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Abstract. Evapotranspiration (ET) is a key component of the terrestrial water and energy balance, and numerous global gridded

ET products are routinely used to assess historical variability and trends. However, differences in forcing data, model structure

and physics in these products complicate robust ET trend analyses. Here, we present a systematic intercomparison of 14 global

terrestrial ET datasets for the period 2000–2019. We introduce a topology framework that categorizes ET datasets according to

their trend signatures within multi-product ensembles, providing insight into the structural role of each dataset and revealing5

how certain products consistently amplify or oppose dominant trends, patterns that are not evident from standard ensemble

statistics. We find that products which amplify negative trends consistently oppose the dominant ensemble trend direction,

whereas products that amplify positive trends tend to produce statistically significant trends where most datasets indicate weak

or non-significant change. We quantify the magnitude, direction, and statistical significance of ET trends across products and

evaluate their spatial consistency. The analysis reveals substantial divergence among datasets. While many products indicate10

predominantly positive ET trends, agreement on the magnitude and direction of change is lacking across many regions. In

many regions, trends differ by more than an order of magnitude, and the spatial patterns of significant trends are highly

product-dependent. The resulting harmonized trend estimates and classification provide a reference resource for evaluating

current and future ET products, assessing uncertainty in trend studies, and guiding the use and improvement of ET datasets.
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More broadly, the topology framework can be extended beyond ET to geoscientific data product ensembles in general, enabling15

fitness for purpose evaluation, uncertainty assessment, and more systematic intercomparison across datasets.

1 Introduction

Evapotranspiration (ET) is a major component of the terrestrial water cycle and links the land surface to both the energy

and carbon cycles (Wang and Dickinson, 2012; Good et al., 2015; Yang et al., 2023). Global gridded ET datasets derived from

satellite observations, land surface models, and reanalysis products are widely used to investigate land–atmosphere interactions,20

evaluate land-surface-model behavior, and analyze variability and long-term trends in terrestrial water fluxes. As a result, these

datasets form an important data foundation for studies of terrestrial hydrology and climate change, and differences among

products can influence the interpretation or even direction of ET change. In the last two decades, progress in both physical

and statistical modeling have led to the development of numerous multi-year global gridded ET data products which employ

machine-learning (Elnashar et al., 2021; Li et al., 2024), reanalysis (Kobayashi et al., 2015; Muñoz-Sabater et al., 2021),25

remote-sensing (Martens et al., 2017; Zheng et al., 2022), hydrological and land surface models (LSM) (Beaudoing et al.,

2020; McNally et al., 2017), and products upscaled from in situ FLUXNET (Pastorello et al., 2020) measurements (Jung

et al., 2019). This growing diversity of products partly explains the dataset-dependent variability in ET trends discussed above.

Despite their widespread use, the structural behavior of ET datasets in trend detection remains incompletely characterized.

This study provides a systematic assessment of global gridded ET products with a focus on the consistency of recent ET trend30

estimates and the structural roles that individual datasets play within multi-product trend ensembles.

Global analyses of ET trends over the past two decades have produced divergent results. Several recent studies reported

ET increases (Yang et al., 2023; Zhang et al., 2015, 2016, 2022; Tang et al., 2024) and in some cases even acceleration of

ET(Yang et al., 2023), primarily attributed to greening due to the CO2 fertilization effect, as well as intensified atmospheric

moisture demand under warming. However, the reported global trends vary widely, partly because of differences in the time35

periods covered. For instance, large El Niño events can cause spikes in global ET. If the time period begins after a large El

Niño event, such as the event in 1998, positive ET trend estimates can be lower or even negative as shown in Jung et al.(Jung

et al., 2010). In addition to period sensitivity, trend estimates also depend strongly on dataset choice. While many studies

report a global increase in ET, some recent findings reveal a more complex picture with certain ET data products producing

negative global trends (Pan et al., 2020; Kim et al., 2021; Ruan et al., 2025). Recent work by Tang et al. (2024) further shows40

that ET products are often poorly temporally correlated. As a result, both the magnitude and direction of long-term ET trends

remain uncertain, highlighting the need for systematic intercomparison and careful assessment of dataset-dependent variability.

Existing comparisons typically quantify ensemble spread, but do not distinguish the structural roles that different data products

play within the ensemble. As a result, a reproducible taxonomy of product behavior within ensembles is still missing.

While ET can be measured locally using various in situ methods, it cannot be directly observed at larger scales. Despite ad-45

vances in remote sensing applications, accurate ET estimation remains challenging (McCabe et al., 2017; Miralles et al., 2016).

Consequently, all ET products rely on empirical or process-based models to infer it indirectly (Wang and Dickinson, 2012).
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These data products employ different forcing data and land surface information, such as vegetation and soil properties, and use

unique calibration approaches, contributing to substantial variations across products (Khan et al., 2018). In particular, the rep-

resentation of plant transpiration, land cover effects, and soil hydraulic processes (Paschalis et al., 2022) remain a major source50

of uncertainty, with differences in vegetation parameterization causing vastly varying estimates of ET components (Miralles

et al., 2016; Yang et al., 2023). All these factors contribute to an increasingly fragmented landscape of global ET data products,

which undermines their robustness (Cai et al., 2024). This heterogeneity makes it likely that ET trend consistency varies across

regions and not only globally, and that individual data products occupy distinct structural roles within trend ensembles. In this

context, uncertainty in global ET trends remains substantial, making systematic multi-product intercomparison not only useful55

but necessary.

Validation of global gridded ET products remains challenging due to the limited availability and spatial coverage of direct

observations. Most validation relies on comparison against in situ data, typically ET estimates derived from eddy covariance

towers of the FLUXNET network (Pastorello et al., 2020), AmeriFlux including National Ecological Observatory Network

(NEON), ChinaFLux, OZ-Flux, Integrated Carbon Observation System (ICOS). However, the use of in situ data for large-scale60

evaluation faces several well known limitations, including the well-known energy closure problem that makes quality of la-

tent heat estimates from flux towers suboptimal for trend benchmarking (Mastrotheodoros et al., 2017; Mauder et al., 2020),

limitations in extrapolating point-scale observations to larger areas due to land cover heterogeneity, topographic heterogeneity

as flux towers are positioned in flat locations, scale-dependent processes at catchment or regional levels (Ershadi et al., 2014),

and the frequent need for gap-filling. While gap-filling and data prolongation efforts exist (Li et al., 2025), around 90% of the65

eddy covariance sites are concentrated in Europe, North America, Australia and East Asia, predominantly China, (Pastorello

et al., 2020), leaving large parts of the globe sparsely observed, including high ET regions such as the tropics. While water

balance-based datasets, such as those developed by Ma et al. (2024), provide complementary validation for large river basins,

helping to benchmark global ET products where flux-tower coverage is limited, they also suffer from assumptions on catch-

ment storage dynamics. Therefore, the challenge of validating ET continues to hinder the ability to constrain ET estimates at70

global scale. As a result, uncertainty in long-term ET trend estimates remains substantial and proportionally much larger than

uncertainty in precipitation (Beck et al., 2017; Gu and Adler, 2023; Gulev et al., 2023), underscoring the need for multi product

intercomparison and more structured evaluation of product behavior within ensembles.

