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ABSTRACT

Changes in the volume, rate, and timing of the snowmelt water pulse have profound implications for seasonal soil moisture, evap-
otranspiration (ET), groundwater recharge, and downstream water availability, especially in the context of climate change. Here,
we present an empirical analysis of water available for runoff using five eddy covariance towers located in continental montane
forests across a regional gradient of snow depth, precipitation seasonality, and aridity. We specifically investigated how energy-
water asynchrony (i.e., snowmelt timing relative to atmospheric demand), surface water input intensity (rain and snowmelt),
and observed winter ET (winter AET) impact multiple water balance metrics that determine water available for runoff (WAfR).
Overall, we found that WAfR had the strongest relationship with energy-water asynchrony (adjusted r>=0.52) and that winter
AET was correlated to total water year evapotranspiration but not to other water balance metrics. Stepwise regression analysis
demonstrated that none of the tested mechanisms were strongly related to the Budyko-type runoff anomaly (highest adjusted
r*=0.21). We, therefore, conclude that WAfR from continental montane forests is most sensitive to the degree of energy-water
asynchrony that occurs. The results of this empirical study identify the physical mechanisms driving variability of WAfR in con-
tinental montane forests and are thus broadly relevant to the hydrologic management and modelling communities.

1 | Introduction Balesetal.2006; Mankinetal. 2015). In the western United States,

local economies and water storage in reservoirs rely on runoff
Runoff from snowmelt is critical to supporting communities from mountain snowpacks (Li et al. 2017; Sturm, Goldstein,
and ecosystems globally (Adam, Hamlet, and Lettenmaier 2009; and Parr 2017). With increased winter season energy (Harpold
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et al. 2012; Knowles, Dettinger, and Cayan 2006; Sexstone
et al. 2018) and mountain snowpacks are projected to decrease
in volume (Hale et al. 2023; Immerzeel et al. 2020) and melt
earlier (Musselman et al. 2017) because of climate change, it is
critical to fully constrain the impact of these changes. However,
uncertainties remain with studies finding conflicting results in
terms of total runoff volume (Gordon et al. 2022; Hammond and
Kampf 2020; McCabe, Wolock, and Valentin 2018; Milly, Kam,
and Dunne 2018; Vano et al. 2014). With runoff from seasonal
snowpacks identified as one of the fastest-changing processes in
hydrology (IPCC 2022), accurate water resource forecasting de-
pends on a thorough understanding of the mechanisms driving
variability in water available for runoff (WAfR).

Several mechanisms have been identified as contributors to
changes in snowmelt-driven runoff (e.g., Gordon et al. 2022).
A primary mechanism is winter vapour losses, mostly driven
by sublimation that may increase in drier and/or windier con-
ditions (Sexstone et al. 2018), reducing the volume of snow
water equivalent (SWE) available for spring runoff (Gordon
et al. 2022). A second mechanism is the snowmelt rate which
will likely decrease in warmer conditions as snowmelt begins
earlier in the year (Musselman et al. 2017), with the potential
to reduce subsurface flow and subsequent system efficiency in
producing WAfR (Barnhart et al. 2016). A third mechanism is
the asynchrony between atmospheric energy demand and water
input from snowmelt, with higher asynchrony lengthening the
growing season which results in increased stress on vegetation
(Hale et al. 2023), potentially reducing total WAfR (Immerzeel
et al. 2020). However, there is no consensus on the impacts of
these mechanisms individually on water availability for down-
stream communities (Gordon et al. 2022).

Many previous studies that investigated snowmelt runoff
dynamics were based on hydrologic models (e.g., Barnhart
et al. 2016; Gordon et al. 2022; Hale et al. 2023). However, hy-
drologic modelling frameworks may contribute to uncertainty
when model structures do not properly represent snowmelt dy-
namics (e.g., Webb et al. 2022). Hydrologic model structures in-
clude assumptions to solve the complex sets of equations within
each model. One common assumption is to apply a static air
temperature for partitioning rain and snow, which involves a
complex set of processes and can occur at a range of air tem-
peratures (Jennings et al. 2018). Additionally, snow surface
temperature is difficult to accurately simulate in hydrologic
models but can significantly impact snow-atmosphere energy
and vapour exchange (Raleigh et al. 2013). Furthermore, hy-
drologic models may lack the structure to represent some of the
primary runoff mechanisms transporting snowmelt water to
streams in mountain watersheds (Webb et al. 2022), or assume
no change in interannual watershed storage that is not accurate
in many mountain environments (Brooks et al. 2021; Knowles
et al. 2015). Therefore, while these assumptions are necessary
for modelling, it is important to ensure that simulations are
complemented with empirical studies to ensure that important
physical mechanisms are properly represented as intended for
any future projections (Kirchner 2006).

