We thank the reviewers for their time and suggestions to improve the manuscript. Our
response can be found below the comments in blue.

On behalf of all authors,
J. R. Thomson
Reviewer 1

A well-written and useful study, and a clear contribution that fits ESSD well. The harmonized
14-dataset dataset, the trend intercomparison, and the trend-signature topology framework are
genuinely valuable, and the central message, that ET trend estimates are strongly dataset-
dependent and that the disagreement is structured rather than random, is well supported. I
have little to add: my comments are all minor and none affects the validity of the analysis.

Response: We really appreciate your positive feedback. We are pleased you find the study
useful!

Comments

1. The role of FLUXNET (l. 212-213, 1. 452-454 and 1. 472-474). These passages rest on
FLUXNET influencing the datasets more than it does, and I think the statements should be
revised.

At 1. 212-213 regions lacking flux towers are said to be "likely weakly constrained by direct
measurements”, and at 1. 452-454 the disagreement in "data-rich regions" is called striking.
Both assume that flux-tower density constrains the datasets, but in-situ ET is not an input to
any of them, so it is not clear that it does. Please clarify what "data-rich" means here, and
state the mechanism by which tower density would constrain the ensemble, or revise the
claim.

At 1. 472-474, shared FLUXNET use is said to make datasets converge. Convergence would
follow from shared calibration, not from shared evaluation, and the "or evaluation" makes the
claim almost always true. The four datasets named are process-based or semi-empirical and,
as far as I know, use FLUXNET mainly for evaluation, so the convergence argument does
not hold for them.

Response: Thank you for your comments. We address them jointly below.

Flux tower networks such as FLUXNET are not only used for evaluation but also for
calibration. Even in process-based or semi-empirical models, there are parameters that need
to be tuned or calibrated. Additionally, machine learning modules used within ET datasets are
often built around and trained with flux tower information. The following is a more detailed
description of how BESS, ETMonitor, GLEAM and MODIS utilize flux tower stations for
calibration. BESS V2 uses FLUXNET to calculate plant-functional-type-related parameters
in its terrestrial ecosystem respiration (TER) module (Li et al., 2023), but the authors also
note: “We used the entire recently released FLUXNET2015 Tier 1 dataset, covering a total of
206 flux sites and 1496 site-years (Pastorello et al., 2020), for model calibration and
validation.” ETMonitor trained a random forest model on FLUXNET data to estimate soil
heat flux (Zheng et al., 2022). Further, ETMonitor explicitly calibrated its model using 236
flux tower sites to calibrate resistance and the VPD stress parameter for plant transpiration.



From GLEAM version 4 onwards, its transpiration stress functions for short and long
vegetation were built using flux tower and sap flow sites (Koppa et al., 2022). MODIS uses
flux tower data from the AmeriFlux network not only for model testing but also for model
calibration where tower GPP, ET and WUE are averaged over all towers with the same biome
(Muetal., 2011).

Therefore, we think it is valid to state that locations with a higher number of flux tower sites
(“data-rich regions”) are likely to be more constrained when this information is also used for
calibration of model parameters. The degree to which flux tower stations or their spatial
density constrain ET datasets is out of scope for this work. We would also like to clarify that
utilizing flux tower observations for calibration makes perfect sense and these observations
are a great resource. The same information cannot really be considered an independent
reference in model evaluation when it has also been used for calibration.

We will add a clarifying statement to the introduction explaining that FLUXNET
observations are used for parameter calibration and machine-learning training in several of
the included ET datasets, rather than solely for evaluation.

2. DCI definition (Eq. 2). Eq. 2 defines the index on significant trends only (subscript s). But
Fig. 2b is described as the DCI (1. 183-184) and mapped "irrespective of significance" (Fig. 2
caption), and the text says "regardless of significance" (1. 186). Please make Eq. 2 match the
way the index is used; the subscript s may be a slip.

