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Abstract. Plant phenological shifts — notably ear-
lier start (SOS) and later end (EOS) of the growing sea-
son — affect surface albedo, latent and sensible heat fluxes,
and ultimately the surface temperature. The magnitude and
spatial variability of these effects remain uncertain. Using
Earth observation and reanalysis data (2001-2021), we quan-
tify the sensitivity of surface energy fluxes to SOS and
EOS changes across northern lands (> 30° N), and we report
uncertainties and convergence across multiple independent
10 datasets. Spatially-aggregated results show that an earlier
SOS is generally associated with decreased albedo by up to
0.004 d~! (needleleaf forests and tundra), and increased la-
tent heat fluxes by 0.46 Wm~2d~! (spatial median), ranging
from 0.17 Wm~2d~! (croplands) to 0.68 Wm—2d~! (mixed
15 forests). Delays in EOS are also associated with decreases
in albedo, though much smaller in magnitude, and with in-
creases in latent heat flux —up to ~ 0.13 Wm~2d~" in mixed
forests — with weaker and more variable responses across
other land-cover types. Datasets reveal large spatial variabil-
20 ity and discrepancies in the responses of the sensible heat
fluxes and thus evaporative fraction. Across datasets, earlier
SOS is consistently associated with increased latent heat flux,
and the concurrent evidence from evaporative fraction sug-
gests a shift towards enhanced latent cooling. These findings
25 are consistent with a phenology-driven negative feedback on
surface warming through enhanced evaporative cooling, al-

o

though causal attribution from observational analyses alone
is not possible.

1 Introduction

Across northern vegetated lands, significant shifts in the start
date of the growing season (SOS) and end date of the grow-
ing season (EOS) have been observed during the last several
decades (Piao et al., 2019). The overall more robust plant
phenological trends towards earlier SOS have been linked to
warming, although there is evidence that the temperature sen-
sitivity of SOS has been declining more recently (Fu et al.,
2015). The attribution of the overall weaker trends towards
delayed EOS is less clear, and in addition to temperature
other factors such as effects from photoperiod, nutrient and
water availability also play an important role (Piao et al.,
2019).

It is well established that plant phenology exerts a first-
order control on water and energy exchanges between the
land and atmosphere (Richardson et al., 2013). This is ex-
emplified through in-situ studies documenting that in tem-
perate deciduous forests the seasonal patterns of sensible
and latent heat fluxes are largely driven by changes in leaf
area index (Moore et al., 1996; Hogg et al., 2000). It is
therefore conceivable that shifts in plant phenology have
significant impacts on biophysical properties and the sur-
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2 O. Hau et al.: Phenology and surface energy balance changes across northern lands

face energy balance during the growing season. For exam-
ple, through an earlier SOS the foliage cover in springtime is
increased, which leads conceivably to a simultaneously en-
hanced canopy conductance and latent heat fluxes due to in-
creased transpiration of plants (at the cost of sensible heat) as
well as altered albedo (Richardson et al., 2013). Further, the
increased leaf area also causes an increase in surface aero-
dynamic roughness, that (through generating more mechan-
ical turbulence) can enhance both sensible and latent heat
fluxes (Richardson et al., 2013). Together, these responses
can exert large impacts on the springtime near-surface cli-
mate (Schwartz and Karl, 1990; Hogg et al., 2000). Addi-
tional effects associated with an earlier SOS are decreases
in snow cover, soil moisture and surface runoff and potential
increases in cloudiness and precipitation as more moisture is
expected to be transferred from the land to the atmosphere
(Kim et al., 2018; Piao et al., 2019; Mekonnen et al., 2025).
A delayed EOS and associated increase in leaf area during
autumn may cause similar changes in biophysical properties
and imprints in water and energy fluxes, but the overall re-
sponses may be more complex because of the influence of
changes in energy and water fluxes in the earlier portions of
the growing season through lagged effects (Richardson et al.,
2010; Liu et al., 2016). Winkler et al. (2026) provide a de-
tailed assessment of how phenological shifts potentially af-
fect the processes controlling land—atmosphere interactions
and associated climate feedbacks, given current understand-
ing.

Research on how phenological shifts influence land—
atmosphere interactions and near-surface climate has so far
primarily focused on land surface temperature responses. In
this context, a more recent modeling study by Lian et al.
(2022) found that across northern vegetated regions earlier
SOS and delayed EOS exert only a relatively modest influ-
ence on spring and autumn temperatures, respectively. Their
finding suggest that the enhanced evaporative cooling (as-
sociated with increased LAI) is largely offset by increased
radiative warming associated with albedo changes and water
vapor feedbacks.

Shifting the focus to surface energy fluxes, Forzieri et al.
(2020) provided the first large-scale observational evidence
for a substantial influence of recent leaf area index (LAI)
changes on the partitioning of latent and sensible heat fluxes.
The study further demonstrated that the ongoing global
greening trend — expressed as an increase in annual mean
LAI (Winkler et al., 2021) — has led to a decline in the Bowen
ratio. This decline was mainly attributed to enhanced evapo-
rative efficiency, particularly in water-limited regions. Prior
modeling studies had already reported comparable patterns
(Lawrence and Slingo, 2004; Migliavacca et al., 2012), lend-
ing additional support to these observational findings.

Analogous to greening effects on the surface energy bal-
ance, the overall aim of this study is to quantify the impact of
phenological changes in controlling processes. Specifically,
the objective is to quantify the direct sensitivities of biophys-

ical properties of the land surface and energy fluxes during
the spring and autumn seasons to changes in SOS and EOS
for the period 2001-2021 across northern lands. This is an
important step towards a better understanding of how phe-
nological shifts in response to climate warming feed back
to the climate system (Pefiuelas et al., 2009; Miralles et al.,
2025b). We make use of an array of newly available datasets
of surface energy fluxes and albedo from satellite Earth ob-
servations, up-scaled eddy covariance flux tower datasets,
and meteorological reanalyses to quantify the sensitivities of
these properties to phenological shifts in a statistical regres-
sion framework. In the following, we first describe the meth-
ods and datasets used in the analysis. We then present the
results, beginning with phenology-driven changes in albedo,
followed by alterations in turbulent heat fluxes, and we con-
clude with speculations on the emerging impacts on the dy-
namics controlling the land surface temperature.

