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Abstract

Total evapotranspiration (ET) trends remain highly consistent across FLUXCOM-X-BASE
and GLEAM v4.2a, indicating a robust growing-season ET change in northern high latitudes.
However, the mechanisms behind this change are less consistent than the total flux suggests.
This thesis examines whether vegetation greening explains ET changes, whether ET
components compensate for one another, and whether dry-wet ecosystem classifications
represent process-level ET controls.

Growing-season ET north of 45°N from 2001 to 2020 was analyzed using FLUXCOM-X-
BASE and GLEAM v4.2a, together with MODIS leaf area index (LAI), land surface
temperature (LST), albedo, and the GLWD v2.0 dry-wet classification. The analysis focused
on total ET trends, component partitioning, nonlinear temperature responses, and pixel-wise
driver attribution.

Although total ET trends are broadly consistent between the two products, their inferred
mechanisms differ substantially. Dry ecosystems show a near-compensatory substitution
among ET components, whereas wet ecosystems show weak or nearly absent component
changes. The direction of this substitution is broadly consistent with vegetation greening, but
the relationship between pixel-level Ec/ET trends and LAI trends is very weak, with an R? of
approximately 0.02. This suggests that greening alone cannot explain the magnitude of ET
component changes, and that non-vegetation processes are also important.

ET responds nonlinearly to LST anomalies. A cold-end breakpoint near -9°C likely reflects
constraints from snow cover and vegetation dormancy rather than water limitation. When
stratified by latitude, an inverted-U warm-end response appears in the 45-55°N band for both
dry and wet pixels, suggesting that the transition from energy limitation to water limitation
follows a latitudinal gradient rather than the GLWD-defined dry-wet split.

Pixel-wise partial correlations further show that dry and wet ecosystems within the same
latitude band have similar driver structures, with the largest dry-wet difference reaching only
0.08 absolute units for any single driver. Latitude separates ET controls more clearly: LST and
soil moisture correlations strengthen toward higher latitudes, while LAI weakens slightly.
Finally, driver attribution differs strongly between products. The LAI-dominant pixel share
drops from 75% and 65% in dry and wet pixels under FLUXCOM-X-BASE to 34% and 29%
under GLEAM v4.2a, whereas LST correlations remain relatively stable. This divergence
likely reflects predictor circularity in FLUXCOM-X-BASE, whose machine-learning
framework uses MODIS-derived variables that overlap with the driver set. Overall, total ET
trends are robust across products, but mechanistic attribution is highly product-dependent.
Future large-scale ET studies should therefore validate findings across multiple datasets and
critically examine internal model assumptions before drawing causal conclusions.

Keywords: Evapotranspiration; Vegetation greening; Arctic; Remote sensing; Climate
change; Global warming.
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1 Introduction

High-latitude ecosystems are undergoing rapid warming and vegetation greening,
fundamentally changing land—atmosphere interactions. The Arctic warmed at approximately
four times the global average rate between 1979 and 2021 under the effect of arctic
amplification (Rantanen et al., 2022). With this warming trend, satellite remote sensing has
recorded widespread vegetation greening over the past four decades, primarily manifested as
shrub expansion, lengthening of the growing season, and increases in leaf area index (LAI)
(Berner et al., 2020; Frost et al., 2025) . The temperature limitation on vegetation growth has
weakened significantly — between 1982 and 2012, the global area of vegetation subject to
cold-temperature limitation decreased by 16% (Keenan & Riley, 2018). Understanding the
climatic consequences of this greening trend requires a closer consideration of how vegetation
changes alter the exchange of energy and moisture between the land surface and the atmosphere.

Vegetation changes feedback to the climate system through two parallel pathways:
biogeophysical processes that alter the surface energy balance, and biogeochemical processes
that alter atmospheric greenhouse gas concentrations (Bonan, 2008). Vegetation changes affect
the surface energy budget primarily by two mechanisms on the biogeophysical side. The first
is albedo, which is a measure of how much sunlight a surface reflects. When plants spread over
previously snow-covered ground, the land turns darker. Darker surfaces absorb more solar
energy, so the area warms up (Chapin et al., 2005). The second is ET: vegetation transports
water to the atmosphere via transpiration while consuming surface energy in the form of latent
heat. These two pathways push temperature in opposite directions. Which one wins out in a
given area and season determines whether vegetation growth makes a region warmer or cooler
(Zhang et al., 2014). Among these feedback mechanisms, ET is the key flux linking vegetation,
the water cycle, and the energy balance, and is therefore the central focus of this study.

Specifically, ET integrates three components: soil evaporation (Es), plant transpiration (Ec),
and canopy interception evaporation (Ei) (Yang et al., 2023). It is both the largest water output
pathway of terrestrial ecosystems, returning over 60% of terrestrial precipitation to the
atmosphere (Jung et al., 2010), and a key regulator of surface energy partitioning, with the
associated latent heat flux consuming more than 50% of the net radiation at the land surface
(Yang et al., 2023). In recent decades, global ET has been accelerating: diagnostic datasets
show that the growth rate of ET has increased from 0.66 £+ 0.38 mm yr? during 1982-2011 to
1.19 £ 0.31 mm yr? during 2001-2020, with the largest increases concentrated in the boreal
high-latitude regions where vegetation greening has been most pronounced (Yang et al., 2023).

However, the increase in total ET does not reveal whether water leaves the surface through
plant transpiration or soil evaporation. At the global scale, plant transpiration accounts for
approximately 64 = 13% of total ET (Good et al., 2015), but this proportion varies greatly
across ecosystems and is strongly controlled by vegetation structure — LAI can explain
approximately 43% of the inter-ecosystem variation in T/ET (L. Wang et al., 2014). Notably,
this control is not linear: in high-LAI areas, the simultaneous increase in canopy interception
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loss partially offsets transpiration gains, leading to a saturation effect in T/ET (L. Wang et al.,
2014; Yang et al., 2023). This implies that, as high-latitude vegetation continues to green, the
component structure of ET — i.e., the ratios of Ec/ET and Es/ET — may be undergoing a
systematic reorganization, and the direction of this reorganization will determine whether
vegetation greening enhances evaporative cooling or promotes sensible heating. At present,
such component-level analysis of ET changes is virtually absent for high-latitude regions.

Although both models and observations confirm that vegetation across the northern latitudes is
greening, they yield markedly different conclusions regarding the direction and climatic effects
of ET changes. Regional Earth system models generally predict that vegetation greening
enhances ET by increasing LAI and reducing albedo, and that the resulting evaporative cooling
in summer can partially offset (by up to ~0.81 °C) the warming intensified by albedo reduction
in winter and spring (by up to ~1.35 °C) (Bonfils et al., 2012; Zhang et al., 2014). However,
Lafleur & Humphreys (2018), using eddy covariance measurements over six growing seasons
at three tundra sites with varying shrub cover in the Canadian Low Arctic, found that the site
with the highest shrub cover showed no significant difference in cumulative latent heat flux
compared to the low-cover sites, whereas sensible heat flux was significantly higher — the
excess absorbed energy was not used for evaporative cooling as models predicted, but instead
directly heated the atmosphere. Mekonnen's review study pointed out that the effect of shrub
expansion on ET is highly dependent on moisture availability, and that under dry conditions,
shrubs may suppress transpiration by closing stomata rather than enhancing it (Mekonnen et
al., 2021). This points to a deeper issue: the northern high-latitude domain is dominated by dry
uplands, while wetlands cover only about 14% of the land area (Olefeldt et al., 2021), and these
two ecosystem types differ fundamentally in moisture supply and energy partitioning, yet
existing models and large-scale analyses rarely distinguish between them.

This difference is primarily reflected in the distinct ET response logic of the two system types
to warming. In wet ecosystems, where moisture is abundant, ET is mainly driven by available
energy. Helbig(2020; 2020) found that peatlands can have ET up to 30% higher than adjacent
forests under high VPD conditions, and their unique surface properties cause peatland
landscapes to be 1.7-2.5 °C cooler than forests during the growing season, largely consistent
with the evaporative cooling pathway. However, in dry ecosystems, moisture availability is the
fundamental constraint on ET. When soil moisture falls below a critical threshold, plants close
their stomata and ET declines rather than increases (Seneviratne et al., 2010). Evidence at the
global scale indicates that this transition from energy limitation to water limitation is
accelerating (Denissen et al., 2022; Jiao et al., 2021). In high-latitude dry systems, permafrost
meltwater can contribute up to 17.6% of growing-season ET during dry years, partially
buffering the moisture constraint (Park et al., 2021), but as permafrost degradation accelerates,
this buffering effect is also weakening. Because Earth system models typically do not treat
wetlands as an independent functional type (Helbig, Waddington, Alekseychik, Amiro,
Schulze, et al., 2020), and most large-scale analyses use spatial resolutions (>0.5°) insufficient
to distinguish dry and wet pixels, the above divergent mechanisms are masked.
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Although the aforementioned studies have revealed trends in total ET and its response
mechanisms, research on changes in the component structure of ET at high latitudes remains
limited. In terms of component structure, how the individual ET components (Ec, Ei, Es)
differentially change along the dry—wet ecosystem gradient in response to vegetation greening
currently has almost no observational evidence at high latitudes, while Li et al. (2026) noted
that the sensitivity of ET to LAI is declining globally. Meanwhile, Fu et al. (2024) have
demonstrated that the critical soil moisture threshold (0 _crit) exhibits spatial heterogeneity, but
whether a nonlinear threshold in the temperature—ET relationship exists along high-latitude
dry—wet gradients has not yet been tested. More fundamentally, whether ecosystems under
different moisture conditions are controlled by systematically different driving factors still
lacks direct evidence at high latitudes; and the spatial compensation effect revealed by Jung et
al. (2017) suggests that large-scale analyses that do not distinguish ecosystem types will
obscure the true controlling mechanisms. These unresolved questions motivate the present
study, whose specific aims and hypotheses are outlined in the following section.
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2 Research Aim and Hypotheses

2.1 Aim

This study examines how ET has changed across the northern Hemisphere above 45°N between
2001 and 2020, using data from multiple remote sensing sources. Most existing studies treat
total ET as a single number. This study goes further by separating ET into its components and
asking how vegetation greening has reshuffled the balance between them. Apart from that, this
study also examines how temperature and ET related to each other, and whether this
relationship shifts across latitudes. Finally, it asks which environmental factors most strongly
drive ET changes, and whether dry and wet ecosystems follow different rules.

2.2 Hypotheses

H1: In dry ecosystems, soil evaporation accounts for a large share of total ET since the canopy
is sparse. When vegetation expands and leaf area increases, the canopy starts intercepting
incoming radiation before it reaches the soil surface. Soil evaporation therefore drops, and
transpiration takes over a larger fraction of total ET, thus the Ec/ET ratio rises (Yang et al.,
2023). In wet ecosystems, water supply is not a limiting factor there, so transpiration is already
high before any greening occurs. Adding more leaf area does not push transpiration much
further, partly because denser canopies also increase interception losses. The transpiration
fraction therefore stays relatively flat even as vegetation grows (H. Li et al., 2026; Yang et al.,
2023).

Testable predictions: (i) Dry pixels show a significant positive Ec/ET trend and a
corresponding negative Es/ET trend over 2001-2020; wet pixels show near-zero trends in both
ratios. (i1) The slope linking LAI trend to Ec/ET trend is steeper in dry than in wet ecosystems.
(ii1) The sensitivity of ET to LAI (OET/0OLAI) decreases with increasing LAI, consistent with a
saturation effect, and this decay is evident in both ecosystem types.

H2: The temperature—ET relationship is nonlinear in dry ecosystems. In wet ecosystems,
energy supply is the main bottleneck for ET. More warmth means more energy available to
drive evaporation and transpiration, so ET rises steadily with temperature. In dry ecosystems,
temperature still drives ET upward at the cooler end. However, after a certain point, rising
temperatures push water demand beyond what the soil can supply. At that stage, ET stops
increasing and may decline (Denissen et al., 2022; Seneviratne et al., 2010).

Testable predictions: (i) A piecewise or quadratic model fits the temperature—ET relationship
better than a linear model in dry ecosystems, whereas a linear model adequately describes wet
ecosystems. (ii) At the warm end of the temperature range, ET flattens or declines in dry pixels
but not in wet pixels. (iii) When data are split by latitude band, the thermal threshold appears
first in the 45-55°N zone, where dry ecosystems reach the highest absolute temperatures.
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H3: Dominant environmental drivers of ET differ between ecosystem types, reflecting the
underlying contrast between energy-limited and water-limited regimes (Denissen et al., 2022;
Seneviratne et al., 2010). In wet ecosystems, where soil moisture is generally above the
threshold for stomatal regulation, ET variability is expected to be controlled primarily by
energy supply and the size of the transpiring surface, with land surface temperature (LST, as a
proxy for available energy) and leaf area index (LAI) acting as the leading partial correlates.
In dry ecosystems, water availability is expected to exert a stronger constraint, with soil
moisture (SM) and precipitation (Precip) showing partial correlations of larger absolute
magnitude than in wet ecosystems. Surface albedo is included as a fifth candidate driver to
represent the radiation-balance signal, although its independent role is expected to be modest
once LST is controlled for.