In this review, we assess the consistency and agreement of ET trends by harmonizing and analyzing fourteen publicly

available global gridded ET products from 2000-2019. We quantify the extent to which products agree on trend magnitude,75

direction, and spatial patterns, both at the grid-scale and aggregated over reference regions defined by the Intergovernmental

Panel on Climate Change (IPCC). To facilitate interpretation of inter-product differences, we introduce a classification frame-

work of trend signature topologies, identifying which products amplify positive and negative trend signals, as well as those

that systematically oppose the ensemble trend tendency. By combining comprehensive comparison with a conceptual classifi-

cation framework, this study offers a resource for understanding uncertainty in ET trends and guides future analyses of global80

evapotranspiration.
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2 Methods

2.1 Evapotranspiration products

Products were selected to represent the major categories of currently available global ET datasets, including reanalysis, remote-

sensing, land-surface-model, and composite products, while ensuring near-global terrestrial coverage and overlapping temporal85

availability for 2000–2019. These include,

– reanalysis products: ERA5-Land (Muñoz-Sabater et al., 2021), JRA-55 (Kobayashi et al., 2015), and MERRA-2 (Gelaro

et al., 2017),

– remote-sensing-based products: BESS v2 (Li et al., 2023), ETmonitor (Zheng et al., 2022), GLEAM v4.1a (Miralles

et al., 2025) , and MODIS 16A2 (Mu et al., 2011),90

– land surface model-based products: FLDAS (McNally et al., 2017), GLDAS-CLSM v2.1 (Li et al., 2020), GLDAS-

NOAH v2.1 (Beaudoing and Rodell, 2020), GLDAS-VIC v2.1 (Beaudoing et al., 2020) and TerraClimate (Abatzoglou

et al., 2018) and

– composite products: CAMELE (Li et al., 2024) and SynthesizedET, (Elnashar et al., 2021),

thereby representing a wide range of existing ET estimates. Detailed metadata, including spatial and temporal resolution, are95

provided in Table 1, underlying schemes are provided in Table S1, data source of relevant variables are provided in Table S2.

The data products are described in detail in Supporting Information (Supplementary Text S1).

All datasets were aggregated to annual totals and regridded to a common 0.25◦ × 0.25◦ grid using Climate Data Opera-

tors (CDO v2.0.4; (Schulzweida, 2023)). Unit conversions to millimeters were applied where necessary. Coarser-resolution

products were downscaled using nearest-neighbor remapping, while finer-resolution products were upscaled via area-weighted100

averaging, both in geographic coordinates (EPSG:4326). Homogenization involved harmonizing units, aligning temporal cov-

erage, and masking non-overlapping regions, following the procedure described in Vargas Godoy and Markonis (2023). The

annual ET data was archived and is freely accessible at https://doi.org/10.5281/zenodo.18150992 (Thomson et al., 2026a) and

can be also accessed by the open source evapoRe package (Ziveh et al., 2026). For grid-scale ensemble maps, only grid cells

with data coverage from at least 13 of the 14 ET products were retained in order to maximize spatial coverage while preserving105

robust ensemble statistics. This mainly reduced inconsistencies in coastal boundaries and excluded Antarctica, large parts of

Greenland, and open water bodies such as the Great Lakes. For direct product intercomparison and all aggregated regional

analyses, including IPCC reference-region trends, only grid cells with complete coverage across all 14 products were used.

2.2 Trend estimates

Annual trends estimates, their p-values as well as their lower and upper bounds were obtained using block-bootstrapped Theil-110

Sen trends from the using OpenAir v2.18 (Carslaw and Ropkins, 2012) with blocks of 3 consecutive years and 599 repeats
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Table 1. Overview of Datasets used in this study, including original spatial and temporal resolution and time period.

Dataset Spatial Resolution Temporal Resolution Time period Reference

ERA5-land 0.1°×0.1° Monthly 1950 - present Muñoz-Sabater et al. (2021)
JRA-55 0.57°×0.57° Monthly 1958-2024 Kobayashi et al. (2015)
MERRA-2 0.5°×0.625° Monthly 1980-present Gelaro et al. (2017)

BESS v2 0.05°×0.05° Daily 1982-2019 Li et al. (2023)
ETMonitor 1 km×1 km Daily 2000-2019 Zheng et al. (2022)
GLEAM v4.1a 0.1°×0.1° Daily 1980-2023 Miralles et al. (2025)
MODIS16A2 500 m×500 m 8-day 2000-present Mu et al. (2011)

FLDAS 0.1°×0.1° Monthly 1982-present McNally et al. (2017)
GLDAS-CLSM v2.1 1.0°×1.0° Monthly 2000-present Li et al. (2020)
GLDAS-NOAH v2.1 0.25°×0.25° Monthly 2000-present Beaudoing and Rodell (2020)
GLDAS-VIC v2.1 1.0°×1.0° Monthly 2000-present Beaudoing et al. (2020)
TerraClimate ∼4 km×4 km Monthly 1958-2019 Abatzoglou et al. (2018)

CAMELE 0.25°×0.25° Monthly 2000-2020 Li et al. (2024)
SynthesizedET 1 km×1 km Monthly 1982-2019 Elnashar et al. (2021)

to account for temporal autocorrelation. The block-bootstrap resampling was identical for all data products. All computations

were performed in R (v4.2.2).

2.3 Stratification by climate and regions

Trend analyses were stratified across multiple environmental domains to capture spatial heterogeneity in evapotranspiration115

dynamics. We used (i) updated Intergovernmental Panel on Climate Change (IPCC) reference regions v4 (Iturbide et al., 2020)

(Figure S1); (ii) evaporation quantiles based on the ET deciles of the ensemble mean (Figure S2) (iii) Köppen–Geiger climate

classes (Beck et al., 2018) (Figure S3); and (iv) elevation classes adapted from Hersbach et al. (2020) (used as in Markonis

et al. (2024)) (Figure S4).

2.4 Trend indices120

2.4.1 Quartile ratio

In this study, the symmetric quartile ratio was calculated to reduce the influence of extreme trend estimates and provide a

robust measure of variability across products. For each grid cell, the lower quartile (25th percentile, Q25) and upper quartile

(75th percentile, Q75) of the trend estimates were computed with R base quantile function with type = 7, the default R method.