Forested areas contribute nearly half of the North American
snowpack storage (Kim et al. 2021), the goal of this study is to
advance understanding of the physical mechanisms that affect

ecosystem scale WAfR variability in mid-latitude, continen-
tal montane environments. The analysis was performed using
empirical data to mechanistically investigate relationships be-
tween WAfR metrics and: (1) energy-water asynchrony, (2) the
intensity of surface water input (SWI), and (3) winter season
evapotranspiration; these physical processes represent changes
to the volume of snow, the rate of melt, and the timing of melt,
respectively.

2 | Data and Methods
2.1 | Sites and Data Description

Five AmeriFlux sites were selected to represent ecosystem-
scale dynamics (e.g., Running et al. 1999) along an approximate
north-south transect of continental montane environments
in the contiguous U.S. (Figure 1): GLEES in southeastern
Wyoming (GLE; Frank and Massman 2021); Niwot Ridge in
northern Colorado (NR1; Blanken et al. 2022); Valles Caldera
Mixed Conifer in northern New Mexico (Vcm; Litvak 2023b);
Mountainaire pinyon-juniper in central New Mexico (Mpj;
Litvak 2023a); and Mt. Bigelow in southeastern Arizona (MtB;
Barron-Gafford 2022). These sites are located across a hydro-
climatic gradient (i.e., colder/wetter in the north and warmer/
drier in the south), but all sites receive snowfall, with observed
peak annual snow depths ranging from 14 to 280cm and snow-
fall making up approximately 10% to 80% of total annual pre-
cipitation. Available data from the 2014-2022 water years were
utilised for analysis due to prior disturbances at two sites, bee-
tle kill at GLE from 2008 to 2010 and a stand-replacing fire at
Vem in 2013. The southern and/or disturbed sites also represent
potential future conditions at the northern/undisturbed sites
(e.g., Knowles et al. 2020). All sites are situated at elevations
above 2000ma.s.l. and have at least seven water years (October
1-September 30) of data. In total, 39 water years of data were
used for analysis. The hydroclimate of these 39 water years in-
cluded 11 water years with total precipitation larger than 10%
above the site mean, 11 with total precipitation less than 10%
below the site mean, and 17 water years within £10% of the site
mean annual precipitation (Figure S1). Further site details are
summarised in Table 1.

We utilised the AmeriFlux BASE data product at 30-min tempo-
ral resolution excluding water years with data gaps larger than
60days. Measurements used for analysis from these data prod-
ucts include precipitation (P), net longwave radiation, down-
welling shortwave radiation, air pressure, relative humidity, air
temperature, wind speed, and the latent heat flux measured by
eddy covariance. For sites where atmospheric stability filtering
was not previously applied (GLE, NR1, and MtB), a friction ve-
locity (u*) threshold of 0.15ms™ was imposed to remove tur-
bulent flux data during periods of insufficient turbulent mixing
(e.g., Massman and Lee 2002; Blanken et al. 2009). This step was
followed by gap-filling that used a moving median window ap-
proach with window lengths of 7, 28, and 60days depending on
gap size; More than 90% of data required only minor gap-filling
with data gaps shorter than 7days. Following the gap-filling
procedure, 30-min data were aggregated to daily resolution to
perform the calculations described below. A single exception
for a large data gap in downwelling longwave radiation for MtB
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was filled using linear interpolation considering the generally
small variations in these data and the relatively small influence
on subsequent calculations. For visualisation of the final daily
dataset with gap-filled data indicated, see supplementary mate-
rial (Figures S2-S6).

