Response to Editor

The "paradox" of dryland expansion and Earth greening is an important scientific question.
This study wants to study global dryland aridity changes indicated by atmospheric,
hydrological, and vegetation observations at meteorological stations. This work has great
potential to improve our understanding of arid ecohydrology in climate change. Both two
reviewers also gave positive comments on the scientific significance and quality of this work.
I generally agree with their judgement. One thing I'd like to raise the authors attention is the
underneath root zone. Root zone is a key element in ecohydrology, and root zone dynamic in
response to climate change has great impacts on terrestrial ecosystem and hydrological
processes. The authors can refer these root zone relevant papers, and add discussions in either
Introduction or Discussion parts: (Gao et al., 2014, GRL; Wang-Erlandsson et al., 2016,
HESS, Singh et al., 2020, ERL).

Response & actions:

Thank you for the insightful comments and also for your time spent reviewing and processing
our manuscript. We have revised this manuscript based on your suggestions and the two
reviewers’ comments.

Based on your and the reviewers' suggestions, we have elaborated the discussion related to the
belowground root zone and referenced relevant papers in the Discussion section:

‘The low performance of some flux stations (e.g., shrubland stations), may be related to
inadequate modelling of the influence of belowground hydrologic processes. Belowground
hydrogeologic properties and groundwater dynamics are difficult to quantify directly through
remote sensing or meteorological data. It is thus difficult to capture the effects of subterranean
ventilation (Lopez-Ballesteros et al., 2017) and the dynamic relationship between plant root
zone and groundwater. Previous studies have shown that the root zone storage capacity (Gao
et al., 2014; Wang-Erlandsson et al., 2016; Singh et al., 2020) is important in hydrological
processes in drylands and during drought events. Researchers have attempted to estimate root
depth and root zone storage capacity (Wang-Erlandsson et al., 2016; Stocker et al., 2023), or
to couple drylands’ deep-root distribution modules into earth system models (Zhang et al.,
2013; Li et al., 2015), and improved the hydrological and ecological prediction (Gao et al.,
2014). However, in these approaches, there remain partial limitations such as the dependency
on satellite-based ET data (Wang-Erlandsson et al., 2016) containing uncertainty. On the other
hand, accurately modelling groundwater dynamics remains limited (Gleeson et al., 2016,
2021). Uncertainties in station-scale groundwater dynamics also affect our understanding of
the root-groundwater relationship and groundwater’s contribution to ET. Combining drought
index at different time scales (e.g., the Standardized Precipitation Evapotranspiration Index
(SPEI)) at the regional scale (Secci et al., 2021), and the Gravity Recovery and Climate
Experiment (GRACE) based anomalies in terrestrial water storage (Li et al., 2019) can be
promising in indirectly representing the groundwater dynamics, but mismatches in spatial
scales may still cause errors.’ (line 284-302)



Response to Reviewerl

The authors evaluated global changes in dryland aridity using data from meteorological sites
during 2003-2019, with the goal of reducing scale-related uncertainty. They obtained a
comprehensive understanding of the multifaceted characteristics of these changes and
identified a decoupling between atmospheric, hydrological, and vegetation aridity. The
manuscript is well-written, and the results are intriguing.

Response:

Thank you for your positive comments. Thank you also for your time spent reviewing our
manuscript. We will revise this manuscript based on your insightful suggestions.

Some specific points:

Method: the scale mismatch between the site observations and the gridded data used in the RF
model may introduce uncertainty. The authors may want to consider addressing this
uncertainty in their modeling practice, or at the very least, discuss it in Section 4.

Response: Thank you for your insightful comments.

Predictor data extractions in our study were at the 500 m scale, which can be matched to the
flux observation scale of the stations used in this study. We will discuss possible uncertainties
regarding the degree of match between the footprint area of the flux station and the scale of
the predictor data used.