These correspond approximately to the 4th–5th and 10th–11th ranks in the 14-member ensemble. The symmetric quartile ratio125

is defined as

R=
max(|Q75|, |Q25|)
min(|Q75|, |Q25|) , (1)
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which guarantees R≥ 1. This formulation removes sign information and reflects only the relative magnitude contrast between

the quartiles. We used a ratio instead of calculating standardized interquartile range commonly used as a dataset disagreement

metric (Markonis et al., 2024), because in our case the ensemble mean was often smaller than both |Q25| and |Q75| and in130

some grid cells was close to zero, artificially inflating this metric. The symmetric quartile ratio provides a more stable method

for comparing grid cells with very different trend magnitudes and direction.

2.4.2 Uncertainty terminology

Trend estimates were classified as uncertain based on three criteria: magnitude, direction, or both.

– Magnitude: Local magnitude uncertainty was identified when the quartile ratio (Section 2.4.1) exceeded the global135

average of 3.3. This approach excludes extreme estimates and highlights regions with greater quartile ensemble spread

than the global mean.

– Direction: Directional uncertainty was defined when Q25 and Q75 had opposite signs, indicating disagreement in trend

direction. This criterion reduces the influence of small oscillating trends near zero.

– Both: Uncertainty in both was identified when both criteria were met.140

2.4.3 Majority trend direction

The dataset concurrence index (DCI) (Anabalón and Sharma, 2017) represents the dominance of significant trend direction and

is calculated as:

DCI =
Npos,s −Nneg,s

N
, (2)

where Npos,s and Nneg,s are the counts of positive and negative significant trends at a given grid cell, and N is the total number145

of evapotranspiration (ET) products. The subscript s indicates significant trends. The index ranges from −1 (all trends are

significant and negative) to 1 (all trends are significant and positive). Intermediate values may result from a mix of positive and

negative significant trends or from the presence of non-significant trends, making these values harder to interpret.

2.5 Topology framework

Here, we introduce a topology framework that allows defining data product roles within a multi-product context. The framework150

defines six categories based on trend signatures. These include three signal roles, namely “positive signal boosters”, “negative

signal boosters” and “signal dampener”, and three opposition roles “trend opposer”, “opposition contributor” and “significance

opposer”.

Trend signatures were derived by ranking the area fraction associated with each category for each product. Only grid cells

with complete coverage across all data products were included. Each signature was evaluated across p-value thresholds of 0.01,155

0.05, 0.1 and 0.2. For the main results, we use a p-value threshold of 0.05 for significant trends.

6

https://doi.org/10.5194/essd-2026-334
Preprint. Discussion started: 22 June 2026
c© Author(s) 2026. CC BY 4.0 License.



– Positive signal boosters: Data products were ranked according to the area fraction of their positive significant trends. A

product with high rank amplifies the positive trend signal within the ensemble.

– Negative signal boosters: Data products were ranked according to the area fraction of their negative significant trends. A

product with high rank amplifies the negative trend signal within the ensemble.160

– Signal dampeners: Data products were ranked according to the area fraction of their non-significant trends. A product

with high rank dampens the trend signal, typically because its variability is large relative to trend magnitude.

– Trend opposer: Data products were ranked according to the area fraction where the trend direction is different to the ma-

jority trend direction as defined by the DCI. A product with high rank most frequently opposes majority trend direction.

– Significance opposer: Data products were ranked according to the area fraction where a products opposes majority165

significance level. Opposition occurs when a product shows a significant trend while non-significant trends dominate,

or vice versa. In this study, a product with high rank most often yields significant trends where non-significant trends

dominate across the ensemble.

– Opposition contributor: Data products were ranked according to the area fraction where excluding that product removes

opposition in trend direction in significant trends. A product with a high rank is therefore the sole source of directional170

opposition.

Examples of time series meeting these definitions are visualized in Fig. 1. These examples illustrate the conceptual behavior

of each topology category within a multi-product ensemble.

3 Results

3.1 Global patterns of agreement and opposition in recent ET trends175

The majority trend direction across the fourteen ET data products based on annual data from 2000-2019 is positive (Fig. 2

a) with substantial ensemble spread ranges from 4 mm yr−2 to -0.3 mm yr−2. The upper quartile is approximately 3.3 larger

than the lower quartile. Trend significance differs across products, 6 products estimate significant global positive trends at

p-value of 0.05. The variation in block-bootstrapped upper and lower trend bounds (95 % confidence) highlights significant

product-specific inter-annual variability. For instance, Synthesized ET (Elnashar et al., 2021) produced trend estimates with a180

lower bound of -2.4 and an upper bound 3.4 mm yr−2. Apparently, even at the global scale, the consensus toward increasing

ET is accompanied by substantial uncertainty in both trend magnitude and significance across products.

At the grid-scale, the majority trend direction, measured through dataset concurrence index, independent of significance,

also remains positive with pockets of negative majority trend direction. An index value of 1 or -1 indicates complete agreement

on positive or negative trends, respectively, while values near 0 reflect either equal positive and negative trends or absence185

of significance. When all trends are considered regardless of significance (Fig. 2, 72% of land show a positive trend majority
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Figure 1. Examples of time series illustrating topology categories. The time series highlighted in red represents the dataset that fulfills the
definition of the respective topology category, while the remaining ensemble members are shown in gray. The cases shown here represent
illustrative examples and do not restrict the sign of the trend for opposition-based categories. In the examples shown, the positive signal
booster exhibits a positive statistically significant trend, the negative signal booster exhibits a negative statistically significant trend, and
the signal dampener exhibits a non-significant trend. The trend opposer exhibits a negative trend while the majority of ensemble members
show a positive trend direction. The significance opposer exhibits a statistically significant trend while most ensemble members show non-
significant trends. The opposition contributor exhibits a statistically significant negative trend while the remaining ensemble members show
either positive significant or non-significant trends.

(red and orange), 22% a negative trend majority (blue), and 6.5% have no directional majority (gray). Lighter colors indicate

a weaker majority. Strong majority (dark red and blue) was defined for values of 0.5, corresponding to more than 75 % of

the products to share a common trend direction. Taken together, these results show that the predominance of positive ET

trends is not only a global aggregate feature but also emerges across most land grid cells, although with substantial regional190

heterogeneity in the strength of agreement.

Trend magnitude varies substantially across products, and disagreement in direction is widespread (Fig. 2b. At the grid-

scale trend estimates across products are less consistent than the global average, with the upper and lower quartile disagreeing

on direction in almost half of the land indicating conflicting signals among ET products and reduced confidence in trend

interpretation. Quartile uncertainty in trend magnitude is also quite pronounced: in 56% of the land, it is greater than the195

quartile ratio of global ET trends. This quartile uncertainty in magnitude is often very large, exceeding a 10-fold difference

in about 20% of the land and a 20-fold difference in about 10% (Table S3). At the same time, approximately one third of

terrestrial land exhibits quartile uncertainty in magnitude, while retaining a consistent trend direction, with over 84% of this

area showing positive trends.
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Regions with low quartile uncertainty in both magnitude and direction ("None", ≈20%) allow identification of consistent200

ET trend patterns. Among these regions, nearly 78% share a positive trend, encompassing areas in North America (Alaska,

western Canada, parts of the midwest, west, and southeast US), central-eastern and southern Europe (eastern Poland, parts of

Croatia, Romania, Greece, Turkey), South Asia (western and northern India, Pakistan, eastern Iran), and eastern Asia (North

China and Mongolia). The other 22% share negative trends include southern Africa (western South Africa, Namibia, parts of

Mozambique), central Australia, the coastal area of northeastern Brazil, western Kazakhstan, and north of the Caspian Sea.205

These patterns show that robust spatial agreement in ET trends is limited to a relatively small fraction of land, whereas most

regions are characterized by substantial uncertainty in either magnitude, direction, or both.