Response: Thank you for pointing out that this can be misleading. Equation 2 is correct, as
the DCI assesses the direction of significant trends relative to a selected p-value threshold.
While a p-value of 0.05 is most commonly used, how one defines significance is an analysis
choice. For the map in Fig. 2b, our choice was to set the p-value threshold to 1, thereby
including all trends to visualise overall trend direction agreement. The approach of setting the
threshold to 1 was also used in Thakur et al. (2025) to visualise overall trend direction
agreement. In the topology analysis, the DCI was calculated using a p-value threshold of 0.05
to obtain a reference for the majority trend direction. However, we absolutely agree that our
phrasing is misleading, and we will clarify these different applications in the revision.

3. "Onset of directional opposition" (Fig. 2d) is not defined. The metric appears only in
the figure caption and in the Results (1. 208-215), and Sect. 2 does not say how it is built. The
panel is hard to read as it stands: the reader has to work out the procedure from the caption,
and the meaning of the dominant "< 1" class is not clear. Please define the metric in Sect. 2
and give the thresholds used.

Response: Thank you for pointing this out. We will definitely include this in the methodology
to improve clarity. The map shows the p-value at which ET datasets begin to show opposing
significant trends. In some regions, we see two datasets with highly significant trends in
positive and negative directions, with p-values less than or equal to 0.01. We subsequently
increase the p-value threshold for significance to 0.05, then 0.1 and finally 1. The dominant
"< 1" class indicates that opposing trends are present but only if all trends are considered
because the p-value threshold is set to 1. This class is mainly intended to distinguish these
areas from areas with no directional opposition.

Editorial



e |. 74, "In this review": this is an original intercomparison, not a review.

e Figure 2 panel references in Sect. 3.1 look shifted by one: 1. 192 cites Fig. 2b for
the quartile disagreement, which is panel c; 1. 209 cites Fig. 2c for opposition at low
p-values, which is panel d. 1. 186 also omits the panel letter and leaves the
parenthesis open.

e Fig. 6 caption ("Where does GLEAM 4.1a oppose majority trend direction the
most?") is a question fragment; please make it a descriptive caption.

Thank you for these comments that will be implemented to improve clarity. In the revised
version we will follow the reviewer's suggestion for all points raised.

Reviewer 2

The manuscript entitled "Agreement, opposition, and dataset influence in global
evapotranspiration trends" presents a novel framework to characterise the influence of
individual evapotranspiration datasets on ensemble trend estimates. The topic is timely and
relevant, and the manuscript is well written. I particularly appreciate the effort to move
beyond traditional ensemble statistics and identify recurring behavioural patterns among ET
datasets. I have several comments that I believe would help in further strengthen the
manuscript.

Response: Thank you very much for taking the time to review our work with such rigor that
will help strengthen our work.

Table 1 is highly informative. I suggest adding a column at the beginning indicating the
methodological category of each dataset, together with an additional column summarising the
main methodological assumptions that may influence long-term trends. This would provide
valuable context for readers and would also allow the bullet-point descriptions in Lines 87—
94 to be removed.

Response: Thank you for this suggestion. We will add a macro-category to the table and add
a short description of each dataset’s approach and remove the bullet-point description as per
your suggestion. We want to avoid being speculative about the methodological assumptions
behind different datasets regarding long-term trends. The lack of public information on some
of the more central ET parameterization also makes a summary difficult. We would also use
this as an opportunity to highlight our very detailed supplement that details the
methodological approaches and identifies what information is not easily accessible.

Understanding why datasets produce the trends they do and which trends are plausible is, of
course, incredibly valuable, but not supported by our study design. A further difficulty here is
that we do not analyse drivers of change that could pinpoint trends to specific
parameterisation, and neither do we analyse agreement of input forcing choice. One would
also expect a regional dependence of what model choice/input forcing drives trends. Neither
can our empirical study test the impact of specific modules. This would require a very
different study design, possibly more similar to Miralles et al. (2016) who used the same



input forcing to drive different ET algorithms, or Thakur et al. (2025) who used different
potential ET methods to drive the same hydrological model.