2.2 | Precipitation and Snow Data

Many of the sites did not have precipitation gauges equipped to
obtain accurate measurements during freezing winter condi-
tions. The precipitation gauges at GLE and Mpj, however, were
determined to accurately measure winter P when corroborated
with other nearby data sources such as SNOTEL or remote auto-
mated weather station (RAWS) that record precipitation and/or
snow depth. To correct for the P gauge under catch at Vem and
MtB, correction factors were derived using average total water
year p values at two nearby SNOTEL stations to estimate local
P lapse rates with elevation for the water years observed. The P
lapse rates were calculated by calculating the difference in water
year P for each station and dividing by the elevation difference
to determine the increase in precipitation with elevation. These
lapse rates were then used to determine correction factors for
each site based on the elevation difference between the sites and
the reference precipitation gauge. These correction factors were

| (a) Map of the five study site locations and (b) the general location within the contiguous U.S.

then applied to a nearby US Climate Reference Network (CRN)
gauge for Vem and a RAWS for MtB (Table 1). For NR1, we used
P data from a nearby CRN gauge located at a similar elevation
as the flux tower. At each site, daily P data were used for the
calculations described below. Further information pertaining to
the additional meteorological stations utilised is available in the
supplementary material (Table SI).

Snow depth data were obtained using a variety of sources and
methods depending on data availability at each site. At GLE
and NR1 we used data from the nearby Brooklyn Lake (367)
and Niwot (633) SNOTEL sites, respectively. At Vcm, we used
the Redondo RAWS site. Snow data are not collected near Mpj
so snow depth was simulated using the SNOWPACK model
(Lehning et al. 2002) forced with meteorological data from the
site. The SNOWPACK simulations did not include canopy effects
and the rain-snow threshold was modified to 2.5°C (Jennings
et al. 2018). SNOWPACK has been previously used to accurately
simulate snow accumulation and melt in continental montane
environments (Lundy et al. 2001; Rutter et al. 2009; Webb
et al. 2018). At all sites, snow depth data were used to determine
dates for the start, peak, and end of the snow season. Due to
some of the sites occasionally receiving shallow intermittent
snow, the snow season was defined as requiring either a snow
depth greater than 5cm for a minimum of 7days or a snowpack
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that accumulates from multiple storm events (i.e., at least 24h
between depth increases).
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(1/r,), where r  is the aerodynamic resistance, e* is saturation va-
pour pressure for the observed air temperature, e is the observed
vapour pressure, y is the psychrometric constant, and C_,  is
canopy conductance. C, is estimated as:

ey S
’ 2

C

at —

where u, is the measured wind speed, Zp, 18 the height of wind
speed measurements, z, is the zero-plane displacement height
estimated as 0.7 of the vegetation height, and z,, is the roughness
height estimated as 0.1 of the vegetation height.

C.,, is estimated by Allen et al. (1989):
Ccan =0.5+LAI. Cleaf (5)

where LAI is the leaf area index and C,,, is leaf conductance.
LAI was estimated using MODIS data at each site location, av-
eraging 3 values at the end of July or field measurements when
available. For sites with coniferous trees, the one-sided MODIS
LAI projection was doubled to account for the coniferous phys-
iology of the needle leaf where stomata cover both sides (Frank
et al. 2014; Knowles et al. 2023). We used the Stewart (1988)
model for C,,, assuming a maximum leaf conductance of
5mms~ and saturated soil.

The above-described methods were used to determine AET,
AET/P, WATR, WATR . and B, which were compared to the

physical mechanisms. The methods for quantifying the physical
mechanisms are described below.

2.5 | Physical Mechanisms
We focused on the three physical mechanisms that were re-
cently identified as potential key contributors to snowmelt-

driven runoff processes by Gordon et al. (2022): energy-water
(EW) asynchrony, surface water input (SWI) intensity, and

(a) SWI Intensity

c £
S 3
] 8
S z
8 2
) | i -

| 1,

Time

SWI Intensity = Average SWI

=
2]

