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Abstract

Water age and flow pathways should be related; however, it is still generally unclear how integrated catchment runoff generation
mechanisms result in streamflow age distributions at the outlet. Here, we combine field observations of runoff generation at
the Dry Creek catchment with StorAge Selection (SAS) age models to explore the relationship between streamwater age and
runoff pathways. Dry Creek is a 3.5 km2 catchment in the Northern California Coast Ranges with a Mediterranean climate,
and, despite an average rainfall of “1,800 mm/yr, is an oak savannah due to the limited water storage capacity. Runoff lag
to peak—after initial seasonal wet-up—is rapid (71-2 hours), and total annual streamflow consists predominantly of saturation
overland flow, based on field mapping of saturated extents and an inferred runoff threshold for the expansion of saturation
extent beyond the geomorphic channel. SAS modeling based on daily isotope sampling reveals that streamflow is typically older
than one day. Because streamflow is mostly overland flow, this means that a significant portion of overland flow must not be
event-rain but instead derive from older, non-event groundwater returning to the surface, consistent with field observations of
exfiltrating head gradients, return flow through macropores, and extensive saturation days after storm events. We conclude that
even in a landscape with widespread overland flow, runoff pathways may be longer and slower than anticipated. Our findings
have implications for the assumptions built into widely used hydrograph separation inferences, namely, the assumption that

overland flow consists of new (event) water.
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Key Points:

+ Field observations of surface flow, groundwater and saturated extents indicate that satu-
ration overland flow dominates streamflow

+ Stable isotope tracers show that stream water age decreases as streamflow increases

+ Streamflow is nevertheless mainly water greater than one day old, meaning that even over-

land flow is mostly not event water
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Abstract

Water age and flow pathways should be related; however, it is still generally unclear how integrated
catchment runoff generation mechanisms result in streamflow age distributions at the outlet. Here,
we combine field observations of runoff generation at the Dry Creek catchment with StorAge Se-
lection (SAS) age models to explore the relationship between streamwater age and runoff path-
ways. Dry Creek is a 3.5 km? catchment in the Northern California Coast Ranges with a Mediter-
ranean climate, and, despite an average rainfall of 1,800 mm/yr, is an oak savannah due to the
limited water storage capacity. Runoff lag to peak—after initial seasonal wet-up—is rapid (= 1-

2 hours), and total annual streamflow consists predominantly of saturation overland flow, based
on field mapping of saturated extents and an inferred runoff threshold for the expansion of sat-
uration extent beyond the geomorphic channel. SAS modeling based on daily isotope sampling
reveals that streamflow is typically older than one day. Because streamflow is mostly overland
flow, this means that a significant portion of overland flow must not be event-rain but instead de-
rive from older, non-event groundwater returning to the surface, consistent with field observa-
tions of exfiltrating head gradients, return flow through macropores, and extensive saturation days
after storm events. We conclude that even in a landscape with widespread overland flow, runoff
pathways may be longer and slower than anticipated. Our findings have implications for the as-
sumptions built into widely used hydrograph separation inferences, namely, the assumption that

overland flow consists of new (event) water.

Plain Language Summary

Streams that respond most rapidly to rainfall tend to be fed by a process called overland flow.
This study uses high-frequency water tracking measurements to show that even in a watershed
fed by overland flow, the water entering the stream during storm events tends to be older than the
storm event causing the stream response. Hydrologic measurements made during storm events
reveal that water travels through the subsurface before re-emerging as surface flow. The interac-
tion between storm event water and subsurface soils and weathered bedrock likely lead to mix-
ing such that the water entering the stream contains a substantial fraction of water from previ-

ous storm events.

1 Introduction

Do distinct runoff pathways give rise to particular streamwater age distributions? Younger
streamflow should derive from shorter or faster pathways such as overland flow, whereas older
streamflow should derive from longer or slower pathways such as subsurface flow. Streamflow

volumes can closely match precipitation input volumes over short timescales (hours-days), but

there is widespread evidence—based on early isotopic evidence (e.g., Neal & Rosier, 1990; M. Sklash,
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1990; Buttle, 1994) and more recent two-component hydrograph separation approaches (e.g., Frey-
berg et al., 2018), and fractal (e.g., Kirchner et al., 2000; Godsey et al., 2010) and StorAge Se-
lection (SAS) (e.g., Benettin et al., 2017; Visser et al., 2019; Rodriguez & Klaus, 2019) model-
ing studies—that stormflow can consist of non-event, older water (sometimes years old) displaced
by or driven out of subsurface storage by new water (e.g., Hewlett & Hibbert, 1967). This phe-
nomenon indicates that the celerity of a hydraulic perturbation (e.g. a rainfall event) that triggers

a runoff response is much faster than the velocity of water in most catchments (e.g., Wilusz et

al., 2020; McDonnell & Beven, 2014). Further evidence for the predominance of old water in
streamflow comes from the widespread observation that streams are enriched in cations relative

to precipitation and commonly exhibit chemostasis (solute concentrations that are relatively in-
variant compared to flow) across a range of climates, lithologies, and runoff generation types (Godsey
et al., 2009), indicative of the release of water that has resided in the catchment sufficiently long

to acquire a characteristic solute concentration. (This timescale may be fairly short in some land-
scapes, however, if chemical evolution of waters in the vadose zone occurs rapidly; H. Kim et al.,

2017; Anderson et al., 2002).

One way to produce young (and dilute) streamwater is for rain to reach the stream by flow-
ing over the ground surface as overland flow (Elsenbeer et al., 1994; Elsenbeer & Lack, 1996;
Shanley et al., 2002). Relatively abrupt declines of major cation concentrations have been ob-
served at a saturation-overland flow (SOF) prone catchment (Dry Creek) at runoff rates of around
10 mm/day (W. J. Hahm et al., 2017). Nevertheless, even above these high flow rates when SOF
dominated streamflow, perfect dilution of streamwater with rainwater was not observed. This ob-
servation suggests either rapid cation exchange reactions that increased the solute concentration
of incoming rain as it flowed over the surface (e.g., H. Kim et al., 2017), or significant contribu-
tion of relatively high-solute concentration older water to streamflow. These alternative mech-
anisms are closely related to whether the source of the streamflow generated from SOF is event

rain water or pre-event stored water.

SOF occurs when the water table rises from below and intersects the ground surface; the
overland component of flow derives both from exfiltrating groundwater (return flow) and direct
precipitation on saturated areas (DPSA) (Dunne & Black, 1970a, 1970b; Eshleman et al., 1993).
Because the water table is dynamic, the area contributing to SOF can vary over time, which has
been referred to as the ‘variable source area’ concept (Dunne & Black, 1970b; Wilson & Diet-
rich, 1987). SOF commonly occurs within convergent zones above channel heads (Dunne & Black,
1970b; Dunne, 1978; Kidron, 2021) and at the riparian-hillslope interface due to a rapid conver-
sion of the tension saturated zone to atmospheric pressure with a small amount of added mois-
ture from infiltration (Abdul & Gillham, 1984). SOF has also been documented to occur where

small-scale heterogeneities in bedrock properties result in local exfiltrating head gradients (Wilson
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& Dietrich, 1987). In essence, SOF routes flow over the land surface when the subsurface flow
capacity is overwhelmed; this interpretation is commonly reflected in hydrological models, where
all water in excess of a shallow subsurface flow capacity threshold is routed to surface flow (e.g.,
Beven & Kirkby, 1979; Litwin et al., 2020). Thus, the age of SOF water should reflect the dom-
inant source of that runoff, either from the subsurface via return flow (consisting of a mixture of
relatively old, pre-event water and event water that has infiltrated) or direct precipitation on sat-

urated areas (DPSA, consisting exclusively of newly arriving event water) that never infiltrates.

The relationship between hillslope runoff generation and the integrated age distribution at
the catchment outlet is still largely opaque because few studies have evaluated travel time distri-
bution models in places where runoff generation mechanisms have been directly documented (Wilusz
et al., 2020; Rodriguez et al., 2018; Benettin et al., 2017; Putnam et al., 2018). Resolving the im-
pact of runoff generation mechanisms on age distributions would help to address the issue of equi-
finality in transit time distribution modeling and aid in the interpretation of the controls on stream
geochemistry (Li et al., 2020; Torres & Baronas, 2021). Recently, Wilusz et al. (2020) used par-
ticle tracking to assess the relationship between runoff generation and transit times, while Rodriguez
et al. (2018) compared modeled transit times using a conceptual model of catchment hydrology
to empirically calculated transit times with good agreement. Benettin et al. (2017) found that lit-
tle streamflow throughout the year was younger than 10 days at the Bruntland Burns site in Scot-
land, where saturation overland flow occurs on relatively flat peat-covered areas. Putnam et al.
(2018) found that quickflow—which was primarily generated by SOF—was older than event wa-
ter (i.e., water that derives from the driving rainfall) at the Pond Branch Catchment in Maryland.
M. G. Sklash and Farvolden (1979) found that specific conductance and isotopic composition of
overland flow water at the Hillman Creek watershed in Ontario, Canada, implied a strong con-
tribution from groundwater. These findings suggest that SOF can be made up primarily of return
flow, but controls on the relative fraction of pre-event and event water in SOF remain poorly un-

derstood.