Disagreement in trend direction is very common and is not only limited to trends with weak signals. In fact, opposition in

trend direction occur even among products with highly significant trends (p-values below 0.01). Figure 2c shows that such

opposing trends at low p-values are particularly notable in equatorial regions, with clear clusters in the Congo and Amazon210

Basins. Other clusters appear in colder regions, such as around Hudson Bay, southern South America, Northern Europe, and

temperate zones including Western Europe and regions east of the Black Sea. Many of these regions lack flux-tower stations

and are therefore likely weakly constrained by direct measurements. They also overlap with areas showing weaker or absent

majority trend direction. Opposition at low p-values is particularly meaningful because high variability in ET time series results

in many non-significant trend estimates. Despite this, 76% of land exhibits at least one significant trend at p ≤ 0.05 (Fig. S7).215

We can thus argue that directional disagreement is a structurally important feature of ET trend ensembles, occurring even where

individual products indicate strong and highly significant trends.

These results indicate that positive ET trends are predominant, but their magnitudes vary substantially across data products.

In nearly one fifth of all land areas, the lower and upper quartile trend estimates differ by more than a factor of ten, while nearly

half of global land area shows directional disagreement between quartiles. The onset of opposition among significant trends220

also occurs for highly significant trends affecting mostly equatorial and cold regions. While these diagnostics reveal widespread

disagreement at the grid scale, evapotranspiration trends are frequently interpreted at regional scales in climate assessments.

Aggregating trends across spatially coherent regions therefore provides a complementary perspective on ensemble consistency

and helps assess whether disagreement persists after spatial averaging.

Additional diagnostics supporting these findings, including spatial trend maps for all individual datasets (Figs. S5–S20) and225

agreement metrics (Figs. S21–S26), are provided in the Supplement.

3.2 Regional patterns of ET trends and ET trend uncertainty across IPCC reference regions

To assess ET trend consistency at regional scales, we analyze trends across the 44 reference regions defined by the Intergovern-

mental Panel on Climate Change (IPCC) Sixth Assessment Report (Fig. 3). These regions provide spatially coherent climate

units commonly used in climate assessment studies and allow aggregation of grid-scale trends into regionally interpretable230

signals.

Even after aggregation to terrestrial IPCC reference regions, ET trend magnitude and direction remain strongly dataset-

dependent (Fig. 3 a). While many regions exhibit relatively large trend magnitudes in at least some datasets, agreement in
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Figure 2. Variation in ET trends. (a) Variation of global annual trends across data sets including trend significance. The black line indicates
the upper (95 %) and lower (5 %) trend bounds from block-bootstrap for BESS v2 (Li et al., 2023), CAMELE (Li et al., 2024), ERA5-
land (Muñoz-Sabater et al., 2021), ETMonitor (Zheng et al., 2022), FLDAS (McNally et al., 2017), GLDAS-CLSM v2.1 (Li et al., 2020),
GLDAS-NOAH v2.1 (Beaudoing and Rodell, 2020), GLDAS-VIC v2.1 (Beaudoing et al., 2020), GLEAM v4.1a (Miralles et al., 2025),
JRA-55 (Kobayashi et al., 2015), MERRA-2 (Gelaro et al., 2017), MOD16A2 (Mu et al., 2011), SynthesizedET (Elnashar et al., 2021),
TerraClimate (Abatzoglou et al., 2018). (b) Map of majority trend direction of all trends irrespective of their significance. Red indicates a
positive direction and blue indicates a negative direction. Gray indicates an equal number of positive and negative trends.(c) Map of quartile
uncertainty in magnitude and direction of global annual trends. (d) Map of p-value indicating onset of directional opposition of significant
trends.

trend direction is limited. Products show complete agreement on trend direction in only four out of 44 IPCC reference regions,

indicating that regional ET trend estimates remain sensitive to dataset selection. Statistical significance also varies markedly235

across regions. In most regions, individual datasets indicate differing directions of change, highlighting that regional ET trend

estimates can vary depending on the dataset selected.
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The statistical significance of ET trends varies considerably across regions. Several regions exhibit relatively large trend

magnitudes while simultaneously showing low statistical significance across many products, indicating that trend signals are

often not strong across the products compared to the high variability in the annual time series.240

Across Africa, ensemble trends range from -2.7 mm yr−2 in West Southern Africa (WSAF) to 3.4 mm yr−2 in Central Africa

(CAF). The only region with complete directional agreement is Saharan Africa (SAH) with all data products indicating positive

trends. Most trends remain non-significant across products in African regions despite relatively high magnitude estimates such

as in WSAF with non-significant trends of up to -6.3 mm yr−2. Exceptions include CAF with 9 products resulting in significant

trend estimates (p-value < 0.05), generally agreeing on direction, except for FLDAS with significant negative trend of -5.1 mm245

yr−2.

Across Asia, ensemble trends are positive in all regions and range from 0.7 mm yr−2 in the Arabian Peninsula (ARP) to 3.9

mm yr−2 in South East Asia (SEA). While the only region with complete directional agreement is East Central Asia (ECA)

with consistent positive trends, positive trend direction dominates across all the continent, although significant directional

opposition occurs in East Siberia (ESB). This comparatively strong agreement in parts of arid and semi-arid Asia is consistent250

with the broader climate-stratified analysis (Fig. S27), where arid Köppen–Geiger classes exhibit relatively low directional

uncertainty. While ARP exhibits relatively consistent small trend magnitudes, large and significant trends are present in SEA

with magnitudes reaching 21.2 mm yr−2 in GLDAS-CLSM v2.1. Sustained trends of this magnitude would correspond to

cumulative ET changes exceeding 400 mm over two decades, implying potentially substantial impacts on regional water and

energy balances. Such large long-term changes further emphasize the importance of carefully evaluating the plausibility and255

structural behavior of individual ET products, while illustrating how strongly individual datasets can diverge from the broader

ensemble behavior.

Across Australasia, regions show weaker coherence. Ensemble trends range from -0.9 mm yr−2 in Central Australia (CAU)

to 2.2 mm yr−2 in New Zealand (NZ) and no region exhibits complete directional agreement. Negative trends dominate

Australasian IPCC reference regions except for NZ. Trends across Australasia are generally non-significant with the exception260

of two data products exhibiting significant positive trends in NZ, even resulting in a significant trend in the ensemble mean.

