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ABSTRACT
Arik Tashie: Estimating the Effective Hydraulic Properties of the Subsurface and their Spatiotemporal
Response to Climate Using a Modified Streamflow Recession Analysis
(Under the direction of Tamlin Pavelsky)

Between periods of precipitation or snowmelt, the volume and timing of streamflow is largely
determined by the properties of the subsurface and the time-varying distribution of groundwater
storage. While streamflow during these periods (i.e., baseflow) is commonly treated according to a
unique storage-discharge relationship, recent innovations in streamflow recession analysis have allowed
novel findings regarding the variability of both the stability of baseflow and its nonlinearity (i.e., the
concavity of the hydrograph), as well as the regional clustering of these characteristics. Here, | assess
traditional and novel models of streamflow recession behavior using historical streamflow data from
over 1,000 watersheds in the continental United States (US). Observed streamflow behavior from only
nine watersheds often conforms to traditional models, and streamflow behavior from the vast majority
(>99%) of watersheds typically conforms to a parsimonious parallel aquifer model which accounts for
subsurface heterogeneity. | then apply this conceptual model alongside remotely-sensed estimates of
watershed-scale groundwater storage and climate reanalysis estimates of watershed-scale soil moisture,
rates of evapotranspiration, and cumulative precipitation to investigate seasonal patterns in both the
stability and nonlinearity of streamflow that vary systematically across large regions. | find that
coincident watershed storage is the best predictor of baseflow stability in many regions (particularly the
Appalachian Mountains) while evapotranspiration from two to three months previous is the best
predictor of baseflow stability in other regions (particularly the Pacific Northwest), and discuss the novel

finding that streamflow nonlinearity has increased significantly in most watersheds across the US since



1980. Then, | estimate the effective hydraulic properties of all gaged watersheds in the continental US
that are largely dam-free by adapting traditional methods of streamflow recession analysis to account
for subsurface heterogeneity. Using these results, | develop models of effective hydraulic properties
based on estimates of watershed topography, soils, bedrock, and climate, and apply these models to
predict the effective hydraulic properties of all watersheds in the continental US. Key practical results of
this analysis include: 1) the finding that streamflow is more stable during periods of extended drought
than generally predicted; 2) the identification of regional patterns in the response of streamflow to
climate change; and 3) a novel dataset representing the effective hydraulic properties of the subsurface

for the entire continental US for use in regional-scale hydrological models.
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CHAPTER 1: AN EMPIRICAL REEVALUATION OF STREAMFLOW RECESSION ANALYSIS AT THE
CONTINENTAL SCALE*

Section 1: Introduction
Section 1.1: Summary

Streamflow recession analysis is a widely used hydrologic tool that relies on readily available
discharge measurements to estimate otherwise unmeasurable watershed-scale properties, to predict
low flows, and to parameterize many lumped hydrologic models. Traditional methods apply the
simplifying assumptions of outflow from a Boussinesq aquifer, which predicts the slope of the recession
curve relating streamflow to its derivative in log-log space to decrease from early-stage to late-stage
recession. However, this prediction has not been validated in actual watersheds. Also, recent studies
have shown that slopes of observed recession events are often much greater than traditional methods
which rely on data point clouds. We analyze recession behavior of 1,027 streams from across the
continental US for periods of 10 to 118 years, identifying over 155,000 individual recession events. We
find that the average slope of observed recession events is greater than that of the point cloud for all
streams. Further, the recession slopes of observed events decrease with time in only 10% of cases, and
instead increase with time in 74% of cases. We identify only nine watersheds where observed
streamflow behavior often conforms to the predictions of traditional recession analysis, each of which is
arid and flat with low permeability. Analysis of our extensive empirical results with a regionalization of
catchment hydrologic characteristics indicates that heterogeneity of subsurface flows paths increases

the nonlinearity and convexity of observed recession, likely as a function of watershed memory. The

! This chapter previously appeared as an article in Water Resources Research. The original citation is as follows:
Tashie, A., Pavelsky, T., & Band, L. E. (2020). An empirical reevaluation of streamflow recession analysis at the
continental scale. Water Resources Research, 56(1), e2019WR025448.



practical implications of our analysis are that streamflow is more stable during periods of extended
drought than generally predicted.
Section 1.2: Background

Understanding the low flow characteristics of streams is essential for predicting water supply
and describing aquatic habitat in headwater systems. Hydrograph recession analysis, a mathematical
tool introduced in its modern form by Brutsaert and Nieber [1977], provides a standard approach for
investigations of low flow characteristics [Troch et al. 2013]. It is also routinely used to estimate
watershed-scale hydrologic features [Pauritsch et al. 2015], perform baseflow separation [Wittenberg
and Sivapalan 1999], calculate dynamic storage of a watershed [Krakauer and Temimi 2011], and help
calibrate hydrologic models [Jepsen et al. 2016].

Invoking the Dupuit assumptions [Dupuit 1863] that groundwater flow is generally horizontal,
and neglecting capillarity, Brutsaert and Nieber applied the Boussinesq equation to describe Darcian
flow from an unconfined rectangular aquifer atop a flat impermeable layer into a fully penetrating
stream (Figure 1a). A fully recharged aquifer of this type will initially exhibit a flat water table elevation
(h) profile that remains fixed at some thickness (Dwt) over much of the width of the aquifer. “Early”
recession transitions to “late” recession as the aquifer, draining more quickly nearer the stream,
generates a curvilinear h profile approximating an incomplete beta function with h being equal to Dwt
only at the boundary furthest from the stream [Brutsaert and Lopez 1998]. These dynamics in the water
table profile have a predictable effect on the hydrograph, generating a highly concave hydrograph (i.e.,
high “nonlinearity”) in the early period and a less concave hydrograph (i.e., low “nonlinearity”) in the
late period (Figure 1b-c).

Application of the Boussinesqg equation to hillslope recession allows unit discharge (q) to the
stream network can be solved simply as a function of hydrological conductivity (K), drainable porosity

(f), aquifer depth (D), aquifer breadth (B), impermeable layer slope (i), and h profile, while watershed



discharge (Q) may be estimated as the product of g and 2x the length of the stream (L), assuming similar
aquifer characteristics throughout the watershed. In parallel, Brutsaert and Nieber [1977] describe how
if all other inflows and outflows to a watershed are negligible, Q may be modeled as a function of

aquifer storage (S), and the change in streamflow (dQ/dt) assessed as a function of time-independent Q:

—4Q

— = aQ® Eqg.1

where a is a function of static watershed characteristics (K, f, D, B, L, and i), and b is a function of the
geometry of the contributing aquifer as well as the h profile that defines early and late periods of
recession. Since a and b can be estimated by plotting Q against dQ/dt in log-log space, it then becomes
possible to estimate basin-scale hydrological properties (e.g. K, D, or L) that are otherwise very difficult

to measure [Szilagyi et al. 1998].



Figure 1: (a) definition
sketch of a Dupuit-
Boussinesq aquifer under a
constant rate of recharge
(N) atop an impermeable
layer with a slope of i,
depth of D, length of L,
and water table elevation
of h; (b) a hydrograph and
(c) a recession plot
illustrating early and late
stage recession. Figure
adapted from Troch et al.,
2013.

~-Y

time
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log(Q)

Fundamental predictions of the Boussinesq aquifer relating to the slope of the recession curve
have not been validated with extensive catchment-scale field observations, but have been repeatedly
validated with computer models [e.g, Rupp and Selker 2006; Szilagyi et al. 1998], with table-top models
[Guerin et al. 2014; Luo et al. 2018], and in highly monitored hillslopes [Clark et al. 2009], as well as
analytically. Theoretical outflow from a Boussinesq aquifer yields two flow regimes, with higher initial b
values (around 3) when Dwt approximates the h profile for much of the aquifer and which drop to
around 1 or 1.5 when the h profile only approximates Dwt at the boundary furthest from the stream

(Figure 1c). As a result, Brutsaert and Nieber [1977] graphically defined an upper and lower envelope for



the data point cloud of all recession data to describe early- and late-stage recession, respectively (Figure
2). Many studies have followed suit, though because of the difficulty in developing a rigorous
methodology for delineating the upper from the lower envelope, most subsequent studies have used a
single line of regression to the data point cloud as a whole [Tallaksen 1995], to the central tendency of
the point cloud [Kirchner 2009], or have used a combined approach incorporating multiple methods
[e.g., Sanchez-Murillo 2015]. Values of b between 1 and 2 are generally deemed to be appropriate, while
significantly higher values may be indicative of processes in violation of the Dupuit-Boussinesq
assumptions [Tallaksen 1995] or the result of errors in methodologies or data uncertainty, like discharge
estimates from a rating curve [Westerberg and McMillan 2015].

While the original assumptions underlying recession analysis pioneered by Brutsaert and Nieber
[1977] are rigid, analytical solutions have been extended to accommodate sloping aquifers [Rupp and
Selker 2006] (Figure 1a), nonnegligible groundwater outflows or groundwater withdrawals [Thomas et
al. 2013; Vogel and Famiglietti 2015], steep hillslopes [Hunter et al. 2005], substantial unsaturated zone
flow [Luo et al. 2018], substantial sources and sinks of water at the bedrock interface [Bartlett and
Porporato 2018], and flow paths that are not completely horizontal [Harman and Kim 2019]. In fact,
many researchers have isolated and estimated watershed features or processes, such as the
consumption of groundwater by evapotranspiration, in violation of the Dupuit-Boussinesq assumptions
through investigation of anomalies in streamflow records [Palmorth et al. 2010; Szilagyi et al. 2007].
Similarly, violations of Dupuit-Boussinesq assumptions have been invoked as potential explanations for
the spread of observed recession values in recession point clouds [Brutsaert and Nieber 1977, Shaw and
Riha 2012].

Indeed, a holistic accounting of recession behavior must include a description of the shape of
the point cloud itself, as well as the shape of the individual events that define it. Apart from

measurement error, uncertainty in Q calculated with a rating curve, or effects of evapotranspiration



[Szilyagi et al. 2007], an ideal Boussinesq aquifer predicts vertical scatter where early-stage recession is
captured. According to this interpretation of the recession point cloud, the lower envelope defines
actual late-stage recession for all values of Q, and the scatter in the vertical direction represents a series
of early-stage recession flows stacked horizontally beside one another, while the upper envelope
represents early-stage recession during the period of highest Q captured in the point cloud.

However, many recent studies relying on the properties of individual recession events have
found that observed recession often violates many of these predictions. For instance, the median b
value of individual events has been shown to be generally greater than b values generated using the
data point cloud as a whole in several watersheds [e.g., Shaw and Riha 2012]. One possible explanation
is that some individual recession events represent an early stage of recession, when the h profile is still
steep, and that given time the b values of these events would decay to a value that agrees with the
point cloud. In such cases, the slope of these individual recession events should be concave, as the
recession slope transitions from early- to late-stage recession. This concavity has been well documented
in analytical solutions [Rupp and Selker 2006] as well as in table-top models [Guerin et al. 2015]. For
observed recession events in natural watersheds, however, evidence of concavity is absent in the
literature. On the contrary, the convexity of individual recession events has been noted in several
studies, in direct contradiction of hydraulic aquifer theory illustrated in Figure 1, though this discrepancy
has not been thoroughly investigated [Ghosh et al. 2016; Shaw and Riha 2012; Tashie et al. 2019;
McMillan et al. 2011].

Further, several studies have identified b values that consistently exceed the theoretical early
stage value of 3 [Mutzner et al. 2013; Gosh et al. 2016; Tashie et al. 2019]. Anomalous b values have
been described as resulting from potential data issues like observational error or the limited data points
available for individual recession events [Shaw and Riha 2012], spatial variation in rainfall [Biswal and

Kumar 2014], the effects of evapotranspiration [Shaw and Riha 2012], seepage or leakage to a deep



aquifer [Wang and Cai 2010], persistent groundwater recharge [Li et al. 2017], or the persistence of
overland flow or stormflow [Ye et al. 2014].

We hypothesize that the recession of streamflow in actual watersheds consistently violates
traditional assumptions of recession behavior. Specifically, we test the following hypotheses:

1) the observed recession of individual events tends to be significantly more nonlinear
than recession determined using any data point cloud method;

2) the nonlinearity of observed recession events does not tend to decrease with time (i.e.,
concave recession), but instead tends to increase with time (i.e., convex recession);

3) and the typical behavior of observed recession events is not primarily a function of
hillslope hydraulics as classically proposed, but is instead a function of the heterogeneity of catchment-
scale hydrologic properties and topoclimate-induced variability in the distribution of water storage.

To test these hypotheses, we analyze the streamflow records of watersheds across the
continental United States (US) using three methods of traditional streamflow recession analysis as well
as several newly developed methods for analysis of individual events. We explore the recession
characteristics of over 1,000 watersheds in relation to their physio-climatic features, and discuss the
implications of our results in relation to the application of recession analysis more generally.

Section 2: Methods
Sectin 2.1: Recession Analysis

We analyzed streamflow records of all 1946 watersheds across the continental US that are
gaged by the US Geological Survey (USGS) and had been relatively unimpacted by human development
as of 2009, as described by the Geospatial Attributes of Gages for Evaluating Streamflow (GAGES-II) data
set [Falcone et al. 2010]. All flow data is reported daily, and we removed from analysis all time periods

when flow was identified as obstructed or affected by measurement error.



Because of the relative novelty of analyzing the curves of individual recession events, there
exists no universally agreed-upon methodology for selecting periods of recession. Dralle et al. [2017]
recently quantified the methodological uncertainty of selection criteria, which affected the actual value
of parameters and model goodness-of-fit, though the ranking of typical event-scale parameters among
different watersheds was robust. In our primary analysis, we followed their recommendations that a
recession period is identified when both Q and -dQ/dt decrease for consecutive days, no days are
removed from the beginning or end of an event, and recession flow is not delimited by a minimum or
maximum flow threshold. Though Dralle et al. [2017] recommend a minimum of 4 consecutive days to
identify a recession event, because one of our methods for assessing recession curvature relies on linear
regression of early and late segments of individual curves, we required at least 5 consecutive days per
event. It is also important to note that the relatively unrestricted event selection methods
recommended by Dralle et al. [2017] do not eliminate from analysis days during which precipitation falls
in quantities sufficient to affect the shape of the recession curve due to decreases in -dQ/dt but
insufficient to actually increase Q. However, because of the requirement of monotonic decrease in -
dQ/dt, this potential effect should generally be restricted to the final single day of selected events, as
the cessation of rainfall generally results in an increase in -dQ/dt. To ensure that our analysis for each
watershed was robust, we only report results watersheds for which we could identify at least 50 unique
recession events.

To ensure our results were robust and not sensitive to selection criteria, we also reanalyzed all
data according to three sets of alternative selection criteria. In the first alternative scenario (A1), we
eliminated the first 2 days following the initiation of a recession event to ensure that recession events
included no periods of time when streamflow was affected by potential stormflow. To preserve our
methods of assessing nonlinearity, we also increased the minimum number of days required for

identifying a recession event from 5 to 7. Al generated 32,008 individual recession events across 355



watersheds. In the second alternative scenario (A2), we assessed recession only during extended dry
periods by doubling the minimum number of days required for identifying recession to ten days, and we
eliminated the first two days and final single day of each recession event. We also decreased from 50 to
35 the minimum number of events that needed to be captured in order for us to include a watershed in
our analysis. A2 generated 1,561 individual recession events across 31 watersheds. In the third
alternative scenario (A3), we eliminated the final day of recession, increased the number of days
required for identifying a recession event from 5 to 6, and decreased from 50 to 40 the minimum
number of events that needed to be captured in order for us to include a watershed. A3 generated
82,160 individual recession events across 685 watersheds. The results from these analyses are
summarized below and presented in detail in the supplementary material (S1).