Time

winter AET. EW asynchrony was determined by calculating
the number of days between peak snowmelt and peak PET
(Figure 2b). We chose to use PET rather than AET for this
calculation due to the dependence of AET on available water
in the system, as opposed to PET which is independent and
more closely related to energy terms. Considering the snow
season as previously described, peak snowmelt was defined
as the median date from peak snow depth to zero snow depth
to account for ecosystem-scale variation in snowmelt timing
and/or rate due to differences in shading, slope aspect, and/
or topography. Peak PET timing was defined as the date of
maximum PET from a 10-day moving average of daily PET to
account for inter- and intra-daily variability. The SWI inten-
sity was calculated as the average amplitude of SWI events
(i.e., snowmelt and rainfall; Figure 2a). For snowmelt events,
a continuous melt “pulse” was considered as a single event
or as multiple events if there was an observed pause where
snow began accumulating for 1 day or more. Days with rain
were treated as individual SWI events. The SWI intensity was
calculated as total P divided by the number of SWI events
for each water year. Thus, a site's theoretical maximum SWI
intensity metric corresponds to a scenario in which the en-
tirety of annual P occurs during winter producing a snowpack
that continuously melts in spring, interpreted in this study as
a more intense water input. Winter AET values were deter-
mined by summing observed daily water vapour fluxes during
the winter season that we defined as January 1-March 31 of
each water year.

2.6 | Statistical Analyses

To test the influence of the above-described individual phys-
ical mechanisms on WAfR metrics, regressions using the
MATLAB curve fitting application were conducted with con-
sideration of linear, exponential, and power functions. The
best-fit regressions were determined based on the adjusted
r? and root mean square error (RMSE) values. To analyse the
influence of multiple mechanisms, stepwise linear and non-
linear regression models were evaluated utilising MATLAB's

(b) EW Asynchrony

Snow Depth
PET

Time

H_/
EW Asynchrony

FIGURE2 | Graphical representations of how (a) surface water input intensity (SWI) was defined as average SWIand (b) EW asynchrony (defined

as the number of days between peak snowmelt and peak 10-day average PET) were calculated. Note axes are not to scale.
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“stepwiselm” and “stepwisenlm” functions, respectively. The
adjusted r?, RMSE, and p values of the coefficients for each
mechanism were used to evaluate the overall model fit and
significance of terms.

3 | Results

A total of 39 water years were analysed with a similar number
of years from each site (GLE=7, NR1=8, Vem =8, Mpj=9,
MtB =7). The sites provided a range of mean values for the phys-
ical mechanisms being investigated including EW asynchrony
from 58 to 193 days (Figure 3a), SWIintensity from 2.6 to 37.3 mm
(Figure 3b), and winter AET from 34 to 192 mm (Figure 3c). The
hydroclimate of each site resulted in mean WAfR values from
approximately 40 to 820 mm (Figure 3d), and mean WAfR , val-
ues from 0.1 to 0.6 (Figure 3e), with GLE generally resulting in
the highest values for both WAfR and WATfR ; and Mpj gener-
ally resulting in the lowest values except for MtB that showed

the lowest single values of WAfR and WATR . There were only

45 45

six water years with a negative B, and three of those years
also had negative WAfR values (Figure 4). Overall, 10 of the
39years were energy-limited with an aridity index (PET/P) less
than 1.0, seven of which were observed at GLE (all data years)
and three at Vem.

3.1 | EW Asynchrony

The Mpj site had the highest EW asynchrony and NR1 had
the lowest, although Vcm and GLE had similarly low values.
When relating this physical mechanism to water balance
terms and WAfR metrics, EW asynchrony showed the high-
est adjusted r? values for all regressions except the relation-
ship with AET, where there was no significant relationship
(Figure 5). Specifically, the magnitude of adjusted r? between
EW asynchrony and AET/P and WAfR  were similar (0.52)
but signified opposing relationships with AET/P showing
a positive correlation and WAfR ; showing a negative cor-
relation to EW asynchrony. The correlation between EW

45
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a0f e 40 40 ;
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FIGURE 3 | Summary of physical mechanism and water available for runoff (WAfR) metric mean values for each site (bars indicate standard

deviation) in relation to latitude. Panels show summaries for all observed water years including (a) EW asynchrony, (b) SWI intensity, (c) winter AET,

(d) WATR, and (e) WAfR

eff*

Dashed lines indicate linear regressions when significant at the 0.1 level.
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FIGURE 4 | Budyko-type plot for all water years analysed. Points represent individual water years and bars represent the estimated uncertainty

using values from Knowles et al. (2015). The solid line represents the expected Budyko-type relationship from Equation (3) and the dashed lines

represent physical limits to ET.
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asynchrony and WAfR was slightly lower (adjusted r>=0.42)
and in a negative direction (Figure 5b-d). Relative to other
physical mechanisms, EW asynchrony was also most cor-
related with B, (adjusted r*=0.23), showing a significant
negative linear trend (Figure 5e).