Across Europe, ensemble trends across regions are non-significant and range from -0.7 mm yr−2 in Eastern Europe (EEU)

to 1.6 mm yr−2 in the Mediterranean (MED). Despite the relatively high number of in situ observations, there is no region with

complete directional agreement and directional dominance is region dependent. Significant directional opposition is especially

evident in Greenland-Iceland (GIC).265

Across North and Central America, ensemble trends are positive and range from 0 mm yr−2 in North East North America

(NEN) to 2.5 mm yr−2 in Caribbean (CAR). Regions with complete directional agreement include North Central America

(NCA) and North-West North America (NWN) with consistent positive trends. While all trends are non-significant in NCA,

nine products exhibit significant positive trends in NWN. Positive non-significant trends dominate North and Central American

IPCC reference regions except for NEN where negative trends dominate and CAR where six products exhibit a negative trend270

exhibiting overall directional disagreement.
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Finally, across South America, regions exhibit some of the strongest inter-product contrasts. Ensemble trends range from -3

mm yr−2 in North East South America (NES) to 2.4 mm yr−2 in North South America (NSA), but no region shows complete

directional agreement, directional dominance is region dependent and significant directional opposition is common and present

in NSA, North West South America (NWS), South American Monsoon (SAM), South South America (SSA). Across all IPCC275

reference regions, trend magnitudes vary the most in NSA ranging from 19.1 mm yr−2 to -12.7 mm yr−2. These estimates

imply extremely large cumulative long-term ET changes and illustrate the extent to which individual products can diverge in

their representation of regional hydroclimatic change.

Overall, the regional analysis shows that spatial aggregation reduces some local scale noise, but substantial differences in

ET trend magnitude, direction, and significance persist across products and continents.280

Quartile uncertainty in both trend magnitude and direction is substantial in almost all IPCC reference regions (Fig. 3 b).

Area fractions of low quartile uncertainty ("None") range from around 1% in NEN, NWS, GIC and NSA to over 40% in

NWN, WSAF and CNA, with a mean area fraction of 17%. To fully describe the spatial extent of quartile, the category "Both",

representing simultaneous uncertainty in magnitude and direction, should also be considered. Area fractions of magnitude

uncertainty vary across IPCC reference regions, ranging from 26% in NEN to 84% in the Russian Far East (RFE). Half of all285

regions have magnitude uncertainty fractions between 49% and 63%. Quartile uncertainty in direction is similarly widespread,

ranging from 22% in RFE and NWN to 91% in NEN. For 50% of all regions direction uncertainty covers between 37% and

61% of the area, indicating a slightly broader spread than in the magnitude uncertainty. Notably, some regions with small area

fractions of magnitude uncertainty, such as GIC, NEN, NSA and NWS, can exhibit large fractions of direction uncertainty.

Therefore, here, a small area fraction of magnitude uncertainty is not a sign of agreement in trends because it might coincide290

with substantial directional disagreement. Finally, the four regions with complete trend directional agreement SAH, ECA, NCA

and NWN are also among the regions with the lowest area fraction in grid-scale quartile uncertainty in direction.

Quartile uncertainty in aggregated IPCC reference regions reveal a hemispheric contrast: low uncertainty regions are mainly

located in the Northern Hemisphere and almost all regions with directional uncertainty in the Southern Hemisphere, together

with cold polar regions and Eastern Europe (Fig. 3 c). There is no precise area fraction threshold that determines whether grid-295

wise quartile uncertainty translates into aggregated quartile uncertainty. We can observe a tendency for regions with higher

area fractions of low uncertainty (“None”) to also show low aggregated quartile uncertainty. Examples include Africa: WSAF,

SAH; Asia: SAS, WCA; Europe: WCE; North and Central America: NWN, CNA, ENA, ENA, NCA; South America: NES).

Grid-scale quartile uncertainty can affect large area fractions even when the aggregated regional estimate shows quartile

agreement both in trend direction and magnitude. This reflects the effect of spatial smoothing across large and climatically300

meaningful regions, which can decrease ensemble spread and increase the apparent robustness of the regional mean. We can

identify regions such as CAF in Africa where the area fraction of direction and magnitude uncertainty reaches 95%, but this

strong local disagreement is not evident in the aggregated estimate.

To complement quartile uncertainty across IPCC reference regions, area fractions of grid-scale quartile uncertainty across

environmental gradients, namely ET quantiles, elevation classes, latitudinal classes and main Koeppen-Geiger climate classes305

were also estimated (Figure S27). Along these gradients, direction uncertainty shows the clearest structure: it increases across
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ET quantiles and decreases with elevation, except above 3000 m. It is also highest in equatorial latitudes and Koeppen-Geiger

climate class and northern latitudes and polar climates. By contrast, magnitude uncertainty remains relatively stable across

these gradients. Higher magnitude uncertainty can be observed for lowest ET quantiles and southern most latitudinal band. The

area affected by simultaneous uncertainty in magnitude and direction largely follows the same pattern as direction uncertainty.310

Consequently, areas of low uncertainty follow the inverse shape of direction uncertainty with negligible area fractions of low

uncertainty in highest ET quantile, 3000m + and polar and equatorial climates.

Regional patterns also differ markedly across continents. Africa and South America show some of the largest disagreement,

combining wide spreads in trend magnitude and direction. Asia is more consistently characterized by positive ensemble trends,

although full directional agreement remains rare. Australasia is dominated by negative trends except for New Zealand, but most315

trends are not statistically significant. Europe displays generally weak and mixed trends, with no region exhibiting complete

directional agreement. North and Central America show the clearest regional coherence towards positive trends, including two

regions with complete agreement in trend direction. Overall, spatial aggregation to IPCC regions reduces local scale complexity

but does not remove substantial inter-product differences in regional ET trend estimates.