Testable predictions: (i) The median partial correlation between ET anomalies and water-
related drivers (SM and Precip) is larger in absolute magnitude in dry ecosystems than in wet
ecosystems. (ii) The median partial correlation between ET anomalies and LST is larger in wet
ecosystems than in dry ecosystems. (iii) The dominant-driver distribution differs categorically
between the two ecosystem types: water-related drivers (SM, Precip) account for a larger share
of dry pixels, while energy-related drivers (LST) account for a larger share of wet pixels. (iv)
These contrasts are reproducible when the analysis is repeated with GLEAM v4.2a in place of
FLUXCOM-X-BASE as the ET product.
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3 Theoretical Background

3.1 ET Partitioning: Mechanisms and Controls

ET is the process by which water transitions from liquid to gas and leaves the land surface.
This phase change consumes latent heat energy, placing ET at the crossroads of the water cycle
and the energy cycle. Water can leave the land surface through three pathways: soil evaporation
(Es), plant transpiration (Ec), and canopy interception evaporation (Ei). Soil evaporation does
not require the involvement of vegetation. It is the main ET pathway in bare or sparsely
vegetated areas. During rainfall, a portion of precipitation is intercepted by leaves and branches,
and evaporates straight back into the atmosphere before it ever reaches the soil. Among the
three components, plant transpiration is the most strongly controlled by plant physiology: roots
extract water from the soil, which is then released as water vapour through stomata. These same
stomata also let CO: in for photosynthesis, which means transpiration and carbon uptake are
tied together. At the global scale, transpiration is the largest component, accounting for
approximately 59-64% of total ET (Good et al., 2015; Yang et al., 2023).

Leaf area index (LAI), defined as the total one-sided area of leaf tissue per unit ground surface
area, is the key variable that controls how ET is partitioned among these three components.
However, the influence of LAI on partitioning is not in the same direction. It affects each one
differently, and the combined result is nonlinear:

(a) Low LAl — sparse canopy (b) High LAl — dense canopy
Incoming radiation Incoming radiation
Ec (small) (a) Ec (large) . .
T @ Ei (tiny) (0) A A N Ei (medium)

(©) ’\
Es (I rg¢ (b) T Es (s}nal(T)

% (a) Ec — transpiration % (b) Es — soil evaporation % (c) Ei — interception

Figure 2.1. Schematic illustration of how leaf area index (LAI) regulates the three components of
evapotranspiration. (a) Low LAI (sparse canopy): transpiration (Ec) is small, soil evaporation (Es) is large, and
interception (Ei) is negligible. (b) High LAI (dense canopy): Ec increases as transpiring leaf area expands, Es
decreases as canopy shading reduces radiation reaching the soil surface, and Ei increases with greater canopy

water storage capacity.

Pathway (a): Increasing LAI enhances Ec. More leaf area gives the canopy a larger surface
through which water can escape. Beyond that, a denser canopy captures more incoming
radiation, making stomata open wider and staying open longer, which drives transpiration up.
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Pathway (b): Increasing LAI reduces the proportion of soil evaporation. Radiation is the energy
source driving soil evaporation. As the canopy fills in, less radiation gets through to the soil
surface. Soil evaporation therefore drops, and its share of total ET shrinks.

Pathway (c): Increasing LAI enhances Ei. A denser canopy has a larger surface area to catch
rainfall and hold water. Under the same precipitation, canopy with higher LAI therefore loses
more water through direct evaporation from wet leaf surfaces before any of it reaches the soil.

When LAI is low, Pathway (a) dominates: Ec rises faster than Ei, so the Ec/ET ratio climbs.
When LAI is already high, this changes. Lower canopy layers receive progressively less light,
and each additional leaf contributes less to transpiration — Ec growth slows down. Ei, however,
keeps scaling with canopy surface area. At some point, the two offset each other, and Ec/ET
levels off or even falls. Yang et al. (2023) call this the "saturation effect" in T/ET. Wang et al.
(L. Wang et al., 2014) found the same pattern across different ecosystem types. Li et al. (2026)
using observation-constrained CMIP6 projections, further show that the global sensitivity of
ET to LAI (OET/OLAI) is weakening, especially in regions with high LAI and high
temperatures.

This mechanism is the direct basis for H1 in this study. In dry ecosystems, where the canopy
is sparse and LAl is low, a large fraction of incoming radiation reaches the exposed soil surface;
consequently, Es constitutes a large share of total ET and Ec/ET is low. When greening occurs,
pathways (a) and (b) operate simultaneously — transpiration increases while soil evaporation
decreases — and we expect to observe rising Ec/ET and declining Es/ET, a process termed
component substitution. In wet ecosystems, by contrast, Ec/ET is already near its saturation
level; the marginal contribution of additional LAI to transpiration is offset by the concurrent
increase in interception evaporation, and Ec/ET therefore remains largely unchanged.
Understanding this differential response of ET components to LAI changes is thus a
prerequisite for distinguishing the climate feedback effects of dry versus wet ecosystems.

To quantify such component-level changes across the high latitudes, globally gridded products
capable of decomposing total ET into its constituent fluxes are required. The Global Land
Evaporation Amsterdam Model (GLEAM) is one of the few products that independently
provides physically based estimates of transpiration (Et), bare soil evaporation (Eb), and
interception loss (Ei) at global scale, and is therefore employed in this study for testing H1
(Miralles et al., 2025b). GLEAM estimates ET and its components through four sequential
modules. First, the interception module uses satellite-observed LAI and fraction of absorbed
photosynthetically active radiation (fPAR) to constrain a van Dijk—Bruijnzeel interception
model, computing the amount of rainfall intercepted by the canopy and subsequently
evaporated — this corresponds to pathway (c) described above. Second, the potential
evaporation module calculates the upper limit of atmospheric evaporative demand using the
Penman equation, integrating net radiation, air temperature, wind speed, VPD, and vegetation
height. In the soil water module, root-zone water content is tracked through a multi-layer
running water balance model and constrained by assimilating ESA CCI satellite microwave
soil moisture observations. Finally, the evaporative stress module uses a deep neural network
trained on global eddy-covariance and sap-flow data. The network outputs a stress factor S,
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which runs from O to 1 and scales potential evaporation down to actual evaporation. By
computing S separately for bare soil, tall vegetation, and short vegetation, GLEAM produces
separate estimates of transpiration and soil evaporation rather than a single combined flux. For
bare soil evaporation specifically, GLEAM applies the Beer-Lambert law to work out how
much incoming radiation gets through the canopy and actually hits the soil surface. A higher
LAI means a denser canopy, less radiation reaching the soil, and therefore less energy available
to drive soil evaporation. This is exactly the shading mechanism described in Pathway (b), built
directly into the model structure.

3.2 Non-linear ET Responses to Warming

The Penman—Monteith equation (Monteith, 1965) describes ET as driven by two forces: net
radiation, which supplies the energy needed to turn liquid water into vapour, and atmospheric
demand, measured by vapour pressure deficit (VPD). As temperature rises, saturation vapour
pressure increases exponentially following the Clausius—Clapeyron relation, and VPD climbs
sharply with it. Both driving forces therefore strengthen with warming, and under purely
physical reasoning, ET should rise steadily with temperature. In practice, water availability
changes this picture.

Whether a system is energy-limited or water-limited determines how ET actually responds to
warming. This distinction goes back to the work of Budyko (1974) and was developed more
fully by Seneviratne et al. (2010) in their review of soil moisture—climate feedbacks. When soil
moisture is sufficient, water supply is not the bottleneck. ET is bounded by available energy,
and rising temperatures push it upward in a roughly linear way. In dry conditions, the logic
breaks down. Warming still increases VPD and radiation, but the soil cannot supply enough
water to keep up. Past a certain temperature threshold, ET stops rising and begins to fall.

The boundary between these two states corresponds to the framework described by Budyko:
in very dry regions, actual evaporation approaches precipitation (water limitation), whereas in
very wet regions, actual evaporation approaches potential evapotranspiration (energy
limitation).

The key mechanism behind this reversal is stomatal closure. Stomata control both water vapour
loss and CO: uptake, and they respond directly to soil moisture. When root-zone moisture drops
below a critical level (6_crit), roots release abscisic acid (ABA), which travels to the leaves
and triggers stomata to close — a protective response that limits water loss before the plant
reaches lethal dehydration. Seneviratne et al. (2010) identified 0 crit as the point where a
system crosses from energy limitation into water limitation. Denissen et al. (2022) using global
observational data, showed that this threshold is not a fixed number but varies widely across
space, and that Earth system models suggest the transition from energy-limited to water-limited
conditions is speeding up globally.

This transition matters especially in the high latitudes, where it is often overlooked. Dry
uplands account for approximately 80% of the land surface north of 45°N, while wetlands
constitute only about 14% (Olefeldt et al., 2021). Water limitation is therefore the norm for
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most of this region, not the exception. However, the rising ET trends reported in global reviews
(Yang et al., 2023) largely reflect humid areas. For high-latitude dry systems, permafrost
meltwater can cover 12—-18% of growing-season ET during dry years, acting as a buffer that
delays the ET decline (Park et al., 2021). As permafrost continues to degrade, however, this
buffer will not hold indefinitely.

This creates a spatial gradient worth testing. In the mid-latitudes of the study domain, where
permafrost is thin or already degraded, water limitation effects should emerge sooner. At higher
latitudes where deep permafrost remains intact, the transition may be delayed. If this reasoning
holds, the temperature threshold at which ET stops increasing should shift predictably along a
latitudinal gradient. H2 of this study tests whether that gradient exists.

3.3 Arctic Biogeophysical Feedbacks

ET changes feed back into climate warming, instead of just being a response. As the most
prominent structural change in Arctic vegetation, shrub expansion changes two key terms of
the surface energy balance. On one hand, taller shrubs extend above the snowpack and shade
the surface. This reduces albedo, so more shortwave radiation gets absorbed rather than
reflected, and near-surface temperatures rise further. Chapin et al. (2005) demonstrated that
earlier snowmelt and the expansion of low-albedo vegetation together advanced the onset of
sensible heating in the lower atmosphere over Arctic Alaska, constituting a positive feedback
to warming. On the other hand, increased leaf area generally enhances transpiration during the
growing season, which channels a greater fraction of available energy into latent heat flux and
thus exerting an evaporative cooling effect on the surface (Zhang et al., 2014). The net climatic
outcome of shrub expansion therefore depends on the relative magnitude of these two opposing
mechanisms, which operate on different seasonal timescales: the albedo feedback dominates
in winter and spring when snow-vegetation contrast is greatest, whereas the ET-mediated
cooling is confined to the summer growing season.

Regional Earth system modelling has provided quantitative estimates of these competing
effects. Zhang et al. (2014) uses the coupled RCA-GUESS model forced under a high-emission
scenario and found that, the albedo feedback amplified spring near-surface warming by up to
~1.35 °C, while the evapotranspiration feedback produced a summer cooling of up to ~0.81 °C.
The summer cooling arises because denser vegetation cover increases both total leaf area and
surface roughness, which increases both transpiration and the energy exchange with
atmosphere. The lower albedo leads to the warming in winter and spring, but partially offset
by summer evaporative cooling. This seasonal compensation also extends the growing season,
promotes vegetation productivity and reinforces the feedback cycle.

However, field observations have challenged this model-based mechanism. Lafleur and
Humphreys (2018) based on eddy covariance measurements at three closely located tundra
sites with varying shrub cover in the Canadian Low Arctic, found that evapotranspiration did
not increase with shrub abundance at the lower-albedo sites; the additional available energy
was instead partitioned into sensible heat flux, directly warming the atmospheric boundary
layer. They attributed this to two coexisting mechanisms — canopy shading that suppresses
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soil evaporation, and reduced stomatal conductance under high vapour pressure deficit. The
discrepancy between modelled ET enhancement and observed sensible heat dominance shows
a critical knowledge gap.

The answer to such a difference may lie in the differentiation between dry and wet ecosystems.
Mekonnen et al. (2021) showed that the effect of shrub expansion on transpiration depends on
slope hydrological conditions. At ridges, water stress limits both shrub growth and transpiration.
On mid-slopes, higher soil moisture supports greater productivity and allows transpiration to
increase. The same pattern holds when comparing dry and wet ecosystems more broadly. In
drier systems, the energy freed up by lower albedo tends to go into sensible heat rather than
evaporation, so the expected boost in transpiration does not materialise. In wetter systems, that
extra energy can actually drive transpiration up. In other words, water availability determines
the direction of biogeophysical feedback, and this is precisely what motivates the dry-wet
comparison at the centre of this study.
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4 Methods

4.1 Study Area

This study covers the northern high-latitude land area north of 45°N at a spatial resolution of
0.05°. The time window runs from 2001 to 2020 — 2001 marks when MODIS-era satellite
products (LAI, LST, and albedo) became consistently available, and 2020 gives a 20-year
record long enough for trend detection. All analyses focus on the boreal growing season,
defined here as May through September (MJJAS). This window captures the period of active
vegetation growth, snowmelt, and most of the annual ET at high latitudes (Bhatt et al., 2017).
A common 0.05° grid was used as the common spatial framework across all datasets.