3.2 | SWI Intensity

Mpj experienced all 9 of the lowest SWI intensity values, GLE
experienced seven of the eight highest observed values, and MtB
experienced the third highest observed value for 1 year. The
correlation between SWI intensity and AET (adjusted r>=0.5)
was similar to the EW asynchrony regressions (Figure 6a), but
the regression of SWI intensity and B, resulted in a lower
adjusted r? value (0.12; Figure 6b). The relationships between
both AET and B, to SWI intensity were positive in the form
of power functions. The SWI intensity was only compared to

AET and B, due to the occurrence of spurious correlation

with the other metrics as a result of the shared P term (Kenney
1982; Brett 2004). In other words, while these regressions would
likely result in high correlation values, mechanistic interpreta-
tion would not be possible.

3.3 | Winter AET

Winter AET had the most overlap across sites, but Vem and
NR1 experienced the lowest and highest observed values, re-
spectively. Only AET was found to have a significant linear
relationship (positive) with winter AET (adjusted r2=0.5;
p<<0.01; Figure 7a), and all other metrics were weakly
correlated with adjusted r? values less than or equal to 0.02
(Figure 7b-e). Linear and nonlinear stepwise regressions did
not improve model performance relative to basic regression
analysis. As before, SWI intensity stepwise regressions were
only performed with AET and B as response variables to
avert spurious conclusions.

anom
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4 | Discussion

Our study highlights the influence of physical mechanisms
on WATR across a range of hydroclimate conditions common
to continental montane ecosystems. In addition, as hydrocli-
mate shifts toward warmer and likely drier conditions, results
from more southerly sites may be indicative of more northerly
site dynamics in the future (Knowles et al. 2020). In this way,
our southern sites Mpj and MtB showed greater EW asyn-
chrony and less SWTI intensity, resulting in reduced WAfR rel-
ative to northern sites in accordance with future projections
(Figure 3a-d; e.g., Hale et al. 2023; Musselman et al. 2017).
The most southerly site MtB, also experienced the greatest
variability, particularly in annual WAfR and WATfR , which
may correspond to more variable intra-annual hydroclimate
conditions (Figure 3). Moreover, the physical mechanisms
correlated to WAfR variability were robust to disturbance
level; the disturbed GLE and Vcm sites did not exhibit outlier
behaviour in our analysis but grouped well with other sites.
Thus, as continental montane forests increasingly establish
new vegetation structures under warmer and/or drier condi-
tions (e.g., Webb, Litvak, and Brooks 2023), WAfR may be ex-
pected to vary along the demonstrated relationships, although
further research is necessary.

In comparison to other studies, our empirical findings present
a slightly different perspective compared to recent modelling-
focused investigations (e.g., Barnhart et al. 2016; Gordon
et al. 2022). Specifically, our empirical results do not show a
strong correlation between SWI intensity to B, = as suggested
by Barnhart et al. (2016), though we did not compare to other
study parameters due to the potential for spurious correla-
tion. Additionally, modelling efforts have suggested that EW
asynchrony has the highest amount of variability in projected
impacts and winter AET has the strongest relation to runoff

Adjusted r? values are shown for all panels with a solid line used to display the final regression along with the p value in panel (a).

(Gordon et al. 2022), whereas our empirical analysis in the Rocky
Mountains found that winter AET was least correlated to WAfR,
and EW asynchrony was the strongest predictor for water re-
sources. However, it is important to note that the maximum
adjusted r? was only 0.52 in the current study, suggesting more
analyses are necessary to determine what factors may explain
the remaining variability.