Regarding dataset selection, I encourage the authors to consider including additional widely
used ET datasets. For example, PMLv2.2 has become a commonly used global dataset.
Similarly, GLEAM4.1a has been superseded by GLEAM4.3a, while the GLEAM "b" version
represents the most observation-constrained dataset. It would also be valuable to include
thermal infrared/LST-constrained surface energy balance datasets, as well as machine-
learning datasets such as FLUXCOM or X-BASE, to better represent the diversity of current
global ET datasets.

Response: Thank you for your suggestions. Your paragraph contains many different points
and we will address them here point by point.

We agree that GLEAM “b” is the more observation-constrained dataset, but unfortunately
“b” does not cover our time period 2000-2019. This is also true for FLUXCOM and
FLUXCOM-X-base. We would like to highlight that many of the present datasets employ
machine learning techniques in their dataset construction. Please see the in-depth supplement
for details. We do believe our dataset selection represents a wide range of datasets, and we
also believe that 14 datasets are a sufficiently large number to adequately support the
structured behaviour we see. Other datasets or a different period will unlikely modify the
main conclusions here.

While we understand the notion to include even more datasets, the datasets we used were the
ones that covered a common 20-year analysis period (with 2000-2019 as the common overlap
period) at the time of conception. For every study it is necessary to include a freeze-date.
Otherwise, the ensemble becomes a moving target and we would never complete our work.
GLEAM was the only dataset that was updated from version 3 to 4 during the study.

Regarding your specific suggestions to include GLEAM 4.3a and PML V2.2, we would like
to highlight that GLEAM 4.3a was announced after the manuscript was already submitted,
and the paper led by Baez Villanueva describing the changes, such as explicitly including
irrigation practices, is still under review in HESS (29.7.2026). Similarly, the final paper for
PML V2.2 on ESSD is also not available (checked 29.7.2026). While exploring which
datasets are available for the time period of our analysis, earlier versions of PML’s temporal
coverage did not extend long enough.

On your note that it would also be valuable to include thermal infrared/LST-constrained
surface energy balance, we would like to point out that ETMonitor (Zheng et al., 2022) does
use such information in its algorithm for its energy balance components, but it is not an LST-
residual surface-energy-balance dataset like SEBS, SSEBop, or ALEXI. These,
unfortunately, also did not cover our time period. However, SSEBop was used to construct
SynthesisET from 2003 onwards (Elnashar et al., 2021).

Section 2.5 requires further clarification. It is not entirely clear whether the proposed
topology metrics are computed globally as single summary values or whether spatial
information is retained during the calculations. A conceptual figure or a summary table
describing each metric, their mathematical formulation, and its intended interpretation would



substantially improve readability. In particular, the ranking procedure and the computation of
each signature should be described more explicitly. I also found the definitions of the "signal

dampener" and "opposition contributor" classes somewhat difficult to interpret from Figure 1

alone.

Response: This is incredibly valuable feedback. Thank you. We will clarify our approach. We
acknowledge that a flow chart would clarify the analysis steps. We wish to clarify that (1) we
built a grid-cell database with each characteristic using a mathematical test (e.g. “Is the trend
positive and significant?”’) and therefore retained spatial information and (2) that each
characteristic is defined to be binary — TRUE or FALSE. While we do describe each role, we
will revisit the description and include pseudocode or test logic underneath each role to
improve reproducibility and clarity. We believe that this will immediately improve
understanding of “signal dampener” and “opposition contributor”.

For the signal dampener, we do the following: For each dataset and each grid cell we “test” if
the trend is non-significant. We use non-significance because it is easy to measure and
indicates that the variability in the time series is large compared to the trend signal and
thereby “dampens” it. To compare datasets, we first sum up the areas of grid cells for which
the binary test characteristic returned TRUE. We then calculate area fractions. In a third step,
this area fraction is ranked to determine relative role strength. For this analysis, we only
consider grid cells where all 14 datasets have valid data.