4.2 Data Sources
4.2.1 MODIS Data

The remote sensing variables LAI, LST, and albedo were all derived from MODIS satellite
products, accessed via the Google Earth Engine (GEE) data catalogue:

e LAI was taken from the MOD15A2H Version 6.1 product (Myneni et al., 2021), an 8-
day composite at 500 m resolution from the Terra platform.

e Daytime LST came from MODI11A2 (Terra) and MYD11A2 (Aqua) Version 6.1 (Wan
et al., 2021), both 8-day composites at 1 km resolution. Before spatial aggregation, the
two sensors were merged together. At high latitudes, persistent cloud cover means a
single satellite typically captures only 2—3 usable scenes per month. Combining both
sensors fills in the gaps and improves temporal coverage.

e Shortwave white-sky albedo was obtained from the MCD43A3 Version 6.1 product
(Schaaf & Wang, 2021), a daily Terra+Aqua combined dataset at 500 m resolution.

All three products were quality-filtered, aggregated to monthly means, and resampled to 0.05°
in GEE. For LAL the FparLai QC band was used to retain only pixels processed by the main
algorithm; pixels with raw values exceeding 100 (corresponding to LAI > 10 m? m™?) were
removed. However, the filter was later found to be overly restrictive, causing a substantial
number of pixels to be excluded. The data are currently being reprocessed, though trend
directions are not expected to be affected. For LST, pixels with QC Day 1owest two bits equal
to 00 (good) or 01 (reasonable) were retained, and raw values were converted to degrees Celsius
(DN % 0.02 — 273.15). For albedo, the BRDF Albedo Band Mandatory Quality shortwave
band was used to retain only full BRDF inversion (0) and magnitude inversion (1) retrievals,
with values scaled by 0.001. All variables were exported as multi-band GeoTIFFs covering
2001-2020.

4.2.2 Evapotranspiration: FLUXCOM-X-BASE
Total ET estimates were taken from the FLUXCOM-X-BASE product (Nelson et al., 2024),

the most recent generation of the FLUXCOM family. FLUXCOM-X-BASE upscales eddy-
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covariance measurements from the FLUXNET network to the global grid using XGBoost, with
predictor variables comprising core meteorological data (2-m air temperature, incoming
shortwave radiation, and vapor pressure deficit), plant functional type classification, MODIS-
derived vegetation indices, and MODIS land surface temperature (Nelson et al., 2024). The
product provides ET at 0.05° spatial resolution with hourly native temporal resolution; monthly
aggregates were used in this study, covering 2001-2020. FLUXCOM-X served as the primary
ET data source for trend analysis in this study, and was also used for cross-comparison with
GLEAM (see Section 4.2.3). The inclusion of MODIS LST and MODIS-derived vegetation
indices among the training predictors has implications for the partial correlation analysis in
Section 4.3.3, which are addressed in the methodological considerations of the Discussion.

4.2.3 ET Partitioning: GLEAM v4.2a

To decompose total ET into its component fluxes, data from the Global Land Evaporation
Amsterdam Model version 4.2a (Martens et al., 2017; Miralles et al., 2025a) were used.
GLEAM v4.2a is a process-based, satellite-data-driven model that provides separate estimates
of transpiration (E _t), bare soil evaporation (E_b), interception loss (E 1), and total evaporation
(E) at 0.1° spatial resolution and daily temporal resolution, with monthly aggregates also
available. The 'a' archive, which combines reanalysis and satellite forcing data covering 1980—
2023, was used. Monthly files for E, E t, E b, and E i were downloaded for 2001-2020 and
clipped to the northern high-latitude domain (> 45°N); units are mm month'. GLEAM served
two roles in this study: first, its component fluxes (E t and E_b) were used to compute the
transpiration fraction (E_c/ET) and soil evaporation fraction (E_s/ET) for testing H1; second,
its total ET provided an independent check on the FLUXCOM-X trend results, allowing
assessment of whether the detected signals are consistent across products with fundamentally
different estimation approaches.

4.2.4 Ecosystem Classification: GLWD v2.0

A binary dry—wet ecosystem mask was constructed from the Global Lakes and Wetlands
Database version 2.0 (Lehner et al., 2025), which provides wetland area percentage at roughly
500 m resolution globally. The original raster was clipped to the northern high-latitude domain
(> 45°N) and aggregated to the 0.05° target grid using block-average resampling. Each grid
cell received a continuous wetland fraction between 0 and 1. Cells with a wetland fraction at
or above 0.50 were labelled wet; the rest were labelled dry. This threshold produced roughly
2.42 million dry pixels and 0.40 million wet pixels across the study domain. Both the binary
mask and the continuous fraction were saved, so that alternative thresholds can be tested later
without re-running the aggregation.

4.2.5 Soil Moisture and Precipitation: ERAS-Land

Soil moisture and precipitation drivers were drawn from the ERAS5-Land monthly reanalysis
(Copernicus Climate Change Service, 2019; Mufioz-Sabater et al., 2021) on its native 0.1° grid.
Volumetric soil water in the top 0—7 cm layer (variable swv//, m®> m™) was used as the SM
driver, and total precipitation (variable #p) was used as the Precip driver, converted from m
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day' to mm day'. Both fields were extracted for the MJJAS months of 2001-2020 (100
monthly fields per variable).

ERAS-Land SM is not part of the FLUXCOM-X-BASE predictor set (Nelson et al., 2024) or
the primary forcing of GLEAM v4.2a, and is therefore independent of both products. ERAS-
Land precipitation is not a direct predictor in either product, but shares the ERAS5 reanalysis
backbone with FLUXCOM-X-BASE's meteorological forcing, so a partial overlap at the
forcing level remains; the implications are addressed in §6.4.1..

4.3 Statistical Methods

4.3.1 Pixel-wise Trend Analysis and Greening—ET Coupling (H1)

This study applied pixel-wise trend analysis over the MJJAS growing season. For each pixel,
MJJAS monthly values were averaged within each year, producing a 20-year annual time series.

Trends were detected using the Mann-Kendall test (Kendall, 1975; Mann, 1945), which does
not assume a normal distribution and handles outliers well in short hydroclimatic records. The
trend magnitude was estimated by the Theil-Sen slope estimator (Sen, 1968), defined as the
median of all pairwise slopes across the 20-year record. This approach reduces the pull of any
single anomalous year. Pixels with a significant trend were identified at o = 0.05. Pixels with
fewer than 15 valid annual values or zero variance were excluded.

Trend analysis was run separately for dry and wet pixels using the GLWD-derived mask. To
test whether the two ecosystems produced statistically different slope distributions, a two-sided
Mann-Whitney U test was applied.

To test whether pixels with stronger greening also show larger ET changes, the Sen's slope of
MJJAS LAI was regressed against the Sen's slope of MJJAS ET at the pixel level using ordinary
least-squares regression, again run separately for dry and wet pixels. Both Pearson and
Spearman correlation coefficients were calculated. A parallel regression was then run replacing
ET slope with the trend in transpiration fraction (Ec/ET) from GLEAM, to test whether
greening shifts the ET composition toward transpiration.

A mass-balance closure diagnostic served to verify whether the opposite trends in Ec/ET and
Es/ET across dry ecosystems reflect an actual ecological process, rather than a mere
computational artifact of GLEAM. By design, GLEAM splits total ET into transpiration (Et),
bare-soil evaporation (Eb), and interception loss (Ei). The fractions of these three components
always sum to 1. If the dataset strictly enforced this mathematical closure at the pixel level, any
increase in the Ec/ET fraction would algebraically force a decrease in the remaining
components.

To test this possibility, the present analysis applied the same Mann—Kendall and Theil-Sen
trend procedures to the Ei/ET fraction. The spatial domain, growing-season timeframe, and
validity thresholds remained identical to the earlier steps. Summing the slopes of all three
fractions yielded the pixel-level closure residual (r). The median, mean, and 95th percentile of
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the absolute residual values effectively captured the distribution of this metric.The underlying
logic is straightforward. A minimal residual (less than 5% of the Ec/ET trend) means strict
algebraic closure, which implies the observed dynamic between components acts partly as an
arithmetic consequence. The residual over 30% confirms the independent estimation of these
component trends by the model.The observation changes in the proportional balance among
the ET fractions thus point to an actual ecological process.

Since FLUXCOM-X-BASE upscales eddy-covariance measurements to global coverage via
machine-learning regression, an independent sensitivity check was performed using GLEAM
v4.2a, which is produced by a different methodological framework. The same trend detection
procedure was applied, and the resulting slope distributions and significance proportions were
compared with those from FLUXCOM-X-BASE to assess the robustness of H1 findings across
independent ET products.

4.3.2 Anomaly-based Binned Regression of the Temperature—ET Response (H2)

The temperature—ET response was characterized by fitting competing models and applying
AlC-based selection to determine whether the response is linear, nonlinear, or contains a
breakpoint.Since this study pools observations from millions of pixels over 100 time steps (20
years X 5 months), directly using absolute LST and ET values would be problematic: the
absolute LST-ET relationship is dominated by spatial gradients in background climate, as
pixels at lower latitudes are inherently warmer and support higher ET than those at higher
latitudes. This spatial covariance would produce a strong positive LST—ET relationship in the
binned response curve that primarily reflects the geographic distribution of pixels within each
temperature bin, rather than the sensitivity of ET to temperature variation.

To get around this, an anomaly framework was used. For each pixel, a 20-year MJJAS
climatology mean was calculated for both ET and LST (2001-2020). Each observation was
then expressed as a departure from that pixel-specific mean (ALST = LST — LST; AET = ET
— ET). Pixels with fewer than 10 valid monthly observations were dropped. The absolute LST—
ET relationship was kept separately as a reference.

The ALST range was divided into equal-width bins of 2° C. Within each bin, the mean and
standard error of AET were calculated separately for dry and wet ecosystems. Bins with fewer
than 50 observations were dropped. Given the large data volume, a single-pass algorithm was
used that tracked running sums, sums of squares, and counts per bin without loading everything
into memory at once.

Three regression models of increasing complexity were then fitted to each binned response
curve, with bin-center ALST as the predictor and bin-mean AET as the response:

(1) A linear model (AET =a + b-ALST; 2 parameters): It assumes ET sensitivity to temperature
stays constant across the full anomaly range.
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(2) A quadratic model (AET = a + b-ALST + ¢-ALST?; 3 parameters): It allows for a curved
response. The vertex temperature T v = —b/(2c) marks the anomaly at which ET peaks or turns
around. A negative coefficient c means ET rises with warming up to T v, then falls — a pattern
consistent with moisture stress at high temperatures.

(3) A piecewise linear model (AET = a + b:-min(ALST — bp, 0) + b2'max(ALST — bp, 0); 4
parameters). Rather than a smooth curve, this model allows temperature sensitivity to shift at
a single breakpoint (bp). The best breakpoint was found by minimizing the residual sum of
squares across all candidate values within the 15th—85th percentile range of bin centers.
Restricting the search to this range avoids unstable fits at the ends where data are sparse. The
model was fitted using ordinary least squares. This setup can capture patterns like a steep rise
at cold temperatures followed by a flat response at warm ones.

The three models were compared using the Akaike Information Criterion (AIC). Starting from
the linear model as the baseline, a more complex model was accepted only if its AIC was lower
by at least 2 units (Burnham et al., 2002). Because AIC is appropriate for comparing non-nested
models, nested F-tests were run alongside as a check on whether the quadratic and piecewise
models significantly reduced residual variance relative to the linear model.

Because the balance between energy limitation and water limitation shifts systematically with
latitude, which may alter the position of breakpoints or the curvature of the response, the above
analysis was repeated independently for three 10°-wide latitude bands (45-55°N, 55-65°N,
65—75°N) to test whether the shape of the temperature—ET response varies along the latitudinal
temperature gradient.

An important trade-off applies to the anomaly framework. While anomaly computation
effectively removes spatial gradient confounding, it also removes information about absolute
temperature levels, which are central to the physical threshold mechanism tested in H2. A given
temperature anomaly of +5°C corresponds to very different absolute temperatures across the
latitudinal range, and the framework therefore conflates pixels that are physically far from any
thermal threshold with those approaching it. The latitude-band stratification adopted in Section
5.2.2 partially addresses this limitation, but does not fully resolve it.

4.3.3 Partial Correlation Analysis of Dominant ET Drivers (H3)

The independent contributions of LST, LAI, Precip, SM and surface albedo to ET variability
were quantified through a pixel-wise partial correlation analysis. The five drivers span the
energy side (LST, Albedo), the water side (SM, Precip), and vegetation state (LAI). They
covary in space and time, so partial correlation is used to isolate each driver's net association
with ET after the other four are controlled for. Because these drivers covary in both space and
time, simple bivariate correlations cannot distinguish their independent effects. Partial
correlation isolates the net association of a target driver with ET after the remaining four
candidates are linearly removed from both sides.
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All input fields were placed on the common 0.1° grid defined in Section 4.1. The 0.05°
MODIS-aligned LST, LAI, Albedo, FLUXCOM-X-BASE ET, and GLEAM v4.2a ET fields
were upscaled to 0.1° using block-averaging. ERAS5-Land SM and Precip were used at their
native 0.1° resolution. The dry—wet ecosystem mask was reprojected from GLWD v2.0 onto
the same 0.1° grid by computing the wet-pixel fraction within each 0.1° cell and classifying
the cell as wet when the wet fraction reached or exceeded 0.5.The analysis was based on
monthly anomaly series of each variable. For each pixel, a climatological mean was calculated
for each calendar month (May—September) over 2001-2020. Each observation was then
expressed as a departure from its corresponding monthly mean. This produced a 100-step
anomaly series per pixel, one value for each month across the 20-year record.