It is also important to note the uncertainty and limitations of our
study. One limitation is that we only analysed five sites. While
ecosystem scale observations such as those at AmeriFlux towers
can offer insights, the sites used in this study may not represent
other montane forests outside of the region. Although AmeriFlux
towers are generally installed in locations that are thought to be
representative, mountain ecosystems are heterogeneous, and
complex terrain impacts water flow and vegetation growth (Chu
et al. 2021), particularly following disturbance (e.g., Webb, Litvak,
and Brooks 2023). Another potential source of uncertainty is for-
est structure. In particular, forest structure is known to influence
snow accumulation, distribution, and melt, processes that relate
to WAfR metrics. Lastly, we recognise that the WAfR metric may
not translate to water available for use. WAfR is a combination
of surface runoff and groundwater recharge, thus the groundwa-
ter system and its accessibility will be an important consideration
when contextualising the present study with water resources.
However, the spatial measurement footprint of AmeriFlux data
offers general ecosystem scale observations that highlight where
further investigation may be beneficial for eco-hydrological pro-
cess understanding in montane forests.

Uncertainty in the measured variables also needs to be con-
sidered. We estimate the mean uncertainty of annual AET
and winter AET for AmeriFlux sites to be 10% (e.g., Knowles
et al. 2015). At Mpj 100% or more of winter precipitation
was accounted for in AET due to the shallow intermittent
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snowpack, but winter AET at all other sites, driven predom-
inantly by snow sublimation, was between 10% and 46% with
an average of 26% that compares well to other studies inves-
tigating sublimation in the Rocky Mountains (e.g., Knowles
et al. 2015; Sexstone et al. 2018; Lundquist et al. 2024). The
precipitation lapse rates for Vem and MtB also include uncer-
tainty. However, we conducted an analysis with ~80% reduc-
tion in Vem and MtB P lapse rates, finding that r? values in our
regression analysis increased by only 0.013 on average, and the
significance of regressions remained unchanged. Therefore,
the uncertainty in P lapse rates did not have a significant im-
pact on results, although further research could improve esti-
mates of local P lapse rates.

In continental montane forests, our results indicate that EW
asynchrony has the strongest impact on all hydrological vari-
ables tested except for AET (Figure 5). However, while EW
asynchrony showed a strong relationship with the evaporative
index, it did not have a significant relationship with total AET.
Furthermore, EW asynchrony maintained similar adjusted
r? values when the fit to the evaporative index, WAfR and
WAITR ;(0.52, 0.51 and 0.52, respectively), which may indicate
that vegetation and root systems have adapted to thrive in the
prevailing hydroclimate of each site and/or specific local con-
ditions where critical zone structure and regular seasonal soil
moisture patterns drive plant available water storage and its
capacity (Martin et al. 2018). However, as EW asynchrony in-
creases in the future from less snow accumulation and earlier
snowmelt, WAfR and WAfR  will decrease (Figure 5c) and
montane forests will become increasingly moisture-stressed
(e.g., Hale et al. 2023; Knowles et al. 2018), increasing the like-
lihood of severe disturbance (Abatzoglou and Williams 2016).
Postdisturbance vegetation composition will subsequently
correspond to new hydroclimate conditions and vary spatially
depending on water distribution controlled by physiographic
characteristics such as slope and aspect (Webb, Litvak, and
Brooks 2023), potentially shifting systems along the regres-
sions presented herein.

The SWI intensity was positively correlated (adj. r*=0.5)
with total water year AET, whereas EW asynchrony was not
(Figure 6a), indicating that increased snowmelt intensity in
spring months increased annual AET. No such relationship was
characterised between EW asynchrony and annual AET. Given
the influence of AET on WAfR, these results suggest a poten-
tially important influence from SWI intensity, although future
research to investigate connections between SWI intensity and
water storage is needed to avoid spurious correlations. In par-
ticular, the underlying geology and critical zone structure are
major determining factors of subsurface flow and storage dy-
namics (Brooks et al. 2015; Hammond et al. 2019) that link SWI
intensity to streamflow and groundwater recharge (Barnhart
et al. 2016). Higher SWI intensity is also related to deep snow-
packs that can have different hydrologic flow paths during snow-
melt relative to warmer, shallower snowpacks (Webb et al. 2020)
in addition to deeper and colder snowpacks acting as additional
storage reservoirs depending on the physiographic characteris-
tics of the system (e.g., Katz et al. 2023; Webb et al. 2022).