For each watershed, we performed recession analysis on the entire data point cloud of daily
average —dQ/dt plotted against Q in log-log space. We relied on three of the most common methods of
traditional analysis: 1) point cloud linear regression (Rpc) [Vogel and Kroll 1992]; 2) the central tendency
of the point cloud according to the methods of Kirchner [2009] (Rk); 3) and the upper (Ru) and lower (RI)
envelopes as suggested by Brutsaert and Nieber [1977]. While Ru and Rl represent the earliest and most
theoretically sound implementation of traditional recession analysis, they are rarely used because of the
subjectivity of their implementation. When comparing Rl with Rpc and Rk, Stoelzle et al. [2013] defined
Rl using quantile regression, noting that previous studies had parameterized a model of recession with
5% of the data below it. However, these methods convolve Rl and Ru, and analyzing the transition from
early-stage to late-stage recession requires they be differentiated. To deconvolve Rl from Ru, we defined
a “knickpoint” separating these two periods of recession as the point that maximally differentiates
estimates of their slopes. First, we apportioned the data into 15 bins according to ascending values of Q,
then took the median value of Q and the median value of the lowest 20% of dQ/dt values. We estimated

values of Ru and Rl according to potential knickpoints located between the 4th and the 11th bins using



linear models. We estimated the knickpoint as the bin where the difference between these slopes was
greatest, and we estimated Rl and Ru using bins below and above the knickpoint (Figure 2). The b value
of each individual recession event (Figure 3) was estimated using the slope of the linear model (Figure
4).

Because multiple previous studies have identified seasonal variability in recession characteristics
using both traditional point cloud-based methods and event-based methods [e.g., Wittenberg 2003;
Shaw and Riha 2012], we attempted to isolate seasonal variability in the Q — dQ/dt relationship for each
watershed. To do so, we identified a median value of both Q and -dQ/dt for each day of the year within
a two-sided 30-day moving window. A value for b relating the seasonal dynamics of each watershed

(Rday) was then computed using a linear model of these average values (Figure 2).
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Figure 2: example of each type of cloud-based regression applied to the Piscataquis River near
Blanchard, Maine (USGS gage 01031300). Each grey dot represents the daily mean value of Q and -
dQ/dt during a recession event. Clockwise from top left: linear regression of the point cloud (Rpc, in
green), the Kirchner method (Rk, in purple), median values of days of the year (Rday, in brown), and
the upper envelope (Ru, in light red) along with the lower envelope (R, in dark red).
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Figure 3: four individual recession events identified at the Piscataquis River near Blanchard, Maine
(USGS gage 01031300) represented on a recession plot (left) and a hydrograph (right).

Section 2.2: Recession Curvature

A complicating factor in our analysis was the lack of established methods in hydrology for
assessing the curvature (i.e., concavity or convexity) of a small sequence of data points. The curvature of
each recession event was initially assessed according to the residual pattern of each linear model. While
visual assessment of a small subsample of events often led to identification of curvature, most recession
events had far too few data points for quantitative assessment, e.g. the Shapiro-Wilk test [Royston
1995]. Therefore, we developed a suite of 5 methods for ascertaining the relative likelihood of convexity
versus concavity for each recession event (Figure 4):

. Cresiduals: We summed the value of the first and final residual of each linear model, with a
positive sum indicating a population more likely to be concave and a negative sum indicating a

population more likely to be convex.

o Csiopes: We applied a linear model to the first half of each recession event and compared
the computed b value with that of the final half of the same event, with concavity being indicated by

higher b values in the early period and convexity by lower b values in the early period.
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. Cexponential: We assessed the r2 value of models predicting log(-dQ/dt) using
transformations of log(Q). Recession events were identified as concave where log(-dQ/dt) was better
predicted using log transformations of the data than exponential transformations.

. Csquares: similarly, concavity was identified where log(-dQ/dt) was better predicted using
the square-root of log(Q) than the square of log(Q).

. C.ircles: finally, we fitted a circle to each recession event using circular regression
[http://people.cas.uab.edu/~mosya/cl/]. Concavity was identified when the center of the circle was
above the line of best fit from a linear model, and convexity identified when the center of the circle was
below that line.

Each method has limitations in terms of small sample size and random variation effects, so we
used a balance of evidence approach. Specifically, we combined these 5 individual metrics into a single
indicator (Cmuii) according to the following method: where the same recession event was identified as
concave (or convex) by at least 4 of the 5 individual metrics, we defined that event as likely concave (or
convex), and we defined recession events where concavity (or convexity) was identified by fewer than 4
methods as indeterminate.

We assessed the observed slope and curvature of each individual event in relation to theoretical
values of early-stage recession, late-stage recession, and the transition from early- to late-stage
recession. Because theoretical late-stage b values can range from 1 to 1.5, we used empirical values
derived from point cloud recession to establish a range of likely late-stage b values. We used Rpc as the
standard measure of comparison because it is both robust (compared with Ru, RI, and Rday, as
described below in Results) and the most commonly used method in the field of recession analysis. First,
we defined each event as shallow, equivalent, or steep where the b value of that event was less than
90%, between 90% and 110%, or over 110% of the Rpc b value for that watershed. Then, we

characterized each event as showing concavity, convexity, or indeterminacy according to Cmuri, thereby
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Figure 4: examples of event-based b values (top left), and each method of assessment of recession
slope curvature applied to four recession events at the Piscataquis River near Blanchard, Maine
(USGS gage 01031300): (Cresiduals) residual analysis; (Cslopes) comparison of b values of linear
models of the first and second half of each event; (Cexponential) comparison of the fit of exponential
(solid line) versus logarithmic (dashed line) models of each event; (Csquares) comparison of square
(solid line) versus square root (dashed line) models of each event; and (Ccircles) the circle of best fit.
For each metric of concavity, events identified as concave are in black, while events identified as
convex are in red.

generating 9 categories, and calculated the fraction of individual events per watershed that fell into
each category.
Finally, we related b values and curvature to summaries of catchment geomorphology, soil

properties, vegetation, and climate. We relied on summary attributes in the GAGES-II database to
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describe the relationship between recession characteristics and individual physical drivers (e.g., annual
precipitation or stream network density). To identify multivariate drivers of recession we used
Hydrologic Landscape Regions (HLR) [Wolock 2003], a regionalization of hydrologic characteristics based
on catchment similarity according to 8-digit hydrologic unit codes.
Section 3: Results
Section 3.1: Nonlinearity, or Values of b

We identified 169,960 individual streamflow recession events across the 1946 watersheds
included in our study. After removing all watersheds that failed to meet our threshold of a minimum of
50 events, we retained for further analysis a total of 155,309 individual recession events across 1,027
watersheds. The b values generated by Rpc and Rk were well within the expected range of values and
consistent with values previously reported in the literature. The median b value of all watersheds
according to Rpc was 1.319, with first and third quartile values of 1.162 and 1.541 (Figure 5) and the

values of b derived using Rk were nearly identical (first, second, and third quartiles being 1.159, 1.320,

Figure 5: values of b calculated for
each watershed according to
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and 1.539). Also, b values according to Rpc and Rk were strongly correlated, with minimal bias (Figure 6),
supporting similar findings from a smaller subset of watersheds by Stoelzle et al. [2013].

The median values of b according to Ru and Rl were close to the values predicted by recession
from a Boussinesq aquifer during early- and late-period recession, in agreement with results from
traditional models. Median Ru b values were 2.701, though for 45 watersheds they were below 1.
Similarly, typical values of b for Rl were close to predicted values for a linear aquifer (median of 0.874),
with several outliers including 11 watersheds where b values were negative and 20 watersheds where b
values were above 2. The outliers and physically unrealistic values for both Ru and Rl are likely explained
by data limitations and the mechanistic approach we applied. Lines of regression used to calculate Ru
and Rl were defined by as few as 15 data points reflective of values of daily Q and -dQ/dt
measurements. Therefore, our estimates of Ru and Rl are likely only robust in assessing typical values
across multiple watersheds, while estimates of Ru and Rl for individual watersheds are subject to
uncertainty.

The median b value of all individual recession events at each watershed (Rmed) were much
higher than those of all other methods except Ru, implying that Rpc and Rk fundamentally
underestimate the nonlinearity of observed streamflow recession. Rmed b values ranged from a
minimum of 1.084 to a maximum of 7.337, though most watersheds had b values between 2 and 3 with
a median of 2.311. Rmed b values were greater than those generated by either Rpc or Rk in all 1,027
watersheds, as well as those generated by Rl in all but one watershed. Rmed b values were poor
predictors of b values for Ru, RI, and Rday, though they strongly correlated with Rpc and Rk, with r2
values of 0.496 and 0.453, respectively. Model performance improved when Rmed and Rday were

simultaneously considered for predicting Rpc and Rk, with r2 values of 0.559 and 0.516.
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Relative b values according to Rpc, Rk, Rl, and Rmed exhibited a consistent geographic pattern,

with relatively elevated values in the southern Appalachian Mountains, the Pacific Northwest, and the

Gulf Coast (Figure 7). While availability of data was too limited to draw strong conclusions in much of
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Figure 6: regression analysis comparing all methods calculating b values. Plots on the lower left
represent typical b values calculated for each watershed using each method identified along the
diagonal, with a black line representing a linear regression of those values, and a dashed red line a
one-to-one line. Values in the top right represent the r-squared value (black) of each linear model as
well as the slope of that model (blue).
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the US between the Appalachian Mountains and the Rocky Mountains, potential hotspots of event-
based nonlinearity are also apparent along the east coast of Lake Michigan, around the New Madrid
Seismic Zone centered on the state of Missouri, and in the northern portion of the American Rocky
Mountains. These patterns were more strongly evident in Rmed than Rpc, Rk, or RI, and no strong

geographic patterns were evident in Ru and Rday.
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Figure 7: catchment nonlinearity estimated according to Rpc (top left), Rk (top right), Ru (middle left),
RI (middle right), Rday (bottom left), and Rmed (bottom right).
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Section 3.2: Recession Curvature

The majority of recession events exhibited convexity, not concavity, according to all 5 methods
of assessing nonlinearity. Of the 154,662 individual recession events captured in this study, 18.0%,
21.0%, 38.7%, 40.1%, and 17.9% were identified as concave according to Cresiduals, Csiopes, Cexponential, Csquares,
and Circles, respectively (Figure 8). The remainder were identified as convex. According to the more
robust indicator of Cui, in only one watershed were more than half of recession events concave (at
52.1%). In only nine watersheds were recession events more likely to be concave than convex (Figure 9).
This represents less than 1% of all watersheds in this study. A typical watershed exhibited recessions of
concave, convex, or indeterminate shape in 9.25%, 76.7%, and 13.7% of events, respectively. Similarly,
across all watersheds, 10.1%, 74.5%, and 15.4% of events were identified as concave, convex, or

indeterminate.
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Figure 9: frequency of convexity of recession. Watersheds where recession concavity is more likely
than recession convexity are outlined with a black circle.

We assessed whether curvature exacerbated or moderated the variance of typical b values
among watersheds by analyzing the likelihood of convexity (or concavity) in relation to values of b. b
values from each recession method were positively correlated with convexity and negatively correlated
with both concavity and indeterminate shape (Table 1). While Rpc was the strongest predictor of
concavity, with an r2 of 0.270, Rmed was the best predictor of both indeterminate shape and convexity,

with an r2 of 0.359 and 0.377 respectively.
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Table 1: correlation of recession slopes with recession curvature. Analysis performed using a linear
model predicting watershed-average shape of recession curves (concave, indeterminate, or convex)

Rpc Rk Ru RI Rday Rmed

Concave r? 0.270  0.247 0.089 0.082 0.036 0.223
slope -0.11 -0.10 -0.02 -0.04 -0.03 -0.04

Indeterminate  r? 0.350  0.309 0.120 0.137 0.043 0.359
slope -0.38 -0.34 -0.06 -0.17 -0.11 -0.16

Convex r? 0.340  0.296 0.119 0.145 0.040 0.377
slope 0.28 0.25 0.05 0.13 0.08 0.12

Categorization of each observed recession event according to its slope and curvature in relation
to theoretical values of early-stage recession, late-stage recession, or the transition from early- to late-
stage recession, is related in Figure 10. For the vast majority of watersheds, most observed recession
events were both steeper than Rpc and convex. Observed recession events which were steeper than Rpc
and of indeterminate curvature were also common in most watersheds, while observed recession
events which were steeper than Rpc and concave comprised fewer than 10% of events in most
watersheds. All other types of recession curves were very rare.

Section 3.3 Catchment-Scale Drivers

The GAGES-II data set provides an extensive list of summary attributes for each catchment. We
assessed each for its predictive power in describing both Rmed b values and the likelihood of convexity
using a linear model, a logarithmic model, and an exponential model. Confirming Patnaik et al.’s [2018]
results from a smaller data set, b values were poorly predicted by each individual catchment attribute.
The single best predictor of b was the log of the fraction of the watershed comprised of soil group HGB
(a deep permeable soil; r2 = 0.147), with other properties of soil, precipitation (PPT), and topography

being the next best predictors with r? values generally below 0.06. The likelihood of convexity was
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poorly predicted by all catchment attributes. The best predictor was by the log of catchment potential
evapotranspiration (PET; r2 = 0.086) followed by annual average PPT. Both values of b and likelihood of
convexity were negatively correlated with drier conditions (i.e., higher PET or lower PPT), low relief, and
impermeability.

We also analyzed multivariate drivers of Rmed b values and convexity by partitioning
watersheds according to Hydrologic Landscape Regions (HLR) [Wolock 2003], a regionalization of

hydrologic characteristics based on catchment similarity in geology, topography, soils, vegetation, and

=
—

shallow equivalent

Fraction of Events per Watershed (-)

Figure 10: categories of recession form. For each watershed, the fraction of individual events whose b
values are both shallower than (light grey on left), equivalent to (medium grey in middle), or steeper
than (dark grey on right) that of Rpc, as well as identified as likely concave (yellow), indeterminate
(green), or convex (blue). Thick, horizontal black lines represent median values, boxes represent the
25th to 75th percentiles, thick grey lines represent the 5th to 95th percentiles, thin grey lines
represent 99% of all data, and stars represent outliers.
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climate based on 8-digit hydrologic unit codes (Figure 11; see caption for a summary of the salient
features of each HLR). HLRs with the highest typical values of both b and convexity were inconsistent,
being variously semiarid to humid and mountainous to flat with all combinations of (im)permeable

bedrock and soils. HLRs with the lowest typical values of b and convexity were, however, strikingly
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Figure 11: the percent of convex recession events of each watershed organized according to Hydrologic
Landscape Regions (HLR): (1) Subhumid plains with permeable soils and bedrock; (2) Humid plains with
permeable soils and bedrock; (3) Subhumid plains with impermeable soils and permeable bedrock; (4)
Humid plains with permeable soils and bedrock; (5) Arid plains with permeable soils and bedrock; (6)
Subhumid plains with impermeable soils and bedrock; (7) Humid plains with permeable soils and
impermeable bedrock; (8) Semiarid plains with impermeable soils and bedrock; (9) Humid plateaus with
impermeable soils and permeable bedrock; (10)Arid plateaus with impermeable soils and permeable
bedrock; (11) Humid plateaus with impermeable soils and bedrock; (12) Semiarid plateaus with
permeable soils and impermeable bedrock; (13) Semiarid plateaus with impermeable soils and bedrock;
(14) Arid playas with permeable soils and bedrock;(15) Semiarid mountains with impermeable soils and
permeable bedrock;(16) Humid mountains with permeable soils and impermeable bedrock;(17) Semiarid
mountains with impermeable soils and bedrock;(18) Semiarid mountains with permeable soils and
impermeable bedrock;(19) Very humid mountains with permeable soils and impermeable bedrock;(20)
Humid mountains with permeable soils and impermeable bedrock
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consistent. The five HLRs with the lowest typical b values (1, 5, 6, 8, and 13) as well as lowest likelihood
of convexity (5, 8, 9, 10, and 14) were arid to subhumid plains, plateaus, or playas with generally
impermeable soils.
Section 3.4: Alternative Scenarios

Because of the possibility that the first few days following a substantial rain event obscure
actual streamflow recession, or that five days of Q and —dQ/dt values represents too few data points for
characterization of an individual event, we reanalyzed all data according to A1 (minimum recession
length is 7 days, with the first 2 days removed) and A2 (minimum recession length is 10 days, with the
first 2 days and final single day removed). These data are presented in detail in the supplementary
material (S1). However, the results from each of these two alternative scenarios are not functionally
different from our primary results. According to Al, at none of the 355 watersheds retained for analysis
were concave recession curves more likely than convex recession curves, nor were at least half of
recession events likely to represent Boussinesq outflow. According to A2, only 1 of the 31 watersheds
generated recession events that could be representative of Boussinesq outflow in half or more cases,
and only 3 watersheds generated more concave recession curves than convex recession curves.
Section 4: Discussion
Section 4.1: Analysis of Results

For every reference USGS watershed in the continental US, typical b values of observed
recession events were higher than the b values derived from the entire recession point cloud. In fact,
despite the high variability and range of b values among events, fewer than 5% of observed events
generated b values near or below those generated by Rpc. Even fewer observed events generated b
values near or below those generated using Rk. Therefore, streamflow recession analysis performed
using point cloud data universally underestimates the slope of observed streamflow recession events.