The mathematical test for “opposition contributor” is similar to a leave-one-out sensitivity. It
tests whether removing a dataset would produce agreement in direction that is significant
among datasets when otherwise there would be opposition in significant trends. To clarify
this further, consider the example of two contrasting hypothetical grid cells. In the first grid
cell, within our ensemble, datasets N1, P1 and P2 exhibit significant trends where N1 has a
significant negative trend and P1 and P2 have significant positive trends. For the sake of
simplicity, all other datasets have non-significant trends. Removing N1 would lead to
agreement in trend direction for significant trends for that grid cell. Dataset N1 would
therefore get a “TRUE” for the mathematical characteristic of “opposition contributor”.
However, removing P1 or P2 would not lead to agreement in trend direction in significant
trends, and they would therefore get a “FALSE” for the mathematical characteristic of
“opposition contributor”. Now let us consider a second grid, where N1, N2, P1 and P2 have
significant trends where N1 and N2 have significant negative trends and P1 and P2 have
significant positive trends. Removing any one of these N1, N2, P1 and P2 would not lead to
agreement in direction in significant trends, and they would therefore get a “FALSE” for the
mathematical characteristic of “opposition contributor”.

I recommend using the most recent version of the Koppen—Geiger climate classification
(Beck et al., 2023), which provides an updated global dataset.

Response: Thank you for pointing out that updated Képpen—Geiger maps exist. Our checks
revealed a 6 % change in area fraction of the main Koppen-Geiger classes between the two
present-day maps globally with more substantial changes in Europe and Asia. Therefore, we
decided to update the panel in the Supplementary Figure using Beck et al. (2023). While the
patterns remain the same and the difference is not visually distinguishable, the changes in the
area fraction of quartile uncertainty categories ranged from -1% to 1.5 % across the main
Koppen-Geiger classes.



The computation of the DCI considers only the direction of statistically significant trends and
ignores trend magnitude. Please discuss the implications of this methodological choice,
particularly in cases where datasets agree on trend direction but differ substantially in trend
magnitude.

Response: The DCI was originally designed to measure the agreement in trend directions of
significant trends. However, it is a methodological choice to set what one considers
significant, and DCI has also been used to visualise overall trend direction agreement as we
have done in Fig. 2b and as was done in other studies (Thakur et al., 2025). The DCI cannot
represent the totality of trend agreement but provides a useful tool to summarise and visualise
trend direction agreement. If one used the median and mean, information on how many
datasets agree with that direction would be missing, and the DCI is therefore a great
complementary metric to synthesise ensemble information. Of course, disagreement in
magnitude can be substantial, and this is why we also included a magnitude assessment by
comparing grid-cell quartile estimates and showing where quartile trend magnitudes differ
substantially while also accounting for agreement in direction (Fig. 2c).

While directional disagreement is vast, we are by no means suggesting that magnitude is not
important. This is why dataset-specific trend estimates across IPCC reference regions are
presented in Fig. 3a, and dataset-specific maps of trend estimates are presented in the
supplementary material.

Lines 184—185 state that "An index value of 1 or —1 indicates complete agreement on positive
or negative trends, respectively." I found this wording somewhat misleading because the DCI
as formulated in Eq. 2, only considers significant trends. Therefore, all datasets could exhibit
positive or negative trends, but if only a subset is statistically significant, the DCI would not
equal one. I suggest revising this statement accordingly. Additionally, DCI is defined using
statistically significant positive and negative trends. However, Figure 2b appears to show
DCI without considering statistical significance. This is confusing and should either be
clarified or revised for consistency.

Response: Thank you for pointing this out. We will clarify this. Please see our response to
reviewer 1’s second comment.

The authors state that Figure 3a shows complete agreement in trend direction for only four of
the 44 IPCC reference regions. Although this is an interesting result, it is difficult to identify
directly from the chosen colour palette. Consider using a colour scheme that better highlights
complete agreement.

Response: Thank you. We will highlight the four regions more clearly.