Overall, the regional analysis shows that aggregation to IPCC reference regions reduces some grid-scale variability but does320

not eliminate disagreement among evapotranspiration products. Complete directional agreement across all datasets occurs in

only four regions, while most regions exhibit differing trend directions among products. Large trend magnitudes are common

across regions, yet statistically significant trends remain relatively rare and unevenly distributed across the ensemble. Notably,

directional disagreement persists even among statistically significant trends in several regions including Central Africa, Eastern

Siberia, Greenland–Iceland, and multiple South American regions. Quartile diagnostics reinforce this interpretation by further325

indicating that direction uncertainty varies more strongly across regions than magnitude uncertainty, with substantial fractions

of land area exhibiting opposing trend signs between quartiles. These results highlight that regional ET trend estimates remain

sensitive to dataset choice even after spatial aggregation. To better understand how individual datasets contribute to regional

agreement and disagreement within the ensemble, we next apply the trend topology framework to characterize the structural

roles of products in shaping ensemble trend signals.330

3.3 Global topology of ET product roles

To capture the contribution of individual ET data products to the overall trend signal and uncertainty, we explore how their

trends behave compared to the rest of the dataset ensemble (Fig. 4). The six categories consist of three metrics to represent trend

signal “positive signal boosters”, “negative signal boosters”, and “signal dampeners” and three metrics representing opposition,

namely “opposition contributor”, “trend opposer”, “significance opposer”.335

The topology analysis reveals several recurring product roles. Products that appear as strong trend opposers and opposition

contributors also tend to emerge as negative signal boosters. In practice, these datasets contribute a large fraction of significant

negative trends and frequently generate negative trends in grid cells where the ensemble majority indicates positive trends. In

addition, these products often initiate directional opposition within the ensemble. Notable examples in this category include

BESS v2, SynthesizedET, FLDAS, JRA-55, ERA5-Land and MERRA-2. Several of these datasets, particularly BESS v2,340
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Figure 3. ET trends and quartile uncertainty across IPCC reference regions. (a) Annual ET trend estimates in mm yr−2 were calculated
from annual data covering 2000-2019 for the ensemble and for BESS v2, CAMELE, ERA5-land, ETMonitor, FLDAS, GLDAS-CLSM v2.1,
GLDAS-NOAH v2.1, GLDAS-VIC v2.1, GLEAM v4.1a, JRA-55, MERRA-2, MOD16A2, SynthesizedET, and TerraClimate. Ensemble
trends were estimated based on the time series of the ensemble mean where all products were weighted equally. The data products are
ordered by mean trend magnitude, with the dataset with the highest positive trend shown at the top. (b) Area fraction of grid-scale quartile
uncertainty in trend direction, magnitude, both or none. The IPCC reference regions in a and b are ordered by their area fraction of quartile
uncertainty, with the IPCC reference region with highest area fraction listed first. (c) Hexagon map of IPCC reference region with quartile
uncertainty using aggregated trend estimates from a. Central American IPCC reference regions were grouped with North America.
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SynthesizedET, FLDAS, JRA-55, ERA5-Land also rank among the strongest signal dampeners, showing the highest area

fraction of grids with non-significant trend. Together, these patterns indicate that products driving ensemble opposition are

often also those that weaken the overall strength and coherence of the trend signal.

In contrast, most of the strongest positive signal boosters show a different pattern. These products tend to act as strong

significance opposers, while remaining weak as trend opposers and opposition contributors. Rather than opposing the dominant345

trend direction, they frequently yield statistically significant trends in locations where the majority of datasets indicate non-

significant trends. Examples include GLDAS-VIC v2.1, GLDAS-NOAH v2.1, MOD16A2, and ETMonitor. Interestingly, none

of the top positive signal boosters are reanalysis products (Fig 4). This contrast highlights an important asymmetry in ensemble

behavior: products that amplify negative signals often do so by opposing the dominant trend direction, whereas products that

amplify positive signals mainly strengthen significance rather than alter direction.350

Some datasets exhibit mixed roles that deviate from these broader patterns. MERRA-2, for example, appears both as a

significance opposer, but acts as a negative signal booster indicating that it contributes negative trends while also producing

statistically significant trends in locations where the ensemble signal is weak. GLDAS-VIC v2.1 shows a different type of

mixed behavior: although it ranks among the strongest positive signal boosters, it also appears as a strong opposition contrib-

utor, producing significant positive trends in locations where other products indicate significant negative trends. GLEAM and355

TerraClimate are both signal dampers. In the case of TerraClimate, this role is especially clear, as it also appears among the

weakest signal boosters while showing little tendency either to oppose majority significance or to contribute to broader op-

position. GLEAM manifests a more medium rank in signal strength, also reflected in slightly stronger signals in oppositional

categories. These mixed cases illustrate that product roles cannot always be reduced to a simple contrast between boosters and

opposers, but instead span a wider range of structural behaviors within the ensemble.360

Global trend signatures across data products reveal that while most outliers and trend direction opposers are negative signal

boosters, positive signal boosters generate significant trends where the majority does not. ET products differ substantially in

both the spatial distribution and area fraction of significant trends. To evaluate the robustness of these roles, the topology

metrics were evaluated across multiple significance thresholds (Fig. S28). The overall product roles remain largely consistent

across p-value thresholds, indicating that the identified patterns are relatively stable. Still, some changes in metric strength365

are observed. For example, the opposition contributor metric becomes stronger with increasing p-value thresholds for BESS

v2 and SynthesizedET, while it weakens for GLDAS-NOAH v2.1. Similarly, the strength of the significance opposer metric

decreases with increasing thresholds for some datasets (e.g., GLDAS-CLSM v2.1) and increases for others (e.g., JRA-55).

These sensitivity tests imply that while the intensity of individual roles may shift with the significance threshold, the broader

topology of product behavior remains robust.370

3.4 Variability of ET product roles across reference regions

To evaluate whether the dataset roles identified in the global topology are preserved at regional scales, we examine topology

patterns across three representative IPCC reference regions: the South American Monsoon (SAM), the Tibetan Plateau (TIB),

and Western Central Europe (WCE) (Fig. 5). These regions were selected to capture different levels of ensemble disagreement,
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Figure 4. Global topology of trend signatures. Darker color and larger circles indicate a stronger signature of a given role. Datasets are
ordered according to their rank as "Trend opposers", highlighting products that most frequently deviate from the majority trend direction
across the ensemble

trend direction and environmental conditions. To facilitate comparison between global and regional dataset roles, datasets are375

ordered according to their global rank as trend opposers (Fig. 4).

Figure 5 shows that dataset roles vary across regions, indicating that ensemble behavior is partly region dependent. In

particular, the strength of the trend opposer role differs between regions. For example, ERA5-Land does not act as a trend

opposer in WCE, and MERRA-2 shows little trend opposer behavior in TIB. The selected regions were chosen to represent

contrasting environmental conditions and levels of ensemble disagreement, and illustrate how the strength of topology roles can380

shift geographically. Some datasets, such as ERA5-Land, MERRA-2 and TerraClimate, exhibit substantial regional variation

in their tendency to amplify or oppose dominant trend signals. By contrast, BESS v2, SynthesizedET, and FLDAS more

consistently appear as negative signal boosters and trend opposers across the selected regions, although the strength of these

roles still varies geographically.