These findings confirm results from smaller-scale studies [e.g., Biswal and Marani 2010; Shaw and Riha
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2012; Dralle, Karst, and Thompson 2015]. On a practical level, these results imply that estimates of
streamflow recession using traditional point cloud methods systematically under-predict streamflow
decay in the early period soon after the cessation of rainfall and systematically over-predict streamflow
decay during extended dry periods.

These results, however, are not necessarily in violation of the predictions of outflow from a
Boussinesq aquifer that underlie traditional recession analysis. A median b value for all watersheds of
2.311 is well within the range of expected values if our method of event selection captures the period
primarily during the transition from early- to late-stage recession. However, while outflow from a
Boussinesq aquifer generates a concave recession curve during this transition, our study shows that
observed recession is overwhelmingly convex. Previous studies have noted that convexity of the
recession curve indicates recession behavior in violation of the Boussinesq assumptions, due to the
existence of multiple reservoirs [McMillan et al. 2011], ongoing groundwater recharge [Li et al. 2017],
transition from active drainage network contraction to q decay as the primary mechanism of decreasing
-dQ/dt [Ghoshet al. 2016], deep subsurface groundwater contributions [Wang and Cai 2010], or
substantial unsaturated zone contribution to streamflow [Tashie et al. 2019]. Our results indicate that
for the overwhelming majority of watersheds in the continental US, observed recession curves are not
only more nonlinear than previously indicated, but that their nonlinearity also tends to increase with
length of recession. Analysis of results from alternative recession selection criteria confirms that this
holds true even when assessing only the longest periods of recession in the historical record. Therefore,
predictions of low flows using traditional methods are not only biased towards underpredictions of low
flows, but this bias also tends to increase during extended rainless periods, when accurate estimations
are most necessary.

While most recession events for most watersheds violated the assumptions of traditional

recession analysis, we attempted to identify watersheds where streamflow usually receded according to
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the predictions of either a single (non)linear reservoir or a Boussinesq aquifer. In no watershed were
observed b values likely to be constant in time, therefore in no watershed was observed recession likely
dependent on a single (non)linear reservoir. We classified streamflow recession events as non-
Boussinesq where the curvature was convex, or where event-based b values were significantly greater
than Rpc b values but not concave. We classified all other types of recession events as possible
Boussinesq outflow. In only two watersheds were more than 50% of recession events likely to reflect
possible Boussinesq outflow: Croton Creek near Jayton, Texas, (USGS station 08081200) and Briar Creek
near Graham, Texas, (USGS station 08088300) at 57.5% and 52.0%, respectively. We also identified
every watershed for which more recession curves were concave than convex according to Cmulti, of
which there were an additional seven watersheds (illustrated on Figure 9). The scale of these
watersheds extended from 10s to 1,000s of square kilometers. We visually assessed hydrographs from
each (Figure 12) and investigated their physical properties as summarized by the GAGES-II data set. All
nine watersheds were in the western US (seven in Texas, and one each in New Mexico and South
Dakota), dry (median precipitation 588 mm per year), flat (median slope 1.2 degrees), and with
estimated percolation rates about 70% lower than the national average. Because of low rates of
precipitation and high stormflow, each watershed runs dry for at least several months of the year

(Figure 12).
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Figure 12: hydrograph of the final full year of each watershed for which more recession curves were
concave than convex. In order from top left to bottom right are USGS gages 06440200, 07222500,
08050840, 08079600, 08081200, 08082700, 08088300, 08088450, and 08194200.

The result that observed streamflow recession compatible with Boussineq-type behavior is most
likely in dry, flat, impermeable catchments may be seem counterintuitive. However, this is consistent
with the known effects of watershed memory [Jachens et al. 2019] and catchment heterogeneity
[Harman et al. 2009] in increasing the b values of observed recession. The implications of these results
for mechanistic alternatives to hillslope hydraulics as the foundation of Boussinesg-type behavior are
discussed in detail below. Functionally, however, low volumes of PPT, long periods between PPT, high
PET, and high impermeability all serve to limit the effects of past water inputs on future periods of
recession, while low relief limits the potential heterogeneity of subsurface flow paths and topoclimate
effects on hillslope aquifers. These 9 watersheds also highlight the results addressed more tentatively
above, that while aridity, low relief, and impermeability each acts to independently constrain b values

and convexity only weakly, these factors acting in concert are a powerful constraint on both b and

convexity. Similarly, high catchment-scale humidity, relief, or permeability may each independently
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generate both high b values high likelihood of convexity. That is, baseflow recession as classically
understood exists according to the Anna Karenina principle: all low nonlinearity (or convexity) recession
is alike, but all high nonlinearity (or convexity) recession is nonlinear (or convex) in its own way.
Section 4.2: Alternative Models

Our analysis is hardly the first to identify uncertainties or inconsistencies in the application of
recession analysis, which has been described as “a technique in disarray” [Stewart 2016]. Indeed,
alternative hypotheses to the h profile of a dominant hillslope aquifer being the physical basis for the
value of b have become increasingly common. Heterogeneity of hydrologic characteristics within or
among subsurface features is often invoked to describe recession curvature. Harman et al. [2009] noted
that heterogeneity among hillslopes may be sufficient to explain not only the value of b, but the decay in
b values from early to late recession, thus accounting for the concave shape of classical recession curves.
Further, additional analysis of their results indicates that between-hillslope heterogeneity is also capable
of producing convex recession curves. Gao et al. [2017] described a similar effect via vertical
heterogeneity within a hillslope (e.g., a perched aquifer), and Wang and Cai [2010] described how
macro-scale leakage to (or recharge from) a deep aquifer may force a recession curve to approach some
value of -dQ/dt (or Q) asymptotically, yielding a concave (or convex) curve. Clark et al. [2011] noted that
neither a single nonlinear reservoir nor two linear reservoirs were capable of producing both the non-
unique discharge relationship and the extremely high b values of individual recession events observed at
the small, humid catchment at Mahurangi in New Zealand, and therefore recommended a model
composed of parallel nonlinear reservoirs. Alternatively, vigorous debate has ensued from the
suggestion of Biswal and Marani [2010] that the contraction and expansion of the active drainage
network (distinct from the presumed static L) itself may be sufficient to drive baseflow recession. While
their analysis generated concave recession curves, Ghosh et al. [2016] observed that the transition from

early recession driven by the contraction of an ephemeral drainage network to late recession governed
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by groundwater hydraulics was capable of producing extremely convex recession in a small headwater
catchment at the Panola research station in Georgia, US.

Apart from the shape of individual recession events, a comprehensive description of recession
behavior must account for the spread of individual events across the data point cloud (Figure 3). As
described above, the Boussinesq model has repeatedly been shown to generate data point clouds with a
lower envelope comprised of all late-stage recession and vertical scatter above this line comprised of
concave limbs of early-stage recession. However, our analysis indicates that recession is predominantly
convex (not concave), and the apparent lower envelope is not comprised of late-stage recession.

The data point cloud may be reinterpreted according to outflow from parallel aquifers that vary
in hydrologic conductivity (or drainable porosity, aquifer depth, or storage) and have been shown to
generate recession curves of highly variable shape [Clark et al. 2009; Gao et al. 2017; McMillan et al.
2011]. Discharge from the lower K aquifer would define the low, flat slope of the lower envelope, while
discharge from the higher K aquifer would define the high, flat slope of an "upper lid" of sorts, and
individual events would exhibit high b when streamflow was transitioning from dominance by one end-
member to the other. Shaw and Riha [2012] proposed that the point clouds of several glacially impacted
watersheds in New York were composed of a series of relatively steep individual recession events that
were shifted up / left (higher -dQ/dt for value of Q) as rates of evapotranspiration increased. In a humid
headwater catchment with high transmissivity soils at Coweeta, North Carolina, Tashie et al. [2019]
further developed this model, noting seasonal hysteretic loops in the relationship between the recession
characteristics of individual events and both rates of evapotranspiration and water table elevation,
indicating a seasonal switching between dominant controls on recession behavior. They proposed that b
is variable and governed by the relative contribution of shallow unsaturated zone storage and deep
saturated zone storage, and that a values are governed by rates of evapotranspiration for part of the

year and storage conditions for the remainder of the year.

28



These alternative models predict seasonal variability in typical Q-to-dQ/dt relationships in
temperate climates due to the seasonal variability of rates of evapotranspiration and aquifer storage
conditions. In our case, all such seasonal processes are convolved in the metric Rday. A possibility of
much potential utility is that the upper envelope is defined by observed event recession and the lower
envelope by seasonal shifts in typical behavior. The point cloud, therefore, would be comprised of a
series of seasonally stacked individual recessions, similar to the proposition by Shaw and Riha [2012],
but with moderate and systematic variability in b. In fact, the typical value and distribution of b for
individual events (Rmed) are extremely similar to those of the upper envelope (Ru). The same holds true
for b values of the lower envelope (RI) and typical seasonal values (Rday) (Figure 6). Nonetheless, our
results indicate this potential relationship may be illusory. For each watershed, the b value according to
Ru (or RI) is an extremely poor predictor of Rmed (or Rday) (r2 of 0.18 and 0.05, respectively). Future
investigations into the relationship between the upper (or lower) envelope and individual events (or
seasonal dynamics) may be more fruitful if focused on the physical processes driving recession in
individual watersheds.

Section 4.3: Alternative Methods and Study Limitations

To assess if our results were robust or biased during periods of extended drought, we
reassessed each watershed according to our primary methods while only retaining the 10 longest
individual recession events from each watershed for analysis (A4). Using this method, out of 1,027
watersheds we identified 11 for which a majority of recession events might be illustrative of outflow
from a Boussinesq aquifer, and 73 watersheds for which more individual recession curves were concave
than convex (S1). That is, the longest streamflow recession events, while still overwhelmingly convex
and steep compared with Rpc, have slightly lower b values and lesser convexity than shorter recession
events. This difference may indicate that in some watersheds, Boussinesq conditions may be met at the

watershed scale only after very long periods of recession. Alternatively, because the uncertainty in

29



calculating —dQ/dt from a rating curve, it is difficult to estimate —dQ/dt precisely at low values, and
therefore steep recession curves may be overwhelmed by error after a relatively short period of

recession. Because of the strong correlation between b values and convexity (Table 1), this low signal-to-
noise ratio would also account for the decreased convexity of long recession events. In any case,
Boussinesq outflow is a possible source for a majority of the longest streamflow recession events in only
1.1% of watersheds.

Visual analysis of individual recession curves (Figure 4) suggests that the convexity of a recession
curve is often especially pronounced in the latter stages of recession. Results from alternate scenarios
A2 and A3, which eliminated the final day of recession from analysis, generate a higher ratio of concave-
to-convex curves than the other methodologies tested here (though the vast majority of curves are still
identified as convex in A2 and A3). Similarly, metrics for assessing concavity that deprioritize end-
member values (Cexponential and Csquares) are more likely to identify concave recession than the method
which exclusively relies on them (Cresiquais). These effects may result from a general increase in the
convexity of recession curves with time, or from the occasional input of PPT which is insufficient to
increase Q yet substantial enough to limit the magnitude of decrease of —dQ/dt. In any case, the
variability among our metrics and methods does indicate substantial uncertainty, especially when
evaluating individual events.

Finally, it is important to note that our identification of watershed-scale drivers of b and
likelihood of convexity rely on coarse resolution catchment-average summary variables. While we are
nonetheless able to identify general patterns in recession behavior among watersheds in similar HLUs,
there remains substantial uncertainty in this analysis. For instance, note the outliers in HLU 13 (Figure
11). More focused analysis of individual watersheds may help identify within- or between-hillslope

heterogeneities in hydraulic properties (e.g., bedrock fracture networks), flow paths (e.g., soil structure),
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or storage (e.g., differential ET due to aspect or vegetation) which are key to deriving a fully mechanistic
explanation of streamflow recession.
Section 5: Conclusion

Through evaluation of over 150,000 recession events from over 1,000 watersheds across the
continental US, we have illustrated that observed streamflow recession consistently violates predictions
underlying traditional recession analysis. Specifically:

1) for all watersheds, observed recession during individual events is substantially more
nonlinear than recession determined using the data point cloud as a whole;

2) for over 99% of watersheds, the nonlinearity of observed recession events tends to
increase with time, generating a “convex” recession curve;

3) and while the average nonlinearity (or convexity) of observed recession events is poorly
predicted by individual physio-climatic metrics, low nonlinearity (or convexity) values are common only
in dry, flat watersheds with low permeability substrate.

The direct practical implications of these results are that predictions of low flows using the data
point cloud are biased towards underpredictions, and that this bias increases during extended rainless
periods. Baseflow separation methods and modeled baseflow behavior based on recession analysis or
the application of a single (non)linear reservoir are likely to be similarly biased. These predictions of
enhanced low flows may serve as an essential buffer to streamflow during uncertain future climate
conditions.

Traditional models of recession behavior are evidently most likely to be accurate in “simple”
catchments which are flat and dry with low permeability. Observed recession in watersheds that are
either high-relief, humid, or highly permeable tend to be increasingly nonlinear and convex, indicating
inherently non-unique watershed-scale storage-discharge relationships. An accurate description of

recession behavior in these watersheds must account for the time-varying distribution of water. Our
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analysis also indicates the potential effects of watershed memory on recession due to variable storage
among hillslopes, confirming results from recent studies highlighting seasonal variability in recession

behavior.
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CHAPTER 2: SPATIAL AND TEMPORAL PATTERNS IN BASEFLOW RECESSION IN THE CONTINENTAL US?

Section 1: Introduction
Section 1.1: Summary

Baseflow is often treated according to a unique storage-discharge relationship. However, recent
innovations in baseflow recession analysis have allowed novel findings regarding the variability of both
the stability of baseflow and its nonlinearity (i.e., the concavity of the hydrograph), as well as the
regional clustering of these characteristics. We investigate spatial and temporal patterns in the
character of baseflow recession for over 1,000 watersheds in the continental United States (US). We
discover seasonal patterns in both the stability and nonlinearity of baseflow which vary systematically
across large regions. Further, we relate these baseflow characteristics to their potential physical drivers,
including estimates of evapotranspiration, watershed storage, the distribution of watershed storage,
and precipitation. While coincident watershed storage is the best predictor of baseflow stability in many
regions (particularly the Appalachian Mountains), evapotranspiration from two to three months
previous is the best predictor of baseflow stability in other regions (particularly the Pacific Northwest).
We also discuss the novel finding that baseflow nonlinearity has increased significantly in most
watersheds across the US since 1980.
Section 1.2: Background

Following periods of precipitation, streamflow in headwater catchments is sustained by water

exfiltrating from the subsurface. It tends to recede monotonically as storage is depleted [Hewlett and

2 This chapter previously appeared as an article in Water Resources Research. The original citation is as follows:
Tashie, A., Pavelsky, T., & Emanuel, R. E. (2020). Spatial and Temporal Patterns in Baseflow Recession in the
Continental United States. Water Resources Research, 56(3), e2019WR026425.
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Hibbert 1963]. This exfiltrating water, or “baseflow”, supplies a majority of streamflow in many
watersheds [Santhi et al 2008] and is essential for sustaining habitat [Boulton 2003] and downstream
water resources [Hurd et al. 1999]. It is often described by hydrologists and engineers according to a
unique, nonvarying formulation derived from historical streamflow data [Hall 1968, Nippgen et al.