2 Data and methods

Sensitivities of surface energy balance variables to changes
in land surface phenology are quantified using linear regres-
sions against start of season (SOS) and end of season (EOS)
dates (Fig. 1). SOS and EOS are derived from satellite-based
leaf area index (LAI), while key surface energy balance vari-
ables include latent heat (LE), sensible heat (H), evaporative
fraction (EF), albedo, and land surface temperature (LST).
All surface energy balance variables are detrended prior to
analysis to account for confounding effects driven by the
global warming trend. LAI is intentionally not detrended,
as its long-term changes associated with rising temperatures
and the resulting effects on surface energy balance variables
are the focus of this study.

The study region encompasses Northern Hemisphere ter-
restrial ecosystems (30-90°N), hereafter referred to as
“northern lands”. All datasets are aggregated or interpolated
to a common 0.25° spatial resolution. The analysis primar-
ily covers the period 2001-2021 (except FLUXCOM-derived
LE, H, and EF) and uses daily temporal resolution data, with
8-daily data for FLUXCOM and MODIS products. We note
that continuous daily observational datasets at global scale
are currently limited by sensor characteristics; the GLASS
LAI data are gap-filled at 8-daily resolution and linearly in-
terpolated to daily resolution, so the resulting phenological
transition dates should be interpreted as temporally approxi-
mated estimates rather than independent daily observations,
and this constrains the precision with which SOS and EOS
can be determined.

Latent heat is derived from evaporation estimates (E) us-
ing LE = E - X, where A is the latent heat of vaporisation,
adopting a constant value of 1 = 2.48 kJ g~ !, as A varies only
weakly with temperature (Monteith and Unsworth, 2013).
The evaporative fraction is calculated as EF = —££ . EF is

LE+H
computed using consistent combinations of LE and H from
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the respective datasets. Although EF is ideally defined rel-
ative to available energy, this approach can introduce arte-
facts in data-driven products due to the lack of energy closure
(Jung et al., 2019).

2.1 Remote sensing datasets and phenological metrics

Phenological transition dates are extracted from the GLASS
(Global Land Surface Satellite) LAI dataset (Ma and Liang,
2022), which is primarily based on MODIS observations.
The original 8-daily, 0.05° LAI data are linearly interpolated
in space to 0.25° and in time to daily resolution.

SOS and EOS are determined following the methodology
of Panwar et al. (2023). For each grid cell, the daily LAI
time series is first smoothed using a spline with 10 nodes
implemented in the EasyPhenology software package (Pan-
war, 2023). SOS and EOS are then defined as the day of year
(DOY) when LAI exceeds and falls below 30 % of the annual
maximum LAI, respectively (Fig. Al). The 30 % threshold
was selected as a widely used and methodologically consis-
tent choice within the accepted 20 %—-50 % range (Panwar
et al., 2023), where no universally agreed standard exists,
and is applied uniformly across all vegetation types to ensure
comparability. To test the influence of the “30 % threshold”
choice on our results, we conduct and present a sensitivity
analysis for different thresholds. Regional growing-season
dynamics that do not align with the calendar year can re-
sult in SOS or EOS values outside the range DOY 1-365. In
these cases, we add or subtract 365 d, respectively, to obtain
transition dates within a single calendar year.

Land surface temperature is obtained from the MODIS
MODI11C1 Version 6 product (Wan et al., 2015). The data
are coarsened to 0.25° spatial resolution by averaging valid
pixels and resampled to an 8-daily temporal resolution.

Land cover information is derived from the European
Space Agency Climate Change Initiative datasets (ESA-CCI;
European Space Agency, 2017), using annual maps from ver-
sions v2.0.7 and v2.1.1. Fractional land cover within each
0.25° grid cell is computed from the relative frequency of
classes and aggregated to evergreen needleleaf forest (ENF),
deciduous needleleaf forest (DNF), deciduous broadleaf for-
est (DBF), mixed forest (MF), grassland and shrubland
(GRSH), and cropland (CRO). The most frequent class over
the study period is used as a static land cover map. Arctic
tundra (TUN) is additionally separated using the ESA-CCI
CALU dataset (Bartsch et al., 2024).

2.2 Reanalysis and statistical upscaling products

We use ERAS reanalysis data (Hersbach et al., 2020) at
0.25° resolution to obtain evaporation, sensible heat, short-
wave albedo, and skin temperature. Daily totals of evap-
oration and sensible heat are derived from hourly values
and multiplied by —1 to harmonise sign conventions such
that positive fluxes indicate transfer from surface to atmo-

sphere. ERAS evaporation includes transpiration, evapora-
tion from bare soil and water bodies, and evaporation of in-
tercepted water. Sensible heat represents turbulent heat ex-
change driven by temperature gradients, wind speed, and sur-
face roughness. Shortwave albedo is calculated from ERAS
radiation fluxes; grid cells with albedo values above 0.3 are
masked to exclude snow-dominated conditions. To minimise
potential circularity, we do not use MODIS-derived albedo,
as both MODIS albedo and LAI rely on the same multispec-
tral observations. Skin temperature, representing the theoret-
ical temperature of the uppermost surface layer, is analysed
as it responds instantaneously to changes in surface energy
fluxes.

Latent heat and sensible heat are additionally obtained
from the FLUXCOM product (Jung et al., 2019; Tramontana
et al., 2016), while evaporation is taken from FLUXCOM-X-
Base (Nelson et al., 2024). As FLUXCOM-X-Base provides
only evaporation, sensible heat for EF calculations is taken
from the precursor FLUXCOM dataset. Both products up-
scale eddy covariance measurements using machine learning
models driven by meteorological data and satellite-based sur-
face reflectances, land surface temperature, and land cover.

