit high
consistency with these reference products in terms of global means, latitudinal profiles,
and spatial patterns (Section 4.3.1 and Figure 9). Furthermore, the Bayesian Three-
Cornered Hat (TCH) method was employed to quantify the uncertainties associated
with both the products and model estimates (Section 4.3.2 and Figure 10). Collectively,
these results and validation metrics confirm that these global products serve as reliable
benchmarks for our study. We have also revised the text in Line 217 as follows:

Given the current lack of reliable direct global ET observations for global-scale
validation, we collected six widely used ET products derived from diverse data sources,

forcing data, and calculation methods to conduct a comprehensive validation. (1) ......

6. Figure 5: The colors of Classifier-Guided and Hybrid model are very similar in the
axis plots. Using more distinct colors would improve the clarity and comparability of

model performance.

Response: Thank you for your suggestion. We apologize for the oversight in the color
selection, which affected the clarity of the figure. Figure 5 has been updated with
distinct colors as follows:



Root Mean Square Error (mm/month)
Root Mcan Square Error (mm/month)

Figure R4. Taylor diagram that compares the performance of the four models with ground
observations for a) different sites and b) different land cover types.

7. Lines 557-558: The sentence appears to be incomplete and should be revised for
clarity.

Response: Thank you for your careful review. We apologize for the confusion caused
by the incomplete sentence structure. We have revised the text in Lines 557-558 as
follows:

Also, there is a tendency to select Hybrid model under conditions of low VPD and
low SM, while the ML model tends to be selected under high Ta conditions.

8. I only have one minor remaining question. For forecasting, there won't be any
available measurements to determine the dominant model among the forecasting results
from different models. Under this condition, your model should only rely on the
previously training data to do the forecast. From your response, you mentioned that a
dynamic strategy for choosing the dominant model for a specific location and time will
be used for forecasting. I believe you used the strategy for validation, but I am not clear
about the strategy. Has this strategy been described in your manuscript?

Response: Thank you for this important question. We interpret the term “forecasting”
here as referring to the validation phase and the global application for ET estimation,
which corresponds to scenarios where no ET measurements are available to determine
the dominant model.

Yes, in our validation and application procedure, ET measurements were strictly
excluded from the model selection process. Instead, we employed a separately trained
classifier (a machine learning classification model) for dynamic model selection.
During the training phase, the dominant model at each spatiotemporal point was
identified based on its performance against ET measurements. These dominant model
labels were then used as the training target for the classifier, with meteorological



covariates as predictors. For consistency, our classifier uses the same input covariates
as the other ML-based ET estimation models. It’s important to note that its training
target is not the ET value itself, but the category of the dominant model at each
spatiotemporal point (i.e., three classes: ‘ML model-dominated’, ‘hybrid model-
dominated’, and ‘process-based algorithm-dominated’). In this way, the classifier
learned the relationship between input covariates and the dominant model category.
Finally, during validation and application, the classifier can dynamically select the
dominant model using only input covariates, without the need for ET observations. The
selected model is then applied to generate the ET estimate.

While Section 2.4 introduces this methodology, we realize that the original
description was not sufficiently clear regarding this mechanism. We have revised the
text around Line 170 to explicitly explain the training process as follows:

In the training phase, we utilized the classification results (i.e., the identified
dominant model) as the training target for the ML classifier, using the same input
covariates as the other ET models in this study. Through this process, the classifier
learned the relationship between input covariates and the dominant model labels.
Notably, after the training phase was completed, the classifier could operate
independently of ET data. Therefore, during validation and application, we employed
the classifier to identify the corresponding dominant model label at each spatiotemporal
point based on the input covariates without requiring observed ET data. Subsequently,
the identified dominant model at each spatiotemporal point was utilized to generate the
ET estimates.



In addition to the revisions made in response to the reviewers' comments, due to the
time elapsed since our initial submission, we have made the following updates:

1. We have updated the authors' affiliations. An additional affiliation has been included
for the first author (updated from [1, 2] to [1, 2, 3]).
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