Water transit time distributions (TTDs) describe the distribution of water ages in fluxes ex-
iting a catchment control volume (e.g., Haggerty et al., 2002; Rodhe et al., 1996; Matoszewski
& Zuber, 1982). Recently, StorAge Selection (SAS) functions have emerged as a tool for estimat-
ing TTDs directly from tracer data with minimal prior assumptions (Botter et al., 2011; Van Der Velde
et al., 2012; Harman, 2015). SAS functions define what fraction of outflows (e.g., evapotranspi-
ration and streamflow) derive from different water ages in storage. The SAS function framework
is grounded in a catchment mass balance; the integrated collection of water ages in storage gives
rise to an observed tracer timeseries in effluxes via preferential ‘selection’ of different storage ages.
Studies have found that SAS functions vary through time as a function of catchment state (e.g.,

Benettin et al., 2017; Harman, 2015; M. Kim et al., 2016), and that streamflow SAS functions
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tend to show a preference for younger storage water at wetter states, termed the inverse storage

effect (ISE) (e.g., Harman, 2015; Benettin et al., 2017).

Here, we combine field observations at the intensively monitored Dry Creek catchment in
Northern California with water age modeling using SAS functions to evaluate how SOF mech-
anisms impact water ages in streamflow. We interpret catchment-integrated isotopic signals in
streamflow with intensive field observations of water storage dynamics, runoff generation, sat-
urated extent, groundwater levels, and head gradients. Specifically, we address the following ques-

tions:

1. How old is streamflow in a saturation overland flow-dominated catchment?

2. How does the portion of event water in streamflow change as the dominant runoff gener-
ation mechanism shifts through storm events?

3. Using transit time models and field observations of runoff generation, what portion of sat-

uration overland flow comes from return flow vs. direct precipitation on saturated areas

(DPSA)?

We found that 75% of streamflow is younger than 32 days on average with only 25% of stream-
flow younger than 3 days, and that at high flow states, ~10% of flow derives from the 10% youngest
water in storage (on average < 16 hours old). Field observations reveal the presence of return

flow on the landscape. Comparison between the calculated fraction of SOF in streamflow from
field observations and modeled fraction of streamflow younger than 1 day from SAS modeling
revealed that the majority of overland flow must be older than 1 day. By estimating direct pre-
cipitation on saturated areas (DPSA), we found that even most DPSA must subsequently follow

a subsurface pathway. These findings indicate that SOF is predominantly composed of return flow

and allows us to set a lower bound on the fraction of pre-event water in SOF.

2 Methods
2.1 Study Site

The study catchment, Dry Creek (3.5 km?; outlet at 39.5754°, -123.4642°) is in the Eel River
watershed, in the Northern California Coast Ranges (Figure 1a)) about 200 km north of San Fran-
cisco, in the traditional territory of the Coast Yuki, the California Dene (Athabaskan), and Pomo
(Johnson, 1979; Stewart, 1943; Foster, 1944; Baumhoff & Merriam, 1958). Dry Creek is within
a ranch named Sagehorn, which has been part of the Eel River Critical Zone Observatory since
2015. The site experiences a Mediterranean climate, with a mean annual temperature of 13.3°C
and mean annual precipitation of 1,800 mm (Group, 2013), almost all of which falls as rain be-

tween October-May.
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Figure 1. a)Location map of study site in the Northern California Coast Ranges, on Natural Earth hill-

shade layer. b) Map showing study ridge, with lidar-derived 1-m (thin lines) and 10-m (bold lines) elevation
contours. ¢) Map showing Dry Creek catchment, on lidar-derived hillshade. Blue lines mark the streamflow
network calculated from the 1-m DEM. d) Photo of flowing gully network during storm event. e) Panoramic

photo of saturated study ridge during storm event. f) Visible return flow through a macropore.

The site is underlain by the Central belt mélange of the Franciscan complex (Jayko et al.,
1989). The mélange bedrock is a sheared argillageous matrix with embedded blocks of diverse
lithologies, including greywacke (sandstone) and chert. Larger blocks of greywacke cover less
than 15% of the site by surface exposure (Lovill et al., 2018). The primary mineralogy of the mélange
matrix is quartz, microcline, albite, muscovite, chlorite, illite, titanite, minor gypsum, pumpel-

lyite and lawsonite, and rare kaolinite and carbonate (Cloos, 1983; W. J. Hahm et al., 2019).

Soils developed on the mélange matrix are mollisols (Rittiman Jr & Thorson, 2001; W. J. Hahm
et al., 2019). More than 50 pits and augered holes indicate that the soils are typically 50 cm thick
(ranging from 30-70 cm), with an upper organic-rich O horizon and a lower clay-rich Bt hori-
zon. Guelph permeameter measurements of saturated hydraulic conductivity document high con-
ductivities in the near surface that are similar to the maximum recorded rainfall intensities (Dralle
et al., 2018). Pervasive animal burrowing and plant rooting has resulted in abundant macroporos-

ity in the upper portion of the soil.
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Deep drilling across the site (locations denoted with groundwater monitoring wells mapped
in Figure 1b, all well locations shown in W. J. Hahm et al., 2019) revealed that the in sifu mélange
beneath the soils is seasonally unsaturated and weathered to depths of 2 - 4 m (W. J. Hahm et al.,
2019), with abundant yellow-red oxidation. Below this depth, the parent material is permanently

saturated, blue-black in hue, and has extremely low hydraulic conductivity.

Dry Creek drains to the east through a hilly landscape (mean gradient of 28%) typical of
the Central belt mélange. A dense gully network is incised into inactive, deep-seated earthflows
that have given the site a ‘melted ice-cream’ appearance (Kelsey, 1978). Grazing by sheep (his-
torically) and cattle (modern) has been relatively light, and no terracettes have formed. The ge-
omorphic channel drainage network (defined by channels with banks and clear elevation contour
indentations visible on bare-earth lidar-derived maps) is shown in Figure 1c, and has a relatively
high density of 16.9 km/km?, with an average upslope contributing area of 1,085 m? at channel
heads (Lovill et al., 2018). Hillslopes are convex-up, with typical divide-to-channel horizontal
distances of 10 - 20 m (Figure 1). Dry Creek’s catchment-averaged denudation rate, inferred from
cosmogenic nuclides in quartz stream sediment, is 0.12 mm/yr (W. J. Hahm et al., 2019). The
region has been uplifting and eroding for the past 3 Ma, with the emergence of the Northern Cal-
ifornia Coast Ranges from sea-level accompanying the northward migration of the Mendocino

Triple Junction (Lock et al., 2006; Atwater & Stock, 1998).

The plant community developed on the mélange matrix is an oak savanna (W. Hahm et al.,

2017; W. J. Hahm et al., 2018), with primarily European annual herbaceous groundcover that senesces

in the summer dry season and a patchy, sparse overstory of winter-deciduous Oregon White Oak

(Quercus garryana).

2.2 Description of Hydrologic Field Monitoring Infrastructure

The National Center for Airborne Laser Mapping (NCALM) flew lidar at the site in 2015;
a 1 m-pixel sized elevation DEM was used to generate the maps in Figure 1. A weather station
on the ridgetop records precipitation with a Campbell Scientific TB4 tipping bucket gauge, and
is corrected for wind-induced undercatch, as described in (W. J. Hahm et al., 2019). Stream stage
is recorded at the outlet with a Solinst Levelogger pressure transducer, with local atmospheric

correction. Stream gauging methods are described in (W. J. Hahm et al., 2019).

This study capitalizes on the substantial existing monitoring network at Dry Creek to ex-
plore SOF (W.J. Hahm et al., 2019, 2020). Nine groundwater monitoring wells were completed
with continuously slotted PVC-wells and outfitted with Solinst Levelogger and Campbell Sci-
entific CS451 pressure transducers to continuously monitor water table fluctuations; two years

of groundwater levels for all wells are shown in (W. J. Hahm et al., 2019), and in this study data
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from two representative wells are used (MS4 and 507). We installed a 2.54 cm solid PVC piezome-
ter (MNP3) via hand auger to a depth of 55 cm in a side-slope about 5 m horizontally above a
channel head. The lowest 5 cm was slotted and screened, back-filled with sand and sealed with
bentonite. A Solinst pressure transducer was used to monitor head, with 20 cm of casing stick-

up above the ground surface to capture possible artesian conditions. Drilling observations revealed
that the piezometer opening was below the Bt horizon (which was encountered at 35 cm depth),

and within typical smeary, grey-yellow, clay-rich mélange matrix weathered bedrock.

2.3 Precipitation and Streamwater Stable Isotopic Composition
2.3.1 Collection

We measured the stable isotopic composition of hydrogen in both precipitation and stream
water as a tracer for interpreting travel times. The isotope sampling program and analysis meth-
ods were first described in (W. J. Hahm et al., 2020) in a study of oak water sourcing dynamics.
Starting December 10, 2015 through the end of the 2020 water year, precipitation samples were
collected daily when sufficient precipitation had fallen, typically between 06:00-08:00, approx-
imately 1.3 km west of the weather station in an open field at an elevation of 645 m.a.s.1, and stored
in 30 mL HDPE bottles until analysis. When snow fell (which was rare), it was allowed to melt
into the sample collector before sampling. Streamwater samples were collected from near the mouth
of Dry Creek when water was present in the channel on a semi-periodic campaign basis that be-
gan in Fall 2015, followed by two complete years of daily sampling (typically between 8:00-9:00)
during the 2018 and 2019 water years (sampling location = 39°34°22.57"N, 123°27°46.76"W;

3.5 km? drainage area). Groundwater samples were collected on a semi-periodic basis via bailer
from two monitoring wells (MS4 and 507), from a depth ranging from the water table surface

to 1 m below the water table surface.