FLUXCOM-X-Base evaporation is aggregated from the
original hourly, 0.05° resolution to daily values at 0.25°. The
original FLUXCOM LE and H datasets cover the period
2001-2020 only, limiting analyses based on these variables
to 20 years.

Evaporation and sensible heat are further obtained from
GLEAM4.1a (Global Land Evaporation Amsterdam; Mi-
ralles et al., 2011, 2025a), which integrates observational,
modelled, and satellite data at daily and 0.25° resolution. In
GLEAM, actual evaporation comprises contributions from
bare soil evaporation, open water, snow sublimation, inter-
ception loss, and transpiration.

2.3 Sensitivity quantification and partial correlation
analysis

Sensitivities of surface energy balance variables to changes
in SOS and EOS are quantified per grid cell as the slope
of bivariate linear regressions between annual time series of
SOS or EOS (explanatory variable) and spring or autumn
mean values of each surface energy balance variable (re-
sponse variable; Fig. 1).

Prior to calculating spring or autumn means, long-term
trends in the surface energy balance variables are removed to
isolate interannual variability. Specifically, for each grid cell
and calendar day, we fit a linear trend across years and sub-
tract this trend from the original daily values. The detrended
daily data are then used to compute spring or autumn aver-
ages given the defined window.

Spring and autumn windows are defined as £20d around
the temporal mean SOS and EOS, respectively. For example,
average albedo within +20d of the mean SOS and EOS is
referred to as spring and autumn albedo. The + 20 d window
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was chosen to capture the surface energy balance response
over the period surrounding the phenological transition, ac-
counting for the fact that biophysical responses may not be
instantaneous at the exact transition date, while maintaining
a consistent analysis window across years. Regression slopes
are estimated from the resulting time series of interannual
variability. A negative slope in the albedo—SOS relationship
indicates increasing albedo with earlier SOS, whereas a pos-
itive slope with EOS indicates higher albedo with later EOS.
Statistical significance of regression slopes is assessed using
the Wald Chi-Squared test with a significance threshold of
p <0.05.

To account for potential confounding effects of temper-
ature, we additionally perform a partial correlation analysis
between SOS/EOS and each surface energy balance variable,
using ERAS surface temperature as a covariate. Partial corre-
lation coefficients and associated p values are computed us-
ing Pearson correlation applied to the residuals obtained by
regressing both SOS or EOS and the surface energy balance
variable on surface temperature.

Grid cells with very low vegetation cover or dominated
by urban and barren areas, water bodies, or permanent snow
and ice are excluded from both analyses using the static plant
functional type (PFT) map derived from ESA-CCI land cover
data and by masking grid cells with an annual maximum LAI
below 0.5.

Sensitivities and partial correlations derived from the in-
dividual datasets are combined into composite maps. For
each variable, we assess whether the majority of datasets
with statistically significant values (Wald Chi-Squared test;
p <0.05 for sensitivities, corresponding thresholds for par-
tial correlations) agree on the sign of the relationship. Com-
posite maps show the mean slope (or partial correlation co-
efficient) across datasets that share the same dominant sign,
calculated separately for positive and negative relationships.
Grid cells are classified as “no trend” (white) when the ma-
jority of datasets are non-significant or when there is no con-
vergence in sign. The color bar is divided into discrete bins,
each containing an equal number of positive or negative grid
cells, with zero serving as the boundary between the two
color scales.

To quantify agreement among datasets, we also generate
maps of dataset counts. Each slope or partial correlation co-
efficient is assigned a flag: —1 for negative values, +1 for
positive values, and NaN for non-significant values and miss-
ing data. These flags are summed across datasets for each
grid cell. For example, with three datasets, a count of —3
indicates unanimous agreement on a negative relationship,
whereas —1 indicates partial disagreement (e.g., two neg-
ative and one positive). A value of 0 arises from opposing
signs cancelling each other (e.g., two positive and two neg-
ative relationships when four datasets are available) or NaN
if the majority of the datasets have no value. The number of
contributing datasets varies by variable.

Finally, we present boxplots of sensitivity slopes for
each dataset and PFT, including both significant and non-
significant values, to illustrate the statistical distributions un-
derlying the composite patterns. Additionally, we assess the
robustness of the presented sensitivity slopes of by compar-
ing the mean, median, and standard deviation of the reference
analysis (30 % LAI threshold, 20 d window) with those ob-
tained from alternative analysis settings. The alternative set-
tings include a 20 % threshold, a 40 % threshold, a +15d
window, and a +25d window, where the analysis is per-
formed with only one parameter (threshold or window width)
is varied, while the other is kept identical to the reference
analysis. The robustness assessment is based only on signif-
icant spatial sensitivities of the surface energy balance vari-
ables. Therefore, we calculate the average grid-cell slopes
for locations where the majority of datasets show statisti-
cally significant relationships and agree on the sign of the
response. Evaporative fraction is omitted from this analysis
because it is derived from latent and sensible heat, which
are evaluated separately. Results are presented by PFT for
each surface energy balance variable (Fig. 7), while the cor-
responding analysis aggregated across all PFTs (Fig. A6),
and a comparison of the average slope and standard devia-
tion across all analysis settings with those of the reference
(Table A1) is provided in the Supplement!