The analysis was performed on monthly anomaly series. For each pixel and each calendar
month (May—September), a 20-year climatology was computed for ET and for each of the five
drivers, and each observation was expressed as a departure from its corresponding monthly
mean. This produced 100-step anomaly series per pixel (20 years x 5 months) for all seven
variables.

Taking the ET-LST partial correlation as an example, with LAI, Albedo, SM, and Precip
serving as control variables, the procedure was as follows:

1. Regress the ET anomaly on the four control anomalies using ordinary least squares
(OLS). The residuals from this regression, labelled Y, capture the part of ET variation
that the four controls alone cannot explain.

2. Regress the LST anomaly on the same four controls using OLS, and extract the
residuals X.

3. Compute the Pearson correlation coefficient between eY and , which is the partial
correlation coefficient partial.

The same procedure was applied with each of the other four drivers as the target, the remaining
four serving as controls. Pixels with fewer than 20 jointly valid (non-missing across ET and all
five drivers) monthly observations were flagged as invalid. The statistical significance of each
partial correlation coefficient was assessed using a t-test:

_ n-k-2
[=Tpartial |—>——
1-r partial

where n is the number of valid observations and k = 2 is the number of control variables. Two-
tailed p-values were derived from the t-distribution with n — k — 2 degrees of freedom, with
significance defined at p <0.05. On this basis, for each pixel the driver with the largest absolute
partial correlation coefficient that also passed the significance test was identified as the
dominant driver of that pixel. Pixels where no driver passed the significance test were labelled
as having no significant driver. Results were stratified by dry and wet ecosystems and, within
each ecosystem class, by latitude band (45-55°N, 55—65°N, 65—75°N).
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The analysis was repeated with GLEAM v4.2a in place of FLUXCOM-X-BASE, holding all
other inputs identical, so any differences reflect the choice of ET product rather than the
pipeline.

S5 Results

5.1 H1: ET Partitioning in Dry vs. Wet Ecosystems under Greening

5.1.1 Greening Trends across Northern High Latitudes (>45°N)

The spatial distribution of summer (MJJAS) LAI over 2001-2020 reveals widespread
vegetation greening across the high-latitude region north of 45°N (Fig. 5.1a). Strong greening
signals are concentrated in southern Scandinavia, the East European Plain, the northern West
Siberian Plain, the southern margins of the East Siberian Plateau, and southern Canada.
Browning occurs mainly in eastern Siberia and along the North American Arctic coastline, but
does not form spatially continuous patterns.

N
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Figure 5.1 Spatial distribution and frequency distribution of summer (MJJAS) leaf area index (LAI) trends across
northern high-latitude ecosystems (>45°N) during 2001-2020. (a) Pixel-wise Sen's slope of LAI (yr ') mapped in
Arctic Polar Stereographic projection; only pixels with statistically significant trends (Mann-Kendall, p < 0.05)
are shown in colour. (b) Frequency distributions of Sen's slope for dry ecosystems (n = 1,326,159) and wet
ecosystems (n = 185,163); orange and teal bars indicate significant pixels (p <0.05); dashed lines mark the median
trend.

Dry ecosystems (n = 1,326,159) exhibit a median LAI trend of +0.0051 m? m™ yr™!, compared
with +0.0033 m?> m2 yr~! for wet ecosystems (n = 185,163) (Fig. 5.1b). In both ecosystem types,
roughly 25-26% of pixels show statistically significant greening (p < 0.05). Significant
browning is far less common, affecting only 2-3% of pixels.

5.1.2 JET/OLAI Sensitivity

To quantify the influence of vegetation greening on evapotranspiration, all pixels were grouped
into equal-count bins by climatological LAI, and the regression slope of ET trend against LAI
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trend (OET/OLAI) was computed within each bin. Both ecosystem types show a clear "L-
shaped" decay of sensitivity with increasing LAI (Fig. 5.2b).

In dry ecosystems, sensitivity starts high: the lowest-LAI bin (around 0.2 m? m™?) yields a
OET/OLAI of roughly 35 mm month™ per unit LAIL It drops sharply to about 17 at LAI = 0.7,
then eases off gradually, settling at 8—10 beyond LAI = 2.5. Wet ecosystems follow the same
general shape, but the curve starts higher — nearly 1.5 times the dry-ecosystem value at
comparable LAI levels. From there it falls quickly to around 18 at LAl = 0.7 and flattens out
at 11-13 once LAI exceeds 1.5.

The spatial map of OET/OLALI tells the same story from a different angle (Fig. 5.2a). High-
sensitivity areas (OET/OLAI > 20) sit in high-latitude tundra and sparse shrubland where
climatological LAI stays below 0.7 — northern Siberia, the southern margins of the Canadian
Arctic Archipelago, and the Hudson Bay region all fall into this category. Between LAI 0.7
and 1.5, marked by the black and green contour lines on the map, sensitivity drops to
intermediate levels (12-20). In regions where LAI exceeds 1.5, such as central and southern
Scandinavia, the southern West Siberian Plain, and the Canadian boreal forest belt, sensitivity
falls broadly into the saturation range (blue, <8). In these areas, additional greening adds very
little to total ET. This pattern of declining sensitivity at high LAI is consistent with the
saturation effect documented in cross-ecosystem analyses (L. Wang et al., 2014; Yang et al.,
2023).
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Figure 5.2 ET sensitivity to vegetation greenness across high-latitude ecosystems (>45°N). (a) Spatial distribution
of pixel-wise partial regression coefficient OET/OLAI (mm month™ per unit LAI); blue pixels indicate
climatological LAI above the saturation threshold (> 0.7 and 1.5 m? m™, contours shown); dark grey pixels are
non-significant or unclassified. (b) Binned relationship between climatological mean LAI and OET/OLAI

sensitivity for dry (orange) and wet (teal) ecosystems (10 bins each); values are the within-bin OLS regression of
ET trend on LAI trend.
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5.1.3 ET Component Substitution

Trends in transpiration fraction (Ec/ET) and bare-soil evaporation fraction (Es/ET) look very
different between dry and wet ecosystems (Fig. 5.3).

Trends in ET partitioning fractions (MJJAS, 2001-2020, 0.05°)

S o T e T i 10  RIOAA, USES, s Usts

(b) Transpiration fraction (E¢/ET) trend — Wet ecosystems

s, USGS, Leri, J3E5

o il P 2
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(d) Soil evaporation [raction (ES/ET) trend — Wet ceosystems
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Figure 5.3 Spatial patterns of trends in ET partitioning fractions across northern high-latitude ecosystems (MJJAS,
2001-2020, 0.05° resolution). (a) Transpiration fraction (Ec/ET) trend — dry ecosystems. (b) Transpiration
fraction (Ec/ET) trend — wet ecosystems. (c¢) Soil evaporation fraction (Es/ET) trend — dry ecosystems. (d) Soil
evaporation fraction (Es/ET) trend — wet ecosystems. Colour scale indicates Sen's slope (fraction yr™'); only
pixels passing significance criteria are displayed.

In dry ecosystems, Ec/ET has increased across large, spatially connected areas — Siberia stand
out most clearly (Fig. 5.3a). Es/ET in the same regions has moved in the opposite direction,
with negative trends that map almost exactly onto the Ec/ET increases (Fig. 5.3¢). Dry North
America is less consistent, with increasing and decreasing trends mixed across the landscape.

Wet ecosystems tell a different story. Ec/ET trends are patchy and show no clear dominant
direction (Fig. 5.3b). Es/ET covers limited area and the signal is weak throughout (Fig. 5.3d).
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H1: Transpiration Fraction (Ec/ET) Trend Distribution — MJJAS 2001-2020
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Figure 5.4 Frequency distributions of pixel-wise Sen's slope for the transpiration fraction (Ec/ET) trend across
northern high-latitude ecosystems (MJJAS, 2001-2020). Dry ecosystems (n = 1,364,067) and wet ecosystems (n
= 196,034) are shown separately. Dashed lines indicate the median Sen's slope for each ecosystem type (dry:
+0.000132 fraction yr!; wet: 0.000000 fraction yr?).

H1: Soil Evaporation Fraction (Es/ET) Trend Distribution — MJJAS 2001-2020
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Figure 5.5 Frequency distributions of pixel-wise Sen's slope for the soil evaporation fraction (Es/ET) trend across
northern high-latitude ecosystems (MJJAS, 2001-2020). Dry ecosystems (n = 1,341,383) and wet ecosystems (n
= 189,586) are shown separately. Dashed lines indicate the median Sen's slope for each ecosystem type (dry:
—0.000130 fraction yr!; wet: 0.000000 fraction yr?).

The statistical characteristics of the trend distributions further corroborate these spatial patterns
(Fig. 5.5). The median Ec/ET trend in dry ecosystems is +0.000132 fraction yr!, while the
median Es/ET trend is —0.000130 fraction yr ' and the median Ei/ET trend is 0.000000 fraction
yr' (Table 5.1). This proves that, within the ET budget of dry ecosystems, the increase in the
transpiration share nearly exactly equals the decrease in the bare-soil evaporation share, with
interception loss showing no detectable trend. In wet ecosystems, the median trends of all three
fractions (Ec/ET, Es/ET, and Ei/ET) are 0.000000, with no detectable change in component
structure. These distributions confirm that in dry ecosystems, the increase in transpiration share
is almost exactly offset by the decrease in soil evaporation share, whereas wet ecosystems
exhibit no detectable shift in either component fraction.
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Table 5.1 Mass-balance closure diagnostic of GLEAM v4.2a component trends (MJJAS, 2001-2020). All values
are pixel-wise medians of Theil-Sen slopes computed on the same grid. The closure residual r is defined as r =
slope(Ec/ET) + slope(Es/ET) + slope(Ei/ET).

Ecosystem n Median Median Median Sum (yr')  Median P95 |r|
Ec/ET Es/ET (yr') EVET (yr) ||
(yr")
Dry 1,339,59 +0.0001323  —0.0001301  +0.000000  +0.0000022 0.000364 0.0037097
Wet 188,938  +0.0000000  +0.0000000  +0.000000  +0.0000000 0.000091 0.0033235

5.1.4 Relationship between LAI and Ec/ET

Pixel-level linear regressions were performed between LAI trends and Ec/ET trends (Fig. 5.6).
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Figure 5.6 Pixel-level relationship between summer (MJJAS) LAI trend and transpiration fraction (Ec/ET) trend
across northern high-latitude ecosystems (2001-2020). Dry ecosystems (n = 1,252,635) and wet ecosystems (n =
136,396) are shown separately. Black lines indicate ordinary least-squares regression fits; regression equations
and coefficients of determination (R?) are given in each panel.

In both ecosystem types, LAI trends and Ec/ET trends are significantly positively correlated (p
~ 0): the regression slope is 0.0293 for dry ecosystems and 0.0267 for wet ecosystems,
indicating that the magnitude of Ec/ET increase associated with each unit increase in greening
is similar between the two. However, R? is only 0.023 in both cases, indicating that LAI trends
account for approximately 2% of the variance in Ec/ET trends. At this level of explained
variance, the regression establishes the sign and the upper-bound scaling of the LAI-Ec/ET
relationship, but does not establish LAI trends as the quantitative dominant control on the
spatial variability of the Ec/ET trend.
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The meaning of the intercept is the expected Ec/ET trend when the LAI trend is zero,
representing the rate at which Ec/ET increases even in the absence of greening. The regression
intercept for dry ecosystems is +0.000658, far exceeding the +0.000112 for wet ecosystems,
indicating that dry ecosystems exhibit a baseline Ec/ET increase independent of vegetation
greening, roughly six times the magnitude of that in wet ecosystems. A direct comparison of
magnitudes makes the asymmetry between the two terms explicit: in dry ecosystems, the LAI-
driven contribution evaluated at the median greening rate is slope x median LAI trend = 0.0293
% 0.0051 =+0.000149 fraction yr!, which is only about 23% of the LAI-independent intercept
(+0.000658 fraction yr'). Even at the median greening rate, the bulk of the dry-ecosystem
Ec/ET trend is therefore attributable to processes operating independently of LAI change. Other
candidate drivers will be further examined through partial correlation analysis in H3.