2.3.2 Analysis

Following the same methodology as described in detail in (W. J. Hahm et al., 2020), all
samples were analyzed at the UC Berkeley Center for Stable Isotope Biogeochemistry via Iso-
tope Ratio Mass Spectroscopy on a Thermo Delta PLUS XL instrument. Data are expressed in
per mil delta notation (%o) relative to Vienna Standard Mean Ocean Water (VSMOW): D %o=

m—l) 1000, where R is the ratio between the heavy and light isotope (i.e., D to H). The

Rstandara

long-term precision is 0.60%c D (W. J. Hahm et al., 2020).

To ensure the completeness of the rainfall isotope timeseries, we compared rainfall time-
series from the ridge-top weather station (Figure 1) with the set of timestamps on which precip-
itation was sampled. We identified all time intervals during the study period for which more than

5 mm of rain fell but no sample collection was recorded in the following 48 hours. These crite-
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ria were chosen so that rain events reasonably small enough to evaporate and/or transpire com-
pletely would not be detected and so that a rain event sampled the next day would not be recorded
as missing. We identified 25 dates with missing data (compared to the existing record of 348 sam-
ples). Six of the missing samples were likely misplaced prior to sample analysis, and the remain-
ing nineteen were not sampled. When samples were not collected, any rainfall would mix with
samples in the following days until the next sample was collected; thus, the next sample collected
would represent the average concentration in rainfall over the intervening rainfall events. We re-
placed missing dates for which no sample was taken with the next measured isotope value if the

next sample was taken within 3 days (1 date).

To fill the remaining missing dates, we performed a linear regression between rainfall iso-
tope concentrations at Sagehorn and the nearby Angelo Coast Range Reserve (‘Angelo’, 23 km
northeast; sampling program is described in Oshun et al., 2016)). For all dates with missing Sage-
horn rainfall isotope samples, we identified an Angelo rainfall sample as close in time to the miss-
ing sample as possible (no more than 2 days later) and used the linear relationship between Sage-
horn and Angelo rainfall isotope data to fill in an appropriate value for the missing Sagehorn data.
Only ten dates remained with missing data after this process, representing a negligible fraction

of precipitation input during the study period.

2.4 Event Runoff Analysis
2.4.1 Lag to Peak

We quantified the lag from rainfall centroid to peak streamflow response for all storm events
with well-defined beginnings and ends for both Dry Creek and for the topographically and ge-
ologically similar Hank Creek that neighbors Dry Creek to the north (see Lovill et al. (2018) for
a map). Hank Creek has a 56% larger catchment area at the gauging location (see maps in Lovill
et al., 2018)). The streamflow sensor sampling frequency is 15 minutes, which represents the pre-

cision of the analysis.

2.4.2 Runoff Ratio

Graphical hydrograph separation following the method of Hewlett and Hibbert (1967) was
performed for 47 Dry Creek storm events spanning the 2016-2019 water years, to quantify how
the amount of ‘quickflow’ generated (the streamflow generated in excess of pre-event ‘baseflow’)
varies in relation to pre-event catchment storage state (quantified by the streamflow magnitude
at the start of the event) and storm event size. Events were chosen in such a way that the hydro-
graph recession was not interrupted by a new rainfall event. As Latron et al. (2008) note, this hy-
drograph separation approach is arbitrary, and the water volumes separated are not interpreted

in terms of runoff pathway origin or age via this method. Although more sophisticated hydro-
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graph separation methods are available (e.g., Blume et al., 2007), the graphical approach is sim-
ple, has seen widespread and sustained use, and is presented here as a diagnostic that informs catch-
ment rainfall response, similar to the lag-to-peak analysis. Here we also report the event runoff

ratio (quickflow as a fraction of event precipitation).

2.5 Surface Saturation—Observations and Model

459200E 459300E 459400E

Figure 2. 1-m contour map of the ridge where surface saturation observations were performed. Back-
ground colors indicate topographic wetness index, and white circles mark the locations of saturation pits. See

Equation 1 for the definition of topographic wetness index.

Over the course of a multi-day storm event in January 2018, surface saturation extents were
mapped in two zero-order catchments straddling the northern ridge of Dry Creek (Figure 1). A
total of 57 shallow saturation observation pits (see Figure 2) were dug to a depth of approximately
two centimeters below the soil surface, and marked with flags to facilitate locating. At seven dif-
ferent times corresponding to a range of different flow values in the stream, the pits were logged
as either saturated or not saturated, depending on whether or not a free water surface was observed
in the pits, similar to the qualitative wetness classification presented in Rinderer et al. (2012). It
was assumed that the presence of a free water surface indicated that the shallow water table at
the site had intersected the ground surface at that point, thus potentially contributing to satura-

tion overland flow.

~10-
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A multi-variate logistic regression was then formulated using the observed saturation data
to predict saturation state at all points within the catchment as a function of log-transformed dis-

charge at the catchment outlet, and a topographic wetness index (TWI), calculated as:

a
TWI =In (tanﬂ) (D

where a [m] is contributing area per unit length contour (calculated using the r.flow module within
GRASS GIS) and S was the topographic slope (Beven & Kirkby, 1979). Calculations were made
at a 1 m length scale. Across the observation pits, TWI ranges from 3.1 to 8.8, with a median of
5.0. Across the landscape, the 10th, 50th, and 90th percentile of TWI values are 3.1, 4.6, and 6.4,

respectively.

Using the logistic regression model for saturation, the stream discharge record, and a catchment-
wide map of TWI, spatially explicit saturation extent maps were generated at all times through-
out the period of flow record. At the catchment scale, saturation extent is reported as the percent-
age of points within the catchment classified as saturated at a given point in time. Note that at
the catchment scale, saturated area is effectively a function of discharge in the stream since the
spatial distribution of TWI in the catchment is constant. We quantify direct precipitation on sat-
urated areas by multiplying instantaneous rainfall intensities by saturated areas determined from

instantaneous streamflow.

2.6 StorAge Selection (SAS) Functions

SAS functions describe quantitatively how waters of different ages are selected from an age-
ranked storage distribution to constitute a catchment efflux (ET or streamflow) (Botter et al., 2011;
Van Der Velde et al., 2012; Harman, 2015). The basic mass balance is given as:

St (T, 1) N oSt (T, 1)
5t 6T

=J(1) - Q()Qo(S7(T,1),1) = ET()Qer(S7(T,1),1), 2

where ¢ is time [T] and 7T is age [T]; S7 (T, t) [L] is the system age-rank storage; J(¢) [L/T] is pre-
cipitation input, Q(t) [L/T] is streamflow output, and ET (¢) [L/T] is evapotranspiration output;
Qo [-]and Qg7 [-] are SAS functions for Q and ET respectively that determine the output age
cumulative distribution function given the age-rank storage at each time. The corresponding SAS
functions wgp and wgr are the derivatives with respect to T of o and Qg7. A boundary con-
dition of S7(T = 0,¢) = 0 is assumed, and an initial storage S7(7,¢ = 0) must be parameter-
ized. Since initial age-rank storage is never known, a spin-up period is used to identify a reason-

able catchment state to use as the initial condition.

A conservative tracer can be used to constrain water age distributions in streamflow and

evapotranspiration through the following relation:

Co(t) = /O Cs(T,t)po(T,t)dt, (3)
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Cer(t) = /O Cs(T,1) 5 (T, 1), 4

where Cg [-] and Cgr [-] are the concentrations of tracer in streamflow and ET respectively, Cs
[-] is the distribution of tracer concentration in age-ranked storage, (ITQ and ?ET are the back-

ward transit time distributions in an output given by:

5QQ(ST, t) &

-
T,t) = s 5
po(T,1) = 5)
— 0QEpr(St,1) 68T
T,t) = ———. 6
per(T,1) 557 ST (6)

Streamflow, precipitation, and concentration inputs are derived from the field monitoring
campaign. ET is estimated using the Hargreaves equation. The representation of evapotranspi-
ration (ET) used to parameterize the SAS model likely does not fully capture the dynamics of ET
in the Dry Creek catchment since storage trends upwards linearly over time. To correct for this,

we adjusted ET based on a running mass balance:
S=P-ET-Q @)

where S [L/T] is dynamic catchment storage. Over long time periods, catchment storage should
remain approximately constant, but due to errors in flux measurements, particularly E7, S grows
quickly over time. To resolve this, we fit a linear trend to the storage at the end of each dry sea-

son and subtracted this trend from ET to ensure that S remains constant over long timeframes.