3 Results and Discussion

We first assess how phenological shifts modulate surface
albedo, which controls the fraction of incoming solar radi-
ation absorbed at the land surface and thereby constrains the
energy supply for turbulent heat fluxes. We then examine the
sensitivities of latent and sensible heat fluxes and their com-
bined effect on evaporative fraction, before discussing poten-
tial implications for land surface temperature. We augment
our sensitivity analyses with partial correlation estimates.
Prior to discussing details in the sections to come, some gen-
eral statements can be made: Overall, the partial correlation
patterns broadly reproduce the spatial patterns and dominant
trend directions identified in the sensitivity analysis, how-
ever, some regions no longer exhibit significant or weaker
linkages. This reduction is most pronounced for H and EF
at high latitudes and particularly for SOS-related responses.
In contrast, the patterns of albedo sensitivities are well re-
produced by the partial correlations and EOS-related rela-
tionships show more coherent agreement between correla-
tion and sensitivity analyses. Together this suggests that, par-
ticularly in spring, temperature and other co-varying factors
contribute to the spatial variability and magnitude of sensitiv-
ities of turbulent fluxes, whereas EOS-related responses are
more directly attributable to phenological timing. We note,
however, that ERAS latent heat, sensible heat, and skin tem-
perature are all outputs of the same integrated land-surface—
atmosphere model, which may complicate interpretation of
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Figure 1. Example of the sensitivity calculation of latent heat to SOS between 2001 and 2003 at 52° N and 11°E. (a) SOS derived from
smoothed MODIS-GLASS LAI data by using the EasyPhenology (Panwar, 2023) approach and threshold 0.3. (b) Selection of spring latent
heat (20 d around the mean SOS) calculated from ERAS evaporation data. (¢) The sensitivity and significance is derived from the linear
regression between the detrended mean annual spring latent heat and the annual SOS date.

ERAS5-based partial correlations due to potential residual
within-product dependencies. However, the composite maps
contain the average results across multiple data sources, in-
cluding the FLUXCOM and GLEAM datasets, which pro-
vide additional independent support for the partial correla-
tions of the turbulent fluxes.

3.1 Albedo

Spring albedo shows widespread significant positive sensi-
tivities to SOS over boreal and Arctic regions. For example,
sensitivities reach up to 0.00428:88% (unitless; median with
25 % and 75 percentiles) in deciduous needleleaf forests from
the ERAS albedo dataset, indicating that an earlier SOS is
associated with declining albedo (Fig. 2a, b). Strong positive
sensitivities also occur in evergreen needleleaf forests and
tundra, as well as in high mountain regions such as the Euro-
pean Alps, Pyrenees, Caucasus, Altai, and Rocky Mountains.
In contrast, mid-latitude regions in Europe, Central and East-
ern Asia, and eastern North America exhibit negative sensi-
tivities, implying increasing albedo with earlier SOS.
Positive sensitivities in tundra and boreal forests are likely
driven by spring green-up masking residual snow cover,
thereby reducing surface albedo. Conversely, negative sen-
sitivities in croplands and deciduous broadleaf forests likely
reflect canopy development shielding darker soils during
spring green-up, particularly under moist soil conditions

(Richardson et al., 2013). In agricultural systems, increased
albedo may additionally arise from earlier sowing of brighter
crops (Menzel et al., 2020).

Partial correlation analyses confirm these regional sensi-
tivities of spring albedo to SOS, although areas of positive re-
lationships are less spatially continuous and correlation mag-
nitudes are more uniform across regions than the correspond-
ing regression slopes (Fig. A2a).

Autumn albedo sensitivities to EOS are generally weaker
and less spatially coherent than in spring. High-latitude re-
gions, particularly tundra and evergreen needleleaf forests,
tend to show negative sensitivities, indicating decreasing
albedo with delayed EOS, likely due to prolonged canopy
cover over bright soils or early snow. Deciduous broadleaf
and mixed forests show on average positive sensitivities, con-
sistent with extended leaf cover over relatively dark soils.
Partial correlations reproduce these autumn patterns with
similar spatial coverage and trend directions, although cor-
relations at high latitudes are not markedly stronger than at
lower latitudes (Fig. A2b).

As stated above, phenological shifts toward an earlier SOS
result in the largest albedo responses in evergreen needleleaf
forest, deciduous needleleaf forest, and tundra, with changes
of 0.003-0.004 in albedo per day of SOS advance (Fig. 2b).
To give a sense of magnitude in the context of the surface
energy balance, we present a first-order estimate, based on
the following assumptions: (i) the multi-decadal ERAS-Land
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average downward shortwave radiation for May—June over
northern lands (> 30°N) is used as the representative flux
value; (ii) this downward flux is treated as approximately
time-invariant over the study period; and (iii) the albedo
change is assumed to act uniformly across the analysis do-
main. Using the ERAS5-Land average of 257418 W m™2 (the
uncertainty is the spatially aggregated standard deviation of
daily estimates for those months; May—June marks the SOS
period, see Fig. A2a), the albedo change converts to a change
in reflected shortwave energy. An albedo decrease of 0.003—
0.004 per day thus corresponds to a reduction in reflected
shortwave of about 0.7740.05 to 1.0140.07 Wm~2d~! for
the regions considered. This additional shortwave absorption
at the surface increases available energy potentially fueling
turbulent heat fluxes, which we discuss next.

3.2 Latent heat fluxes

Spring latent heat fluxes exhibit widespread signifi-
cant negative sensitivities to SOS (Fig. 3a—c), rang-
ing from —0.68:8:22 Wm2d~! in mixed forests to
—0.17:8:% Wm~2d~! in croplands (median with 25 % and
75 percentiles across four datasets). This indicates enhanced
latent heat fluxes with earlier SOS. Sensitivities are negative
across all vegetation types and strongest over forests. The
four datasets show consistent large-scale patterns across most
northern lands.

These results align with increased energy supply through
shortwave radiation absorption (Sect. 3.1) and reported ev-
idence that increasing vegetation cover during spring en-
hances transpiration (Schwartz, 1996; Panwar et al., 2020),
primarily regulated by photosynthetic activity via stomatal
conductance (Richardson et al., 2013). Partial correlations
support this relationship, showing overall significant nega-
tive associations between spring LE and SOS, albeit with re-
duced spatial coverage compared to the sensitivity analysis
(Fig. A3a, b).

Autumn latent heat generally exhibits positive sensitivi-
ties to EOS, reaching up to 0.138:(3)62Wm’2 d~! in mixed
forests (Fig. 3d-f), indicating increasing LE with delayed
EOS. Compared to SOS, EOS sensitivities are weaker, more
spatially heterogeneous, and less consistent across datasets.
In particular, GLEAM shows regionally negative sensitivities
in forested areas. Partial correlations reveal strong associa-
tions in regions such as Central North America and eastern
Europe and indicate comparable or slightly stronger LE-EOS
correlations than LE-SOS correlations (Fig. A3c, d).