5.1.5 Consistency in Total ET Trends between FLUXCOM-X-BASE and GLEAM
v4.2a

In both products, the median MJJAS total ET slope was positive in dry and wet ecosystems,
and the direction was fully consistent (Table 5.2). In dry ecosystems, the median slopes from
FLUXCOM and GLEAM were +0.121 and +0.114 mm month™ yr, respectively,
corresponding to a relative difference of approximately 6.2%; in wet ecosystems, the median
slopes from both products were +0.092 mm month™! yr!, with a difference below 0.01%. The
mean slopes showed comparable consistency: in dry ecosystems, FLUXCOM and GLEAM
yielded +0.121 and +0.122 mm month™ yr' (a difference of approximately 1%), while in wet
ecosystems they yielded +0.091 and +0.081 (a difference of approximately 11%). With respect
to the proportion of pixels with a significant positive trend, FLUXCOM gave 18.7% and 15.7%
for dry and wet ecosystems, respectively, while GLEAM gave 14.8% and 7.3%. The proportion
of pixels with a significant negative trend was between 1.2% and 1.6% in both products, with
negligible differences.
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Table 5.2 Comparison of MJJAS total ET trend statistics (2001-2020) between FLUXCOM-X-BASE and
GLEAM v4.2a in dry and wet ecosystems. FLUXCOM values have been converted from native mm hr' to mm
month™".

Metric FLUXCOM DRY GLEAM DRY FLUXCOM WET GLEAM WET

Number of pixels (n) 1,438,495 1,567,681 213,923 215,797

Median slope (mm
month™' yr') 0.120798 0.113779 0.091702 0.091701

Mean slope (mm
month™' yr') 0.121231 0.12242 0.090639 0.080759

Q25 (mm month™
yrt) 0.025336 -0.001763 0.018124 -0.016495

Q75 (mm month™
yrt) 0.216319 0.249173 0.175986 0.198669

Significant positive
trend (%) 18.7 14.8 15.7 7.3

Significant negative
trend (%) 1.6 1.4 1.3 1.2

Non-significant (%) 79.7 83.8 83 91.5

Interannual anomaly
Pearson r r=+0915(p=1.6 x 107®) r=+0.822 (p=8.9 x 10°%)

When the regional-mean interannual MJJAS ET anomalies were plotted as time series (Fig.
5.7), the two products exhibited highly synchronous fluctuations in both dry and wet
ecosystems. The Pearson correlation coefficient of the interannual anomalies was +0.915 in
dry ecosystems (p = 1.6 X 107®) and +0.822 in wet ecosystems (p = 8.9 x 107°). The regression
trend lines of the two products were nearly parallel, and the low-anomaly years of 2004, 2008,
2010, and 2019, as well as the high-anomaly years of 2011, 2013, 2016, and 2020, were
identifiable in both curves. A discrepancy was found in the magnitude of the 2001-2020 multi-
year MJJAS mean ET between FLUXCOM and GLEAM: in dry ecosystems, FLUXCOM gave
45.69 mm month™ and GLEAM 53.49 mm month™; in wet ecosystems, FLUXCOM gave
36.03 mm month™' and GLEAM 48.35 mm month™'. FLUXCOM was lower than GLEAM by
14.6% in dry ecosystems and by 25.5% in wet ecosystems.

The most prominent residual difference between the two products was in the proportion of
pixels with a significant positive trend in wet ecosystems: 7.3% in GLEAM, markedly lower
than 15.7% in FLUXCOM, while the corresponding difference in dry ecosystems (14.8%
versus 18.7%) was comparatively smaller. In addition, the slope distribution of GLEAM was
slightly broader than that of FLUXCOM in both ecosystem types, and the first quartile (Q25)
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was closer to 0 than in FLUXCOM (for example, Q25 = —0.002 mm month™ yr! in GLEAM
dry ecosystems, compared with +0.025 mm month™ yr! in FLUXCOM).

FLUXCOM vs GLEAM: Regional Mean ET Anomaly — MJJAS 2001-2020

Dry ecosystems (r = 0.915, p = 1.614e-08) Wet ecosystems (r = 0.822, p = 8.934e-06)

§ —e— FLUXCOM
5 L] = GLEAM
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* GLEAM
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Figure 5.7 Interannual time series of regional-mean MJJAS ET anomalies from FLUXCOM-X-BASE and
GLEAM v4.2a (2001-2020). Left: dry ecosystems; right: wet ecosystems. Anomalies are computed relative to
each product's own 2001-2020 multi-year mean. Solid lines (orange/green, circles) denote FLUXCOM; dashed
lines (light tones, squares) denote GLEAM; thin grey lines indicate the corresponding linear regression trends.
Pearson correlation coefficients and p-values shown in the subplot titles quantify the interannual synchrony
between the two products in each ecosystem type.

5.2 H2: Temperature-ET Non-linearity
5.2.1 Anomaly Response

Monthly anomalies (ALST, AET) for all pixels across the study domain were binned and fitted
with three competing models: linear, quadratic, and piecewise linear, with R? as the model
selection criterion (Fig. 5.8). Dry ecosystems contributed roughly 99.9 million pixel-month
observations, and wet ecosystems approximately 13.5 million. Across both ecosystem types,
AET barely responds to temperature when ALST drops below around —9°C, but rises steeply
once that threshold is passed. The piecewise linear model fits best in both cases (dry R?=0.894;
wet R? =0.945), ahead of both the linear and quadratic alternatives.

25



Anomaly Binned Response (0.05 deg)

DRY (n=99,886,368, best=Piecewise) WET (n=13,537,340, best=Piecewise)

30
30

20

20

10

-
o

o

dET (mm/month)
o
dET (mm/manth)

—10 1

Linear (R2=0.822) -20 Linear (R2=0.871)
= Quadratic (R2=0.843) = Quadratic (R2=0.905)
= Piecewise (bp=-11.0, R2=0.894) = Piecewise (bp=-11.0, R2=0.945)

30 20 10 0 10 20 30 20 10 0 10 20
dLST (degC) dLST (degC)

Figure 5.8 Binned ALST-AET anomaly response curves and model fits for dry and wet ecosystems across
northern high-latitude regions (MJJAS, 2001-2020, 0.05° resolution). Pixel-month anomaly pairs were
aggregated into equal-frequency bins; markers show bin means. Three competing models are fitted to each
ecosystem type: linear (dashed grey), quadratic (red), and piecewise linear (blue). Best-fit model selected by R?;
breakpoint (bp) and R? values are annotated for the piecewise model. Dry: n = 99,886,368; Wet: n = 13,537,340.

The breakpoint reflects a cold-end physiological constraint rather than a warm-end water-
limitation threshold. When temperature anomalies fall below this breakpoint, most pixels are
under snow or ice, or vegetation has gone dormant. ET has already reached its physical lower
limit, so further cooling no longer causes additional ET decline. Above the breakpoint, rising
temperature drives ET up by increasing atmospheric evaporative demand and waking
vegetation out of dormancy.

The scatter density plot (Fig. 5.8) shows that observations with ALST above +10°C are very
sparse in dry ecosystems. Bin means in that range rest on too few data points to say anything
reliable. The domain-wide analysis therefore cannot test H2, which is specifically about warm-
end water limitation. What this analysis captures is the cold-end physics of snow cover and
dormancy, which is a separate question entirely. The analysis is therefore repeated by latitude
band in Section 5.2.2 to isolate the warm-end signal of interest.

5.2.2 Temperature—ET Response by Latitude Band

Although the domain-wide analysis did not detect warm-end divergence between dry and wet
ecosystems, latitude-band stratification reveals a latitudinal gradient in the temperature—ET
response (Fig. 5.9). In the 65-75°N band, the piecewise model is optimal for both dry (R* =
0.957, bp =—10.0°C) and wet (R? = 0.990, bp = —8.0°C) ecosystems. Both exhibit a cold-end
plateau below approximately —9°C. However, above the breakpoint, the responses of dry and
wet ecosystems begin to diverge: wet bin means continue to increase steadily above the
breakpoint, fitting the piecewise model well, whereas dry ecosystems enter a plateau after
ALST > +10°C, with growth notably slowing and bin means no longer following the fitted line.
This divergence indicates that even at high latitudes, dry ecosystems already show signs of ET
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response saturation at large positive temperature anomalies, while wet ecosystems, with
sufficient water supply, continue to increase monotonically.
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Figure 5.9 Latitudinal stratification of the ALST-AET anomaly response across three latitude bands (45-55°N,
55-65°N, 65-75°N) for dry (orange, upper row) and wet (teal, lower row) ecosystems (MJJAS, 2001-2020).
Markers show bin means; fitted curves follow the same convention as Figure 5.8. Piecewise breakpoint (bp) and
R? are annotated for each panel. Sample sizes () are given in panel titles.

In the 55-65°N band, both ecosystem types retain the hockey-stick structure seen at higher
latitudes, with breakpoints anchored at the cold end. Above the breakpoint, dry ecosystem bin
means track the fitted line reasonably well until ALST exceeds roughly +15°C, where a modest
downturn appears. Wet ecosystems are less sensitive at the warm end; bin means scatter
somewhat in the final bins but do not depart from the upward trend.

In the 45-55°N band, the response pattern has a different shift. For dry ecosystems, the
breakpoint shifts to the warm end (bp = +8.0°C), and bin means peak near ALST = +5-8°C
before declining, forming an inverted-U pattern that suggests ET begins to fall off once positive
temperature anomalies grow large enough. Wet ecosystems follow a structurally similar change:
R? drops to 0.725, the breakpoint lands at the same +8.0°C threshold, and bin means become
increasingly erratic before turning downward at the warm end. That both ecosystem types
converge on the same breakpoint location points to a shared constraint, most likely a transition
from energy-limited to water-limited conditions, becoming active across this latitude band.

Moving southward, the warm-end suppression appears to deepen rather than diminish,
suggesting that 45-55°N marks the northern edge of a thermal sensitivity gradient rather than
an isolated anomaly. Within this band, the inverted-U shows up in both dry and wet pixels,
though dry ecosystems show a steeper downturn, consistent with their tighter coupling to water
availability.
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5.2.3 Spatial Context of Growing Season Temperature

The spatial distribution of mean growing season LST supports the latitude-band stratification
results (Fig. 5.10). The 15°C and 20°C isotherms together divide the study domain into three
temperature zones, each corresponding to a distinct response pattern identified in the piecewise
analysis. Across the high-latitude over 65°N, growing season temperatures fall largely below
5°C and drop below —5°C over extensive areas, placing these regions within the cold-limited
conditions of the 65-75°N band where both ecosystem types maintain an increasing ET
response throughout the observed temperature range. The 15°C isotherm runs approximately
along 55-60°N; the broad belt north of it aligns with the latitude bands where warm-end
suppression has not yet emerged. South of the 20°C isotherm, the map shifts to orange-red and
deep red tones, reflecting the warm-end ET suppression signal detected in the 45-55°N band.
These areas cover Central Asia, the southern East European Plain, southern Siberia, and the
North American Great Plains. Wet ecosystems cluster north of the 15°C isotherm, spanning
the Western Siberian Lowlands, the Hudson Bay Lowlands, the Canadian Shield, and northern
Scandinavia. The regions south of the 20°C isotherm, by contrast, fall largely within the 45—
55°N band and overlap with areas where the warm-end decline is observed in the binned
response.

28



JAPAN

G oty »

SOUTH

&
Sea of ’ Tyt KQFEA
Okharski ‘@ ¢
% . FSB
Gulf of . : 5 6 S
Alaskajs€ i ’

siberian 3

. Sea
Beaufort
Sea

TED ; it Arctic
\TES ..‘- 2 i J Ocean

IRAN

North I § S = TURKIYE
Atlantic ) : % Esfi, TomTom, FAO, NOAA/-USGS, Esri, USGS
/ SAUDI
Ocean ITALY

GREECE ARABIA
Wet ecosystems (GLWD > 50%) Mean growing season LST (°C) 0-5°C - 20 -25°C
1 Value 5-10°C I :5-30°C
Isotherm (°C) -5 10 15°C Bl - :oc
— 15 Bl 5-oC 15 20°C
— 20
0 500 1,000 2,000 Kilometers

T I T Y O B I |

Figure 5.10 Spatial distribution of mean growing season land surface temperature (LST; MJJAS, 2001-2020)
across the study domain (>45°N). Wet ecosystem extent (GLWD > 50%; teal outline) and 15°C/20°C isotherms
(grey contours) are overlaid; the isotherms delineate the temperature range associated with the warm-end ET peak
detected in dry ecosystems at 45—55°N.

5.3 H3: Driver Attribution across Dry and Wet Ecosystems
5.3.1 Different Domain-wide Drivers

Median pixel-wise partial correlations between ET anomalies and the five candidate drivers
are summarised in Table 5.3 and shown in Figure 5.11 for both ET products and both ecosystem
classes.
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LALI is the strongest positive partial correlate of ET anomalies in every product—ecosystem
combination. Under FLUXCOM-X-BASE, the LAI median is +0.50 in dry pixels and +0.47 in
wet pixels, with 93.0% and 85.5% of pixels respectively passing the p < 0.05 significance test.
Under GLEAM v4.2a, the corresponding LAI medians are +0.27 (dry) and +0.24 (wet),
although LAI retains the largest positive magnitude among the five drivers under both products.
LST is the second strongest positive driver under both products, with medians clustered
narrowly around +0.20 (FLUXCOM: +0.21 dry, +0.20 wet; GLEAM: +0.19 dry, +0.17 wet)
and significance rates between 37.6% and 53.1%.

Table 5.3 Median and mean pixel-wise partial correlation coefficients between MJJAS monthly ET anomalies
(2001-2020) and five candidate drivers — LST, LAI, surface albedo, soil moisture, and precipitation — for
FLUXCOM-X-BASE and GLEAM v4.2a ET products in dry and wet ecosystems. N is the number of pixels
included in each summary; "% sig" is the proportion of pixels whose partial correlation passes the ¢-test at p <
0.05.