We followed the method described by Benettin and Bertuzzo (2018) to calculate the SAS
function. Benettin and Bertuzzo (2018) provided a MATLAB implementation of the method, which
we translated into the Python programming language (https://www.python.org/). An alter-
nate Python implementation was developed by Harman et al. (2019). For a full description of the
numerical methods used in this study, see Benettin and Bertuzzo (2018). The only difference is
that in our implementation, we use a standard forward Euler numerical scheme, as opposed to
the modified Euler method outlined by Benettin and Bertuzzo (2018). Although six options are

available in our code, in this study we use a constant power law SAS function for ET:

Sr(T, 1)\ "
Qpr = , 8
ET ( S) (8)
where S(¢) is total storage and kgr € (0, c0) is a parameter. For the streamflow SAS function,
we use a time-varying power law (Benettin et al., 2017):
Sr(T,1)\*
Qop=|——"] ., 9
¢ ( 5() )

where the parameter kg [-] varies between a minimum value K, and a maximum value kypqxg

with a log-dependence on wetness state wi:

ko = kming + (kmaxo — kming ) 0g[(1 — logfactor,)wi] (10)
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where wi is the log-transformed instantaneous stream runoff normalized to the maximum log-
transformed stream runoff at the outlet, and logfactorg [-] is a constant parameter. A time-varying
power law has been shown to capture system dynamics well (Benettin et al., 2017), and a log de-
pendence rather than a linear dependence provides more flexibility in how the catchment tran-
sitions from a wet to a dry state due to the addition of an extra parameter. We used the time pe-
riod of October 1, 2017 to October 1, 2018 as a representative spin-up period repeated 10 times
to generate an initial condition for age-rank storage. Model calibration was performed using all
data through the 2019 water year, with the top 95th percentile of parameter sets retained. Model

evaluation was performed on the 2020 water year to evaluate performance of these parameter sets.

Table 1. Parameters tuned in StorAge Selection model using Monte Carlo simulation.

Parameter  Definition

kming Minimum exponent for O SAS function as defined in Equation 10 [-]
kmaxg Maximum exponent for O SAS function as defined in Equation 10 [-]

logfactorp  Scaling between kming and kmaxg as defined in Equation 10

ker ET SAS function power in Equation 8 [-]
So Initial storage [mm]
Cs, Initial isotopic concentration in storage [6D%o]

We determined best-fit parameter sets by randomly sampling the parameter space (see Ta-
ble 1 for a list of tuned parameters) via Monte Carlo simulation on 10,000 parameter sets. Pa-
rameter calibration was done using the set of collected data from October 1, 2016 through Oc-
tober 1, 2019. We evaluated model fit using the Nash-Sutcliffe model efficiency coefficient (NSE):

= (ch-c)

NSE =1 - 11

5 (cp - Go)
where time ¢ ranges from the beginning (+ = 1)totheend (r = #9) of the model simulation,
C! is the modeled streamflow concentration at each time, C(’) is the observed streamflow concen-
tration at each time, and Cj is the mean of observed streamflow concentrations (Nash & Sutcliffe,

1970) and Kling-Gupta Efficiency (KGE):

KGE:l—\/(r—1)2+(a—1)2+(,8—1)2, (12)

where r is the linear correlation coefficient between modeled and observed data, @ = o0, /0,
is the ratio between modeled and observed standard deviation, and 8 = (C,,—C,) /0. NSE>
0 or KGE> —0.41 indicates that the model performs better than a model defined as the mean of

the data for all time (Knoben et al., 2019). After parameterization, performance was evaluated
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on data from October 1, 2019 to October 1, 2020. Previous SAS modeling studies which found
model performance to be adequate have found maximum NSE ranging from 0.24 to 0.92 (Rodriguez
et al., 2021; Rodriguez & Klaus, 2019; Harman, 2015; Benettin et al., 2017; Smith et al., 2018;

Van Der Velde et al., 2012), and Kirchner (2003) suggested that a successful behavioral model

has NSE>0.5 and KGE>0.3. We rank model performance by the product of NSE and KGE, with
successful behavioral performance above 0.15. Using the top 95th percentile of parameter sets,

we calculated ensemble means with 25th-75th percentile and 10th-90th percentile uncertainty
ranges for: modeled isotope concentration, median storage and streamflow ages, fraction of stream-
flow younger than 1 day old, and fraction of streamflow that derives from the youngest 10th per-

centile of storage.

With a sampling interval of one day, it may be difficult to make robust claims about wa-
ter ages at or below the daily timescale. Rodriguez and Klaus (2019) found that a composite SAS
function was required to represent isotope dynamics on shorter timescales, a finding that suggests
that a higher sampling rate could reveal inadequacies in the functional form of the SAS function
used in this study that do not appear in our study as designed. Using a synthetic timeseries of stream
isotope data with a high fraction of water younger than 1 day, we explored the impact of coars-
ening sampling frequency (unit, 2x, 4x, 8x, 16x) on model calibration results (Supplemental In-
formation S4). We found that decreasing the sampling frequency from 1 to 2 or 4 days (coars-
ening by 2x or 4x) had a negligible impact on the estimated fraction of water younger than 1 day
(unit frequency), indicating that the fraction of water younger than a unit frequency is fairly ro-
bust to coarsening in sampling frequency. Thus, a sampling interval of 1 day should be adequate

to have confidence in fraction of water younger than 1 day (or even 12h or 6h).

3 Results
3.1 Catchment Hydrologic Response to Winter Storms
3.1.1 Hydrograph Features and Runoff Sources

At the end of the summer dry season, shallow and deep unsaturated soil moisture stores
and weathered rock moisture are depleted at Dry Creek (W. J. Hahm et al., 2020). The first rains
increase moisture content in the unsaturated zone without causing a groundwater response (Dralle
et al., 2018). Groundwater responds after approximately 100 mm of cumulative rainfall, and about
200 mm is sufficient to raise water tables to or near the ground surface (Dralle et al., 2018). Stor-
age then depletes at the start of the dry season, and, as its name implies, Dry Creek typically ceases

to flow by late May or early June (Dralle et al., 2018; Lovill et al., 2018).

During storm events (example in Figure 3a), large volumes of water commonly exfiltrate

via macropore flow (see Figure 4a), and artesian conditions and vertical head gradients are ob-
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Figure 3. Hydrologic response at Dry Creek in response to a representative wet-season storms on Decem-
ber 12-15, 2018 with a runoff coefficient of 0.54 for the first event. (a) Streamflow is sampled at 15 minute
intervals and precipitation is sampled at 5 minute intervals. Both are smoothed to hourly resolution. Lag

to peak is 2 hours for the first event. (b) Concurrent groundwater response measured at two wells and one

piezometer. Solid line in piezometer data indicates artesian head condition.

‘Saturation
overland
flow

Figure 4. (a) Photo illustrating widespread saturation overland flow, an exfiltrating macropore, and the
location of the piezometer on a hillslope above a channel head during a break in the rain on Jan. 17, 2016,
13:20, when the runoff in Dry Creek was 125 mm/day. (b) Conceptual cross-section of the critical zone in the
Dry Creek watershed, showing relatively thin weathered zone (=3 m), location of extreme end-member sum-
mer (red) and winter (blue) water table locations via inverted triangles, and runoff generation mechanisms.

Modified from W. J. Hahm et al. (2019).
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Figure 5. (a) Peak streamflow lag times from rain event centroids (mean=1 s.d.) as a function of drainage
area, plotted on regions typical of two overland flow generation mechanisms. Shaded areas and plotting space
from Dingman (2015), after Kirkby (1988), based on data from Dunne (1978). (b-c) Event-based runoff ratios

at Dry Creek as a function of pre-event streamflow (b) and total event rainfall (c).

served in piezometers (solid line in piezometer data in Figures 3b). Periods of time with artesian
head conditions represent a lower bound estimate of the times during which exfiltrating head gra-
dients exist in the catchment. Winter runoff in Dry Creek is dominantly sourced from saturation
overland flow (in the sense of Dunne & Black, 1970b; Dunne, 1978) and shallow subsurface flow
in the weathered portion (upper few meters) of the subsurface, as illustrated schematically in Fig-
ure 4b (Dralle et al., 2018). The subsurface critical zone at Dry Creek consists of a 2 - 4 m thick
layer of organic soils and clay-rich weathered bedrock matrix overlying unweathered, perenni-
ally saturated mélange, as shown in Figure 4a (W. J. Hahm et al., 2019). The shallow depth to
fresh bedrock results in relatively small integrated porosity and water storage capacity, causing

widespread saturation overland flow during the winter wet season.

Lag to peak and event runoff coeflicients also support widespread SOF. Across analyzed
storms, Dry Creek’s lag to peak time was on average 2.5+1.6 h (+ 1 s.d.), and neighboring Hank
Creek’s was 3.0+1.5 h, as shown in Figure 5a. These times are typical for catchments of com-
parable area experiencing saturation overland flow according to the commonly depicted timescales
in Dingman (2015)’s Physical Hydrology textbook (after Kirkby (1988), based on data from Dunne
(1978)). The event-based runoff ratio at Dry Creek is variable and spans the full range from 0
to 1 (Figure 5b-c). The runoff ratio is uncorrelated with the catchment storage state (wetness) at
the start of a storm event, quantified via the streamflow just before the intial stream response (Fig-

ure 5b). In contrast, the total precipitation in the event explained 39% of the variance in runoff
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ratio, with events smaller than 25 mm generally producing runoff ratios less than 0.5, and events

greater than 25 mm producing runoff ratios greater than 0.5 (Figure 5c¢).