This variability likely reflects constraints imposed by soil
moisture availability and seasonal meteorological conditions.
While delayed EOS may enhance transpiration, limited water
availability towards the end of the growing season can decou-
ple phenology from evaporation (Migliavacca et al., 2012;
Richardson et al., 2013). An additional and potentially active
confounding factor is that an earlier SOS may progressively
deplete soil moisture reserves through extended transpiration

and canopy interception over summer, directly suppressing
autumn latent heat flux independently of EOS timing. Where
soil moisture is limiting at the start of autumn, reduced stom-
atal conductance and transpiration would dampen the ex-
pected positive EOS—-LE response, or even reverse it. This is
consistent with the weaker and more spatially heterogeneous
EOS-LE sensitivities we report compared to SOS, and with
the regionally negative EOS—LE sensitivities found in some
datasets — particularly GLEAM, where explicit soil moisture
constraints on evaporation are represented. The negative sen-
sitivities that occur in some regions support the hypothesis of
limited water reserves with an elongation of the growing sea-
son (Buermann et al., 2018), but the location and abundance
varies between the different datasets.

3.3 Sensible heat fluxes

Sensitivities of sensible heat to SOS and EOS show no
coherent large-scale pattern for northern lands and ex-
hibit strong regional variability and dataset divergence
(Fig. 4). However, smaller regions do exhibit coherent re-
sponses: spring H sensitivities to SOS are significantly neg-
ative across parts of northern Eurasia, particularly Siberia
(Fig. 4a). Deciduous needleleaf forests show sensitivities of
—0.26(18.366 Wm~2d~!, whereas other vegetation types dis-
play weaker and often mixed responses. Differences between
datasets are especially pronounced in temperate and boreal
Eurasia, with FLUXCOM generally indicating more nega-
tive or neutral sensitivities than ERAS and GLEAM.

Partial correlations reveal little spatially extensive signif-
icant association between H and SOS, showing only weak
tendencies towards negative correlations at some high lati-
tude regions and positive correlations at some low latitude re-
gions (Fig. Ada, b), reinforcing the absence of a robust spring
signal.

Autumn sensible heat sensitivities to EOS are spa-
tially mixed but show greater agreement between datasets
than in spring (Fig. 4e, f). Central and south-eastern
North America consistently exhibit negative sensitivities
(e.g. —O.OS:g:gZWm_2 d~! in croplands). Partial correla-
tions coincide with these regions of significant sensitivities,
again mainly showing negative relationships in mid- and
lower-latitude regions (Fig. A4c, d).

Overall, these results show substantial uncertainty in how
phenological shifts affect sensible heat. However, in high
northern latitudes — particularly for deciduous and evergreen
needleleaf forests and tundra (Fig. 4a, ¢) — a pattern of in-
creased sensible heat flux with earlier SOS is emerging, mir-
roring the increase in latent heat flux (see Sect. 3.2). With
both turbulent heat fluxes increasing, additional energy is re-
quired, consistent with the larger shortwave absorption from
reduced albedo (Sect. 3.1). In the next section we examine
how the partitioning of turbulent heat fluxes, expressed as the
evaporative fraction (EF), responds to phenological shifts.
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Figure 2. Sensitivity of spring and autumn albedo to SOS (a-b) and EOS (c-d), respectively. Sensitivities are for the period 2001 to 2021.
(a, ¢) Linear regression significant (p value < 0.05) detrended slope of spring albedo with SOS (a) and autumn albedo with EOS (¢) from
the ERAS dataset. Water, urban and built-up areas, permanent snow and ice, barren and sparsely vegetated areas, and areas with LAI < 0.5
are masked gray and non-significant slopes are masked white. (b, d) Statistical distributions of slopes for each land cover. Boxplots show
the median (line), 25 % and 75 percentiles (box). ENF evergreen needleleaved forest, DNF deciduous needleleaved forest, DBF deciduous
broadleaved forest, MF mixed forest, GRSH grass and shrubland, TUN tundra, CRO croplands.

3.4 Evaporative fraction and surface temperature

Generally, sensitivities of EF integrate concurrent changes in
LE and H (Fig. 5). Spring EF largely mirrors LE patterns,
showing widespread negative sensitivities to SOS, indicating
s increasing EF with earlier SOS (Fig. 5a). Sensitivities reach
—0.002(189&?49 in deciduous needleleaf forests (Fig. 5c).
ERAS and GLEAM exhibit substantially larger variability
than FLUXCOM-derived estimates. Regional positive sensi-
tivities occur in Central Asia and the western United States,
10 but datasets show limited agreement in these areas. Partial
correlations reproduce the dominant spatial patterns but with
reduced coverage, particularly at high latitudes (Fig. AS).
Autumn EF generally increases with delayed EOS in tem-
perate regions (Fig. 5b), reaching 0.001 10'8058 in croplands.

—0.0011
15 Agreement among datasets is found across large parts of the

Mediterranean, Central and Eastern Asia, and North Amer-
ica. In boreal and Arctic regions, however, EF sensitivities
are spatially heterogeneous and datasets frequently disagree,
particularly in boreal forests and tundra where ERAS5 and
GLEAM show much larger magnitudes than FLUXCOM.
These discrepancies indicate substantial uncertainty in EF re-
sponses to phenological shifts. The potential confounding by
SOS-driven soil moisture depletion (see Sect. 3.2) may like-
wise partially explain the dataset disagreement and spatial
heterogeneity in autumn EF sensitivities: where soil mois-
ture is limiting, suppressed transpiration reduces EF inde-
pendently of EOS timing, masking or reversing the expected
positive EOS—EF relationship.