2016].

Traditionally, recession analysis has been performed by calculating a unique value of the
recession characteristics a and b by regression on a data point cloud of Q against -dQ/dt in log-log space.
Recession characteristics are then used to estimate basin-scale hydraulic properties [Bartlett and
Proporato 2018, Mendoza et al. 2003, Parlange et al. 2002, Pauritsch et al. 2015, Szilagyi et al. 1998,
Troch et al. 2013] to calibrate hydrologic models [Jepsen et al. 2016, Vaud et al. 2014], to estimate
active stream network length [Wei et al. 2017], to calculate basin-scale evapotranspiration (ET)
[Palmroth et al. 2010, Szilagyi et al. 2007], to predict low flows and their recurrence rate [Charron and
Ouarda 2015], to characterize streamflow sensitivity to catchment storage [Berghuijs et al. 2016], or to

explain geomorphological properties [Zecharias and Brutsaert 1988].

Figure 1: a representative
hydrograph (solid black
line) shown in relation to a
hydrograph with lower
nonlinearity (i.e., lower b
value shown with a red
dashed red line) and
decreased streamflow
stability (i.e., higher a
value shown with a dotted
blue line). Adapted from
Tashie et al. [2019].
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However, it is becoming increasingly common to interpret the data point-cloud as a
mathematical artefact [Jachens et al. 2019, Sanchez-Murillo et al. 2015] and to acknowledge that point-
cloud based regression methods systematically underestimate the nonlinearity of observed recession
events [Santos et al. 2019, Tashie et al. 2020]. Instead, many researchers have begun to assess
watersheds according to the typical values of recession parameters calculated using individual recession
events [e.g., Dralle et al. 2017, Shaw and Riha 2012]. Promisingly, the typical nonlinearity of individual
events strongly predicts the nonlinearity of data point clouds (as well as multiple baseflow indices),
indicating that regional-scale physical mechanisms likely underlie recession nonlinearity [Tashie et al.
2020]. However, these physical mechanisms have proven difficult to identify [Patnaik et al. 2018].

Attempts to estimate representative basin-scale recession parameters have also been
complicated by results showing that a as estimated from individual events is highly variable [Shaw and
Riha 2012]. To accommodate this variability, researchers have developed a new paradigm in which a is
not a static metric that integrates the hydraulic properties of a representative Boussinesq hillslope
aquifer [i.e., Brutsaert and Nieber 1977], but instead is a variable indicator of watershed state and flux
conditions. For example, when a and b are effectively decorrelated, an increase in the relative value of a
between events indicates a relative decay in the stability of streamflow, though it is still debated
whether this decay is due to direct competition between transpiration and streamflow for water
resources, a decline in the water table, a contraction of the stream network, or some seasonally
transient combination of factors [Biswal and Kumar 2014, Biswal and Marani 2014, Li et al. 2017, Patnaik
et al. 2015, Sanchez-Murillo et al. 2015, Tashie et al. 2019, Wei et al. 2017]. The nonlinearity of recession
also varies among individual events [e.g., Jachens et al. 2019, Mutzner et al. 2013, Sanchez-Murillo et al.
2015], often according to a distinct seasonal pattern [Karlsen et al. 2019, Tashie et al. 2019] governed by

mechanisms that are not yet agreed upon.
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Previous studies have investigated the effects of geomorphologic, soil hydraulic, and
climatologic properties on basin-average recession characteristic values at the regional scale [Mutzner
et al. 2013, Patnaik et al. 2015, Patnaik et al. 2018, Sanchez-Murillo 2015, Tashie et al. 2020, Ye et al.
2014] and of temporally variable drivers like ET, precipitation (PPT), soil moisture, or groundwater at the
local scale [Karlsen et al. 2019, Shaw and Riha 2012, Tashie et al. 2019a]. However, potential regional
patterns and trends in the seasonal dynamics of recession characteristics (and their physical drivers)
remain poorly understood.

We investigate the physical processes driving streamflow recession at the continental scale
according to the following paradigm: the stability of streamflow (log(a)) depends on the volume of deep
mobile groundwater as well as the effective hydraulic properties of the reservoirs transmitting this flow,
while recession nonlinearity (b) is a function of the relative contribution to streamflow by subsurface
features of various hydraulic properties, as proposed by Harman et al. [2009]. Therefore, changes in
streamflow stability should integrate basin-scale dynamics in groundwater, while the variability of
nonlinearity among events should reflect the relative distribution of mobile water, and static or strongly
characteristic values of nonlinearity may be interpreted as general measures of catchment complexity
[Dralle et al. 2017]. Specifically, we propose the following hypotheses:

1) variance in the stability of streamflow (log(a)) during recession is a function of regional

storage dynamics, especially seasonal storage dynamics in temperate climates;

2) ET primarily affects streamflow stability (log(a)) indirectly, via the consumption of

potential recharge;

3) dynamics in the values of nonlinearity (b) are driven by the distribution of water within a

watershed between fast and slow responding features;

4) and long-term climate trends should express themselves in interdecadal shifts in the

nonlinearity (b) and stability (log(a)) of streamflow.
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We assess these hypotheses through statistical analysis of 175,034 recession events identified in long-
term streamflow records from 1,093 gauges across the continental United States, alongside estimates of
climate forcing variables and antecedent catchment conditions.

Section 2: Methods

Section 2.1: Recession Analysis

We performed recession analysis on all gaged streams in the continental United States (US) for
which daily data is available for at least 20 years and that are identified as “reference gages” according
to the Geospatial Attributes of Gages for Evaluating Streamflow version Il (GAGES-Il) dataset [Falcone et
al. 2011]. Reference gages are identified as the least-disturbed watersheds within each of the 12 major
ecoregions of the US and are generally free of obstructions and major dams [Falcone et al. 2011].
Though there is no general consensus on methods for defining and selecting recession events, robust
analyses of sensitivity and uncertainty for event-based recession selection techniques for 16 watersheds
in the Pacific Northwest, US, [Dralle et al. 2017] and 40 watersheds in Switzerland [Santos et al. 2019]
have argued for a generally unrestrictive selection procedure, with the exception that both streamflow
and the absolute value of its derivative must decrease monotonically (i.e., a concave hydrograph). We
have broadly followed these recommendations.

Specifically, we define a recession event as a period of at least five consecutive days when both
daily average streamflow (Q) and the absolute value of its time derivative (dQ/dt) decrease
monotonically. We removed only the first day of each recession event to account for potential overland
flow and placed no minimal or maximal flow requirement on the antecedent flow peak. We also
rescaled all discharge measurements according to watershed area. All subsequent references to Q (or —
dQ/dt) in this text are made with respect to specific discharge, not volumetric discharge. It is important
to note that there remain several sources of uncertainty in the estimation of the absolute value of

recession parameters. These include uncertainty in measurements (e.g., stage-discharge relationships)
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or undetected sources of error (e.g., small amounts of rainfall) [Troch et al. 2013]. While these
uncertainties can be reduced through use of (sub)hourly discharge data and a variable time step in the
calculation of Q and —dQ/dt [Roques et al. 2017, Rupp and Selker 2006], the scale of our analysis
demands that we rely on readily available daily data from the USGS. Thus, the absolute values of the
recession parameters calculated here are uncertain. However, uncertainty analysis of event-based
recession has shown that the relative values of recession parameters are robust between events and
among watersheds [Dralle et al. 2017, Tashie et al. 2020]. Therefore, all subsequent analysis relies on
the relative values of recession parameters.

The nonlinearity (b) of each recession event was extracted according to the slope of a linear
model fitted to Q and -dQ/dt in log-log space. Though we rescaled streamflow by basin area, the
covariance of log(a) with b makes it impossible to directly compare values of log(a) among events or
across watersheds if b is allowed to simultaneously vary. While Dralle et al. [2015] did develop a method
for maximally decorrelating log(a) from b while allowing each to vary simultaneously, seasonal
covariance in the typical values of log(a) and b may introduce additional bias [Tashie et al. 2019].
Therefore, after defining a unique value of b for each event, we reran our analysis using the median
value of b for each watershed to estimate the value of log(a) for each event, according to the methods
of Shaw and Riha [2012]. To ensure our results were robust, we also needed to capture individual events
across a wide variety of catchment conditions. After qualitative assessment of various methods, we
settled on a minimum of 25 individual events per watershed; this threshold was high enough to be
sufficiently representative but low enough to include a majority of reference watersheds. We retained
for analysis 175,034 total events across 1,093 watersheds that range in size from 1.5 to 25,791.0 km?2.
Unfortunately, due to a less dense gage network and less frequent rainfall in the arid West (i.e., the
Rocky Mountains, the Great Plains, and the Southwest), we were unable to capture sufficient recession

events per watershed across much of this region (Figure 2). To allow comparison of our results with
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historical analyses, we also calculated the value of b according to regression to the data point cloud

comprised of all days of recession, a well-established recession analysis method [Vogel and Kroll 1992].

39



2 0 2 i 2
log(a) SD of log(a)

median streamflow nonlinearity (b)

A% i
45°N- a e o, ol ®
o® <, o o o L
® [ . o o® .
° 0 e ‘egh . ol
. [ . .
40°N S do 2 .'-:'a“.
L] s Y :
w.e 8. ;
.~ © ® ".t
35°N- o ’.. ° ?
S
% L]
‘o °
° e
30°N- ‘ =
X
o
g #
25°N+ @
o
120°W 110°W 100°W

©| ;
45°N ‘\.&‘ & ,; 3
R" . e %
,’) . »,
40°Ne' S
5% (; ® :
3 i a4 o 1 X
LY '( C v “’iﬁ s’ 2 %.'q,o
ol B % sgpais, o N Padf PP
35°N AR ' TPy 1" 2

© .o % convex

60 80 100
% convex

40

Figure 2: distribution of static
recession variables and their
variance. Top: typical streamflow
instability as approximated with the
median value of log(a) of all events,
with brighter colors indicating
greater stability (i.e., lower values
of log(a)) and larger points
indicating greater variance. Middle:
typical recession nonlinearity as
approximated with the median
value of b of all events, with
brighter colors indicating greater
nonlinearity (i.e., higher values of b)
and larger points indicating greater
variance. Bottom: percent of
individual recession events which
were convex in log-log recession
plots, with brighter colors indicating
a greater likelihood of convexity.
Violin plots describe the distribution
of values of all watersheds (bottom
left of each subplot) and the
standard deviation of those values
across all watersheds (bottom right
of each subplot). The location of the
New Madrid Seismic Zone is
indicated by a star in the top plot.



Section 2.2: Concavity (or Convexity) of Recession

Though the nonlinearity of recession is generally treated as constant over the course of a single
event, the nonlinearity of hillslope-scale recession is actually expected to decrease with transition from
early-period recession to late-period recession [Brutsaert and Nieber 1977], and the nonlinearity of
recession in actual watersheds has often been identified as tending to increase [e.g., Clark et al. 2009,
Rupp and Selker 2006, Tashie et al. 2020, Wang 2011]. Adapting methods form Tashie et al. [2020], we
estimated the concavity (decreasing nonlinearity) or convexity (increasing nonlinearity) of each
recession event according to the consensus of four metrics: 1) the slope of the first half of each
recession versus the second half; 2) the center of a fitted circular model relative to the line of best fit of
a linear model; 3) the sum of the first and final residuals of a linear model; and 4) the fit of an
exponential model relative to the fit of a logarithmic model. We identified each recession event as
either concave or convex when at least three of the four metrics agreed, and as indeterminate when
there was no consensus among the metrics. To assess potential static controls on average recession
characteristics, we relied on summary statistics of catchment-scale geomorphology, soil hydraulics, river

morphology, and climate included in the GAGES-II dataset.

41



x
x
© x r2 ;0-105 Figure 3: example of
x . .
sinusoidal models
Q fitted to b, log(a) and
Qrecess fOf USGS gage
o~ — 14141500 at Little
Sandy River near Bull
Run, Oregon.
O
[@)]
o
° o |
(\’) —]
o

FEFEE DS P PR P
Section 2.3: Seasonality

We investigated the seasonality of each recession characteristic for each watershed using the
phase shift and amplitude of a fitted sinusoidal wave (Figure 3). We assessed the significance of each
relationship at the three-sigma level and removed from further analysis all insignificant relationships. To
validate investigation of the seasonality of log(a) as an indicator of streamflow stability independent of
simple flow volumes, we also investigated the phase shift and amplitude of a fitted sinusoidal wave to Q

during periods of recession (Qrecess) for comparison.
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Section 2.4: Regional Stores and Fluxes

To assess regional changes in mobile water, we relied on Gravity Recovery and Climatology
Experiment (GRACE) estimates of monthly anomalies downscaled from 3 to 0.5 degree resolution
[Wiese et al. 2018]. For climate factors and the vertical distribution of regional water, we relied on
output from Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-2)
which is resolved at 0.5 degrees latitude [Gelaro et al. 2017]. Specifically, we extracted estimates of total
monthly PPT, totally monthly ET, and monthly average volumetric water content in the soil layers at
depths of 0-10cm, 10-40cm, 40-100cm, and 100-200cm. We identified the most relevant mascon or grid-
tile using the least distance from the centroid of each watershed and linearly interpolated the monthly
data to generate an average value coincident with recession data. It is important to note that
downscaled GRACE mascons and MERRA-2 grid tiles are an order of magnitude larger than the typical
watershed used in this study (over 3,000 km? compared with a median watershed size of 218 km?).
Therefore, we relate watershed recession characteristics to regional monthly estimates of storage, ET,
and PPT.

We also assessed the predictive power of each variable on each recession characteristic at time
lags of between 0 and 12 months, retaining for analysis the relationship at the optimal lag (Figure 4). We
limited our analysis to the time period when the relevant data was available. Further, we ensured the
robustness of our analysis for each forcing variable by eliminating watersheds that failed a three-sigma
test for significance governing the relationship between each recession characteristic and the forcing
variable in question. GRACE data are available from March 2002 to October 2017, and MERRA-2 data are

available from January 1980 to present.
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Figure 4: example linear models of log(a) (left columns) and b (right columns) fitted to GRACE
anomalies (top row), MERRA-2 ET estimates (middle row), and MERRA-2 PPT estimates (bottom row).
Paired plots illustrate the improvement of model performance when comparing recession variables to
coincident climate variables (left) and time-lagged climate variables (right). Data is from USGS gage
14141500 at Little Sandy River near Bull Run, Oregon.

Section 2.5: Long Term Trends

We also attempted to identify potential interdecadal trends in the form of streamflow recession

by comparing typical values before 1980 with typical values during or after 1980. To control for potential

bias resulting from incidental capture of seasonally high (or low) values, we compared the mean values

of sinusoidal models fitted to the early and late periods instead of the median value of captured events.

To ensure the robustness of our results, we applied a three-sigma test to each of the sinusoidal models

and a two-tailed Kolmogorov-Smirnov test to the samples of early- and late-period recession events. We



removed from analysis all watersheds for which any of these relationships were insignificant. Results
were then normalized according to the available period of record and reported as a change per decade.
Section 3: Results
Section 3.1: Typical Values of the Recession Coefficient

Nonlinearity (b) calculated according to the median value of individual events was greater than
nonlinearity calculated according to the point cloud for all watersheds, and recession was more likely to
be convex than concave in over 99% of watersheds (Table 1), as reported previously [see Tashie et al.
2020]. Spatial patterns of b (and likelihood of convexity) were elevated in the southern Appalachians,
along the Gulf Coast, to the west of the New Madrid Seismic Zone, along the east coast of Lake
Michigan, in the northern Rocky Mountains, and in the Pacific Northwest (Figure 2; see Tashie et al.
2020 for a full discussion). Interestingly, the within-watershed standard deviation of event b values
(median of 1.49) was greater than standard deviation of median b values among watersheds (0.94)
(Table 1). Also, the regions with the highest variance of b values tended to have the highest typical b
values (r? of linear model = 0.50; Figure 2).