3.1.2 Surface Saturation in Response to Storms

Saturation extent measured via discrete mapping campaigns correlated with discharge at
the catchment outlet (Figure 6); as discharge decreased in both zero-order catchments (a-f and
g-1), the number of saturated pits at both catchments decreased as well. These mapping campaigns
spanned nearly the full range of discharge throughout the study period (Figure 7a), and the ob-
servation locations’ TWI range closely matches that of the catchment at large. The logistic re-
gression model shown in Figure 7a used to predict saturation as a function of catchment discharge

and topographic wetness index (TWI) has an accuracy of 83% on observed data.

By applying the logistic regression model, we found that the dynamic extent of saturated
area grows throughout a storm event and shrinks as the water table recedes from the surface (Fig-
ure 7b; Supplementary Video 1), with portions of the surface of the catchment remaining satu-
rated and contributing to overland flow for days following a precipitation event. At runoff rates
with the highest relative runoff contribution, the logistic regression model suggests that more than
half of the catchment is saturated (Figure 7a). An instantaneous runoff rate of 2 mm/day at the
catchment outlet (not shown) was the threshold above which saturation extends beyond the stream
channel, according to the logistic regression model. At runoffs of 10 mm/day, saturation is widespread
outside of the channel (Figure 7b). Based on these results, as well as field observations of over-
land flow corresponding to comparable catchment discharge states, we chose 5 mm/day (best es-
timate; likely range between 2-10 mm/day) as a threshold runoff rate that corresponds with the
maximum subsurface flow capacity adjacent to the channel network, such that the streamflow rate

above 5 mm/day derives mostly from saturation overland flow.

3.2 Isotope Dynamics

Isotopic composition of 267 precipitation samples, 460 streamflow samples, and 46 ground-
water samples is shown for the full range of flow percentiles in Figure 8d. Streamflow isotopic
compositions are markedly damped compared to precipitation, as demonstrated by the larger spread
of precipitation isotopes (blue) than streamflow isotopes (red) in the timeseries and dual isotope
plots of Figure 8. The sensitivity of streamwater isotopes to precipitation inputs over shorter timescale
is shown in Figure 8. Individual samples of streamwater isotopic composition tend to follow a
highly damped pattern shifting with the long-term mean, with some larger excursions in the di-
rection of individual rainfall inputs. In general, the relationship between precipitation and stream-
flow isotopic composition can be highly variable on a storm-to-storm basis. In the zoomed-in view

in panel b, streamflow isotopic composition can change little with a large rainfall input (first and
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Figure 6. Observations of surface saturation during a streamflow recession in January 2018 at two zero-
order catchments (top) in Dry Creek and (bottom) in Hank Creek, bordering Dry Creek. For a map contex-
tualizing the location of the saturation pits, see Figure 2. Panels a-e and g-k show mapped saturation extent

during each field visit. Border colors for each panel correspond to the dots with the same color in panel f (a-¢)

or 1 (g-k).

last large precipitation events) or be displaced significantly (as in the case of the large negative
event) or even the very small negative events in February and March. There is no repeated an-
nual temporal trend in precipitation isotopic composition, unlike the characteristic sinusoidal sig-
nature of many continental climates (e.g., DeWalle et al., 1997; Allen et al., 2018, 2019). Instead,

we observed a large degree of intra-seasonal scatter in isotopic inputs.

At low discharge at the end of the wet season, streamflow samples show evidence of evap-

orative enrichment, likely due to evaporation of water in the stream channel during occasional
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Figure 7. (a) Flow-weighted frequency (top) of instantaneous runoff magnitudes in the Dry Creek catch-
ment. The 5th, 50th, and 95th percentiles flow-weighted frequencies are 20, 90, 320 mm/day, respectively.
The median frequency-magnitude flow value coincides with times when a significant (approximately 60% by
area) portion of the catchment is saturated, as predicted using the logistic regression model. (b) Saturation ex-
tent at different instantaneous streamflow rates. White points show where saturated/not saturated observations
were made in field surveys across a range of instantaneous streamflow values. A logistic regression model
was fitted using these observations, predicting saturated state at each point in the catchment as a function

of log-transformed discharge and topographic wetness index. Blue transparencies over hillshade highlight
saturation spatial extent at three discrete streamflow values. Uncolored areas are predicted to not be saturated

at an instantaneous streamflow rate of 100 mm/day.

long gaps in rain coupled with high atmospheric temperatures. Since evaporative enrichment is

not accounted for in the SAS model, we excluded such samples from the SAS fitting. We iden-
tified a flow threshold of 0.05 mm/day, above which all streamflow isotopic data fell on the me-
teoric water line. At flows below 0.05 mm/day, some streamflow samples were isotopically heavy
and fell on a line with a slope shallower than the local meteoric water line (Supplemental Fig-

ure S8). While not all flows below 0.05 mm/day show an evaporative enrichment signal, this thresh-

old provides a conservative means of excluding evaporative enrichment from calibration.

3.3 StorAge Selection Modeling

Figure 9 shows SAS modeling results for water year 2019. Results are similar for water year
2020, included in Supplemental Figure S6. Among the top 95th percentile of parameter sets, me-
dian NSE and KGE are 0.62 and 0.82, respectively. The range of NSE and KGE values among
the top 95th percentile are 0.42 - 0.62 (NSE) and 0.82 - 0.83 (KGE). More details on model pa-
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Figure 8. (a) Timeseries of 5 years of daily precipitation sampling, 3 years of episodic and 2 years of daily
streamflow sampling, and episodic groundwater sampling with a zoomed-in view for 1 month in (b). In (a)
and (b), precipitation isotope markers are scaled by the volume of daily precipitation when the sample was
taken. (c) shows dual isotope space for all measurements, and (d) marks the time-weighted flow percentiles at

which runoff was sampled.

rameterization can be found in the Supplemental Information S1. As shown in Figure 9b), the
SAS model captures the moving average of streamflow isotope data, which shifts in time in re-
sponse to precipitation inputs (Figure 9a); the model fails to capture the large negative daily ex-
cursions January and February and some small positive excursions in December and March. The
unexplained large daily excursions suggest that higher temporal resolution in sampling could be
beneficial. There is also a period of underestimated streamflow concentration in March-April of
2019, which may be due to a limitation in how the SAS model applies at drier catchment states.
While the SAS model has six parameters, results are really only sensitive to two of these param-
eters (Supplemental Information S1), so additional flexibility in the model structure may be re-
quired to capture stream behavior in drier periods. White points, denoting when streamflow is
<0.05 mm/day, were excluded from calibration and show an upward trend away from the model,

consistent with significant evaporative enrichment (see Supplemental Information S3).

At the end of the dry season, the median ages of water in storage modeled using SAS func-
tions (Figure 9c) are slightly larger than the length of the dry season (5-6 months). At the begin-
ning of the wet season, median streamflow age modeled with SAS functions declines rapidly with
high confidence (narrow shaded band) after a short period of rainfall. This timeframe should be
be related to the time it takes to fill up approximately half of the catchment’s dynamic storage ca-
pacity (although not identical since streamflow and ET draw preferentially from younger storage).

Indeed, the drop in median storage age within the confidence interval occurs at around 150 mm
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Figure 9. (a) Daily precipitation and instantaneous runoft throughout the wet season 2018-2019. Hori-
zontal dashed black line marks the 5 mm flow threshold above which excess flow is assumed to be SOF. (b)
Confidence bars on SAS model predictions (black line) are smaller than the width of the line. The size of
plot markers for rainfall data (blue) are scaled by the volume of precipitation. Data shown in white circles
are excluded from calibration of the SAS model due to in-channel evaporative enrichment (streamflow <0.05
mm/day). Marked median NSE and KGE are the median values among the top 95th percentile of parameter
sets. (c) Shading around median ages indicates 25th-75th percentile of ensemble simulations, and blue line
is cumulative precipitation. Storage and streamflow curves lie nearly on top of one another. Vertical dashed
line marks cumulative precipitation of 150 mm, and horizontal dashed line marks a median age of 10 days.

Shaded vertical bar indicates the timeframe shown in Figure 11.

of cumulative precipitation, just a bit more than half of the estimated approximate dynamic stor-
age capacity of the landscape of 200 mm (Dralle et al., 2018; W. J. Hahm et al., 2019; Dralle et
al., 2018). For nearly the whole wet season, median storage age is larger than 10 days (above the

horizontal dashed line in Figure 9c).

Median ages of streamflow and storage modeled using SAS functions (Figure 9c¢) track one
another closely throughout the wet season, falling on top of one another with overlapping con-

fidence intervals. Storage age appears young since the storage modeled by the SAS function is
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Figure 10. Ensemble mean of flow-weighted average cumulative age distribution function for Dry Creek.
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only the dynamic portion of storage during the study period. Older storage may exist, but it ac-

counts for only a small portion of dynamic storage so has essentially no impact on median ages.

Throughout the study period, the mean age distribution that results from the parameterized
SAS function indicates that essentially all streamflow is younger than 1 year (Figure 10), the ma-
jority of water (= 75%) is younger than one month, and about 15% of streamflow is younger than
1 day. More than 90% of streamflow is typically modeled to be younger than 4 months. This find-
ing highlights that the vast majority of streamflow is fairly young, deriving from the current wa-
ter year (i.e., the current wet season), and little long-term storage is included in catchment dis-

charge.