Since rising surface temperature — primarily driven by in-
creased downwelling longwave radiation from greenhouse
gases over the long term — is the key driver of phenolog-
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Figure 3. Sensitivity of spring and autumn latent heat (LE) to SOS (a—c) and EOS (d-f), respectively. Sensitivities are for the period 2001 to
2021. (a, d) Average significant (p value < 0.05) linear regression detrended slope of spring LE with SOS (a) and autumn LE with EOS (d)
across datasets with the same majority slope direction. Water, urban and built-up areas, permanent snow and ice, barren and sparsely vegetated
areas, and areas with LAI < 0.5 are masked gray, and non-significant slopes are masked white in all maps. (b, €) Significant slope direction
count (negative or positive) of all four datasets. (¢, f) Statistical distributions of slopes for each dataset and land cover. Boxplots show
the median (line), 25 % and 75 percentiles (box). ENF evergreen needleleaved forest, DNF deciduous needleleaved forest, DBF deciduous
broadleaved forest, MF mixed forest, GRSH grass and shrubland, TUN tundra, CRO croplands.

ical changes, one cannot estimate the effect of phenolog- about emerging effects linked to phenology based on obser-

ical changes back on surface temperature. In other words, vations.

surface temperature both influences and responds to phenol- The sensitivity analyses reveal negative associations be-

ogy through coupled energy-balance processes, and observa- tween spring surface temperature and SOS and predomi-
s tional analyses cannot disentangle these feedbacks or provide nantly positive associations between autumn temperature and

quantitative causal attribution. Thus, we can only speculate EOS (Fig. 6), consistent with earlier SOS and delayed EOS
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Figure 4. Sensitivity of spring and autumn sensible heat (H) to SOS (a—c) and EOS (d-f), respectively. Sensitivities are for the period
2001 to 2021. (a, d) Average significant (p value < 0.05) linear regression detrended slope of spring H with SOS (a) and autumn H with
EOS (d) across datasets with the same majority slope direction. Water, urban and built-up areas, permanent snow and ice, barren and sparsely
vegetated areas, and areas with LAI < 0.5 are masked gray, and non-significant slopes are masked white in all maps. (b, €) Significant
slope direction count (negative or positive) of all three datasets. (c, f) Statistical distributions of slopes for each dataset and land cover.
Boxplots show the median (line), 25 % and 75 percentiles (box). ENF evergreen needleleaved forest, DNF deciduous needleleaved forest,
DBEF deciduous broadleaved forest, MF mixed forest, GRSH grass and shrubland, TUN tundra, CRO croplands.

under warmer conditions. Warmer conditions also drive in-
creases in both H and LE; however, the concurrent increases
in EF suggest enhanced latent cooling, pointing toward a po-
tential negative phenological feedback on surface warming.
s The negative partial correlations of LE and EF with SOS
(Figs. A4 and AS) —i.e., statistically controlling for the effect

of surface temperature — lend support to phenology-driven
latent cooling. We therefore hypothesize that phenological
shifts may partially offset GHG-induced surface warming
through enhanced evaporation.
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Figure 5. Sensitivity of spring and autumn evaporative fraction (EF) to SOS (a—c) and EOS (d-f), respectively. Sensitivities are for the
period 2001 to 2021. (a, d) Average significant (p value < 0.05) linear regression detrended slope of spring EF with SOS (a) and autumn
EF with EOS (d) across datasets with the same majority slope direction. Water, urban and built-up areas, permanent snow and ice, barren
and sparsely vegetated areas, and areas with LAl < (.5 are masked gray, and non-significant slopes are masked white in all maps. (b,
e) Significant slope direction count (negative or positive) of all four datasets. (c, f) Statistical distributions of slopes for each dataset and land
cover. Boxplots show the median (line), 25 % and 75 percentiles (box). ENF evergreen needleleaved forest, DNF deciduous needleleaved
forest, DBF deciduous broadleaved forest, MF mixed forest, GRSH grass and shrubland, TUN tundra, CRO croplands.

3.5 Robustness of Surface Energy Balance Sensitivities the distributions obtained from the alternative threshold and

Across Plant Functional Types window width settings, and within one standard deviation of
their mean (Fig. 7, Table Al). The sign of the response is
preserved in almost all cases; apparent sign changes occur
only for H in MF, where mean sensitivities are close to zero
across all settings and therefore do not represent a reversal of
a meaningful trend.

Overall, the estimated sensitivities are robust to the choice
of analysis settings. Across all surface energy balance vari-
s ables and PFTs, the spatially averaged reference slopes (30 %
threshold, £20d window) generally fall near the centre of
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Figure 6. Relationship of spring and autumn surface temperature to SOS (a—c) and EOS (d-f), respectively. Sensitivities are for the period
2001 to 2021. (a, d) Average significant (p value < 0.05) linear regression detrended slope of spring 7 with SOS (a) and autumn 7 with
EOS (d) across datasets with the same majority slope direction. Water, urban and built-up areas, permanent snow and ice, barren and sparsely
vegetated areas, and areas with LAI < 0.5 are masked gray, and non-significant slopes are masked white in all maps. (b, e) Significant slope
direction count (negative or positive) of all two datasets. (¢, f) Statistical distributions of slopes for each dataset and land cover. Boxplots show
the median (line), 25 % and 75 percentiles (box). ENF evergreen needleleaved forest, DNF deciduous needleleaved forest, DBF deciduous
broadleaved forest, MF mixed forest, GRSH grass and shrubland, TUN tundra, CRO croplands.

The reference setting tends to produce slightly larger ab-
solute slopes than the mean across all alternative settings and
is most pronounced for SOS, where the ratio of larger to
smaller reference slopes is roughly 8 : 1. EOS sensitivities
show the greatest absolute deviation from the cross-settings

mean, though the differences remain within the reported stan-
dard deviation.

Among the surface energy balance variables, sensible heat
is the most robust: mean slopes and standard deviations are
consistent across settings and PFTs. By contrast, autumn sur-
face temperature shows the greatest sensitivity to the choice
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of analysis setting, with somewhat broader inter-setting dis-
tributions, particularly for GRSH and MF.