Table 1: summary statistics of variables across all watersheds.

1%t Median Mean 3+ SD

quartile quartile
b values (point cloud) 1.09 1.25 1.30 1.47 0.29
b values (median of events) 2.18 2.55 2.78 3.13 0.94
b SD (median of events) 1.06 1.49 1.82 2.27 1.15
b amplitude (seasonal) 0.29 0.52 0.75 0.92 0.78
b convexity (fractional likelihood) 0.83 0.87 0.86 0.90 0.06
log(a) values (median of events) -1.33 -0.79 -0.85 -0.30 0.86
log(a) SD (median of events) 0.47 0.59 0.65 0.78 0.26
log(a) amplitude (seasonal) 0.43 0.57 0.61 0.73 0.28

While the scale dependence of the scalar a (streamflow stability) precludes a quantitative
analysis of differences in a among watersheds, the spatial distribution of median event log(a) values

yields interesting patterns. Somewhat axiomatically, log(a) tends to covary with b, such that high
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nonlinearity yields high stability, with streamflow tending to be most stable in the southern
Appalachians and in the northern Cascades, and streamflow tending to be the least stable in the Great
Plains. However, the variance of within-watershed event log(a) values was not well associated with
anomalous log(a) values, b values, or b variance (Figure 2). For example, southern Texas exhibited high
variance in log(a) but low variance in b, low typical values of b, and high typical values of log(a), while
the Pacific Northwest exhibited low variance in log(a) but high variance in b, high typical values of b, and
low typical values of log(a).
Section 3.2: Seasonality

Streamflow stability (log(a)) showed a significant seasonal cycle for over 99% of basins
examined. Only eight watersheds did not show significant seasonality of log(a), and all were in the
western plains, primarily in Texas. The stability of streamflow reached a minimum (i.e., highest log(a)) by
August across most of the continent (Figure 5). Beyond this general observation, four specific patterns
regarding the timing of streamflow minima were evident at this scale. First, along the west coast, the
date of minimum streamflow stability tended to be earlier in the year the further south one goes. The
median date of the minimum stability was 13 days earlier in the Pacific Northwest than in northern
California, representing a change of about 3 days per 100 km north to south. Second, along the east
coast, the date of minimum stability tended to be /ater in the year the farther south one goes. The
median date of minimum stability was over 88 days later in Florida than it was in New England,
representing a change of about 5.5 days per 100 km north to south. Third, stability tended to minimize
in the southern Appalachians and the New Madrid Seismic Zone about a month or two earlier than in
the surrounding regions. Finally, while broad regional trends tended to be evident along the Gulf Coast,
east coast, and west coast, the seasonality of streamflow stability was highly inconsistent in the Great

Plains.
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Figure 5: seasonality of streamflow recession. Arrows indicate the seasonal minima of streamflow
stability (top left), recession flow volumes in mm/day (top right), and nonlinearity (bottom left).
Colors represent the amplitude of the seasonal signal in log space with brighter colors indicating
greater amplitudes. Violin plots describe the distribution of amplitudes of all watersheds. Scatterplots
illustrate the relationship between the standard deviation of a and the amplitude of the seasonal
signal of log(a) (top left), the amplitude of the seasonal signal of log(a) and the amplitude of the
seasonal signal of Qrecess, (top right), and the standard deviation of b and the amplitude of the
seasonal signal of b (bottom left). The density plot on the bottom right describes the date of seasonal
minima of streamflow stability (-log(a); blue dashed line), nonlinearity (b; purple dotted line), and
recession flow volumes in mm/day (Qrecess; 0Orange solid line).

The seasonal amplitude of streamflow stability predicted the standard deviation of streamflow
stability quite well (r* = 0.50). However, though the statistical distribution of amplitude and standard
deviation values is nearly identical (Table 1), their spatial patterns are often inconsistent (Figures 2 [top]

and 5 [top left]).
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Recession flow volume (Qrecess) Minima tended to coincide with streamflow stability minima,
though their distribution exhibited less kurtosis, and the amplitudes of the seasonal signals are strikingly
different (Figure 3). Most notably, the west coast exhibits by far the highest amplitude in seasonal
recession flows volumes, which diminish as one moves south, while the seasonal amplitude of the
streamflow stability signal increases as one moves south.

Regional patterns in the amplitude of recession nonlinearity (b) were more difficult to discern
(Figure 5, bottom left) and did not conform to regional patterns in the variance of within-watershed
event nonlinearity (Figure 2, bottom left). Nonetheless, the seasonal amplitude of b and the within-
watershed standard deviation of b were strongly correlated (r* = 0.57).

The timing of minima in seasonal nonlinearity was similarly more erratic within regions than the
timing of streamflow stability or recession flow volumes. However, a continental pattern in timing was
apparent (Figure 5, bottom plots). For most of the eastern US, recession nonlinearity reached a
minimum around mid-September (i.e., about 1-2 months following the average streamflow stability
minimum), while along the west coast the timing of recession nonlinearity and streamflow stability were
inverted, with minimum nonlinearity (around February, in Figure 5) preceding the streamflow stability
minimum (around August, in Figure 5) by as much as 6 months.

Section 3.3: Interdecadal Trends

The nonlinearity of recession has increased substantially in most watersheds across the US since
1980, with an average increase in mean event nonlinearity of about 0.152 per decade (Table 2). While a
decrease in nonlinearity was evident in 22% of watersheds, the magnitude of these decreases (mean
decrease of 0.140 per decade) was generally much smaller than the magnitude of change in the 78% of
watersheds with increasing nonlinearity (mean increase of 0.230 per decade). Watersheds showing a
decrease in nonlinearity were seemingly scattered at random, but a general increase in nonlinearity was

evident in some regions — especially in the southern Appalachians and along the Pacific coast in northern
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California, Oregon, and Washington (Figure 6). The number of watersheds seeing an increase or
decrease in stability was relatively evenly distributed (Table 2) though regional patterns were evident.
The southeastern US has experienced a strong and nearly universal decrease in both stability and
recession flow volumes, while the Great Plains and the Midwest have experienced a general increase in
streamflow stability. The Sierra Nevada has seen a general increase in streamflow stability, northern
California has seen a general decrease, and the signal is mixed in the Pacific Northwest.

Nearly 75% of watersheds saw a decline in recession flow volumes, though these declines are
generally small (Table 2). Only a quarter of watersheds saw an annual decrease of recession flow
volumes of greater than 40 mm per decade. Declines were nearly universal in the southeast and the
Pacific Northwest. The signal was mixed for much of the rest of the US, though areas of increasing
recession flow volumes were evident in parts of the Midwest, the northern Great Plains, and the Sierra
Nevada. However, regional patterns were potentially masked because the seasonal signal of recession
flow volumes was less likely to be statistically significant (n=369) than that of nonlinearity (n=421) or

stability (n=698).
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Metric (change per decade) 1 Median Mean 3+ SD

quartile quartile
log(a) (values) -0.007 0.001 -0.253 0.014 2.929
log(a) (amplitudes) -0.227 0.030 -0.126 0.298 11.392
Qrecess (values) -0.107 -0.035 -0.066 0.001 0.217
Qrecess (amplitudes) -0.070 -0.012 -0.044 0.021 0.241
b (values) 0.022 0.094 0.152 0.220 0.356
b (amplitudes) -0.015 0.040 0.109 0.148 0.416

Table 2: interdecadal trends in streamflow stability (-log(a)), recession flow volumes (Qrecess), and

nonlinearity (b).
Section 3.4: Climate Predictors

GRACE water anomalies predicted streamflow stability reasonably well (i.e., a negative

relationship to log(a); Table 3), especially in the Appalachian Mountains, the New Madrid Seismic Zone,
and the Pacific Northwest, where r? values often exceeded 0.50 (Figure 7). For most watersheds,
coincident (lag = 0 months) or recent (lag = 1 month) regional estimates of water anomalies were the
best predictors of streamflow stability (Figure 7, bottom right). This was nearly universally true in the
Appalachian Mountains. However, in many watersheds in the Pacific Northwest and to the west of the
Appalachian Mountains, GRACE anomalies lagged by 10-12 months provided the best predictions. The
predictive power of GRACE water anomalies was relatively weak along the Coastal Plains, the Great
Plains, around the Great Lakes, and in the Southwest.

Table 3: r? of linear models relating log(a) and b to climate predictors at the optimal time lag.

Climate predictors of stability and r2values
nonlinearity
1%t quartile Median Mean 3 quartile SD

log(a) to GRACE 0.191 0.347 0.356 0.499 0.208
log(a) to ET 0.200 0.356 0.356 0.491 0.193
log(a) to PPT 0.065 0.130 0.169 0.238 0.146
b to GRACE 0.028 0.066 0.113 0.134 0.151
bto ET 0.032 0.079 0.120 0.152 0.140
b to PPT 0.021 0.046 0.088 0.099 0.131
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Problematically, the signal of individual components of storage was not sufficiently

disaggregated from that of storage as a whole. MERRA-2 soil moisture data exhibited relationships in

the same direction as but of a smaller magnitude than those of GRACE water storage anomalies.

Because the distribution of storage in a watershed has been shown to be a major driver of recession

characteristics both theoretically [e.g., Harman et al. 2009] and in actual watersheds [e.g., Ghosh et al.
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Figure 7: predictive power of streamflow stability (-log(a)) by GRACE storage anomalies (top left),
streamflow instability (log(a)) by monthly ET (top right), and streamflow stability (-log(a)) by monthly
PPT (bottom left). The strength of that relationship (i.e., the r? value of a linear model) is indicated by
the size of each dot. Violin plots give the distribution of r? values from all watersheds. Colors indicate

the time lag (in months) which generated the strongest relationship (highest r? value) for each
watershed, with brighter colors indicating a longer time lag. The density plot (bottom right) gives the
time lag (in months) which best predicts streamflow stability by GRACE storage anomalies (blue

dashed line), streamflow instability by monthly ET (pink dotted line), and streamflow stability by

monthly PPT (yellow solid line).
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2016, Tashie et al. 2019], these poor relationships may be due to uncertainty, poor reliability of MERRA-
2 soil moisture data, or low spatio-temporal resolution. Therefore, our primary analysis proceeded using
only seasonality, regional storage, ET, and PPT.

Rates of ET were a surprisingly strong predictor of streamflow instability (i.e., a positive
relationship to log(a); median r? = 0.36) (Table 3). Indeed, in the Northeast and the Pacific Northwest, ET
was a better predictor of streamflow instability than GRACE water anomalies. Generally, ET from about
2-3 months previous was the best predictor of streamflow instability (Figure 7, bottom right). However,
in the Coastal Plains, the Great Lakes region, and in the Pacific Northwest, ET from 0-2 months previous
was the best predictor. Also, ET of any time lag was a poor predictor of streamflow instability in most of
the Coastal Plains, the Great Plains, and in southern California.

Monthly PPT was generally the poorest predictor of streamflow stability (i.e., a negative
relationship to log(a); median r* = 0.13) (Table 3), except in the Mid-Atlantic where r? values often
exceeded 0.40. PPT of any time lag was an especially poor predictor of streamflow stability in the
southeast, the Great Plains, and the Pacific Northwest. Unlike with GRACE water anomalies and rates of
ET, the time lag generating the best prediction of streamflow stability was inconsistent among various
regions. For instance, recent or coincident monthly PPT was the best predictor of streamflow stability
along the central Gulf Coast, while 2-4 months previous PPT was the best predictor in the Pacific
Northwest, and much older (7-11 months previous) PPT was the best predictor in the Mid-Atlantic.

GRACE water anomalies, rates of ET, and monthly PPT were generally poor predictors of
recession nonlinearity (b) across broad regions at any time lag (median r? of 0.07, 0.079, and 0.046)
(Figure 8 and Table 3). A few regional patterns are worth noting, though. GRACE water anomalies from
10-12 months previous were the best predictors of nonlinearity in New England, while more recent
anomalies were the best predictors for most other watersheds. For ET, coincident rates were the best

predictors on the west coast, recent (2-5 months previous) rates were the best predictors in the
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Figure 8: predictive power of increased nonlinearity (b) by GRACE storage anomalies (top left),
decreased nonlinearity (-b) by monthly ET (top right), and increased nonlinearity (b) by monthly PPT
(bottom left). The strength of that relationship (i.e., the r? value of linear model) is indicated by the
size of each dot. Violin plots give the distribution of r? values from all watersheds. Colors indicate the
time lag (in months) which generated the strongest relationship (highest r? value) for each watershed,
with brighter colors indicating a longer time lag. The density plot (bottom right) gives the time lag (in
months) which best predicts nonlinearity by GRACE storage anomalies (blue dashed line), monthly ET

(pink dotted line), and monthly PPT (yellow solid li

ne).

Appalachian Mountains and in the New Madrid Seismic Zone, while much older rates (6-10 months

previous) were the best predictors for most other watersheds.
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Section 4: Discussion
Section 4.1: Temporal Drivers of Recession Characteristics

Streamflow stability (log(a)) is evidently driven by watershed-scale seasonal dynamics, while
nonlinearity (b) is not. Specifically, though nonlinearity is highly variable among events (Table 1), this
variability is poorly predicted by seasonality, with the median r? of the seasonal signal computed
according to a sine wave being only 0.06 (Table 2). Streamflow stability, however, tends to be strongly
governed by seasonal dynamics, with the median r? of a simple annual-scale sinusoidal model being
0.41. Further, the amplitude of the seasonal signal was a strong, unbiased predictor of the standard
deviation of streamflow stability (median r? = 0.56).

GRACE-based estimates of regional storage anomalies were significantly correlated with
streamflow stability for most watersheds, and they explained half (or more) of the total variance of
streamflow stability in a quarter of watersheds (Table 3). Because storage dynamics are often strongly
seasonal [Alley et al. 2002, Strassberg et al. 2007, Tashie et al. 2016, Wang and Alimohammadi 2012],
we assessed the covariance of the predictive power of regional storage with the predictive power of the
sinusoidal seasonal model. Surprisingly, there was essentially no correlation (r?> = 0.01) between the
predictive power of a sinusoidal seasonal model and that of GRACE-based regional storage anomalies

(Figure 9). That is, regional storage governs streamflow stability independently of seasonal cycling.
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Figure 9: correlation of models predicting the (in)stability of streamflow). Scatterplots give r? values
of models predicting: streamflow stability by an annual sine wave, stability (-log(a)) by GRACE water
anomalies, and instability (log(a)) by monthly ET (on the x-axes); and stability (-log(a)) by GRACE
water anomalies, instability (log(a)) by monthly ET, and stability (-log(a)) by monthly PPT (on the y-
axes). Fitted linear models are represented by a solid gold line, and one-to-one lines by a dashed pink
line. Ther? values of these models are given in black and the slope of these models are given in gold.

These results expand on smaller-scale studies that have relied on indirect measures of storage.
For example, Bart and Tague [2017] showed that cumulative antecedent PPT (as proxy for watershed
wetness conditions) was strongly correlated (overall r> > 0.5) with streamflow stability (a) for eight
California watersheds, while Patnaik et al. [2015] showed that streamflow stability (a) linearly correlated
with lagged Q (also a proxy for watershed wetness conditions) in log-log space for 358 watersheds
across the continental US. By relying on “direct” measures of regional storage anomalies (i.e., GRACE),

our study confirms that storage is a primary driver of streamflow stability in the continental US, and it
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offers the first evidence that storage governs streamflow stability independently of any confounding
seasonal signal [Patnaik et al. 2015].