I suggest adding a figure summarising the upper and lower quartile uncertainty for each IPCC
reference region. This would provide readers with a clearer overview of regional deviations
across the ensemble.

Response: That is no problem to include. We assume that you mean trend estimates of Q25
and Q75 of the ensemble. We will add quartile trend estimates below Fig. 3a to provide a
clearer visual overview of regional deviations across the ensemble.



How sensitive are the topology classes to ensemble composition? For example, would the
rankings remain stable if additional datasets were included or certain datasets were removed?
Similarly, are the topology rankings robust across different analysis periods?

Response: Some of the topology classes are very robust, e.g. positive signal booster, negative
signal booster and signal dampener. This is because they are based on signals intrinsic to a
specific dataset. Adding or removing datasets would not change the relative ranks of the
remaining datasets because the mathematical binary test is dataset-specific. The three
oppositional metrics are more dependent on removal or addition, because ensemble
information is used to calculate the mathematical binary test.

For oppositional classes to be affected, the ensemble-based reference would have to change.
In the following, we will detail the cases in which the ensemble-based reference for each role
would change.

1. The “trend opposer” tests opposition to the majority trend direction using the DCI (here
with a p-value threshold of 0.05) as the ensemble-based reference. The DCI-based reference
could change through the addition or removal of datasets if (1) the majority trend direction
were not strong and the DCI were already close to 0 and (2) one or more datasets with
significant trends were added or removed. For instance, let us assume that, in a cell, three
datasets have a significant positive trend and two datasets have a significant negative trend.
The DCI for this specific grid cell would be (3 —2)/14 = 0.07. Removing GLDAS-VIC
(which often has significant positive trends) might shift the DCI from 0.07 to (2 — 2)/13 = 0.
That cell would then have no clear majority trend direction, so all datasets would be assigned
FALSE for the “trend opposer” characteristic. For the same example, if two datasets with
significant positive trends were removed, the DCI would become negative, (1 —2)/12 =
—0.083, thereby reversing the majority trend direction. Thus, to cause a directional change in
the ensemble-based reference, at least two datasets with significant trends in the same
direction would need to be added or removed in cells with a weakly defined majority trend
direction. Please note that we have already included a sensitivity analysis examining how the
selected p-value threshold affects the topology rankings.

2. The “significance opposer” shows opposition to the majority significance level. The
ensemble-based reference is a simple count of significant vs non-significant trends. In this
ensemble, most cells have a non-significant majority. The metric would be affected by the
addition or removal of datasets if there were no clear majority significance level because the
numbers of datasets with significant and non-significant trends were equal or nearly equal.
Here, the addition or removal of a dataset could then shift the majority significance level.

3. The “opposition contributor” will be most affected by adding or removing datasets because
it is designed to be an outlier metric. If a dataset was added that is very similar, e.g. SEBS
that is already contained in SynthesisET, SEBS might mask where SynthesisET was
previously an “opposition contributor”.

Here, it also becomes clear that the smaller the ensemble, the more impactful additions and
removals are to the ensemble-reference metrics. In other words, this methodology requires a
sufficiently large ensemble.



To showcase the stability of the topology framework, we will include a sensitivity analysis on
global topology involving (1) conducting a leave-one-out experiment, (2) removing the two
topmost positive signal boosters, and (3) removing the two topmost negative signal boosters.

As stated in the introduction, the period studied affects trend estimates. We will include a
sensitivity analysis on how the analysis period affects the global topology rankings using two
15-year periods: (1) 2005-2019 and (i1) 2000-2014.

The topology analysis is primarily presented at the global scale. It would be valuable to
extend this analysis to all [IPCC reference regions to assess whether the identified behaviours
are spatially consistent. Currently, only three regions (SAM, TIB, and WCE) are discussed in
detail, while the remaining regional results are relegated to the Supplementary Material. |
encourage the authors to consider a summary figure in the main manuscript that synthesises
the topology classes across all regions.