Datasets acting as positive signal boosters tend to show stable significance opposer behavior across regions. Products such385

as MOD16A2, ETMonitor, GLDAS-NOAH v2.1, CAMELE, and GLDAS-VIC v2.1 consistently generate significant trends

in locations where the ensemble majority indicates weaker or non-significant trends. Only a small number of datasets departs

from this pattern. For example, GLDAS-CLSM shifts roles in TIB, where it becomes a stronger negative signal booster and

contributes more strongly to directional opposition. Similarly, MERRA-2 shows weaker significance opposer behavior in WCE,

coinciding with an increased signal dampener role.390

Regional variation is also evident in the opposition contributor behavior, although it generally retraces the pattern of negative

signal booster role. As observed in the global topology, exceptions occur for datasets such as GLDAS-VIC v2.1, which con-

tributes to opposition onset despite functioning primarily as a positive signal booster. MERRA-2 also deviates from the general
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pattern in TIB, where it shows a stronger positive signal booster role. Such exceptions become especially pronounced in re-

gions with dominant negative trends such as in NES. There, GLDAS-VIC, ETMonitor and MOD16A act as strong opposition395

contributors and even trend opposers, while also exhibiting a stronger positive signal booster role.

A different type of behavior is seen in data products that maintain intermediate positions across regions. GLEAM, for exam-

ple, does not appear among the strongest signal boosters or opposers, but instead occupies mid-range ranks across the topology

metrics both globally and regionally. Its opposition-related metrics, including trend opposer and opposition contributor, also

remain within moderate ranks rather than showing weak values. This indicates that GLEAM participates in ensemble disagree-400

ment without systematically amplifying or dampening the dominant trend signal. As a result, its behavior remains relatively

stable across the analyzed IPCC reference regions.

Overall, the regional topology analysis indicates that while the strength of individual dataset roles can vary across regions,

several structural relationships remain consistent. Negative signal boosters tend to act as trend opposers and opposition con-

tributors, whereas positive signal boosters frequently appear as significance opposers. At the same time, the regional variations405

highlight that dataset contributions to ensemble trend signals are not fixed, but can depend on geographic context. A complete

overview of topologies across IPCC reference regions grouped by continent can be found in the Supplement (Figs. S29-S34).

3.5 Topology use case: Mapping where GLEAM most strongly opposes the majority trend

As a practical illustration of the topology framework, we examine where GLEAM v4.1a most strongly opposes the majority

ensemble trend direction. In the global topology, GLEAM occupies mostly intermediate ranks across the topology metrics410

rather than emerging as a strong signal booster or opposer. This behavior is broadly consistent with its widespread use as a

benchmark-type product in hydroclimatic studies. At the same time, its relatively balanced global position makes it a useful

case study for illustrating how datasets that appear globally moderate can still exhibit strong regional disagreement with the

ensemble.

This regional structure is clearly visible in Figure 6, which shows that GLEAM opposition to the ensemble majority is415

not spatially uniform, but concentrated in a limited number of regions. The strongest opposition of GLEAM to the ensemble

majority occurs in Northern Europe (NEU) and South West South America (SWS), with additional high-ranking opposition

in West North America (WNA), North Central America (NCA), South Central America (SCA), North East Africa (NEAF),

East South Africa (ESAF), and East Central Asia (ECA). In these regions, GLEAM more frequently assigns a trend direction

opposite to that supported by most of the other ET products. For example, in a region where the ensemble is dominated420

by positive ET trends, GLEAM may instead indicate decreasing ET, or vice versa. Thus, although GLEAM is not globally

identified as a strong trend opposer, it becomes regionally important where its trend direction persistently diverges from the

ensemble consensus.

This has direct implications for interpretation. If a study were to rely only on GLEAM in NEU or SWS, it could infer a

regional ET tendency that differs from the one suggested by most other datasets. In practice, this means that conclusions about425

evaporation intensification, drying-related decline, or broader changes in land-atmosphere interactions could become highly

dataset-dependent, and would require support from additional and alternative local data or mechanistic explanations to be
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Figure 5. Topology of trend signatures for three IPCC reference regions South American Monsoon (SAM), Tibetan Plateau (TIB) and West-
Central Europe (WCE). Dark color and larger radius indicate a stronger trend signature for a given category. Datasets are ordered according
to trend opposer of the global topology.

trusted. The issue is especially important in regions where quartile diagnostics already indicate substantial directional uncer-

tainty, because in such cases GLEAM is not simply one dataset among many, but one that may actively push the interpretation

away from the ensemble majority. Conversely, in regions where GLEAM shows weak opposition, its use as a representative430

single-product choice may be more defensible.
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Figure 6. Where does GLEAM 4.1a oppose majority trend direction the most?

4 Discussion and conclusions

This study provides a harmonized assessment of ET trend estimates across 14 widely used global data products for 2000–2019.

To achieve this we introduce a topology guided framework to diagnose how individual datasets behave within a multi product

ensemble. The results show that recent ET trend estimates are strongly dataset-dependent even after harmonization to a common435

spatial and temporal framework.

At the global scale, the majority trend direction is positive, with 72% of land showing a positive trend majority, 22% showing

a negative majority, and 6.5% showing no majority at all. However, this apparent large-scale coherence conceals substantial

disagreement across products in both trend magnitude and direction. At the grid scale, the upper and lower quartile trends
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disagree in sign over 47% of land, while magnitude uncertainty exceeds the global quartile ratio over 56% of land. In nearly440

one fifth of land areas, the lower and upper quartile trends differ by more than a factor of ten. Thus, despite a dominant positive

global tendency, the evident disagreement in quartile sign and magnitude underscores that ensemble behavior can be strongly

influenced by the dataset selection. Most importantly, the topology analysis shows that disagreement is structured rather than

random. Some products repeatedly act as negative signal boosters and trend opposers, whereas others behave as positive signal

boosters that generate significance where the ensemble majority remains weak. This reveals that these products differ not445

only in their estimated ET, but also in their structural roles within the ensemble. Knowledge of these ensemble roles can help

interpret ET trend analyses based on individual products.

Some broad features of the results are consistent with prior expectations. The domination of positive ET trends globally

and across many regions, particularly in parts of Asia, North America, and several mid-latitude regions, has been reported in

many studies (Yang et al., 2023; Zhang et al., 2015, 2016, 2022). Still, some of our findings are unexpected. For instance,450

disagreement is not confined to weak or marginal signals, but opposing trends occur even at very low p-values, especially in

equatorial and cold regions. A direct implication of this is that statistical significance cannot necessarily be interpreted to inter-

product consistency. What is also quite striking is that substantial disagreement is observed in data-rich regions; significant

diverging trends appear across North America and Europe. Moreover, regional aggregation reduces some local variability,

but does not resolve the disagreement as complete directional agreement is found in only 4 IPCC reference regions. This455

structured product dependence also helps explain why global ET trend studies have reported discrepant results, as the regions

and magnitudes of disagreement can shift substantially with ensemble composition, study period, and spatial scale.