While the relationships between storage and streamflow stability reported here are strong, it is
important to recall the incongruity of scales used in this study: downscaled GRACE mascons are at least
an order of magnitude larger than most watersheds. This source of uncertainly provides a likely
explanation for the small number of watersheds where the optimal time lag is between 10 to 12 months
(Figure 7, bottom right). In these watersheds, long-term trends and seasonality may be the only signals
that significantly link regional GRACE anomalies (integrating groundwater, soil moisture, and surface
water) to watershed-scale mobile groundwater. We suggest that future studies with higher resolution,
disaggregated groundwater data may generate more robust results.

While it has long been known that transpiration is linked to diminished rates of streamflow
during the growing season [Dunford and Fletcher 1947, Federer 1973, Wondzell et al. 2007], researchers
have generally been unable to show that ET directly affects streamflow recession at the catchment scale
[Biswal and Kumar 2014, Shaw and Riha 2012]. Bart and Tague [2017] did identify weak (overall r?< 0.2)
but statistically significant relationships between daily PET and streamflow stability (a) in four out of
eight watersheds in California. Meanwhile, Tashie et al. [2019] recently noted a strong but transient (r? >
0.5 for two consecutive months) signal of transpiration in streamflow recession during the early growing
season in a small, humid, headwater catchment in North Carolina. They inferred that recession may be
directly affected by transpiration only when an elevated water table intersects with the root zone of an
extensive portion of a watershed thus allowing transpiration to directly compete with streamflow for
groundwater resources. Therefore, the effect of ET on recession may be realized primarily in the
consumption of infiltrated water which would otherwise recharge groundwater [Gabrielli and McDonnel
2018]. Our results confirm that coincident regional-scale ET is not the first-order driver of streamflow

recession for most watersheds in the continental US. Instead, the effect of ET on streamflow recession is
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generally delayed by 2-3 months. This lag highlights the indirect influence of vegetation on streamflow
through altering moisture in the upper (i.e., active) soil layers, setting the stage for groundwater
recharge and (therefore) baseflow later in the season [Emanuel et al., 2010].

Still, the delayed effect of ET is a strong predictor of streamflow stability (median r? = 0.36) and
is, in fact, a better predictor of streamflow stability than GRACE-based estimates of regional storage for
49% of watersheds. Further, the predictive power of ET on streamflow stability is almost completely
uncorrelated with the predictive power of regional storage on streamflow stability (r? of a linear model
is 0.01), though the predictive power of ET on streamflow stability is very strongly correlated with the
predictive power of seasonality on streamflow stability (r? of a linear model is 0.56), with little bias
(Figure 9). Taken together, this close correspondence implies that the seasonality of streamflow stability
is due to the delayed effects of the consumption of infiltrated water by ET, while the non-seasonal
variance of streamflow stability is due to variations in coincident storage.

Further, in many watersheds, the coincident effects of ET on streamflow stability are not
negligible (r? > 0.14 in 25% of watersheds, concentrated in the Pacific Northwest) and are likely
underestimated in this study due to the coarse spatio-temporal resolution of our data. Contrary to our
results, He et al. [2016] recently identified an extremely strong correlation between streamflow stability
(a) and coincident daily evaporation from an eddy flux tower (r? = 0.83), temperature (r?> = 0.82), and
atmospheric vapor pressure (r> = 0.71) in a subtropical monsoonal watershed (864 km?) in China.
Therefore, especially in humid watersheds with high water tables, ET may directly compete with
streamflow for water resources over great spatial extents for significant portions of the year.

Of the four potential physical drivers of streamflow recession investigated in this study, PPT
showed the weakest correlation with streamflow stability and nonlinearity for most watersheds, both
when assessed coincidentally and given an optimal time lag. Recent work has highlighted the strong

effects that time-lagged and cumulative PPT can have on baseflow [Anderson et al. 2008] and
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streamflow signatures like runoff ratios [Nippgen et al. 2016], extreme flows [Carlier et al. 2018], and
streamflow stability (a) [Bart and Tague 2017]. Notably, these strong correlations were identified using
daily PPT data, whereas the scope of our study demanded we rely on spatially coarse monthly data
which may have masked potential relationships.

Nonlinearity dynamics were poorly predicted by each variable assessed in this study. That is,
nonlinearity was not determined seasonally or by regional monthly-average storage anomalies, PPT, or
rates of ET. Given that nonlinearity is generally nonstationary even during individual events (i.e.,
recession curves are usually convex), this result is not unexpected. Indeed, it gives further evidence that
recession nonlinearity is a function of highly transient watershed features.

Though the variance of nonlinearity among events is greater than the variance of catchment-
average nonlinearity among watersheds, catchment-average values of nonlinearity do show distinct
regional patterns (Figure 2). These regional patterns potentially indicate some physical mechanism(s) for
driving up (or down) the average nonlinearity of individual events. Indeed, for 26 watersheds in the
Pacific Northwest, Sanchez-Murillo et al. [2015] indicated a relationship between nonlinearity and both
climate factors (i.e., aridity index) and geology. Patnaik et al. [2018] also discovered multiple significant
relationships between catchment-average nonlinearity and characteristics of soil, climate, and
geomorphology for 358 basins across the US. Importantly, they also found that the significance of these
relationships varied among regions, such that (for example) soil class was strongly correlated with
nonlinearity in the eastern US but totally uncorrelated in the western US. Similarly, Tashie et al. [2020]
found that various forms of catchment complexity (e.g., climate or the hydraulic conductivity of soils or
bedrock) were each independently sufficient to enhance catchment-average nonlinearity across a range
of different hydrologic landscape regions. Therefore, while there does not yet appear to be a generally

applicable model for predicting catchment-average values of nonlinearity, future studies focused on
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physio-climatically similar regions or landscapes may allow a more nuanced analysis of the physical
processes underlying recession nonlinearity.
Section 4.2: Seasonality and Trends

For most of the eastern US, the dates of streamflow stability minima are later in the year the
farther south or closer to the coast one goes. Given the lagged effects of ET in depressing streamflow
stability, this pattern is apparently due to growing seasons being longer in the southern and coastal
portions of the US than elsewhere. Curiously, the reverse is true on the west coast: streamflow stability
minima occur earlier in the year the farther south one goes (Figure 5). A second curious trend is also
apparent in the western US: the farther south one goes, the longer the optimal time lag for maximizing
the relationship between ET and streamflow instability (Figure 7), indicating a greater delay between
infiltration and recharge. Therefore, in the west, the north-south shift in the timing of streamflow
stability minima is not a function of the length of the growing season (as is likely in the east) but likely a
function of water table depth, as well as monsoonal patterns of precipitation and snowmelt.

Most watersheds showed statistically significant interdecadal trends in recession characteristics,
with a slight tendency towards decreased stability and average recession flow volumes (Figure 6).
Streamflow stability was a more sensitive indicator than recession flows, generating statistically
significant relationships in about 25% more watersheds. Our results confirm and extend results from the
west coast of the US from 1988 to 2009 [Sawaske and Freyburg 2014] that showed increased minimum
recession flows in southern California and decreased minimum recession flows in the Pacific Northwest,
confirm at a finer scale a trend in increased low flows in the Great Plains [Gudmundsson et al. 2019],
and discover a strong trend in decreased streamflow stability in the southeastern US.

Intriguingly, long term trends in the nonlinearity of streamflow are consistently positive across
the continent, with streamflow nonlinearity being four times more likely to increase after 1980 than to

decrease (Figure 6). Therefore, watersheds may be growing increasingly dependent on a combination of
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shallow stormflow and deep regional groundwater flow, with decreasing contributions to streamflow
from groundwater near the root zone. While the evidence here is too broad and coarse to draw such a
fine-detailed, process-based conclusion, these results do align with the scientific consensus that climate
change has generally resulted in increased demands on soil moisture in the root zone due to increased
PET [Rind et al. 1990] and decreased episodic recharge through an increase in the intensity of rainfall
during storms [Tashie et al. 2016]. Regardless of the underlying processes, these trends may have
implications for water management. Shifts in the sources supplying streamflow may affect water quality,
and flow extremes may become more sensitive to climate variability, groundwater pumping, landcover
alterations, and other environmental impacts.

The strong, regionally consistent interdecadal trends noted here illustrate the sensitivity, and
potential utility, of event-based recession analysis in investigating the effects of climate change on
streamflow, a novel application. We suggest that by integrating all recession flows according to known
seasonal patterns, it is possible to identify trends that are more robust and less sensitive to stochastic
interannual variability than when using traditional indices like annual flow minima [e.g., Gudmundsson
et al. 2019]. However, while our analysis does extend across multiple ENSO cycles, the potential effects
of ENSO and PDO anomalies on streamflow forcing variables (e.g., PPT and runoff) are well documented
[e.g., Rice and Emanuel 2017]. Therefore, the trends in recession characteristics documented here
should be treated cautiously and deserve further analysis.

Section 5: Conclusions

Through systematic analysis of streamflow records alongside estimates of climate forcing
variables and antecedent catchment conditions for over 1,000 watersheds across the continental US, we
describe previously unidentified patterns in the character of streamflow recession. Specifically, we find

that:
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2)

3)

the stability of streamflow is highly seasonal, though, contrary to our hypothesis, this
seasonality is largely a function of time-lagged ET, while the control of regional storage
on streamflow stability is generally independent of seasonality;

ET primarily affects streamflow stability indirectly via consumption of potential
recharge, though ET does also directly compete with streamflow in many watersheds;
dynamics in the values of nonlinearity are not driven by changes in monthly-average
forcing variables;

since 1980, the nonlinearity of streamflow has increased across the US, while the
stability of streamflow has increased in some regions (e.g., the Great Plains and
southern California) and decreased in others (e.g., the southeast and northern

California).

For most watersheds, we are able to ascribe the majority of the variance in the stability of streamflow

recession to seasonal dynamics and regional-scale monthly-average forcing variables. The variance of

nonlinearity, though, cannot be explained by variables at such coarse resolution. Finally, while broad

regional and temporal recession trends are consistent across the US, we also identify several regions of

anomalous behavior that may serve as useful case studies for future investigations into the physical

origins of streamflow recession (e.g., the southern Appalachian Mountains, the New Madrid Seismic

Zone, and the Cascade Range).
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CHAPTER 3: EFFECTIVE HYDRAULIC CONDUCTIVITY AND DRAINABLE STORAGE FOR THE CONTINENTAL
UNITED STATES?

Section 1: Introduction
Section 1.1: Summary

In regional and global hydrologic models, the hydraulic properties of the deep subsurface are
commonly estimated according to the texture of soils at the earth’s surface. This approach ignores
macropores and fracture flow, as well as heterogeneity in soils and bedrock. Using hydrograph
recession analysis, we constrain estimates of the effective saturated hydraulic conductivity (K) and
effective drainable aquifer storage (S) of all reference watersheds in the continental US for which
sufficient streamflow data are available (n=1561). Then, we use machine learning methods to model
these properties across the continental US using catchment geomorphology, soils, climate, and geology
as model inputs. Model validation results in high confidence for estimates of log(K) (r* > 0.89; 1% < bias
< 9%) and reasonable confidence for S (r? > 0.83; -70% < bias < -18%). Our estimates of effective K are,
on average, two orders of magnitude higher than comparable estimates from soil texture alone,
confirming the importance of soil structure and preferential flow pathways at the watershed scale. Our
estimates of effective S compare favorably with recent global estimates of mobile groundwater and are
spatially heterogeneous (5-3355mm). Because estimates of S are much lower than the global maximums
generally used in land surface models (e.g., 5000mm), they may serve both to limit model spin-up time
and to constrain model parameters to more realistic values. These results represent the first attempt to
constrain estimates of watershed-scale effective hydraulic properties for the entire continental US.

Section 1.2: Background

3 Note to self: add HESS early access citation info
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Regional hydrologic models and land surface models (LSMs) are powerful tools for investigating
the distribution of water at the Earth’s surface and its response to changing land use and climate.
However, while models of this type often incorporate multiple layers of soil structure and the relatively
computationally expensive Richard’s equation to represent the flow of water in the shallow subsurface,
groundwater and baseflow processes remain poorly constrained [Clark et al. 2008, Clark et al. 2015, Fan
et al. 2019, Fatichi et al. 2020]. Because groundwater sustains half of global streamflow at annual
timescales [Beck et al. 2013], buffers streamflow against changes in temperature, nutrients, and
precipitation (PPT) [Ficklin et al. 2016], and sustains baseflow and evapotranspiration (ET) during
extended dry periods [Yang et al. 2011], modeling it correctly is important for accurately representing
the water cycle and water resources.

In early LSMs, baseflow depended on one-dimensional free drainage below a thin (2-3 meters)
soil layer, though many aquifers are known to be tens of meters deep [e.g., Winter et al. 1998,
Goodfellow et al. 2014]. This simplification results in underestimates of seasonal storage, enhanced
drainage during wet periods, and inhibited dry season ET [Baker et al. 2008, Brunke et al. 2016, Fan et al.
2017, Kuppel et al. 2017, Milly and Shmakin 2002, Miguez-Macho and Fan 2012a, Miguez-Macho and
Fan 2012b, Pokhrel et al. 2013]. In an attempt to resolve these issues, many LSMs have incorporated a
TOPMODEL approach to runoff [e.g., Niu et al. 2005 or Oleson et al 2010] or added a (linear)
groundwater reservoir below the soil profile [e.g., Liang et al. 2003 or Niu et al. 2007]. However, this
additional model complexity [NOAA 2016] has failed to generate clear improvements in model
performance [Yang et al. 2011, Gan et al. 2019].

A potential confounding issue is that the hydraulic properties of the subsurface components
that are contributing to baseflow are poorly constrained [Dai et al. 2019b]. Generally, they are
calculated as a function of properties of the overlying soil as estimated according to soil textural class,

following Gedney and Cox [2003]. However, soil textural classes may be expected to constrain values of
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hydraulic conductivity (K) only to within a range of several orders of magnitude [Freeze and Cherry 1979,
Gleeson et al. 2011, Huscroft et al. 2018, Zhang and Schaap 2019]. Uncertainties are known to be even
greater in non-temperate climates where data are sparser [Hengl et al. 2017, Huscroft et al. 2018] and
there is some disagreement even among common pedotransfer functions [Dai et al. 2019a, Zhang and
Schaap 2019]. Further, soil texture is known to be a poorer predictor of hydraulic properties than other
soil characteristics like hydraulic radius, structure, and sorting [Zhang and Schaap 2019]. Soil-texture
based predictions may also under use additional information available in soil surveys, and do not
address deeper systems like saprolite and bedrock.

Richard’s equation and estimates of K from soil texture also explicitly ignore macropores [Beven
and Germann 2013]. Even direct lab measurements of the K of a soil sample (on which pedotransfer
functions are based) may be order(s) of magnitude lower than in-situ measurements that do incorporate
contributions from macropores [Zecharias and Brutsaert 1988, Mendoza et al. 2004]. Macropores have
been shown to sustain discharge not only in the shallow subsurface (e.g., bioturbation or root rot), but
also at the interface between weathering bedrock and soils (e.g., saprolite) [Tromp-van Meerveld and
McDonnell 2006, Beven and Germann 2013].

The geologic units used in global maps of hydraulic properties bring additional uncertainty, as
they often explicitly ignore fault and fracture networks [e.g., Gleeson et al. 2014] despite these
networks’ enhancement of the effective porosities and K of their parent rock by up to several orders of
magnitude [Freeze and Cherry 1979]. Further, regional (and global) maps of soil and geologic units are
often stitched together from multiple sources, resulting in sharp boundaries in unit classes at political
boundaries [Gleeson et al. 2011, Hartmann and Moosdorf 2012, Gleeson et al. 2014, Huscroft et al.
2018, Dai et al. 2019b] and are based on surveys that rarely extend more than 2m below the surface

[Dai et al. 2019a].
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Even where the three-dimensional structure of the subsurface is well mapped, assessing the
effective hydraulic properties of the components of the subsurface that actively contribute to
streamflow remains problematic [Binley et al. 1989]. These complexities are compounded in LSMs that
aggregate the hydraulic properties of the soils and/or geologic material underlying a watershed whether
or not those materials are actually likely to be saturated. Nevertheless, because the time-varying
sourcing of water within the three-dimensional structure of a watershed has a major impact on the
stability of streamflow [Barnes 1939], as well as its chemistry and biology [Zhi et al. 2019], researchers
are making strides towards incorporating these processes into modern LSMs [Fan et al. 2019]. For
instance, including estimates of depth to water table in LSMs helps modulate soil moisture distribution,
rates of ET, and streamflow response [Miguez-Macho et al. 2007, Koirala et al. 2018]. Similarly, Brunke
et al. [2016] showed that incorporating spatial differences in depth of unconsolidated material has
major impacts on patterns of baseflow, soil moisture, and storage, as well as heat fluxes. However, no
regional databases of the effective hydraulic properties of the subsurface units that actually sustain
baseflow currently exist.