Action: elaborated in the discussion section:

‘In addition, mismatches between the flux footprints of flux stations and remote sensing data
pixels may also cause uncertainty, especially if the flux footprints include considerable spatial
heterogeneity (Chu et al., 2021). The 500 m scale of data extraction in this study may have
reduced this effect partially, but it may still exist due to the variability of flux footprints across
sites. Previous studies have shown that when data are extracted at scales larger than 500 m,
the representativeness of the flux footprint area’s land cover types can be considerably
decreased (Chu et al., 2021). The use of a fixed target area extent for data extraction may bias
model-data integration in multi-station level studies. In the future, to reduce the related bias,
we should pay more attention to the heterogeneity within the flux footprints of specific flux
sites especially in remote sensing data extraction and processing (Walther et al., 2022).’
(line274-282)

Figure 2(a): why is the performance of one site exceptionally poor with a negative correlation
(Rcorr<0)?

Response: Thank you for your insightful comments.

This site is ES-AMO and the low accuracy of ET simulations at this site may be induced by
its hydrogeologic characteristics and groundwater table dynamics (Lpez-Ballesteros et al.,
2017). The predictors used in this study may have difficulty explaining the contribution of
groundwater dynamics and subterranean ventilation (L&pez-Ballesteros et al., 2017) to ET at
the site location. The biological crust at this site (Chamizo et al., 2016) may also control ET

by influencing surface soil moisture.



In addition, since our accuracy evaluation is based on the leave-one-site-out cross-validation,
the validation accuracy may be relatively low when there are no stations with similar
environmental conditions in the training set. The RF model that we finally applied to the
weather stations included all stations (i.e., no flux station was left), the accuracy may be
improved when applied to weather stations with similar environmental conditions to this flux
station.

In the Discussion section, we will elaborate on this issue and clarify possible limitations and
uncertainties.

Action: elaborated in the discussion section:

‘The low performance of some flux stations (e.g., shrubland stations), may be related to
inadequate modelling of the influence of belowground hydrologic processes. Belowground
hydrogeologic properties and groundwater dynamics are difficult to quantify directly through
remote sensing or meteorological data. It is thus difficult to capture the effects of subterranean
ventilation (Lopez-Ballesteros et al., 2017) and the dynamic relationship between plant root
zone and groundwater. Previous studies have shown that the root zone storage capacity (Gao
et al., 2014; Wang-Erlandsson et al., 2016; Singh et al., 2020) is important in hydrological
processes in drylands and during drought events. Researchers have attempted to estimate root
depth and root zone storage capacity (Wang-Erlandsson et al., 2016; Stocker et al., 2023), or
to couple drylands’ deep-root distribution modules into earth system models (Zhang et al.,
2013; Li et al., 2015), and improved the hydrological and ecological prediction (Gao et al.,
2014). However, in these approaches, there remain partial limitations such as the dependency
on satellite-based ET data (Wang-Erlandsson et al., 2016) containing uncertainty. On the other
hand, accurately modelling groundwater dynamics remains limited (Gleeson et al., 2016,
2021). Uncertainties in station-scale groundwater dynamics also affect our understanding of
the root-groundwater relationship and groundwater’s contribution to ET. Combining drought
index at different time scales (e.g., the Standardized Precipitation Evapotranspiration Index
(SPEI)) at the regional scale (Secci et al., 2021), and the Gravity Recovery and Climate
Experiment (GRACE) based anomalies in terrestrial water storage (Li et al., 2019) can be
promising in indirectly representing the groundwater dynamics, but mismatches in spatial
scales may still cause errors. In addition, our accuracy evaluation was based on the leave-one-
station-out cross-validation (Zhang et al., 2021). The validation accuracy may be relatively
low when there are no stations with similar environmental conditions in the training set. The
RF model that we finally applied to the weather stations included all stations (i.e., no flux
station was left), the accuracy can thus be improved a little, especially at weather stations with
similar environmental conditions (e.g., shrubland stations) to the previously left flux station in
the leave-one-station-out cross-validation.’ (line 284-308)

Figure 3: the Antarctic continent could be omitted from the figure to enhance the clarity of the
focal information.

Response:

The Antarctic continent will be removed from the figures.



Action: It is removed.

Lines 28-33 and Lines 279-283: the content provided is repetitive. Please rephrase and avoid
redundancy.