Among PFTs, mixed forest exhibits the highest sensitiv-
ity to the choice of settings, with large inter-setting variabil-
ity. Croplands, in contrast, show the most compact and con-
sistent distributions across all settings, with comparatively
small sensitivities. This pattern that may partly reflect the
managed nature of agricultural ecosystems.

Overall, the variability in sensitivities across PFTs and sur-
face energy balance variables substantially exceeds the vari-
ability introduced by the tested methodological choices, sug-
gesting that the observed responses primarily reflect underly-
ing ecosystem characteristics rather than the specific choice
of threshold or window width.

4 Conclusions

Our multi-datasets analyses show that an earlier start of sea-
son (SOS) is consistently associated with enhanced latent
heat flux across northern extratropical ecosystems, while de-
layed end of season (EOS) exhibits a similar but weaker
and more spatially heterogeneous effect. The results suggest
that increased latent heat associated with observed SOS/EOS
shifts may promote evaporative cooling, implying a potential
negative feedback on surface warming. Independent mod-
elling evidence shows that earlier SOS enhances evapora-
tive cooling across northern vegetated regions (Lian et al.,
2022), and large-scale observational analyses demonstrate
that LAI increases reduce the Bowen ratio through enhanced
transpiration (Forzieri et al., 2020), both consistent with the
LAT/phenology-driven latent cooling feedback reported here.
A companion paper currently under review with overlap-
ping authorship provides a complementary mechanistic as-
sessment of these feedbacks (Winkler et al., 2026). Across
datasets, phenology-related shifts are found to influence the
surface energy balance, although substantial regional and
inter-dataset variability — particularly for sensible heat fluxes
and evaporative fraction (EF) — indicates persistent uncer-
tainties. These uncertainties call for improving the explicit
representations of dynamic vegetation-controlled land sur-
face dynamics, e.g., in the climate reanalysis efforts such as
the successors of ECMWEF’s ERAS.

Two main limitations should be noted. First, satellite-
based phenology primarily reflects canopy greenness dynam-
ics and does not resolve underlying drivers such as climatic
forcing, vegetation composition changes, land management,
or non-phenological greening trends. Second, we do not ex-
plicitly account for interactions between concurrent SOS and
EOS shifts; for example, an earlier SOS may increase the
likelihood of summer soil moisture depletion, thereby influ-
encing autumn energy balance responses.

Building on these findings, future work could pursue three
complementary directions: (1) applying comparable sensi-
tivity analyses to land surface models to assess latent heat
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Figure 7. Statistical distribution of sensitivity slopes for the differ-
ent analysis settings by plant functional type and surface energy bal-
ance variable. The reference analysis uses a 30 % threshold of the
annual maximum LAI and a temporal window of £20d around the
mean SOS/EOS. The alternative settings include a 20 % threshold, a
40 % threshold, a £15 d window, and a 25 d window. In each sen-
sitivity analysis, only one parameter (threshold or window width)
is varied, while the other is kept identical to the reference analy-
sis. Results are shown for albedo, latent heat, sensible heat, and
surface temperature. For each variable and plant functional type,
the mean (diamond), median (vertical line), and standard deviation
(horizontal error bar) of the significant sensitivity slopes are shown
for evergreen needleleaf forest (ENF), deciduous needleleaf forest
(DNF), deciduous broadleaf forest (DBF), mixed forest (MF), grass
and shrubland (GRSH), tundra (TUN), and croplands (CRO).

responses and better constrain uncertainties in sensible heat
and EF; (2) using modelling frameworks to quantify legacy
effects of SOS/EOS shifts and to separate climate-driven
phenological changes from other drivers, improving attribu-
tion; and (3) integrating site-level observations of phenology
and energy fluxes to better understand stand-scale mecha-
nisms.

Overall, our results indicate that phenology-related
changes in surface energy partitioning may contribute to
dampen surface warming, although counteracting effects
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from albedo changes as part of the Arctic amplification
mechanism need to be considered. Quantifying the magni-
tude and persistence of these feedbacks under continued cli-
mate change remains an important topic for future research.

s Appendix A: Supporting Information

Al Supplementary Figures
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Figure A1l. Spatial patterns of SOS (a) and EOS (b). The phenological transition dates are derived from smoothed MODIS-GLASS LAI data
by using the EasyPhenology (Panwar, 2023) approach and threshold 0.3. Averaged phenological transition dates for the period 2001-2021
are displayed. Water, urban and built-up areas, permanent snow and ice, barren and sparsely vegetated areas, and areas with LAI < 0.5 are

masked gray.
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Figure A2. Spatial patterns of partial correlation between spring and autumn albedo with SOS and EOS, respectively, controlling for tem-
perature. Significant (p value < 0.05) relationship between detrended spring albedo with SOS (a) and autumn albedo with EOS (b), for the
period 2001-2021. Water, urban and built-up areas, permanent snow and ice, barren and sparsely vegetated areas, and areas with LAI < 0.5