Surprisingly, we observed that winter AET had no significant
relationship to evaporative index, WAfR, WAfR ., or B

anom

(Figure 7b-e). In fact, only AET showed a significant relation-
ship with winter AET (Figure 7a), resulting in an adjusted r?
of 0.50 that was similar to the other significant relationships
that were characterised. This may be due to snowpack dy-
namics (Table 1) where the northern, colder sites have more
mobile snow (promoting sublimation) from both tree cano-
pies and blowing surface snow (Sexstone et al. 2018) that cre-
ates a greater surface area exposed to the atmosphere (Frank
et al. 2019; Knowles et al. 2023), whereas warmer snowpacks
experience more melt-freeze cycles (Sturm and Liston 2021),
promoting surface crusts that are less prone to wind trans-
portation and the resulting sublimation (Vionnet et al. 2013)
that results in more snowmelt infiltration relative to snow-
fall. However, winter AET occasionally exceeded winter P
at the more southerly sites, indicating a likely increased con-
tribution of soil moisture and groundwater storage to winter
AET (Brooks et al. 2015; Tai et al. 2021). As continental mon-
tane forests shift toward increasingly warmer and shallower
snowpacks, winter vapour flux sources are likely to change,
resulting in poor direct relationships to the WAfR metrics an-
alysed in this study. Additionally, water vapour fluxes may be
reduced from sites that experience forest canopy loss due to
disturbance (Frank et al. 2019), raising the question as to how
disturbance and climatic processes will compound to impact
site-specific winter AET-WA(R relationships.

Regression analysis of physical mechanisms and B, did not
yield high correlations. This is particularly interesting consider-
ing the number of studies that have characterised Budyko-type
relationships in continental, montane forests (e.g., Barnhart
et al. 2016; Berghuijs, Woods, and Hrachowitz 2014; Knowles
et al. 2015). Here we note that the Budyko-type framework as-
sumes no change in, or influence from, groundwater storage,
which can have significant impacts on hydrological processes
(Brooks et al. 2021; Wolf et al. 2023). Furthermore, the choice
of PET equations could affect Budyko-type analyses when
sites such as GLE have ~50% of total annual water vapour loss
sourced from a winter snowpack (Frank et al. 2019; Schlaepfer
et al. 2014). It is also important to note that a recent analysis
of Budyko-type framework equations indicated that fitting pa-
rameters may be nonunique and not reflective of the dynamic
behaviour of individual systems (Reaver et al. 2022). Taken
together, a combination of storage and/or fitting parameters
may explain the lower r? values between B and the physical
mechanisms evaluated herein.

anom

The current results constrain the mechanisms driving vari-
ability in WAfR metrics and their relative significance. Our
empirical analysis shows the strong influence of EW asyn-
chrony on WAfR and WATR ;. in addition to the strong influ-
ence of SWI intensity on AET. The strong influence of EW
asynchrony underscores the importance of snowmelt timing
for water resources, highlighting the importance of accurately
computing the snowpack energy balance for modelling stud-
ies. Our study also addresses and highlights a need for empir-
ical analyses given (1) the currently changing conditions in
mid-latitude montane systems globally where (2) WAfR has
been linked to multi-year time-scale patterns of groundwater
storage and baseflow (Brooks et al. 2021). As a result, we ad-
vocate for including variable interannual hydrologic storage
components (i.e., groundwater and soil moisture) in future
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empirical research and hydrological modelling efforts in order
to improve predictive capabilities for runoff and WAfR fore-
casting efforts. In general, the current results broadly support
a need for novel metrics that are appropriate for hydrological
systems where stationarity no longer exists (Milly et al. 2008;
Yang et al. 2021).

5 | Conclusions

We quantified the influence of physical mechanisms related to
variability in snowpack conditions on WAfR in mid-latitude,
and continental montane regions. The north-south transect of
sites resulted in a hydroclimatic gradient that yielded process-
based insights into how hydroclimate drives variability in
WAIfR. Among the three physical mechanisms tested, energy-
water asynchrony best predicted system efficiency for WAfR
(adjusted r*=0.52), with similar r? values for the evaporative
index. In contrast, SWI intensity was a significant predictor
(adjusted r*=0.50) of total evapotranspiration, but energy-
water asynchrony was not. Budyko-type anomalies were not
well predicted by the mechanisms tested in this study. These
results highlight the importance of snowmelt timing in deter-
mining WAfR in mid-latitude, continental montane forests.
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