Response: That is a nice idea. We will include a figure that shows which IPCC reference
regions have a similar topology. Please note that because the IPCC reference regions and the
global summary use the same grid-cell database, the global topology is an overall summary.

The Results section could be condensed without losing scientific content, as several findings
are repeated across subsections.

Response: We will revisit the results section more closely to pay attention to repetitions.

The manuscript successfully classifies datasets into distinct behavioural categories but
provides relatively little discussion of the physical or methodological reasons underlying
these behaviours. For example, why do certain datasets consistently emerge as negative
signal boosters or trend opposers? Discussing differences in forcing data, model structure,
retrieval methodology, or parameterisations would considerably strengthen the manuscript.

Response: That is true, and the reasons for this are mainly discussed in our response
regarding table 1. We believe this would be an interesting but different study that would test
more directly what drives the trends with a regional assessment. We would also like to point
out that this is not trivial. As mentioned previously, an additional complication is that
documentation for many of the datasets is not always clear.

However, we will add a subsection to the discussion to highlight what conclusions can be
drawn from our extensive supplementary inventory, and more importantly what cannot.

In Line 436 the authors state that the results demonstrate dataset dependence "even after
harmonization to a common spatial and temporal framework." However, the temporal
framework was fixed to a single analysis period rather than harmonised across multiple
periods. I recommend revising this statement to avoid potential ambiguity.

Response: We will revisit this statement to avoid ambiguity and perhaps find an alternative
word to summarize our pre-processing steps of regridding to a common spatial resolution and
restricting the analysis to a common 20-year period.

The manuscript frequently interprets agreement within the ensemble as an indicator of
robustness. However, agreement among datasets should not be confused with accuracy,
particularly given the shared forcing data, model structures, and ancestry among several
datasets. I encourage the authors to emphasise more clearly throughout the manuscript that



the proposed topology framework characterises agreement within the ensemble rather than
dataset correctness.

Response: We agree, and we thank the reviewer for pressing on this. Agreement within an
ensemble is not evidence of accuracy, and it is especially weak where members share forcing
data, model structure, or ancestry. This concern has motivated a related line of work by
several of the co-authors (Markonis et al., 2024), which shows that shared inputs and
production algorithms can artificially narrow ensemble spread, bias the ensemble mean
toward features common to related products, and obscure genuine outliers; dataset genealogy
has been documented for the precipitation domain in Vargas Godoy et al. (2025). Our
supplementary material including dataset information was assembled with the same concern
in mind.

We will add one clarification about what the framework claims. The topology roles are
defined relative to a declared ensemble: a dataset is a positive signal booster, a trend opposer,
or an opposition contributor with respect to the other members present, not in any absolute
sense. They are therefore descriptors of a dataset's position within an ensemble rather than
measures of dataset quality, and this holds by construction rather than as a caveat.

We will address your feedback and replace "robust" and "robustness" with "ensemble
agreement" or "concurrence" wherever no accuracy claim is intended. We will also clarify at
the end of section 2.5 what the framework does and does not establish and add a
corresponding statement in the conclusions.

Minor points:

e Extra space before the reference at Line 34.

e The statement "...ET estimation remains challenging" would benefit from
additional recent references.

e Line 113: please cite the R software.

e Line 118: briefly describe how the elevation classes were adapted from Hersbach et
al. (2020).

e Use en dashes consistently for numerical ranges throughout the manuscript.

e Line 184: please clarify the meaning of "pockets of negative majority trend
direction."

e Use acronyms consistently after their first definition (e.g., ET, DCI, R).

e Line 307: use the spelling Képpen—Geiger consistently.

e Line 458: when discussing the contrasting conclusions of Yang et al. (2023) and
Kim et al. (2021), please indicate which ET datasets and analysis periods were
used, as these differences are directly relevant to the conclusions of this study.

Response: Thank you. We will include your points in the revision. Special thanks for finding
an error in our data sources. Elevation classes were not adapted from Hersbach et al. (2020),
but from ETOPO data. We will correct this in our revision.
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