Section 1.3: Recession Analysis

The effective hydraulic properties of the aquifer(s) that actually sustain baseflow have long been
estimated by watershed hydrologists using hydrograph recession analysis. Here, we briefly summarize
the assumptions and applications of hydrograph recession analysis, though we refer readers to
recession literature for a detailed accounting [Brutsaert and Nieber 1977, Harman and Kim 2019,
Kirchner 2009, Tallaksen 1995, Tashie et al. 2020b, Troch et al. 2013] and give a more thorough
description of the specific methods we use and their underlying uncertainties below.

Applying the Dupuit assumptions [Dupuit 1863] that groundwater flow is horizontal and
neglecting capillarity, the Boussinesq equation [Boussinesq 1877] is used to describe unit discharge (q)

as a function of effective saturated hydraulic conductivity (K), drainable porosity (f), drainable aquifer
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thickness (D), aquifer breadth (B), slope (i), stream network length (L), and the water table elevation (h)
profile. When all other inflows and outflows to a watershed are negligible, total discharge (Q) is a
function of drainable aquifer storage (S = Df) and the distribution of water within the aquifer. Brutasert
and Nieber [1977] showed that if change in streamflow (dQ/dt) is expressed as a function of time-
independent Q according to the power law in Eq. 1 (dQ/dt = aQV), then a is a function of static
watershed characteristics (K, f, D, B, L, and i) while b is a function of aquifer geometry and the profile of
h. Because a and b are readily calculated by logarithmic regression of Q on -dQ/dt, it is possible to use
historical streamflow data to estimate watershed-average hydraulic properties (e.g. K, S, D, or f) which
are otherwise difficult to measure [Szilagyi et al. 1998].

Though the assumptions underlying recession analysis are restrictive, this technique has
repeatedly been validated analytically, using computer models [e.g., Rupp and Selker 2006, Pauritsch et
al. 2015], table-top models [Guerin et al. 2014, Luo et al. 2018], tracer experiments [Winkler et al. 2016],
in highly monitored hillslopes [Clark et al. 2009], and in many actual catchments [e.g., Mendoza et al.
2003, Zecharias and Brutsaert 1998, Troch et al. 1993, Parlange et al. 2001, Pauritsch et al. 2015].
However, recent work has illustrated the need to incorporate the heterogeneity of subsurface hydraulic
properties to minimize biases [Winkler et al. 2018, Tashie et al. 2020a]. Because the character of
baseflow recession (and therefore the properties of the subsurface which are sustaining it) has been
shown to vary systematically with antecedent conditions [Shaw and Riha 2012, Tashie et al. 2020b],
recession analysis is better seen as providing a snapshot of the effective hydraulic properties that are
instantaneously sustaining baseflow [Tashie et al. 2020a]. “Parallel” reservoirs representing the end-
member properties of subsurface heterogeneity have been successfully invoked to describe dynamic
recession patterns [Clark et al. 2009, McMiillan et al. 2011, Bart and Hope 2014, Winkler et al. 2016, Gao
et al. 2017, Mateo-Lazaro et al. 2018, Tashie et al. 2019]. By applying recession analysis only during

periods when baseflow is known to be dependent on specific components of subsurface storage (e.g.,
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during winter in Swiss catchments [Pauritsch et al. 2015]), uncertainty in estimates of the effective
hydraulic properties and drainable storage volumes of those subsurface features may be minimized.
Section 1.4: Major Aims

Here, we estimate the effective hydraulic properties (i.e., K and S) of the subsurface units that
actually sustain baseflow for all watersheds in the continental US. First, we apply recession analysis
according to best practices to estimate effective K and S while accounting for the dynamic partitioning of
water among heterogeneous features of the subsurface. We do so for all USGS reference watersheds in
the US for which sufficient streamflow data exists (n = 1561), selected from all watersheds gauged by
the US Geological Survey (USGS) that are considered to be minimally impacted by human interference
[Falcone 2010] (n=1946). We calculate the methodological uncertainty in our methods, then develop a
model for predicting effective K and S using catchment average variables describing soils, geology,
climate, topography, and geomorphology. After validating this model, we apply it to all watersheds in
the US at the Hydrologic Unit Code-12 (HUC-12) scale. Finally, we contextualize our results and provide a
brief overview of their limitations and implications for large-scale hydrologic modeling.

Section 2: Methods
Section 2.1: Recession Analysis

To develop a nationwide dataset of effective hydraulic properties derived from observations, we
analyzed the historical streamflow from all watersheds gauged by the US Geological Survey (USGS) that
are considered to be minimally impacted by human interference [Falcone 2011] (n=1946).

Recession analysis is performed on historical streamflow data during time periods when
additions to watershed storage (e.g., PPT or snowmelt) as well as abstractions (e.g., ET or groundwater
withdrawal) are minimal, i.e. “recession periods.” Selection criteria for identifying recession periods are
chosen to minimize interference by these processes, and have been shown to affect parameter values

[e.g., Stoelzle et al. 2013]. We rely on recommendations from Dralle et al.’s [2017] uncertainty analysis
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for selection criteria: both Q and -dQ/dt must decrease for at least four consecutive days, no antecedent
flow conditions are imposed, and no days are removed from the beginning or end of a period of
recession. We estimated —dQ/dt by (Qi — Qi-1) / (ti — ti-1) and adjusted Q to reflect this time delay, such
that Q = (Qi + Qi-1) / 2, following Shaw and Riha [2012]. While recent research has shown that
incorporating a variable time step may reduce noise and improve parameter estimation [Roques et al.
2017], these methods require subdaily (hourly or less) Q records that are either not available or not
efficiently accessible for most USGS gages. Instead, we relied on daily Q time series and minimized noise
in the recession cloud through recession selection criteria (i.e., requiring a monotonic decrease in —
dQ/dt) and minimized bias in recession parameter estimation by applying quantile regression, as
described below.

There are multiple methods for implementing recession analysis, each designed according to a
suite of different simplifying assumptions [Tallaksen 1995, Troch et al. 2013]. Pauritsch et al. [2015]
recently provided uncertainty analysis for several of these methods and suggested the solutions of
Brutsaert [1994] as performing the best across a range of aquifer conditions. Two solutions are

presented, such that b (from Eq.1) is set to 3 during the early time period of recession and a is solved as

1.33

Qearty = KfD3L%cos(i) Eq.2
and b is set to 1 during the late time period of recession and a is solved as
2 2 Bt () 2
m“pKDL ] —tan(i
Arate = TCOS(l) 1+ <D7> Eq3

To ensure methodological consistency, we applied these solutions to all watersheds. We refer readers to
Brutsaert [1994] for the derivation of these solutions and their detailed description.

In addition to traditional assessments of effective hydraulic properties using “lumped” recession
analysis [e.g., Berghuijs et al. 2016, Hinzmann et al. 2020, Ploum et al. 2019], it has become increasingly
common to perform recession analysis on individual events with a focus on differences in recession form

between events [e.g., Dralle et al. 2017, Shaw et al. 2012, Tashie et al. 2020a]. These event-based
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studies have highlighted important temporal dynamics in recession form that have been attributed to
the extension and contraction of the stream network (L) [Biswal and Marani 2010] as well as
precipitation patterns and ET [Bart and Tague 2017]. However, these dynamics are most commonly
attributed to the partitioning of S among heterogeneous subsurface features [Bart and Hope 2014, Clark
et al. 2009, Gao et al. 2017, Harman and Kim 2019, Mcmillan et al. 2011, Shaw et al. 2016, Tashie et al.
2019, Wang and Cai 2010], as was recently confirmed empirically for over 1,000 watersheds across the
continental US [Tashie et al. 2020b].

To account for the effects of the dynamic distribution of S among heterogeneous subsurface
features on estimates of effective hydraulic properties, we took the following steps. Broadly, we
partitioned the streamflow time series into periods of relatively low S and periods of relatively high S
through evaluation of antecedent streamflow records, a well-established proxy [Mishra et al. 2003,
Biswal and Kumar 2014, Bart and Hope 2014, Patnaik et al. 2015]. A confounding issue is that watershed
memory is strongly dependent on the physio-climatic properties of the watershed in question [e.g.
Tromp-van Meerveld and McDonnell 2006, Tetzlaff et al. 2009, Nieber and Sidle 2010, Spence et al.
2010, and Patnaik et al. 2015]. Indeed, Bart and Hope [2014] showed that streamflow from six months
previous was a better predictor of temporally variable recession parameters than more recent
streamflow for several watersheds in the California Sierra Nevada. Therefore, we adapted the methods
of Patnaik et al. [2015] to partition each day of streamflow recession for each watershed into periods of
relatively low S and high S according to cumulative antecedent Q. For each day of recession, we
calculated the cumulative antecedent Q at multiple time lags (7, 15, 30, 45, 90, and 180 days). Then, for
each watershed at each time lag, we classified each day of recession into “low S” (lowest 20th-percentile
cumulative antecedent Q) and “high S” (highest 20th-percentile cumulative antecedent Q). For each
watershed, we assessed the effectiveness of each time lag in partitioning recession flows into these two

categories by calculating the Euclidean distance in a log-log recession plot between the median value of
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Figure 1: example of identifying the time step which maximally disaggregates periods of “low
storage” from periods of “high storage.” Recession plots illustrate the log base 10 of Q (in m3/s) (x-
axes) plotted against the log base 10 of the time derivative of Q (y-axes). For each time lag, the
lowest 20" percentile storage states are indicated in red, and the highest 20%" percentile storage

states in blue. Larger red (and blue) dots indicate median value of Q and -dQ/dt during low S (and
high S) periods, with the Euclidean distance between them given in the lower right.

recession points during days which occurred during the lowest (and highest) 20th-percentile cumulative
antecedent Q (Figure 1). We used the time lag that maximized this distance for each watershed. We
retained for analysis only watersheds for which we identified at least 500 total days of recession, with at
least 25 days of recession occurring during periods of both low S and high S (n = 1561).

Recession analysis exploits the fact that the shape of hydrographs during early periods of
recession are distinct from the shape of hydrographs during late periods of recession to develop two
empirical solutions to the recession equations (Eq.2 and Eq. 3). These distinct hydrograph shapes
express themselves in “recession plots” (i.e., a plot of Q and —dQ/dt in log-log space) as the “early
envelope” during the early period and the “late envelope” during late period recession. The exact
delineation of the early and late envelopes is somewhat arbitrary [Troch et al. 2013] and should not be

seen as an expression of actual hillslope hydraulic behavior at a particular moment in time [Tashie et al.
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log(-dQ/dt)

log(Q)

Figure 2: identifying the line of best fit for the late envelope (left) and early envelope (right) during
states of low storage (red) and high storage (blue). Recession plots illustrate the log base 10 of Q (in
m?3/s) (x-axes) plotted against the log base 10 of the time derivative of Q (y-axes). Grey dots indicate
days of recession during mesic conditions. Red (and blue) dots illustrate days of recession during low
(and high) storage. Triangles indicate the median values of the lowest 20" percentile of Q according
to binned quintiles of -dQ/dt. Squares indicated the median values of the lowest 20" percentile of -
dQ/dt according to binned quintiles of Q. Lighter colored triangles (and squares) indicate quintiles
which were included in the modeled best fit for defining the early (and late) envelopes.
2020a], but instead as a lower boundary on the effective hydraulic properties of the aquifer(s) that
actually sustain baseflow during a particular state of S [e.g., Gao et al. 2017]. Automated methods
depending on fitting a line of a defined slope such that some specific fraction of data points are below
the line (either 2% [Vannier et al. 2014], 5% [Troch et al. 1993, Stoelzle et al. 2013], or 10% [Zecharias
and Brutsaert 1988, Mendoza et al. 2003, Tashie et al. 2020a]. Commonly acknowledged problems
include sensitivity to outliers and identification of the “knickpoint” where early-period recession (i.e.,
the early envelope) transitions to late-period recession (i.e., the late envelope), which has a significant
impact on parameter estimation [Pauritsch et al. 2015]. Here, we adapt the methods of Tashie et al.
[2020a] to delineate the late envelope according to the following steps: 1) data are binned by quintile of
Q; 2) for each bin, the lower 20% of data according to -dQ/dt are selected; 3) a line with a slope of 1 (as
determined by the late-period solution to recession flow provided by Brutsaert [1994]) is fitted to the

data of the first three bins, the first four bins, and all five bins in order of increasing Q; 4) the line with

the maximum r2 is selected as the best solution. This process is repeated for the early envelope, except
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data are binned by quintile of -dQ/dt in step 1, selected according to the lower 20% of Q in step 2, the

fitted line has a slope of 3 in step 3 (as determined by the early-period solution to recession flow

provided by Brutsaert [1994]), and lines are fitted in order of decreasing Q. An example of this process is

illustrated in Figure 2.

Section 2.2: Estimating D and K

There remains the issue that Brutsaert’s [1994] equations have seven unknown parameters (K, f,

D, B, L, i, and the fitting parameter p) and empirical solutions from only two equations. Following

common practice [e.g., Mendoza et al. 2003, Vannier et al. 2014], we set p to 1 and estimated L, B, and i

using readily available geomorphological descriptions of perennial stream network length, catchment
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Figure 3: sensitivity of K (left) and S (right) to changes in p (top), f (middle), and scalar of L (bottom).
Bold solid lines are median values, dashed lines are 1°t and 3™ quartile values, and thin dotted lines
are minimum and maximum values.
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area (A) divided by L, and median topographic slope provided by Falcone et al. [2010]. Because f is
generally the most narrowly constrained of the three remaining parameters in the published literature,
we made a reasonable estimate of its global value and solved for K and D, an approach common in
recession analysis [Szilagyi et al. 1998, Brutsaert and Lopez 1998, Mendoza et al. 2003, Vannier et al.
2014]. We chose a value for f of 0.1, which is near the estimated global average near-surface value of
0.14 [Gleeson et al. 2014] and is in the range of previous recession analysis studies [e.g., Vannier et al.
2014]. Because we used a universal value of f, we chose to convert D (effective drainable aquifer
thickness) to the more intuitive and useful variable of S (effective drainable storage) for subsequent
analysis.

To ensure our results were robust, we assessed the sensitivity of the recession equation to
uncertainty in parameter estimation. Because the length of active drainage networks varies by a factor
of 2 or 3 under typical flow conditions relative to a presumed static L [Godsey and Kirchner 2014], we
reran all analysis with L scaled by a factors of 0.5 to 2.5. Similarly, since f is known to range from 0.02 to
0.22 in common soils [Heath 1983], we reran all analysis with values of f ranging from 0.01 to 0.35.
Finally, while it is common to set p to 1 and it is rarely set below 0.5, we reran all analysis with values of
p ranging from 0.3 to 1. Both L and p had only a moderate impact on estimates of K and S; median
values of log(K) and S for every value of L and p were greater than the 1st quartile values of log(K) and S
for every value of L and p, and (similarly) median values of log(K) and S for every value of L and p were
less than the 3rd quartile values of log(K) and S for every value of L and p (Figure 3). However, estimates
of Kand S were somewhat more sensitive to extremely low values of f, with an increase in values of f
from 0.01 to 0.06 resulting in an increase of S by a factor of 2 and an increase in log(K) by a factor of 3.5.