3.4 Overland Flow is Primarily Pre-event Water.

A summary of streamflow contributions from different runoff sources and water of differ-
ent ages estimated via SAS modeling is shown in Table 2 and, for a representative month in 2019,

in Figure 11. Only one month is shown for legibility, but all winter months in the study period
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Figure 11. (a) Streamflow, estimated overland flow (streamflow above threshold instantaneous rate), and
direct precipitation on saturated area for one representative month in 2019. (b) compares the portion of
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or water of age <1 day. (c) Piezometer data and areal extents of saturation. Solid portions of piezometer data
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simulations except for overland flow. Shaded intervals for overland flow show a range of threshold streamflow
values (2-10 mm/day; solid line best estimate of 5 mm/day) for initiation of overland flow throughout the

catchment outside of the channel network.

Table 2. Annual streamflow statistics by water year.

Fraction of streamflow that derives from... WY 2017 WY 2018 WY 2019 WY 2020
overland flow 78% 70% 75% 62%
water age < 1 day 15% 9% 14% 6%

water from youngest 10" percentile of storage  11% 11% 11% 11%
direct precipitation on saturated area 40% 28% 37% 21%

show the same patterns. Using 5 mm/day (likely range of 2-10 mm/day) as the capacity for sub-
surface flow based on the saturation extent mapping analysis (see Figure 7b), we calculated over-
land flow as the difference between instantaneous streamflow and a catchment runoff rate of 5
mm/day (Figure 11a). In this analysis, all of this overland flow is considered to be saturation over-
land flow, as we have not observed any evidence for Horton overland flow at the site. Overland
flow constitutes the majority of streamflow, nearly always accounting for more than 50% of stream-

flow during rainy periods and frequently accounting for more than 90% of flow during large storm

23—



475

476

477

478

479

480

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

events (Figure 11b); in general, overland flow accounts for 62-78% of annual streamflow (Table
2). This result is consistent with sustained high groundwater levels during storms (e.g., Figure

5b) and the prediction that 80% of the landscape is saturated in large storms (Figure 7a).

Figure 11b compares the fraction of streamflow from overland flow to two definitions of
new water in streamflow calculated from the 95th percentile of parameter sets for the SAS model:
(1) water <1 day old and (ii) water from the youngest 10th percentile of storage. Based on SAS
modeling, water from the youngest 10th percentile of storage is consistently about 11% of stream-
flow, and only about 10% of streamflow is younger than 1 day on an annual basis (Table 2). Since
the SAS model parameterizes the relationship between time series of precipitation isotopes and
streamflow isotopes, these model results are driven by the highly damped nature of the stream-

flow timeseries compared to the precipitation time series.

Only 6-15% of annual streamflow is younger than 1 day, but 62-78% of streamflow derives
from overland flow (Table 2). Conservative estimates suggest that surface flow paths from the
more distal portion of the watershed would reach the outlet within a day. We can approximate
the travel paths as consisting of three distinct elements: sheet runoff on the ~40 m long hillslope
(e.g. Figure le), focused runoftf down hollows and tributary channels (=500 m, e.g., Figure 1d),
and travel down the mainstem Dry Creek (= 4,000 m). Shallow sheet runoff is likely slow (on
the order of 0.1 m/min), while in the hollows and channels velocities can exceed 5 m/min, and
in the mainstem channel velocities exceed 10 m/min. These very conservative estimates would
lead to the more distal part of the overland region reaching the outlet in about 15 hours. Hence,
it is likely that overland flow across this landscape, if it remained on the surface and travelled to

the outlet, would do so in less than a day.

Thus, the finding of significantly more overland flow than water younger than one day in-
dicates that a large portion of overland flow must travel through the subsurface to reach the stream.
Since all water following a singularly surface flow pathway would reach the outlet in less than
1 day, it is possible to set a limit on pre-event water in overland flow by comparing the fraction
of streamflow younger than 1 day (light blue line in Figure 11b) to the fraction of streamflow de-
rived from overland flow (gold line in Figure 11b). The difference between these two curves gives
a lower bound on the pre-event water in overland flow, as marked in Figure 12. In Figure 12, we
assumed that (at most) all water age <1 day arrived in the stream by overland flow. Then, given
the difference in water volumes, at least 82% of overland flow in must be older than 1 day in wa-
ter years 2019-2020. This finding is not unique to these years; throughout the study period, 81

- 90% of overland flow must be older than 1 day throughout each water year.

Further evidence for the importance of return flow to saturation overland flow comes from

estimates of DPSA, calculated as the product of rainfall intensity and the percent saturated area
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Figure 12. Cumulative amount of precipitation (light blue) compared to streamflow (red), overland flow
using a threshold of 5 mm (gold), direct precipitation on saturated area, DPSA, (dark blue), and streamflow

age <1 day (light blue). Numbers above each cumulative curve denote cumulative value for WY2019-2020.

(Figure 11a). The difference between this DPSA estimate and the overland flow curve places a
different minimum bound on return flow contribution to streamflow since not all rain falling on
saturated area necessarily contributes directly to runoff. Again, we see in Table 2 that at most 21
- 40% of streamflow could have been provided by DPSA, whereas overland flow accounts for 62
- 78% of streamflow on an annual basis. Thus, at least 49 - 66% of overland flow must be gen-
erated via return flow, providing further evidence that return flow plays an important role in sat-

uration overland flow.

Overland flow accounts for the vast majority of streamflow, but water younger than 1 day
and DPSA both account for relatively small fractions of annual runoff. These findings indicate
that there must be substantial mixing between surface and subsurface water on the hillslope, which

is also apparent in the damped isotopic signal of streamflow compared to rainfall (Figure 8).

4 Discussion
4.1 Pre-event Water in Saturation Overland Flow

In spite of the thin critical zone and dominance of the saturation overland flow mechanism,
flow that arrives in the stream at Dry Creek is on average days older than the storm that gener-

ated the streamflow. This indicates that: (1) precipitation is stored and overland flow must mix

25—



526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

560

561

with older, pre-event water; and (2) that water stored between events contributes substantially to
saturation overland flow fluxes in events that follow. The storage and mixing have consequences

for the conceptualization of runoff generation and water-rock interactions.

During periods of low flow (< approximately 2 mm/day), overland flow is not observed,
and groundwater levels are below the ground surface across the borehole network. It is not un-
til sufficient rains arrive to completely saturate the weathered bedrock and soil zone adjacent to
the channel network that water tables intersect the ground surface and saturation overland flow
is initiated. Further increases in streamflow are sustained by a continued rise of groundwater ta-
bles distal to the channel network and accompanying expansion of saturation extent (Figure 7b),
leading to an increasing fraction of runoff that can be attributed to saturation overland flow, i.e.,

variable source area (Dunne & Black, 1970b).

The apparent paradox of fast streamflow response paired with pre-event water has been ob-
served for over 30 years (e.g., Neal & Rosier, 1990; M. Sklash, 1990; Buttle, 1994) and contin-
ues to be an active area of hydrologic inquiry (e.g., Kirchner, 2003; Cartwright & Morgenstern,
2018). Overland flow, for instance, results in a quick runoff response, and is often considered to
represent new (event) water in hydrograph separation literature (e.g., Uhlenbrook et al., 2002;
Kronholm & Capel, 2016; Saraiva Okello et al., 2018; Ogunkoya & Jenkins, 1993). Our find-
ings directly address the “old-water" paradox by demonstrating that, similar to the shallow sub-
surface stormflow observed by Kienzler and Naef (2008), saturation overland flow delivers pre-
event water, and thus is older than the age of water delivered by the storm that generates stream-
flow. This agrees well with a recent particle tracking study that indicates that overland flow could

primarily contain pre-event water while maintaining a streamflow signal that shows a predom-

inance of young water catchment-wide (Wilusz et al., 2020). The behavior we observe at Dry Creek

is similar to that of the Sleepers River watershed in Vermont, where saturation overland flow was
originally documented. There, large extents (up to 50%) of the landscape can be saturated, sat-

uration overland flow dominates runoff generation, and yet streamflow is nevertheless still largely

older water (Shanley et al., 2015). Similarly, Eshleman et al. (1993), working in the Virginia Coastal

Plain, found that saturation overland flow must consist primarily of return flow, based on the pre-
dominance of old water in streamflow when saturation overland flow was the primary runoft gen-

eration mechanism.

Importantly, our results indicate that saturation overland flow and Horton or infiltration ex-
cess overland flow should have different signatures in the age distribution of streamflow since in
Horton excess overland flow, the interaction with subsurface water pools is likely to be more lim-
ited (Horton, 1933, 1945). In the case of Horton overland flow, we would anticipate primarily
surface flowpaths and thus delivery of new, event water to streamflow, as has been found in lo-

cations where low surface hydraulic conductivity prevents infiltration (e.g., Ribolzi et al., 2007).
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562 4.2 Is There an Inverse Storage Effect in Seasonally Dry Catchments?