are masked gray, and non-significant  values are masked white in the maps.
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Figure A3. Spatial patterns of partial correlation between spring and autumn latent heat (LE) with SOS (a-b) and EOS (c—d), respectively,
controlling for temperature. (a, ¢) Average significant (p value < 0.05) relationship of detrended spring LE with SOS (a) and autumn LE
with EOS (c) across datasets with the same majority » value direction, for the period 2001-2021. Water, urban and built-up areas, permanent
snow and ice, barren and sparsely vegetated areas, and areas with LAI < 0.5 are masked gray, and non-significant r values are masked white
in all maps. (b, d) Significant r value direction count (negative or positive) of all four datasets.
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Figure A4. Spatial patterns of partial correlation between spring and autumn sensible heat (H) with SOS (a-b) and EOS (c—-d), respectively,
controlling for temperature. (a, ¢) Average significant (p value < 0.05) relationship of detrended spring H with SOS (a) and autumn H with
EOS (c) across datasets with the same majority r value direction, for the period 2001-2021. Water, urban and built-up areas, permanent snow
and ice, barren and sparsely vegetated areas, and areas with LAI < 0.5 are masked gray, and non-significant r values are masked white in all
maps. (b, d) Significant r value direction count (negative or positive) of all three datasets.
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Figure AS. Spatial patterns of partial correlation between spring and autumn evaporative fraction (EF) with SOS (a-b) and EOS (c-d),
respectively, controlling for temperature. (a, ¢) Average significant (p value < 0.05) relationship of detrended spring EF with SOS (a) and
autumn EF with EOS (c¢) across datasets with the same majority r value direction, for the period 2001-2021. Water, urban and built-up areas,
permanent snow and ice, barren and sparsely vegetated areas, and areas with LAl < 0.5 are masked gray, and non-significant r values are
masked white in all maps. (b, d) Significant r value direction count (negative or positive) of all four datasets.
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Figure A6. Statistical distribution of sensitivity slopes for the different analysis settings by surface energy balance variable. The reference
analysis uses a 30 % threshold of the annual maximum LAI and a temporal window of £20d around the mean SOS/EOS. The alternative
settings include a 20 % threshold, a 40 % threshold, a +15 d window, and a £ 25 d window. In each sensitivity analysis, only one parameter
(threshold or window width) is varied, while the other is kept identical to the reference analysis. Results are shown for the surface energy
balance variables albedo, latent heat, sensible heat, and surface temperature. Box plots represent the distribution of significant sensitivity

slopes (p value p < 0.05), with the box spanning the first and third quartiles (Q1-Q3), median (vertical line), mean (diamond), and whiskers
(error bars).
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A2 Supplementary Table

Table A1l. Average sensitivities of surface energy balance variables (Albedo, LE, H, and surface temperature) to shifts in SOS and EOS
across PFTs. The mean sensitivity (Mean) represents the average across all analysis settings (threshold 20 %, threshold 40 %, window width
+15d, window width £25d, and the reference analysis). The spatially averaged sensitivities of the reference analysis (Mean ref) is based
on a threshold of 30 % and window width of £20d, while the alternative analysis modify either threshold or window width. The average
standard deviations across all analysis setting is reported as SD.

Variable PTD PFT Mean SD Mean ref
Albedo SOS ENF 0.003827  0.002075 0.004147
Albedo SOS DNF 0.004819  0.002374 0.005051
Albedo SOS DBF 0.000532  0.001892 0.000610
Albedo SOS MF 0.002029  0.001551 0.002284
Albedo SOS GRSH 0.002583  0.002180 0.003206
Albedo SOS TUN 0.004562  0.002232 0.004772
Albedo SOS CRO —0.000326  0.000584  —0.000290
Albedo EOS ENF —0.001870  0.001608 —0.001913
Albedo EOS DNF —0.001065 0.001871  —0.001207
Albedo EOS DBF 0.000734  0.000672 0.000742
Albedo EOS MF 0.000645  0.000684 0.000728
Albedo EOS GRSH —0.000601 0.000938 —0.000704
Albedo EOS TUN —0.001599  0.001248  —0.001770
Albedo EOS CRO —0.000427  0.000477 —0.000422
Latent heat SOS ENF —0.049529  0.021353  —0.050380
Latent heat SOS DNF —0.067392  0.022851  —0.068357
Latent heat SOS DBF —0.063528 0.019337  —0.063547
Latent heat SOS MF —0.065604 0.018285 —0.067485
Latent heat SOS GRSH —0.046381 0.024068 —0.047007
Latent heat SOS TUN —0.056940  0.020942  —0.057634
Latent heat SOS CRO —0.034071  0.019761  —0.033724
Latent heat EOS ENF 0.014883  0.012576 0.012838
Latent heat EOS DNF 0.022033  0.017215 0.021149
Latent heat EOS DBF 0.035174  0.030471 0.036056
Latent heat EOS MF 0.041721  0.021512 0.043934
Latent heat EOS GRSH 0.016369  0.013892 0.016167
Latent heat EOS TUN 0.011079  0.005401 0.011231
Latent heat EOS CRO 0.024103  0.018542 0.024475
Sensible heat SOS  ENF —0.044999  0.042384  —0.047462
Sensible heat SOS DNF —0.071982  0.027683  —0.072033
Sensible heat SOS DBF —0.010660 0.067768  —0.012965
Sensible heat SOS MF 0.000341  0.062704  —0.000439
Sensible heat SOS GRSH —0.045400 0.040353 —0.046594
Sensible heat SOS TUN —0.058554  0.027638  —0.061409
Sensible heat SOS CRO 0.009088  0.046347 0.010008
Sensible heat EOS ENF —0.019299  0.033075 —0.019417
Sensible heat EOS DNF 0.008444  0.048636 0.009988
Sensible heat EOS DBF —0.036497  0.038674 —0.035140
Sensible heat EOS MF 0.002688  0.049018  —0.000625
Sensible heat EOS GRSH —0.021628 0.020887 —0.020890
Sensible heat EOS TUN —0.002501  0.015915  —0.004624
Sensible heat EOS CRO —0.033220  0.021971  —0.033497
Surface temperature  SOS  ENF —0.293529  0.100413  —0.296032
Surface temperature  SOS ~ DNF —0.383277 0.100361 —0.384563
Surface temperature  SOS  DBF —0.280139 0.081732 —0.280150
Surface temperature  SOS ~ MF —0.317295 0.073297 —0.324208

Surface temperature  SOS ~ GRSH  —0.288645 0.124567 —0.289526
Surface temperature  SOS ~ TUN —0.334203  0.124194  —0.333499

Surface temperature  SOS ~ CRO —0.190243  0.083877 —0.191818
Surface temperature EOS ~ ENF 0.177758  0.128976 0.181428
Surface temperature EOS ~ DNF 0.255838  0.111221 0.254483
Surface temperature EOS  DBF 0.106318  0.182727 0.134429
Surface temperature EOS  MF 0.107489  0.209369 0.133673
Surface temperature EOS ~ GRSH 0.158064  0.142853 0.171824
Surface temperature EOS ~ TUN 0.221234  0.070997 0.225692

Surface temperature EOS  CRO —0.069645 0.099492 —0.067721
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