Response: Thank you for your insightful comments. We will rephrase and avoid redundancy.
Action: Revised in the conclusion section:

‘It shows that global drylands’ atmospheric, hydrological and ecological aridity changes are
inconsistent. Specifically, atmospheric aridity increased and ecological aridity decreased.
Changes in hydrologic aridity were not significant in most of the dominant combinations of
VPD, LAI, and P-ET. This study highlights the significance to investigate dryland aridity
changes using weather station scale data, which can complement previous findings based on
coarse-resolution climate reanalysis. It also has the promise of being combined with more
station-scale data to provide support for local community’s climate change adaptation.’



Response to Reviewer2

This is an interesting study. Combining the station observation and the Random Forest (RF)
model, the authors investigated the global dryland aridity changes from 2003 to 2019. They
found an evident decoupling between atmospheric, hydrological, and vegetation aridity.

Compared to the prior studies, | think this work creatively assessed global aridity with station
data, instead of reanalysis dataset or numeric model outputs. The results are helpful to our
understanding of the influence of climate change on the global aridity.

The results are convincing and also highlight the added values of using station scale data to
assess dryland change as a complement to the results based on coarse resolution reanalysis
data and land surface models.

The manuscript was technically well-written and easy to follow in logic. However, the
following minor and technical revisions should be addressed.

Response:
Thank you for your positive comments. Thank you also for your time spent reviewing our
manuscript. We will revise this manuscript based on your insightful suggestions.

Lines 38-39

Change to “In the context of global warming, the global dryland is expected to expand due to
potential higher atmospheric water demand.”

Response: Thank you for your insightful comments.

It will be modified.

Action: It is modified as ‘In the context of global warming, the global dryland is expected to
expand due to potential higher atmospheric water demand’.

Figure 1 Please add some related references to support your classification of Al levels.

Response:

Thank you for your insightful comments. It will be added. Here, aridity is classified by the
index of aridity (Al) as the average annual precipitation divided by potential
evapotranspiration (Programme, 1997). Hyperarid: AI < 0.05, Arid: 0.05 <AI <0.20,
Semiarid: 0.20 <AI < 0.50, Dry sub-humid: 0.50 < AI < 0.65, and Humid: AI > 0.65.

Action: the reference is added in Figure 1 caption: Al level classification (Programme, 1997):
hyperarid (0 < Al <0.05), arid (0.05 < Al <0.2), semiarid (0.2 < Al <0.5), dry subhumid (0.5
< Al <0.65).

Lines 126-128 Provide the full name of RMSE. What does the feature importance mean?



Additionally, I recommend adding a detailed introduction to your Random Forest model and
leave-one-site-out cross-validation method in the Methodology Section.

Response: Thank you for your insightful comments.

Descriptions of accuracy metrics, feature importance, and random forest models are added to
the manuscript to provide more details to the reader. In terms of the leave-one-out cross-
validation method, we referred to previous studies (Tramontana et al., 2016; Zhang et al.,
2021).

Action: ‘the root mean square error (RMSE)’ is added.

Added ‘The RF model was constructed using the RandomForestRegressor function from the
scikit-learn package of Python. The parameter ‘n_estimators’ was set to 500, and default
parameter values were used for the other parameters (Zhao et al., 2019). For the evaluation of
model performance, we used a leave-one-station-out cross-validation approach used in
previous studies of ET predictions (Tramontana et al., 2016; Zhang et al., 2021; Shi et al.,
2022). It is a type of cross-validation approach in which each station’s observation is
considered as the validation set and the rest stations” observations are considered as the
training set. It can help us understand the potential adaptability of the model to new data in
the prediction set. Feature importance (IMP) was used to measure the contributions of
predictors, and we adopted the permutation importance indices to represent IMP due to their
reliability (D Bz-Uriarte and Alvarez de Andrés, 2006; Strobl et al., 2008; Gr&nping, 2009;
Zhang et al., 2021) in RF models.” (line 107-117)

Figure 2 Could you explain the lower Rcorr value of Shrubland in Figure 2c, compared to
other land use types?

Response: Thank you for your insightful comments.