563 The inverse-storage effect (ISE) describes the propensity of catchments to discharge younger
564 water at wetter catchment states (e.g., Harman, 2015; Benettin et al., 2017). This is in contrast

565 to the direct storage effect, where older water makes up the majority of catchment discharge. ISE
566 has been directly observed in laboratory experiments (e.g., M. Kim et al., 2016) and inferred from

567 particle tracking (e.g., Wilusz et al., 2020; Pangle et al., 2017). ISE may be more prevalent in some

568 catchments than others based on particular climates or runoff generation mechanisms. Heidbiichel
569 et al. (2012) found distinct differences in SAS behavior between a semiarid and a humid catch-
570 ment. Most applications of SAS modeling have been in catchments with limited seasonality, so
571 it is necessary to confirm whether ISE occurs broadly in seasonal catchments; recently, Rodriguez

572 et al. (2018) found that the ISE applies in a catchment with a highly seasonal Mediterranean cli-

573 mate, and in this study we observed a mild ISE effect. Based on parameterization results, the SAS
s74 function approximates random sampling behavior as the catchment state becomes drier (less SOF)
575 and exhibits a strong preference for the youngest water in storage at the wettest state (more SOF;
576 see Supplementary Information S1 for details). However, over the course of the study period, the
577 flow-weighted average value of the power exponent k is 0.99 (random sampling is k = 1), in-

578 dicating that most streamflow in Dry Creek is sampled nearly randomly from available storage

579 except during extremely wet periods. Thus, while there is evidence of an ISE at Dry Creek, the

580 overall streamflow signature does not demonstrate a significant inverse storage effect.

s81 While Rodriguez et al. (2018) did find ISE, they found that ISE may not apply at all times

se2 in a Mediterranean climate, with a more direct storage effect dominating during transitions be-

583 tween wet and dry seasons in the spring and fall. In our modeling, we allow the SAS function

584 to vary through time according to wetness state, but the relationship between wetness state and

s85 SAS function remains constant throughout the study period. As a result, we are unable to deter-

586 mine whether a change in this relationship between wetness state and SAS function behavior oc-
587 curs at our site. However, Figure 9a (streamflow timeseries in 2019) shows that the runoff goes

588 down to about 0.1 mm/day numerous times over the wet season, indicating significant rapid shifts
589 in catchment wetness throughout the season while the SAS model continues to perform well, miss-
59 ing only a handful of large concentration excursions. Parameterization on 2016-2019 water years
591 also results in similarly good performance on the 2020 water year. There is, however, slightly higher
502 absolute error in modeled concentrations during times of rapid state change versus continuously

593 wet periods (Supplemental Figure S7), and some excursions from the modeled isotopic concen-

594 trations correlate with transitions between wet and dry states. This suggests that there may be a

595 direct storage effect during transitions between wet and dry states in the Dry Creek catchment

596 that is not explored in this study. While this effect was not included in our model, these transi-

597 tions represent a very small portion of the study period so neglecting this effect should have a min-
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imal impact on the results of this study, particularly since our study focuses on SOF, which oc-
curs only once the catchment is wet enough to generate SOF, rather than during transition peri-

ods between wet and dry states.

4.3 Assumptions and Limitations

Water age calculations assumed that the entire catchment met a water storage capacity quan-
tified as a streamflow threshold; however, the storage capacity of the landscape is met dynam-
ically through time so that some parts of the landscape may contribute overland flow before the
full storage capacity of the subsurface is met. We do not have data to quantify the extent to which
this effect may be important at Dry Creek, although results from a particle tracking study con-
ducted by Wilusz et al. (2020) suggest that this effect is minimal. Wilusz et al. (2020) found that
maximum groundwater discharge level during different parts of the hydrograph was a function
of storage, above which flow derives from overland flow, interflow, or direct runoff (i.e., rain falling
directly in the stream channel). Across different portions of the hydrograph, the threshold var-
ied by only about a factor of 2. A constant flow threshold, as used in this study, should provide
a reasonable estimate for the fraction of streamflow attributable to overland flow over timescales
longer than a few hours. Differences in the time to reach storage capacity across the landscape
at this temporal resolution should be negligible, and a difference of a factor of 2 is included in

the shaded interval in Figure 11b.

In our analysis, we have assumed that we can scale our hillslope-scale observations (in lo-

cations underlain by mélange matrix) to the entire Dry Creek catchment. Lovill et al. (2018), W. J. Hahm

et al. (2020), and W. J. Hahm et al. (2019) documented the presence of large sandstone blocks,
which cover less than 15% of the catchment by area and behave hydrologically distinctly from
the mélange matrix areas. In contrast to the mélange matrix, the sandstone blocks: 1) are deeply
weathered; ii) have a thick vadose zone (>5 m), below which fluctuates a seasonal groundwater
table; and iii) are observed to be the source of springs that persist into the mid-dry season. Be-
cause they are a relatively small portion of the landscape and because we are primarily interested
in high-flow dynamics, we opted for the sake of simplicity to not separately model these features.
The relatively high model performance (NSE = 0.62) provides some justification for this choice,
but future work would benefit from extended analysis of the sandstone blocks, which likely have

an outsize contribution to streamflow at low flow states (Lovill et al., 2018).

5 Conclusion

In the Dry Creek catchment in the Northern California Coast Ranges, field observations
and stream age modeling using StorAge Selection (SAS) functions reveal that saturation over-

land flow arriving in the channel is pre-event water. Field observations reveal that runoff dynam-
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ics are fast (response within a few hours of rainfall), with runoff coefficients as high as 0.9, and
that saturation overland flow is the primary storm runoff mechanism. SAS modeling does not in-
dicate much of an inverse storage effect at Dry Creek except at extremely high flows, when younger
(as a percentile of storage) streamflow is preferentially discharged. Although streamflow is mod-
eled to be relatively young, the SAS model suggests that streamflow is still almost entirely older
than 1 day at all times, meaning that streamflow is modeled to be older than event water. Since
streamflow is primarily overland flow, the SAS modeling results imply that overland flow must
contain a substantial portion of pre-event water. This finding is supported by field observations
of exfiltrating head gradients, return flow through macropores, and extensive saturation days af-
ter storm events, which collectively point to a significant subsurface origin (i.e., return flow) for
the saturation overland flow. Even in this extreme case of full catchment SOF, our analyses in-
dicate that substantial mixing of overland flow with subsurface storage must occur to explain the

observed streamflow ages.

Understanding the relationship between the age of streamflow and runoff generation mech-
anisms assists in understanding of how water quality may change over time, particularly under
climate change. An increase in extreme precipitation with the same mean, as is expected with
climate change in some locations, including California where our site is located (Swain et al., 2018),
lead to larger overland flow runoff events. This trend of wet season sharpening is likely to make
overland flow more important in catchments where overland flow occurs. Increased precipita-
tion volatility is also likely to result in increased relative variability in wetted channel extent (Lapides,
Leclerc, et al., 2021), which may apply to saturated area as well. Future studies might consider
these interaction and their consequences for kinetic-rate controlled processes like chemical weath-

ering.
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(large data files; Lapides, Hahm, et al., 2021).
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Introduction

These supporting information include supplementary analyses and figures for “Controls
on streamwater age in a saturation overland flow-dominated catchment.” These analy-
ses consist of detailed information about StorAge Selection (SAS) parameterization (S1,
Figures S1-S5), additional SAS results not shown in the main text (S2, Figures S6-S7),
analysis identifying likely kinetic fractionation at low flows (S3, Figure S8), and a syn-
thetic analysis testing the impact of sampling interval on study results (S4, Figure S9).
See the main text Section 2.6 for a description of SAS methodology used in this study.
S1. Parameterization of SAS functions

The range of shapes for the streamflow SAS function is shown in Figure Sla for the
median values of kming = 0.45 and kmaxg = 1.04 among the top 95th percentile of
parameter sets sampled. As shown in Figure Sla, the SAS function varies as a function

of the wetness state of the catchment. Assuming a uniform storage distribution, at the
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wettest state the 50th percentile of streamflow age derives from the 25th percentile of
storage ages, while at the driest state the 50th percentile of streamflow age derives from
the 50th percentile of storage ages.

Histograms of the top 95th percentile of parameter sets in Figure S1b-g show that a
good model fit (maximum KGE = 0.83, maximum NSE = 0.66) can arise from nearly any
parameter value of: i) the minimum power for the streamflow SAS function (kming), ii)
the scaling factor for the log-dependence on wetness state in the streamflowSAS function
(logfactorg), iil) the power law exponent for the ET SAS function (kgr), and iv) the
initial isotope concentration in storage (Cg, ). In contrast, the model performs best (shown
via a peak in the histogram of parameter distributions) for: c¢) maximal power for the
streamflow SAS function (kmazg) near 1 and f) initial storage volume (Sp) near our
estimated maximal storage volume of 200 mm. Relationships between parameters and
model performance are shown via a scatterplot matrix in Supplemental Information 1.

We parameterized the StorAge Selection (SAS) function using a Monte Carlo simulation
of 10,000 parameter sets. The relationship between all parameter pairs in the calibration
time period (2016-2019 water years), is shown in Figure S2 colored by NSE and in Figure
S3 colored by KGE. There is no pattern in the relationships among any parameters except
kmazxg and Sy that indicate a preferential relationship between these parameters. Any
value of kming, logfactorg, kgr, and Cygy can yield a model with a high NSE and KGE,
with no relationship among the values that yield high NSE/KGE between these param-
eters. The value of kmaxg has the biggest impact on NSE, and the value of SO has the
biggest impact on KGE. The same patterns appear in evaluation results of the top 95th

percentile of parameters in the 2020 water year, shown in Figure S4 for NSE and Figure
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S5 for KGE. The parameter relationships among kming, logfactorg, kg1, and Cgp fill
the full space, while values are preferentially excluded from the 95th percentile parameter
sets for kmaxg and S0.