Product Ecosystem  Driver Median r Mean r % sig N
FLUXCOM DRY LST 0.2121 0.1896 53.14 287967
FLUXCOM DRY LAI 0.4989 0.491 93.05 287967
FLUXCOM DRY Albedo 0.0384 0.0287 19.92 287967
FLUXCOM DRY SM -0.2137 -0.2049 50.98 286797
FLUXCOM DRY Precip -0.206 -0.201 48.82 287967
FLUXCOM  WET  LST 0204 01889 4703 48526
FLUXCOM  WET LAI 0.4717 0.4469 85.49 48523
FLUXCOM  WET Albedo -0.0242 -0.0315 20.79 48526
FLUXCOM  WET SM -0.306 -0.2838 69.6 48341
FLUXCOM  WET Precip -0.1405 -0.1509 31.47 48526
'GLEAM  DRY  LST 04877 01828 4416 287577
GLEAM DRY LAI 0.2706 0.2595 65.06 287568
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Product Ecosystem  Driver Median r Mean r % sig N

GLEAM DRY Albedo -0.1045 -0.1141 31.28 287567
GLEAM DRY SM -0.1873 -0.172 50.51 286413
GLEAM DRY Precip -0.0983 -0.0942 21.56 287572
GLEAM  WET  LST 01727 018§ 3763 48389
GLEAM WET LAI 0.2381 0.2261 544 48388
GLEAM WET Albedo -0.1274 -0.1349 30.95 48388
GLEAM WET SM -0.2179 -0.2091 50.67 48202
GLEAM WET Precip -0.0967 -0.0942 19.1 48388

The two water-related drivers, SM and Precip, return negative median partial correlations in
every product—ecosystem combination. Under FLUXCOM-X-BASE, the SM median is —0.21
in dry pixels and —0.31 in wet pixels; the corresponding Precip values are —0.21 and —0.14.
Under GLEAM, SM medians are —0.19 (dry) and —0.22 (wet), and Precip medians are —0.10
in both ecosystem classes. Albedo shows the weakest partial association, with medians ranging
between —0.13 and +0.04.

The contrast between dry and wet ecosystems is small for every driver. The largest dry—wet
gap in median partial correlation is observed for FLUXCOM SM (0.10 absolute units),
followed by FLUXCOM Precip (0.07); all remaining product—driver combinations exhibit dry—
wet gaps of 0.05 absolute units or less.

31



FLUXCOM ET GLEAM ET

B Dry @ Dry

061 - Wet 1 - Wet

0.4 4

+0.21 4+0.20

0.2 +0.19 4517

Median partial r

o

o
Median partial r
L ) s

-0.10 -0.10

-0.6

T T T T T
LST LAl Albedo SM Precip LST LAl Albedo SM Precip

Figure 5.11 Median pixel-wise partial correlations between MJJAS monthly ET anomalies (2001-2020) and five
candidate drivers — LST, LAI, Albedo, SM, and Precip — under (left) FLUXCOM-X-BASE and (right) GLEAM
v4.2a ET products. Bars are colour-coded by ecosystem class (orange = dry; blue = wet). Numerical labels above
or below each bar give the median value to two decimal places.

5.3.2 Latitudinal Strengthening of Soil Moisture and Temperature Signals

The partial correlations based on FLUXCOM-X-BASE were classified by three latitude bands
(45-55°N, 55-65°N, 65—75°N) within each ecosystem (Figure 5.12).

The LST partial correlation strengthens with latitude under both ecosystem classes. The median
rises from +0.10 (dry) and +0.12 (wet) in 45-55°N, to +0.23 and +0.20 in 55—-65°N, and
remains high at +0.24 and +0.22 in 65—-75°N. In contrast, the SM partial correlation is
consistently negative, but its absolute strength increases with latitude. The signed median shifts
from —0.09 (dry) and —0.17 (wet) in 45-55°N, to —0.20 and —0.28 in 55-65°N, and further to
—0.33 and —0.36 in 65—75°N. Thus, higher-latitude pixels show a stronger negative association
between ET and SM after controlling for the other drivers, rather than a positive soil-moisture
control. Albedo also shifts from positive to negative with latitude, with its median moving from
+0.10 (dry) and +0.07 (wet) in 45-55°N to —0.06 and —0.13 in 65-75°N.

LAI and Precip show the opposite pattern. The LAI median remains close to +0.50 across the
two lower latitude bands in both ecosystem classes, and weakens only in 65—75°N (+0.49 dry,
+0.42 wet). The Precip absolute median is largest in the two lower bands, reaching 0.23 in dry
pixels and 0.17-0.18 in wet pixels, but contracts in 65—75°N to 0.11 and 0.08, respectively.

Within each driver, the difference between the dry and wet medians is consistently smaller than
the difference across latitude bands. For LST, the largest dry—wet gap in any single band is
0.03, whereas the median rises by 0.14-0.11 absolute units between 45-55°N and 65—-75°N.
For SM, the largest dry—wet gap in any single band is 0.08, whereas the median strengthens by
0.24 (dry) and 0.19 (wet) absolute units across the same latitudinal span. The strongest gradient
in driver structure is therefore latitudinal rather than between dry and wet ecosystems.
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Figure 5.12 Box-and-whisker distributions of pixel-wise five-driver partial correlations between MJJAS monthly
FLUXCOM-X-BASE ET anomalies (2001-2020) and LST, LAI, Albedo, SM, and Precip, stratified by latitude
band (45-55°N, 55-65°N, 65-75°N) for (left) dry ecosystems and (right) wet ecosystems. Boxes show the
interquartile range; whiskers extend to the 5th and 95th percentiles. Numerical labels give the median value to
two decimal places.
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5.3.3 Cross-Product Comparison of Dominant Drivers

Under FLUXCOM-X-BASE, LAI is the dominant driver of 75% of dry pixels and 65% of wet
pixels (Figures 5.13, 5.14). Under GLEAM v4.2a, the same map breaks into coherent patches
of LAI, SM, and LST, and the LAI share drops to 34% (dry) and 29% (wet).

The reorganisation under GLEAM is absorbed primarily by SM and LST. SM dominance rises
from 9% to 26% in dry pixels and from 19% to 28% in wet pixels; LST dominance rises from
7% to 15% (dry) and from 6% to 13% (wet); and Albedo dominance rises from 2% to 13%
(dry) and from 2% to 12% (wet). Precip dominance remains low under both products (5-8%).
Pixels with no significant driver are negligible under FLUXCOM-X-BASE (1% in both
ecosystem classes) but reach 7% (dry) and 12% (wet) under GLEAM v4.2a.

The LST median partial correlation is reproduced across products to within 0.04 absolute units
in both ecosystem classes (Section 5.3.1), whereas the dominant-driver share of LAI is
approximately halved between the two products. Cross-product stability therefore depends on
which summary statistic is taken.

FLUXCOM ET - Dominant Driver

Precip

Albedo

Longitude
GLEAM ET - Dominant Driver

LAI

LsT

No sig

-150 —100 —50 0 50 100 150
Longitude

Figure 5.13 Pixel-wise dominant-driver classification under (top) FLUXCOM-X-BASE and (bottom) GLEAM
v4.2a ET products for MJJAS 2001-2020. For each pixel, the driver with the largest absolute five-driver partial
correlation passing the p < 0.05 significance test is shown. Grey indicates pixels in which no driver passed the
significance test.
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Figure 5.14 Dominant-driver share among valid pixels under FLUXCOM-X-BASE (solid bars) and GLEAM
v4.2a (hatched bars) for (left) dry and (right) wet ecosystems. Numerical labels above each bar give the percentage
of valid pixels assigned to the corresponding driver class.

5.3.4 Observed Patterns versus H3 Predictions

The four predictions stated in Section 2.2 are summarised against the observed median partial
correlations and dominant-driver shares in Table 5.4.

Prediction (i) states that water-related drivers — SM and Precip — show partial correlations of
larger absolute magnitude in dry pixels than in wet pixels. The SM median is larger in absolute
magnitude in wet pixels than in dry pixels under FLUXCOM-X-BASE, and is of comparable
magnitude under GLEAM v4.2a. The Precip median follows the predicted direction under
FLUXCOM-X-BASE but is equal between dry and wet pixels under GLEAM v4.2a, at 0.10 in
both.

Prediction (i1) states that LST shows a larger partial correlation in wet pixels than in dry pixels.
The LST medians are nearly identical between dry and wet pixels under both products
(FLUXCOM-X-BASE: +0.21 dry, +0.20 wet; GLEAM v4.2a: +0.19 dry, +0.17 wet), with a
maximum dry—wet gap of 0.03 absolute units.

Prediction (iii) states that water-related drivers account for a larger share of dominant-driver
pixels in dry ecosystems than in wet ecosystems. The SM-dominant share is larger in wet pixels
than in dry pixels under both products. The Precip-dominant share is small under both products
(5—8%) and shows no systematic dry—wet contrast.

Prediction (iv) states that the dry—wet contrasts identified under FLUXCOM-X-BASE are
reproduced under GLEAM v4.2a. The LST median partial correlation is reproduced across
products to within 0.04 absolute units in both ecosystem classes. The LAI-dominant share is
approximately halved between the two products (FLUXCOM-X-BASE: 75% / 65%; GLEAM
v4.2a: 34% / 29%).

The interpretation of these comparisons and their implications for H3 are taken up in Section
6.3.
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Table 5.4 Summary of the four predictions stated in Section 2.2 against the observed median partial
correlations and dominant-driver shares from Sections 5.3.1 and 5.3.3.

Prediction Quantity Predicted direction FLUXCOM-X- GLEAM v4.2a
BASE
(i) |SM median 7| dry > wet wet > dry (0.31 vs wet ~ dry (0.22 vs
0.21) 0.19)
|Precip median 7| dry > wet dry > wet (0.21 vs dry = wet (0.10 vs
0.14) 0.10)
(i1) LST median r wet > dry dry = wet (+0.21 vs dry = wet (+0.19
+0.20) vs +0.17)
(ii1) SM-dominant dry > wet wet > dry (19% vs wet > dry (28% vs
share 9%) 26%)
(iii) Precip-dominant  dry > wet wet > dry (8% vs 6%)  dry = wet (5% vs
share 6%)
(iv) LST median r reproduced across +0.21/+0.20 +0.19/+0.17
products
LAI-dominant reproduced across 75% / 65% 34% /29%
share products

6 Discussion

6.1 Mechanisms of ET Partitioning Reorganization in Dry and Wet Ecosystems

In dry ecosystems, total ET did not increase substantially. Instead, the increase in Ec/ET and
the decrease in Es/ET showed an almost mirror-like relationship, whereas wet ecosystems did
not exhibit a comparable component-level divergence. This contrast suggests that the core
pattern behind H1 is not a straightforward expansion of total ET, but a systematic redistribution
of the internal component structure of ET. In dry ecosystems, this shift is better understood as
an energy redistribution process than as a direct consequence of LAI growth driving stronger
transpiration.

Dry ecosystems usually have relatively low LAI and a higher proportion of exposed bare soil,
so soil evaporation accounts for a large share of total ET. When vegetation cover or leaf area
increases, the canopy plays a dual role. The simultaneous rise in Ec/ET and fall in Es/ET should
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therefore be read as two outputs of the same canopy-mediated energy redistribution, not as
independent trends.

Recent studies provide further support for this mechanism. Jiang et al. (2022), in their study of
the Loess Plateau, found that vegetation greening intensified vegetation transpiration while
constraining soil evaporation, and emphasized that the effect of greening on ET in drylands
should be understood at the component level rather than only through total ET. Wang et al.
(2025) similarly showed, based on a global dryland analysis, that Es accounts for an important
share of dryland ET, and that vegetation change can simultaneously regulate the spatiotemporal
patterns of Ec, Es, and interception evaporation (Ei). This is highly consistent with the mirror-
like Ec/ET-Es/ET pattern observed in this study. Based on these mechanisms, vegetation
greening in dry ecosystems should not be interpreted simply as an increase in transpiration.
Rather, under limited water and energy availability, part of the energy pathway that previously
supported bare-soil evaporation is redirected toward vegetation transpiration. The observed
pattern therefore represents component substitution within ET, rather than a substantial
expansion of total ET.

However, this energy redistribution mechanism cannot be explained by LAI change alone. The
very low R? between the LAI trend and the Ec/ET trend (0.023) indicates that LAI is more
likely to provide a directional signal for component substitution, rather than serving as the
dominant controlling factor. The magnitude and spatial distribution of this substitution are
more strongly determined by water availability and other non-vegetation processes.