The low accuracy of shrubland sites such as ES-AMO may be induced by its hydrogeologic
characteristics and groundwater table dynamics (L&pez-Ballesteros et al., 2017), and also
associated limitations in the quantifying the belowground hydrological process. The
predictors used in this study may have difficulty explaining the contribution of groundwater
dynamics and subterranean ventilation (Lpez-Ballesteros et al., 2017) to ET at the site
location. The inclusion of cumulative soil water deficit (Giardina et al., 2023) during the
growing season and regional-scale drought severity has the potential to better characterize
belowground water availability. In addition, in arid shrub ecosystems, the biological crust
(Chamizo et al., 2016) may also control ET by influencing surface soil moisture.

In the Discussion section, we will elaborate on this issue and clarify possible limitations and
uncertainties.



Action: elaborated in the discussion section:

‘The low performance of some flux stations (e.g., shrubland stations), may be related to
inadequate modelling of the influence of belowground hydrologic processes. Belowground
hydrogeologic properties and groundwater dynamics are difficult to quantify directly through
remote sensing or meteorological data. It is thus difficult to capture the effects of subterranean
ventilation (Lopez-Ballesteros et al., 2017) and the dynamic relationship between plant root
zone and groundwater. Previous studies have shown that the root zone storage capacity (Gao
et al., 2014; Wang-Erlandsson et al., 2016; Singh et al., 2020) is important in hydrological
processes in drylands and during drought events. Researchers have attempted to estimate root
depth and root zone storage capacity (Wang-Erlandsson et al., 2016; Stocker et al., 2023), or
to couple drylands’ deep-root distribution modules into earth system models (Zhang et al.,
2013; Li et al., 2015), and improved the hydrological and ecological prediction (Gao et al.,
2014). However, in these approaches, there remain partial limitations such as the dependency
on satellite-based ET data (Wang-Erlandsson et al., 2016) containing uncertainty. On the other
hand, accurately modelling groundwater dynamics remains limited (Gleeson et al., 2016,
2021). Uncertainties in station-scale groundwater dynamics also affect our understanding of
the root-groundwater relationship and groundwater’s contribution to ET. Combining drought
index at different time scales (e.g., the Standardized Precipitation Evapotranspiration Index
(SPEI)) at the regional scale (Secci et al., 2021), and the Gravity Recovery and Climate
Experiment (GRACE) based anomalies in terrestrial water storage (Li et al., 2019) can be
promising in indirectly representing the groundwater dynamics, but mismatches in spatial
scales may still cause errors. In addition, our accuracy evaluation was based on the leave-one-
station-out cross-validation (Zhang et al., 2021). The validation accuracy may be relatively
low when there are no stations with similar environmental conditions in the training set. The
RF model that we finally applied to the weather stations included all stations (i.e., no flux
station was left), the accuracy can thus be improved a little, especially at weather stations with
similar environmental conditions (e.g., shrubland stations) to the previously left flux station in
the leave-one-station-out cross-validation.’ (line 284-308)

Lines 136-137 and Figure 3

Why did you separate the entire study period into the two stages (i.e., 2003-2010 and 2011-
2019)? Does the 2003-2009 and 2010-2019 work?

Response:

Thank you for your insightful comments. 2003-2010 and 2011-2019 have similar year
lengths, which can somewhat reduce the impact of extreme years on the results and
understanding of the period scale. Due to the temporal limitation of MODIS data and
predictors derived from it (such as the radiation-related predictor RSDN starts from 2002), the
year span of this study is not very long, thus the finding of changes in aridity should be
treated with more caution. We will elaborate on the discussion.

Action: elaborated in the discussion section:



‘Compared to previous dryland change studies with decades of span, the period in this study
is only 2003-2019 due to the constraint of using MODIS-derived data. We split 2003-2019
into two periods with similar year spans, 2003-2010 and 2011-2019. In this way, it is possible
to reduce the effect of extreme years when comparing the differences between the two
periods. However, the year spans in this study are not very long compared to studies with
longer time series (Lian et al., 2021; Huang et al., 2016), and thus the associated findings
should be treated with more caution.” (line327-332)

I recommend adding a column plot in Figure 3 to summarize the changes in ET, TA, P, VPD,
LAI, and P-ET.

Response:
Thank you for your suggestion. We will add column plots to show changes in these variables.
Action: It has been added.
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