A clear example is the contrast between Yang et al. (2023), who reported a global increase in ET, and Kim et al. (2021), who

found a decrease. In our analysis, most products show positive global annual ET trends, and six products exceed the 1.07 mm

yr−2 maximum reported by Pan et al. (2020) for 1982–2011, with values ranging from 1.31 to 4.06 mm yr−2 over 2000–2019.460

In that sense, some products do support the interpretation of accelerated terrestrial evapotranspiration. However, the topology

framework shows that several of these products, especially the GLDAS family and CAMELE, occupy systematic ensemble

roles as signal boosters, while GLDAS-VIC v2.1 and GLDAS-NOAH v2.1 also act as signal opposers by generating significant

trends where the ensemble majority does not. The discrepancy between increasing and decreasing global ET estimates is

strongly affected by the products that exert disproportionate influence within the ensemble, beyond the reported mean ET trend465

values. If all products are treated as equally plausible, strong claims about accelerated global ET should be made with caution.

The prominence of the GLDAS family in these results also points to a second issue that is not captured by trend statistics

alone, namely product genealogy. GLDAS-CLSM, GLDAS-NOAH, and GLDAS-VIC are not fully independent estimates, but

closely related products that share the same atmospheric forcing and differ mainly in land surface model physics. More broadly,

several ET datasets in our ensemble are linked through common forcing data, model structures, calibration sources, or direct470

compositing. FLDAS partly overlaps with GLDAS through its NOAH lineage, while CAMELE and SynthesizedET explicitly

merge information from other ET products. Non-independence may also arise through shared calibration and validation targets.

Several ET datasets, including MOD16, BESS, GLEAM, and ETMonitor, rely on FLUXNET observations for training, tuning,

or evaluation, introducing an additional source of convergence across products. As a result, apparent agreement among products
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cannot always be interpreted as independent confirmation, because part of that agreement may reflect shared ancestry rather475

than genuinely distinct lines of evidence.

This perspective complements the topology framework. Topology shows which datasets systematically amplify, dampen, or

oppose ensemble trends, whereas genealogy helps explain why some of these behaviors cluster within related product families.

In this sense, equal treatment of all products may overstate the effective size of the ensemble and give disproportionate influence

to particular lineages, by creating multiplicity artifacts (Vargas Godoy et al., 2025). The issue has already been identified in480

climate model ensembles, where spread within one model family does not remove structural differences across models with

different process formulations (Tebaldi and Knutti, 2007). For ET products, this means that inter-product spread and opposition

should be interpreted together with lineage, because some ensemble behavior may reflect multiplicity of related products rather

than multiplicity of independent evidence. This motivates a broader consideration of ensemble dependence, where structured

product roles may be reinforced by shared lineage, forcing, or benchmarking across datasets.485

We further stress the caution raised by Miralles et al. (2016) regarding the use of single products in large-scale applications,

while noting that robust checks to identify problematic datasets are still urgently needed. Our results show that substantial

differences can arise even when a single product is used for regional studies, including assessments of ET trends, climate

controls, and drivers. The topology framework reveals that disagreement within ET ensembles is not evenly distributed across

datasets, but instead reflects structured behavioral roles. As a result, selecting a single ET product may lead to systematic over-490

estimation, underestimation, or even directional disagreement in regional trend assessments. The GLEAM case study further

shows that datasets with only moderate global topology ranks can still produce strong regional opposition to the ensemble trend

signal (Figure 6), highlighting that product choice matters not only because datasets differ, but because they differ in regionally

contingent ways.

The strong product dependence in ET trend estimates highlights how difficult it remains to reach consensus across datasets.495

These discrepancies affect not only the interpretation of recent ET change, but also confidence in the diverse methodolog-

ical frameworks underlying current ET products, including empirical retrieval schemes, machine-learning approaches, and

process-based representations. Although Or (2020) cautioned against the “tyranny of small scales” and argued that empirical

approximations may remain valid in large-scale land surface models, substantial disagreement in trend magnitude and direction

still raises the question of which ET-relevant processes, controls, or empirical relationships are being captured inconsistently500

across products. Our analysis focused on the empirical evidence of recent ET changes, but an important next step is to examine

how these discrepancies propagate into inferred climate controls on ET variability. Distinguishing whether disagreement arises

from input data, model structure, or algorithmic design is difficult from multi-product comparison alone. A useful extension

would be to build on Pan et al. (2020), who attributed interannual ET variability using ensemble means from selected machine-

learning, remote-sensing, and land-surface-model products, and identified distinct spatial patterns of precipitation, radiation,505

and temperature controls.

At the same time, a practical next step is to move topology from a diagnostic framework to a decision framework for ET

ensemble design. Rather than treating all products as equally informative, topology roles could classify datasets within each

region into core and conditional groups based on their tendency to dampen, amplify or oppose ensemble trend signals. Core
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products would define a conservative default ensemble, while conditional products, such as persistent trend opposers or sig-510

nificance opposers, would be retained mainly for sensitivity testing rather than baseline inference. For example, in WCE,

GLDAS-VIC ranks among the strongest negative boosters, significance opposers, and opposition contributors (Figure 5), sug-

gesting that it should not be treated as a neutral ensemble member when defining the default regional trend signal. In other

regions, however, the same product may occupy a less oppositional role and therefore remain suitable for inclusion in a core

ensemble. Such an approach would support fitness-for-purpose ensemble construction, recognizing that robust trend detection,515

hotspot identification, and attribution analyses may each require different product combinations and different tolerance for

oppositional behavior.

More fundamentally, these results suggest that ET data products should be understood not only by the amount of disagree-

ment they contain, but also by the way that disagreement is organized among them. The topology framework was developed to

make this internal structure visible. In doing so, it shifts the focus from uncertainty as spread alone to uncertainty as a property520

of a multi-dataset ensemble. This perspective may be useful well beyond evapotranspiration. Across hydroclimatic research,

data ensembles are routinely and increasingly used to infer change, identify hotspots, and support attribution, yet their members

are often treated as broadly comparable and independent by default. Our results suggest that this assumption can be misleading.

Making structural roles explicit offers a path toward more transparent, more critical, and ultimately more informative use of

hydroclimatic data products.525

5 Code availability

All code used for data processing, trend estimation, topology analysis, and figure generation is publicly available at https:

//github.com/jorub/ithaca/tree/main/projects/trend_evap. A permanent archived version will be provided upon acceptance.

6 Data availability

All original ET products used in this study are publicly available through their respective providers and can be accessed using530

the evapoRe R package (Ziveh et al., 2023), except for MOD16A2, which can be downloaded using the MODISTools R

package (Hufkens and Labs, 2023).

The harmonized annual ET datasets used for trend estimation are available at https://doi.org/10.5281/zenodo.18150992

(Thomson et al., 2026a).

The spatial masks used in the analysis, including IPCC reference regions, elevation classes, ET quantiles, and Köppen–535

Geiger climate classifications ("evap_mask.csv"), are available at https://doi.org/10.5281/zenodo.14331232 (Thomson et al.,

2026b).

All processed gridded trend estimates, topology metrics, and figure source data are available at https://doi.org/10.5281/

zenodo.19843461 (Thomson, 2026).
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