This can be understood at several levels. First, water constraints on global vegetation growth
have been increasing in recent decades (Jiao et al., 2021). The relationship between LAI and
ET components is therefore not a stable linear relationship, but increasingly depends on water
availability itself. Second, Fu et al. (2024) further showed that plant water stress is governed
by a critical soil moisture threshold with substantial spatial heterogeneity. Below this threshold,
stomatal regulation constrains transpiration, meaning that the same magnitude of LAI change
may generate very different transpiration responses under different soil moisture conditions.
This helps explain why the spatial variability of Ec/ET trends in dry ecosystems cannot be well
captured by LAI trends alone. In addition, source-water dynamics associated with permafrost
thaw and seasonal recharge represent an additional regulatory layer in high-latitude dry
ecosystems. Park et al. (2021) showed that precipitation and permafrost-originated waters
contribute separately and measurably to ET, suggesting that shifts in root-zone water sources
can shape growing-season ET processes even where LAI change is weak. Nicholls and Carey
(2021) likewise found, in a subarctic catchment, that ET differences along a forest—shrub
gradient were determined not only by vegetation structure, but also by snowmelt recharge and
growing-season water deficit. These findings point to seasonal hydrological processes as a
necessary part of the picture, not an add-on to leaf area change. The baseline increase in Ec/ET
in dry ecosystems is therefore better read as a reorganization driven by vegetation structure,
water supply, and atmospheric demand acting together, rather than a straightforward greening
effect.
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In wet ecosystems, trends in both Ec/ET and Es/ET were close to zero, largely because wet
regions tend to have more water available and both LAI and the transpiration fraction sit at
higher baseline levels to begin with. Under these conditions, any transpiration gain from
additional leaf area can be partly cancelled out by a rise in canopy interception loss. The near-
zero trend does not mean wet pixels are insensitive to greening. The pixel-level sensitivity
analysis in §5.1.2 in fact shows the opposite at the low-LAI end: when LAI is around 0.2 m?
m2, OET/OLAI in wet ecosystems is about 1.5 times higher than in dry ecosystems. In other
words, where water is not the limiting factor, the same increment in leaf area produces a
noticeably larger ET response. The reason this does not translate into a detectable domain-wide
trend is simply that very few wet pixels are at such low LAI; most wet pixels already sit on the
saturated tail of the sensitivity curve, where additional LAI no longer matters much. The
marginal effect of greening on ET thus depends on two things, not one — how dense the canopy
already is, and how much water is available in the background. At the same time, because soil
evaporation has already been suppressed under relatively dense canopy cover, the remaining
potential for further reduction in Es is limited. Detectable shifts in component fractions
therefore become less likely. Helbig et al. (2020) showed that boreal peatlands and wetland
systems can maintain strong evaporative cooling even under high vapour pressure deficit,
suggesting that ET in these ecosystems is closer to an energy-limited rather than water-limited
state. Their ET component structure is therefore expected to be less sensitive to small LAI
fluctuations. The absence of a significant component-substitution signal in wet ecosystems is
therefore more likely to indicate that these systems are already in a relatively stable high-
transpiration partitioning state, where marginal vegetation change is insufficient to trigger
detectable internal restructuring of ET.

Whether these hydrological processes actually leave a statistical signal in ET cannot be judged
from the partitioning analysis alone. The H3 partial correlation adds ESA-CCI soil moisture
and ERAS5-Land precipitation as additional drivers. Both have negative and statistically
significant partial correlations with monthly ET anomalies, and this result is stable across
FLUXCOM-X-BASE and GLEAM v4.2a. The pattern supports the interpretation that part of
the LAl-independent residual reflects water-supply processes rather than vegetation change.
One feature, however, runs against expectation. The soil moisture correlation is stronger in wet
pixels than in dry pixels under both products. If dry ecosystems were the more water-
constrained group at this timescale, the opposite ordering would be expected. This mismatch
is examined further below.

6.2 Latitudinal Differentiation in the Nonlinear Temperature—ET Response

In the domain-wide analysis, both dry and wet ecosystems exhibit a cold-end breakpoint at
approximately —9°C. This breakpoint indicates that when temperature anomalies fall to a
sufficiently low level, the response of ET to further cooling becomes strongly weakened. This
pattern more likely reflects a seasonal floor on ET in high-latitude ecosystems during cold
anomalies. When temperatures are unusually low, liquid water availability for evaporation falls,
vegetation physiological activity slows, and atmospheric evaporative demand weakens. ET
effectively bottoms out. Once near this floor, further cooling has little room to drive additional
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decline. The cold-end breakpoint is therefore better read as a low-temperature floor effect, not
as evidence of warm-end water limitation.

The latitude-band analysis shows a sharper picture. At 65-75°N, ET continues to rise past the
cold-end plateau in both ecosystem types, consistent with warming still operating mainly
through increased available energy and atmospheric demand rather than triggering water stress.
Moving into the 55-65°N band, dry ecosystems begin to flatten at the high positive-anomaly
end, hinting that some pixels are nearing a water-supply ceiling. The shift is clearest in the 45—
55°N band, where the breakpoint moves to the warm end and bin means turn downward once
positive anomalies grow large enough, forming an inverted-U pattern.

This pattern reflects the transition from an energy-limited to a water-limited regime
(Seneviratne et al., 2010). When soil moisture cannot keep up with atmospheric demand, ET
stops tracking temperature. The shift is already widespread across terrestrial ecosystems,
although the moisture threshold at which it occurs varies substantially across space (Denissen
et al., 2022; Fu et al., 2024). At modest positive anomalies in the 45-55°N band, warming still
enhances ET. Beyond a certain threshold, the widening gap between supply and demand
suppresses it.

Mean growing-season LST patterns reinforce this interpretation. The 15°C and 20°C isotherms
divide the domain into thermally distinct zones with different baseline risk of water stress. Most
of the 65—-75°N band sits under a cold growing-season background, so a positive temperature
anomaly there mainly signals a relaxation of cold limitation. The 45-55°N band, by contrast,
already occupies the warmer end of the domain, and the same +5°C or +8°C anomaly is more
likely to push VPD and water deficit into a constraining range. The physical meaning of a given
temperature anomaly is therefore not fixed. It depends on where in the temperature distribution
the ecosystem already sits.

In the 45-55°N band, wet ecosystems also show a partial warm-end decline. This likely reflects
how "wet" is defined here, not a shared water-limitation mechanism with dry ecosystems.
GLWD records wetland area fraction. Whether a pixel is actually energy- or water-limited at
the process level is a different question, and the two do not always align. A pixel flagged as
wet can still face high VPD, a declining water table, or shallow soil moisture stress during
anomalously warm months, especially when it sits within a broadly dry landscape.

Existing observational studies also support this interpretation. Helbig et al. (2020) found that
boreal peatlands can sustain high ET under high-VPD conditions, but noted that this response
depends on continuous water availability and does not hold across all warm conditions. Lafleur
and Humphreys (2018) also found that higher shrub cover at tundra shrub sites did not
necessarily lead to stronger latent heat flux; in some cases, the extra absorbed energy went into
sensible heat instead. Mekonnen et al. (2021) reached a similar conclusion in their review of
Arctic shrubification, noting that how vegetation change affects ET depends heavily on local
moisture supply. Together, these findings suggest that once water supply can no longer sustain
atmospheric demand, the ET response plateaus or reverses, regardless of whether vegetation
cover is increasing. Permafrost hydrology may further modulate this latitudinal contrast, with
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meltwater inputs potentially buffering warm-end ET suppression where permafrost remains
largely intact while the fragmented permafrost across 45-55°N offers little such buffering (Park
et al., 2021), although direct soil moisture and active-layer data would be required to confirm
this mechanism.

The results point to a thermal threshold that moves with latitude. The cold-end breakpoint
reflects a physical lower bound on ET activity at the low-temperature end, whereas the warm-
end inflection first appears in the 45-55°N band, where ecosystems sit closest to the energy-
to-water limitation transition. The partial warm-end signal observed in wet ecosystems further
suggests that the GLWD-based dry/wet classification cannot fully represent the actual state of
water limitation. Whether and where warm-end suppression appears depends on the thermal
background, water supply, and latitudinal position of a given pixel, not simply on whether it
carries a dry or wet label.

6.3 Driver Attribution: Latitude QOutweighs the Dry—Wet Contrast

6.3.1 The H3 Predictions Did Not Hold as Stated

The four predictions in §2.2 share a common underlying assumption that dry ecosystems are
more water-limited and wet ecosystems more energy-limited, and that the structure of ET
drivers should therefore differ in a hierarchically recognisable way between the two classes.
However, none of the four predictions held strictly across both ET products. Predictions (i) and
(iii) ran opposite to what was expected: under both FLUXCOM-X-BASE and GLEAM v4.2a,
the soil moisture partial correlation was stronger in wet pixels than in dry pixels, and the soil-
moisture-dominant share was also larger in wet pixels. Prediction (ii) showed almost no dry—
wet difference in LST partial correlation; the largest gap was 0.03, well below the wet-over-
dry asymmetry the prediction called for. Prediction (iv) held for LST, but the LAI-dominant
share fell by about half between the two products. The premise that the dry—wet split is the
main axis of ET driver differentiation therefore does not hold under the partial correlation
analysis. This does not mean the physical reasoning behind the predictions is wrong. Two
separate issues are worth pulling apart, and they can both be true at once.

The first is the classification itself. The GLWD-based mask separates pixels by wetland fraction,
not by how water-limited they are month by month. A pixel with a wetland fraction at or above
0.50 can still dry out locally during the middle of the growing season; a pixel below 0.50 can
receive enough water from snowmelt or from a thawing active layer to mask any water-
limitation signal at the monthly scale. The full argument is given in §6.4.2.

The second is the time scale of partial correlation. The framework used here compares ET
anomalies with driver anomalies from one month to the next. The water-limitation mechanisms
that motivated the dry—wet contrast in the first place build up over a full season or across several
years. If the dry—wet difference is concentrated at those longer scales, it can be invisible in a
monthly framework even when it is physically real. This is taken up in §6.4.3.

6.3.2 Latitude Outweighs the Dry—Wet Contrast
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In the latitude-band analysis, within any single latitude band the largest dry—wet difference is
0.08 for SM and below 0.05 for every other driver, all smaller than the spread of the same
driver across latitude. Latitude, in other words, separates ET driver structure more sharply than
the dry—wet classification does.

A reasonable reading is that monthly anomaly coupling tightens at higher latitudes because the
growing season is shorter there. At 65-75°N, MJJAS covers almost the entire active growing
season, so monthly anomalies are anomalies within an active growing season rather than being
diluted by dormant months. At 45-55°N, MJJAS is only part of a longer growing season, and
monthly anomalies are spread across a wider range of background states, which weakens the
monthly signal. Because LST, SM and albedo all follow the seasonal cycle closely, their partial
correlations strengthen with latitude in parallel.

This pattern looks opposite to the latitudinal finding from H2, but the two are not measuring
the same thing. H2 showed that in the 45-55°N dry band, high LST values stopped translating
into proportionally higher ET, meaning that water limitation truncated the marginal effect of
warming. H3 finds a weaker LST partial correlation in the same band. The reason is that H2
looks at the shape of the absolute response curve and asks whether ET keeps rising
monotonically with LST; H3 looks at how closely monthly anomalies move together. At 65—
75°N, temperature still sits in the near-linear "more warmth = more ET" regime, and monthly
LST anomalies translate cleanly into ET anomalies. At 45-55°N, the effect of LST on ET is
truncated at the warm end, so a positive LST anomaly does not always produce a same-sign
ET anomaly, and the partial correlation weakens. Read this way, H2 and H3 sit within the same
physical picture.

The albedo signal provides an additional illustration of this latitudinal gradient. The albedo
partial correlation reverses sign with latitude: in the 45-55°N band, the median is +0.10 (dry)
and +0.07 (wet); by 65—75°N, it flips to —0.06 (dry) and —0.13 (wet). At low latitudes, albedo
anomalies mainly reflect the contrast between vegetated and bare-soil surfaces, but in the
partial correlation framework LAI absorbs most of the explanatory power associated with
vegetation structure, leaving a weak and slightly positive albedo residual. At high latitudes,
early MJJAS months can still be affected by residual snow and early phenology: a low-albedo
month means snow melted early, the growing season started sooner, and more radiation reached
the surface, leading to higher ET. The two form a clear negative correlation that survives the
partial correlation.

6.3.3 SM, Precip, and LAI Signals at the Monthly Scale

The SM partial correlation was stronger in wet pixels than in dry pixels under both ET products,
and the SM-dominant share showed the same wet > dry pattern. In principle, if dry ecosystems
were more water-limited at this time scale, SM anomalies should couple with ET anomalies
more tightly in dry pixels than in wet pixels. The data show the opposite. A consistent reading
is that at the monthly scale, SM tracks cloud cover and radiation more closely than it tracks
water supply. A month with a positive SM anomaly is usually a month with more rain, more
cloud, less sunlight reaching the surface, and lower vapour pressure deficit. ET tends to drop
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in such months rather than rise, which is also why the SM partial correlation is negative
throughout this study. The drop is sharper in wet pixels because their ET is mainly limited by
how much energy is available, so when a wet month brings clouds and low radiation, the main
driver of their ET weakens and ET falls steeply. Dry pixels behave differently in the same
month: their ET is more often held back by background water storage and vegetation state, so
a short-term dip in radiation has less effect on them.