S2. SAS results across more conditions

While only WY2019 results are shown in the main text, results of StorAge Selection
modeling are similar for WY 2020 (Figure S6).

We also compare the distribution of absolute error in predicted streamflow concentra-
tion during periods of rapid wet/dry state evolution versus periods of consistent wetness
(Figure S7). A transition from wet to dry state is considered to happen at an instan-
taneous flow rate of 0.1 mm/day (as marked in Figure S7a), with the two days before
and after defined as the transition period or time when the catchment is switching states.
The catchment is in a wet state any other time when streamflow is above 0.1 mm/day
when not switching states. Figure S7b shows histograms of absolute error in modeled
streamflow concentration when the catchment is in a wet state (blue) or switching states
(red). The modes of the two histograms are very similar, although the error for switching
state is slightly larger. When in a wet state, error is never above 5 %o; however, when
switching states, the tail is longer.

S3. Kinetic fractionation at low flow

To confirm that evaporative enrichment occurs at flows below 0.05 mm/day, we ex-
amined one representative flow event in 2019. From April 15-March 15, flow decreases
steadily with no precipitation. In Figure S8, points are colored by date, moving from
white to dark blue with increasing time and decreasing streamflow, and points outlined

in red fall below the 0.05 mm/day threshold used to exclude data points from the SAS
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model calibration. Figure S8 demonstrates that as flow decreases, isotopic concentration
increases following a slope much shallower (=~ 4) than that the local meteoric line (= 8),
suggesting evaporative enrichment (Craig, 1961). We examined a similar end-of-season
period in 2020 but did not note evaporative fractionation, indicating that evaporative
enrichment may not always occur below 0.05 mm/day, but this threshold provides a con-
servative cutoff to prevent calibration from being impacted by evaporative fractionation.
S4. Confidence in information on daily timescale

As described in the discussion (Section 2.6 ), the stream sampling interval frequency
(daily, in our case) may limit the ability of the model to resolve the lower bound (youngest)
water transit times. To explore this, we performed a synthetic analysis to determine the
potential impact of a daily sampling interval on our results. We generated a timeseries
of [dD] in streamflow with about 50% of streamflow younger than 1 day. This timeseries
was generated using the form of StorAge Selection (SAS) function used in this study,
i.e. a time-varying power law that varies with catchment wetness state (Equation 10 in
main text ) with kming = 0.85, kmaxg = 1.0, logfactorg = 45, kgr = 1, Sy = 170 mm,
and Cs, = -50 %o. To enhance new (< 1 day old) water production at short timescales,
we set a threshold wetness value (wi=0.3) above which the power in the SAS function
exponent is k = 0.1. To explore the impact of sampling interval on the parameterization
results, we simulated a range of sampling intervals using the observed rainfall timeseries
and the generated streamflow timeseries with enhanced new water fraction. We explored
the effect of sampling frequency on resolved age distributions by down-sampling from
daily frequency to 2, 4, 8, and 16 day sampling intervals for the streamflow by dropping

additional data. (Isotope concentrations in streamflow are instantaneous rather than
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aggregate measurements). In contrast, for precipitation, we averaged concentrations over
the previous 2, 4, 8, or 16 days to downsample. We did not examine sampling intervals
shorter than daily since we do not have data on how concentrations in rainfall vary at
subdaily timescales. For each sampling interval, we ran 5,000 Monte Carlo simulations
with the same range of parameters and same SAS functional forms used in the study and
evaluated performance using Nash-Sutcliffe Efficiency (NSE) and Kling-Gupta Efficiency
(KGE). The top 95th percentile of parameter sets for each sampling interval were retained.
Model performance dropped with increasing sampling interval (Figure S9a), with the
median NSE dropping below 0.5 by a sampling interval of 8 days. Generally, model
performance remains quite good over a range of sampling intervals, with very comparable
performance at sampling intervals of 1-4 days.

Using the top 95th percentile of parameter sets for each sampling interval, we calculated
the overall fraction of water younger than 1 day throughout the study period (Figure S9b).
The fraction of new water calculated for sampling interval 1-4 days have overlapping
99% confidence intervals, while much more new water is predicted for longer sampling
intervals. This finding of more new water with a longer sampling interval is contrary to
recent findings that indicate a shorter sampling interval may reveal more young water
Gallart et al. (2020). Both sites have a Mediterranean climate and high runoff coefficients
with up to 90% of streamflow made up of event water. The difference in results is likely
due to the very different definition of young water. In the present study, we consider
water younger than 1 day, comparable to the dominant runoff generation processes at
Dry Creek, whereas Gallart et al. (2020) consider water younger than 73 days, much

longer than dominant runoff generation mechanisms. Given that the new water fraction
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can be captured consistently with 1-4 day long sampling intervals, the new water fraction
inferred from the relatively short sampling interval of 1 day used in this study should

provide confidence on the fraction of water younger than 1 day at Dry Creek.
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Figure S1. (a) wg is the StorAge Selection (SAS) function described by the general
functional form in the upper right corner of the plot. It describes the relative tendency
for the stream to draw water from each age percentile of storage P,. The displayed range
of SAS functions for streamflow wg is represented by the median values of k., and ke
in the 95th percentile of parameter sets. From wettest to driest conditions assuming
a uniform storage distribution, the 50th percentile of streamflow ages range from the
youngest 24th-47th percentiles of storage. Histograms of parameters for the top 95th
percentile of Monte Carlo simulations of 10,000 parameter sets (b-g) results in a median
NSE=0.62 and maximum NSE=0.66, with the median value for each parameter shown in
the upper right corner of each panel. ki, Fmazg, and logfactorg are parameters for the
streamflow SAS function wq. kgr is a parameter for the evapotranspiration SAS function
wgr. Sp is the initial catchment storage, and Cg, is the initial isotopic concentration. See

Section 2.6 for full details.
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Figure S2. Covariance between parameter performance for all 10,000 parameter sets

tested in Monte Carlo simulations. Points are colored by NSE.
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Figure S3. Covariance between parameter performance for all 10,000 parameter sets

tested in Monte Carlo simulations. Points are colored by KGE.
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Figure S4. Covariance between parameter performance for all the 95th percentile of

parameter sets tested in Monte Carlo simulations. Points are colored by NSE.
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Figure S6. (a) Daily precipitation and instantaneous runoff throughout the wet season
2019-2020. Vertical dashed grey line marks the 5 mm flow threshold above which excess
flow is assumed to be SOF. Horizontal dashed grey line marks a median age of 10 days.
(b) Confidence bars on SAS model predictions (black line) are smaller than the width
of the line. The size of plot markers for rainfall data (blue) are scaled by the volume
of precipitation. Data shown in white circles are excluded from calibration of the SAS
model due to in-channel evaporative enrichment (streamflow j0.05 mm/day). Marked
median NSE is the median value among the top 95th percentile of parameter sets. (c)
Shading around median ages indicates 25th-75th percentile of ensemble simulations, and
blue line is cumulative precipitation. Vertical dashed line marks cumulative precipitation

of 150 mm, and horizontal dashed line marks a median age of 10 days.
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Figure S7. (a) Streamflow at Dry Creek throughout the study period with switches
between wet and dry states marked as crossing the blue 0.1 mm/day threshold. Points
along the hydrograph where the threshold is crossed are marked with blue dots. (b)
Density histograms of absolute error in streamflow concentration between the SAS model
and measured streamflow concentration. Times when the catchment is ‘switching states’
are defined by the 2 days before and after the threshold in panel a is crossed. The ‘wet

state’ is all times not during a switching state when streamflow is above 0.1 mm/day.
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Figure S8. In dual isotope space, the isotope concentration increased from March 15-
April 15, 2019 (white to dark blue) as streamflow decreased with no precipitation following
a much shallower slope than that for the full set of isotope data. Red outlines indicate

that streamflow falls below the 0.05 mm/day threshold for exclusion from calibration.

November 8, 2021, 9:59pm



10
w
o Bm = o
- 5]
S 05+---—- [ e U [
w (]
2]
=
g 0.0
c
k9]
o
2
@ -0.5
3 O KGE
2 m NSE
-1.0
1 2 4 8 16

0.20

N

Fraction of stream
water age <1 day
o
=
o
O
_D_

o
)
a

°
o
S

1 2 4 8 16
Rain and streamflow sampling interval (days)
Figure S9. (a) Median model performance of parameterized SAS models as measured
by NSE and KGE over a range of sampling intervals for input data. Vertical black lines
show 25-75th percentile of model efficiency values. Where not visible, 25-75th percentile
range is smaller than the size of the marker. The shaded gold and blue regions indicate
the range of KGE and NSE values for a behavioral model (Kirchner, 2003). (b) Mean

new water fraction over the full study period with vertical 99% confidence intervals. The

horizontal shaded bar is the confidence interval for the 1-day sampling interval.
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