The same logic extends to Precip, whose median partial correlation ranges from —0.10 to —0.21
across products and ecosystem classes. Months with positive Precip anomalies are months with
more cloud and lower radiation, so Precip—ET also comes out negative through the same
indirect coupling. The monthly anomaly framework has a built-in limitation here. The physical
picture behind predictions (i) and (iii) is that dry ecosystems are more water-limited, and this
limitation operates at seasonal-to-interannual accumulation scales: multi-year deficits in root-
zone water storage, cumulative precipitation shortfall over the growing season, and potential
water sources from active-layer thaw. These processes do not appear directly in single-month
SM or Precip anomalies; they only emerge under longer-term integration. A monthly SM—ET
coupling can also reflect either soil moisture limiting ET or ET drying down soil moisture
(Berg & Sheffield, 2019), and the signal itself does not therefore correspond directly to the
seasonal water-storage limitation that dry-ecosystem theory has in mind (Orth & Seneviratne,
2013; Seneviratne et al., 2010). The negative sign and the absent dry—wet contrast do not falsify
the physical picture; they only show that the monthly anomaly framework is not the right tool
for testing it.

The LAI signal carries a different methodological caveat. Under FLUXCOM-X-BASE, LAl is
the dominant driver in 75% of dry pixels and 65% of wet pixels; under GLEAM v4.2a, these
shares fall to 34% and 29%, with the median LAI partial correlation dropping from +0.50 /
+0.47 to +0.27 / +0.24. LAI remains the largest positive term among the five drivers under both
products, but the share itself is cut roughly in half. This product dependence comes largely
from the training structure of FLUXCOM-X-BASE: X-BASE upscales FLUXNET eddy-
covariance observations to global grids via XGBoost, with training features that include
MODIS LST and MODIS-reflectance-derived vegetation indices (Nelson et al., 2024), and the
LAI product used here (MOD15A2H) shares the underlying MODIS reflectance signal with
these training features. This overlap means that the FLUXCOM-X-BASE ET estimates
naturally echo the LAI signal in the data; once ET is replaced by GLEAM v4.2a, this echo is
stripped away, and the share that LAI gives up is taken over mostly by SM, LST, and Albedo,
while Precip barely changes.

6.4 Methodological Considerations

6.4.1 FLUXCOM-X-BASE Predictor Circularity

The primary methodological concern is predictor circularity in the partial correlation analysis.
FLUXCOM-X-BASE is constructed by upscaling FLUXNET eddy-covariance observations to
global grids via XGBoost, with a predictor set that includes MODIS LST and MODIS-based
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vegetation indices (Nelson et al., 2024). The overlap between this predictor set and the five H3
drivers is uneven. MODIS LST enters the analysis twice: once as an H3 driver and once as a
training predictor for the ET product against which it is correlated. The overlap with LAI is
weaker but present, since MODIS vegetation indices and MOD15A2H LAI share underlying
spectral information. MCD43A3 albedo is not part of the predictor set. ERAS5-Land
precipitation is not a direct predictor either, but it shares the ERAS reanalysis backbone with
FLUXCOM-X-BASE's meteorological forcing, so a partial overlap at the forcing level remains.
ERAS-Land soil water (swvll) is the only one of the five drivers fully independent of the
predictor set.

Predictor circularity affects the three hypotheses differently, and the difference matters for how
much weight to place on each set of results. For H1, the core finding concerns long-term
redistribution among ET components estimated from GLEAM, not from FLUXCOM-X-BASE;
total ET from FLUXCOM-X-BASE enters only as a comparator, so circularity does not
compromise the component-substitution result. H2 is more exposed: MODIS LST in the
training set may inflate the apparent temperature sensitivity of FLUXCOM-X-BASE ET, but
the analysis targets the shape and latitudinal variation of the binned response curve rather than
ranking independent drivers, which limits the distortion. The partial correlation analysis for H3
is where the circularity bites hardest, because three of the five candidate drivers (LST, LAI,
and Precip) overlap with the predictor set to varying degrees. The FLUXCOM-based partial
correlations for H3 should therefore be read as product-conditioned statistical associations, not
as independent causal attribution.

ERAS5-Land SM is the exception. Because it does not enter the FLUXCOM-X-BASE predictor
set, its negative partial correlation under that product is not inflated by training overlap. The
same direction reappears under GLEAM v4.2a, where ERAS5-Land SM is also not a primary
input. The negative coupling between SM and ET discussed in §6.3.3 is therefore a cross-
product feature of the data, not a shared artifact of training structure.

The GLEAM v4.2a sensitivity check was designed to test how much of the H3 result survives
when the ET product is changed. Unlike FLUXCOM-X-BASE, GLEAM derives land
evaporation through a process-based framework rather than by training directly on MODIS
LST and vegetation indices (Miralles et al., 2025b). Its output covers transpiration, bare-soil
evaporation, interception loss, and evaporative stress as separate components. Switching to
GLEAM shifted the dominant-driver distribution substantially: the no-significant-driver class
expanded, LAI-dominant pixels contracted, and LST-dominant pixels increased. At the level
of median partial correlations, the picture was less categorical. LAI remained positively
associated with ET anomalies but with markedly weaker coefficients than under FLUXCOM-
X-BASE; the LST partial correlation was more stable across the two products.

Taken together, these results indicate that the categorical LAI-dominance map is partly a
function of FLUXCOM-X-BASE's predictor structure, while the association of both LAI and
LST with ET anomaly variability is real enough to survive a product change, even if the
magnitudes shift. GLEAM is not a clean independent benchmark for this purpose...A fully
independent validation of H3 would require an ET estimate derived from a substantially
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different observational constraint, such as a water-balance approach using GRACE-based
terrestrial water storage change. Such an analysis is beyond the scope of this thesis, but it would
be an important direction for future work.

6.4.2 The Scope and Limits of the GLWD Classification

A second methodological limitation concerns the interpretation of the GLWD-based dry—wet
classification. Wet pixels were defined here as those with a GLWD wetland fraction at or above
50%. This threshold captures hydromorphological wetness, wetland extent, surface saturation,
and the contrast between peatland landscapes and upland areas. It is ecologically meaningful
in boreal and Arctic settings. It does not, however, indicate whether a pixel is energy-limited
or water-limited at the process level, which is the distinction H2 and H3 are built around.

The H3 results provide direct evidence of this mismatch. Under both FLUXCOM-X-BASE
and GLEAM v4.2a, the SM-ET partial correlation is stronger in wet pixels than in dry pixels.
If the GLWD-defined dry class corresponded to water-limited ecosystems, dry pixels should
show the tighter SM—ET coupling instead. The empirical signal points the other way, which
confirms that GLWD wetness does not function as a proxy for water limitation.

The underlying reason is that hydromorphological wetness and process-based water limitation
describe different things. A GLWD-dry pixel may sit in a precipitation-rich boreal forest where
growing-season ET is held back by available energy, not water supply. A GLWD-wet pixel
may run into temporary water stress during high-VPD periods, when the local water table drops
or shallow soil moisture runs low. Process-level water limitation emerges from the joint state
of soil moisture, atmospheric demand, vegetation hydraulic regulation, and soil texture
(Denissen et al., 2022; Fu et al., 2024; Wankmiiller et al., 2024). Wetland fraction alone does
not capture any of these.

The same mismatch affects the interpretation of H1 and H2. The similar LAI-Ec/ET slopes
across dry and wet ecosystems in H1 partly reflect that the GLWD dry class includes
precipitation-rich forested uplands. The warm-end inflection in 45-55°N wet pixels likewise
points to wet pixels sharing the thermal background of neighbouring dry ones rather than to a
shared water-limitation mechanism.

Latitude and absolute thermal regime appear to capture the energy-to-water limitation
transition more directly than the binary GLWD classification. The warm-end ET inflection
emerges first at 45-55°N, and the LST partial correlation strengthens with latitude. A more
process-aligned stratification, based on aridity index, Budyko-type dryness ratios, or thresholds
in soil moisture and VPD, would better match the framing of H2 and H3. Testing the same
questions under that stratification is a worthwhile next step.

6.4.3 Anomaly Framework Limits Both Threshold Detection and Storage Diagnostics

This study adopted the anomaly framework to remove spatial gradient confounding from the
temperature—ET response analysis. If absolute LST and ET values had been pooled across the
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full study domain, the resulting curve would have been dominated by geography rather than by
within-pixel temperature sensitivity. Subtracting each pixel's monthly climatology shifts the
analysis onto local departures from the seasonal baseline.

The cost is that the anomaly transformation strips out absolute temperature information, which
is what matters for detecting warm-end water limitation. A +5°C anomaly at 45-55°N may
signal genuinely hot conditions, while the same +5°C anomaly at 65—75°N may signal only a
break from cold limitation. The framework places both observations in the same bin. The
domain-wide analysis therefore recovered a cold-end breakpoint rather than the warm-end
threshold H2 predicted. Latitude banding narrows the spread of absolute conditions within each
bin, but it does not recover the information the anomaly transformation removed.

A cleaner H2 design would bin by absolute LST within each latitude band rather than by
anomaly. VPD could be added as a second explanatory variable, since it tracks atmospheric
demand more directly than LST does. Soil moisture should also enter the framework, because
water limitation depends on the joint state of soil moisture, atmospheric demand, and soil
hydraulic properties (Fu et al., 2024; Wankmiiller et al., 2024). The anomaly framework
similarly limits H3, since monthly partial correlations cannot capture the seasonal to
interannual accumulation of water limitation invoked by predictions (i) and (iii); storage-based
metrics such as cumulative precipitation deficits or GRACE-derived root-zone water storage
anomalies would be more appropriate for that test.

6.4.4 Missing Soil Moisture and Partial-Correlation Limits

Even with five drivers included, the H3 partial-correlation framework still faces two structural
limits. Partial correlation isolates how ET co-varies with one target variable within the linear
space spanned by the included predictors. Variables left outside this space stay neither
controlled nor identified. Take VPD. LST may act on ET partly through VPD and partly
through other pathways, and a model without VPD cannot tell them apart (Byrnes & Dee, 2025).

The second limit concerns how dominant drivers were identified. A driver was classified as
dominant for a given pixel when its partial correlation passed p < 0.05. The t-test underlying
this threshold becomes easier to pass as the sample size grows, and with 100 monthly
observations per pixel a partial correlation as small as |r| = 0.2 already meets it. The dominant-
driver maps in §5.3.3 therefore include pixels where the leading driver explains only a small
share of ET variance. Requiring a minimum effect size, for example |r_partial| > 0.3, alongside
the p-value threshold would tighten the classification to drivers with substantive rather than
merely detectable associations.

45


https://www.zotero.org/google-docs/?ZykHPq
https://www.zotero.org/google-docs/?Pa48Xf

7 Conclusion

Warming-induced changes in northern high-latitude ET require more than just tracking total-
flux growth. To address this, I analyzed the growing-season ET characteristics across regions
north of 45°N from 2001 to 2020 using multi-source remote sensing data. I focused on three
interrelated questions: the potential redistribution of ET components in dry versus wet
ecosystems, the existence of nonlinear temperature-ET thresholds, and the dominant drivers
controlling ET anomalies across different ecosystem types.

Previous studies have largely focused on total ET and mid-to-low latitude thresholds, often
relying on single remote sensing products. This leaves gaps regarding component redistribution,
warm-end water limitation in high latitudes, and the biases introduced by training structures in
ET datasets. My analysis reveals a distinct component-substitution pattern in dry ecosystems.
The transpiration fraction increases while the soil evaporation fraction decreases, with median
trends nearly symmetric in magnitude (+0.000132 and -0.000130 yr™', respectively). Wet
ecosystems do not show this systematic change. Interestingly, regressing these component
trends against LAI trends yields an R? of only 0.023. This indicates that while the
reorganization aligns directionally with vegetation greening, non-vegetation processes
primarily govern it quantitatively. The consistency of the total-ET trend across FLUXCOM-
X-BASE and GLEAM v4.2a confirms this is a physical redistribution rather than a statistical
artifact.

Regarding temperature thresholds, domain-wide data challenges the expectation of a strict
warm-end water limitation. I instead observed a cold-end breakpoint near -9°C. This breakpoint
reflects the physical lower bound imposed by snow cover and vegetation dormancy. The
anticipated warm-end threshold only appears when stratifying by latitude. In the 45-55°N band,
dry ecosystems show a clear decline in ET at the warm extreme. This suggests that water-
limitation thresholds follow a latitudinal gradient, which is currently active at lower latitudes
but likely to move poleward with Arctic amplification.

Furthermore, data overturns the initial hypothesis that dry and wet ecosystems have strictly
partitioned driver structures. The latitudinal gradient differentiates ET drivers much more
sharply. LST correlations systematically strengthen toward higher latitudes across different
products. While soil moisture consistently shows a negative partial correlation, it manifests
more strongly in wet ecosystems than in dry ones at the monthly scale, defying classical water-
limitation assumptions.

Finally, I found that the strong dominance of LAI and LST signals under FLUXCOM-X-BASE
partly results from predictor circularity. Its machine-learning framework is intrinsically trained
on MODIS-derived features. This structural overlap explains the divergent driver attribution
when compared to the physics-based GLEAM model. By synthesizing the cross-product
consistency in total-flux trends with the product-sensitivity in driver attribution, this study
highlights a methodological takeaway. Single-product causal inference in large-scale ET
research is unreliable. Future studies must evaluate the internal structural assumptions of
remote sensing products alongside statistical validation.
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