K and S are less sensitive to changes in f where f is greater than 0.05.
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Section 2.3: Predicting S and K from Catchment Average Data

Because baseflow is strongly influenced by climate, soils, geology, and geomorphology in a
generally nonlinear fashion [e.g., Winter 2007, van Dijk 2010, Beck et al. 2013], we assessed the strength
of the relationships of calculated values of K and S with catchment-average physio-climatic properties
using random forest models. We primarily relied on the USGS NHD Plus Version 2.1 database [Wieczorek
et al. 2018] for watershed summary data. We narrowed the potential number of watershed summary
metrics from roughly a thousand to the 99 most hydrologically relevant metrics describing climate,
topography, geology, and soils. These are listed in the supplementary material. We also summarized and
assessed distributed soil and geology attributes from a global database [Beck et al. 2013, Gleeson et al.
2011, Gleeson et al. 2014] though none of these metrics were ultimately included in our model because
they did not improve performance. Additionally, we calculated the ratio of annual potential
evapotranspiration (PET) to PPT (i.e., the aridity index) and derived two metrics of seasonality (one for

baseflow and one for PET), where seasonality is defined as Seasonality =

lval
Y.|monthly value— M|

12

annual value

Overfitting of machine learning models is a well-documented phenomenon [Domingos 2012]
that can be exacerbated in datasets with spatially autocorrelated inputs [Meyer et al. 2019]. We took
extensive measures to minimize overfitting within our random forest models following the methods of
Meyer et al. [2018]. Key steps included: 1) rounding all input features to 3 significant digits to avoid
input features acting as unique identifiers; 2) forward-feature selection based on target-oriented
performance to reduce the overall parameter space; and 3) model development using leave-location out
block cross-validation (LLO-CV). In combination, these steps significantly reduce overfitting within
spatially explicit random forest algorithms [Meyer et al. 2018]. Resulting inputs from the forward
feature selection for each dependent variable are in Table 1. LLO-CV was done using HUC-2 watersheds

as blocks; we partitioned them into 5 equally proportioned folds. Final models were trained through
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Table 1: selected independent variables in order of importance for each dependent variable.
Performance metric (r?) is cumulative. Note that the random forest model implemented here does not
allow the calculation of performance metrics using a single independent variable. Variable names are
adapted from Wieczorek et al. [2018].

Number
of
variables

9

10

K (low S periods)
variable r?
stream NA

elevation

change

max 0.705
elevation

% sand 0.768
depthto WT 0.803
BFI 0.829
% colluvium  0.843
watershed 0.858
area

% silt 0.875
mean 0.888
temperature

% clay 0.89

K (high S periods)
variable r?
max NA

elevation

depth to 0.83
WT

stream 0.881
elevation

change

% organic  0.895
matter

BFI 0.903
% sand 0.908
depth to 0.913
bedrock

% 0.916
sediment

<5mm

S (low S periods)

variable

BFI

annual PPT

% soil group
HGA

% sediment
<5mm
annual

mean
temperature
annual
baseflow

r2

NA

0.732

0.796

0.81

0.823

0.83

S (high S periods)
variable r
max NA

elevation

annual PPT 0.841
% organic 0.859
matter

no20 0.888
stream 0.902
elevation

change

annual max 0.904
temperature

LLO-CV using 80% of the included watersheds and RMSE as the evaluation term. The remaining 20% of

watersheds were set aside as hold-out data for model testing. The number of candidate variables tested

at each split (‘'mtry' in random forest) was identified using a grid search approach from 1 to the total

number of feature inputs for a given model which resulted in final mtry values of 5-7 features per tree,

depending on the model. All analysis was done using R version 3.6.0 statistical software [“R Core Team”

2017]. We then assessed final models using the 20% hold-out data as described below in Results.

Roughly 3% of watersheds in the continental US lacked sufficient watershed-scale summary data

to apply our model. We estimated values of K and S for these watersheds according to the USGS product
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Figure 4: the effective hydraulic conductivity (K) for all watersheds as determined by recession
analysis. Effective K during periods of low storage is given in the figure to the left, and during periods
of high storage in the figure to the right. Units are the log10 of cm/s.

Hydrologic Landscape Regions (HLR) [Wolock 2003]. First, we organized all watersheds according to their
classification within the HLR framework. We calculated average values of K and S for each HLR according
to the median value of all available data. Then, we assigned these values of K and S to the 3% of
watersheds with missing data according to their HLR classification (Figures S1-4).
Section 3: Results

Calculated values of effective K range from below 3.2 x 10-5 cm/s to as high as 1.3 x 10-1 cm/s
(Table 2, Figure 4). This range is typical of semi-permeable to permeable soils (layered clays, silts, sands,
and gravels) and bedrock (sandstones, fractured crystalline rocks, and karst limestones) [Freeze and
Cherry 1979, Domenico and Schwartz 1990] and is similar to results from previous applications of
recession analysis in comparable catchments [e.g., Mateo-Lazaro et al. 2018, Mendoza et al 2004,
Pauritsch et al. 2015, Winkler et al. 2016]. Effective K was moderately elevated during high S periods at
most watersheds, but ranges generally shifted by less than a full order of magnitude, similar to the

results of Pauritsch et al. [2015].
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Table 2: summary of calculated values of K and S for all 1561 reference USGS watersheds for which
sufficient data exists.

Min Q1 Med Mean Q3 Max
log10(K) high S periods -4.0 -2.4 -1.9 -1.9 -1.4 0.1
(cmls) low S periods -4.5 -3.3 -2.8 -2.7 -2.2 -0.7
S high S periods 21 268 575 912 1397 4680
(mm) low S periods 1 49 155 318 366 3309
effective drainable storage (S) during dry periods effective drainable storage (S) during wet periods
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Figure 5: the effective drainable storage (S) for all watersheds as determined by recession analysis.
Effective S during periods of low storage is given in the figure to the left, and during periods of high
storage in the figure to the right. Units are in mm.

Calculated values of S ranged from 1 to 3300 mm during low S periods and 20 to 4700 mm
during high S periods (Table 2, Figure 5). Given our assumption of a static areal aquifer extent and an f of
0.1, 1*t to 3™ quartiles of our calculated effective aquifer thickness (D) range from 0.5 to 3.7 m during
low S periods and 2.7 to 14 m during high S periods, similar to previous results from regional-scale
recession analysis [e.g., Mateo-Lazaro et al. 2018, Mendoza et al 2004, Pauritsch et al. 2015]. Recall that
D as estimated by recession analysis represents the maximum thickness of the aquifer(s) that is actively
contributing to streamflow during periods of recession. Therefore, 1-3300 mm (or 20-4700mm)
represents the range of contributing subsurface storage volumes of watersheds during low S periods (or
high S periods) during the actual historical record. Immobile soil water and effectively immobile
groundwater in impermeable substrate that is not actively supplying baseflow is masked. Similarly,

potential storage volumes that have not been activated during the historical record are also masked.
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Validation results of the random forest models used to extend these calculations to all
watersheds in the continental US are reported in Table 3. While all random forest models performed
well (r2 > 0.8), they were better able to predict both log(K) and S during high S periods (r2 of 0.92 and
0.90) than low S periods (r2 of 0.89 and 0.83). The mean absolute error (MAE) of K for both high S and
low S periods was small (< 20%) relative to the absolute range of effective K of watersheds in this study
(5 orders of magnitude) and the range of K of common materials (15 orders of magnitude). The MAE of S
was similarly well constrained (< 170 mm) relative to the range of calculated values which were between
0 and 4000 mm. Further, the models made no predictions of hydrologically unrealistic values of either K
(e.g., >10cm/s) or S (e.g., < 0 mm). Nonetheless, all models were biased, tending to underpredict
extreme values, especially in the case of S during low S periods (Figure 6). For this reason, the range of
values of K and S predicted by our models (Table 4) are narrower than the range of values calculated

using recession analysis (Table 2).
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Table 3: validation of model performance

MAE RMSE  r2 9% bias reii[()jj;s
log10(K) high S periods 0.14 0.19 0.92 8% 0.17
(cml/s) low S periods 0.17 0.23 0.89 1% 0.21
S high S periods 166 276 0.90 -18% 247
(mm) low S periods 108 200 0.83 -70% 157

dry periods
- | r-squared = 0.83 o Figure 6: validation
slope = 0.74 e of model
: performance. All
data points are
from hold-out data
(n=300). X-axes are
of actual values
. : . . calculated using
0 1 2000 4000 recession analysis
wet pe riOdS and y-axes are of
i N estimated values
using the random
forest model. Left
plots are of K and
right plots are of S.
Top plots are
estimates during
: ‘ . ‘ . o . . low S periods and
-4 -3 -2 -1 0 1 2000 4000 bottom plots are
log10(K) - cm/s S-mm estimates during

high S periods.
actual values igh S periods

r-squared =0.89 .~

4000

S -mm

2000

!

r-squared = 0.9

r-squared = 0.92
slope = 0.86

slope =0.88 .

4000

2000

— modeled values
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Section 4: Discussion

Section 4.1: Effective K

Model estimates of effective K spanned fewer than 5 orders of magnitude, within the range of
values expected of permeable and semi-permeable materials (Table 4). Indeed, the effective K of most
watersheds was greater than the global geometric mean of K for unconsolidated materials [Huscroft et
al. 2018]. This relatively tight range of relatively high values of K across the US may seem

counterintuitive, given that the hydraulic properties of (un)consolidated materials commonly found in
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the landscape may span more than ten orders of magnitude [Heath 1983]. Instead, these results should
be seen to highlight the axiomatic principle that (im)permeable materials are (im)permeable. That is, a

majority of baseflow is everywhere dependent on materials with a relatively narrow range of relatively
high K values, because water stored in low K materials does not flow to streams efficiently.

Table 4: summary of modeled values of K and S for the continental US.

Min Q1 Med Mean Q3 Max
log10(K) high S periods -3.6 20  -14 -1.5 -0.9 -0.1
(cml/s) low S periods -3.7 25  -19 -2.0 -1.5 -1.0
S high S periods 71 216 316 430 510 3355
(mm) low S periods 5 35 80 138 176 2176

Our model suggests climate plays a strong role in governing effective K in watersheds in the
continental US. Indeed, the “100th meridian” that delineates the arid West (where PET > PPT) from the
humid East (where PET < PPT) [Powell et al. 1879] is readily apparent in the estimates of effective K
during low S periods (Figure 7, top). Climate controls on effective K are driven by two independent
processes. First, water facilitates the weathering of bedrock and enhances soil structure through
increased biomass and bioturbation; each of these processes is known to increase the hydraulic
conductivity of substrate by order(s) of magnitude [Fatichi et al 2020]. More fundamentally, because
most watersheds are heterogeneous and because highly conductive hillslopes (or aquifers) drain more
quickly than less conductive hillslopes (or aquifers), streamflow becomes increasingly dependent on less
conductive hillslopes (or aquifers) during extended low S periods [e.g., Clark et al. 2009]. This process
drives down the effective K of a watershed as it dries out [e.g., Binley et al. 1989], as is evident for nearly
all watersheds in this study (Figure 7). Our results contrast with the analysis of Hirmas et al. [2018] who
found that the effective porosity (and therefore K) of soils was positively correlated with hotter, drier
conditions in the continental US. A likely explanation for our contrasting results lies in our underlying
assumptions: while their approach explicitly ignored organic material and the bedrock interface, our

approach explicitly ignores all materials which do not substantially contribute to streamflow.
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Nevertheless, both their study and ours reach the important conclusion that climate has a strong
influence on the hydraulic properties of the subsurface, with implications for water-cycle feedbacks

under a changing climate.
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Figure 7: modeled estimates of the effective saturated hydraulic conductivity (K) of HUC12 watersheds.
Effective K during periods of low storage is given in the top figure, and during periods of high storage in
the bottom figure. Units are in cm/s.
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Section 4.2: Effective S

S is primarily a function of climate and topography in our model. The lowest values of S are in
the low topography regions of arid Great Plains west of the 100th meridian, while the highest values of S
are in humid and mountainous regions like the Pacific Northwest and southern Appalachian mountains.
Similarly, the greatest changes in effective S are in high topography regions with strong seasonal
patterns in PPT, especially where annual recharge is dependent on spring snowmelt, as in the California
Sierra Nevada and the Rocky Mountains of Idaho and Montana. While the effects of climate on S are
readily apparent, it is important to recall the specific definition of S used here and its relationship to
topography: S is the drainable groundwater that may sustain streamflow within a particular watershed.
Soil water is not included in S, nor is any groundwater that is either deeper than the watershed outlet or
is of insufficient hydraulic head gradient to sustain measurable surface flow. This definition has two

important implications for the use of our data in models.
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Figure 8: modeled estimates of the effective drainable storage (S) of HUC12 watersheds. Effective S
during periods of low storage is given in the top figure, and during periods of high storage in the bottom
figure. Units are in mm.
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First, a difficulty in the implementation of groundwater modules in large-scale hydrologic
models has been the long spin-up times required for annual-average groundwater storage volumes to
equilibrate, especially in arid regions [Yang et al. 1995, Niu et al. 2007, Ma et al. 2017, Gan et al. 2019].
By masking immobile water and potential storage volumes which have not actually contributed to
baseflow during the historical record, our results may be used to constrain potential active storage
volumes to ranges that are much narrower and more realistic. Our ranges of mobile S of 70-3400 mm
and 5-2200 mm during periods of relatively high and low storage contrast sharply with the much higher,
universal global maximum parameterization of 5000 mm that is common in the Community Land Model,
Version 4.5 (CLM4.5) [Oleson et al. 2010] and Noah-Multiparameterization Land Surface Model (Noah-
MP) [Niu et al. 2011, Brunke et al. 2016], for example. Further, our results of effective S are comparable
to recent global estimates of modern groundwater storage [Gleeson et al. 2016] as well as recent
estimates of the total drainable storage of the Mississippi River Basin [Ehalt Macedo et al. 2019]. By
providing a realistic upper limit to mobile groundwater storage for all watersheds in the continental US,
these data may be used to reduce model spin-up time considerably.

Also, considering mobile groundwater as a unit of storage distinct from deep, immobile
groundwater has important implications for watershed response to climate change. Models that fail to
distinguish mobile storage from deep, immobile storage [e.g., Niu et al 2007] may underestimate the
effects of relatively small losses in total groundwater storage on streams that depend on mobile storage
in highly conductive, relatively shallow aquifers. Even small losses of baseflow to streams may have
major implications for temperature, quality, connectivity, and extent that are essential to their biological
integrity and to managers of water resources [Allan and Castillo 2007, Botter et al. 2013]. Conversely,
calculating baseflow as free drainage from all deep groundwater storage within a watershed may
overestimate the loss of groundwater during extended low S periods by allowing streams to continue to

drain groundwater long after the hydraulic head gradient in real watersheds would have reversed.
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Section 4.3: Limitations and Future Efforts

Our sensitivity analysis shows that estimates of K and S varied by only a factor of less than 3 in
relation to changes in scalars of L (i.e., the length of the stream network) from 0.5 to 2.5. While this
magnitude of change in K and S is relatively small compared with the range of values of K among
watersheds (4 and 2 orders of magnitude, respectively), dynamic values of L may account for much of
the change in values of K and S between periods of high and low storage. In some watersheds,
streamflow recession may be controlled in part by an expansion and contraction of the stream network
[Biswal and Marani 2010] rather than by hillslope hydraulics. Similarly, the fraction of a watershed which
actively contributes to streamflow has been shown to expand and contract in response to climate
factors [Nippgen et al. 2015]. Therefore, some of the change in the values of K and S between periods of
high and low storage may be an artefact of the contraction of both the stream network and the active
contributing area of the watershed. Interestingly, while catchment area (A) was included as a potential
independent variable in all random forest models, it was a significant contributor to estimates only of K
during low S periods, suggesting that these results are nonetheless robust across scales.

Our methods also do not account for the potential import or export of water by deep regional
flow paths, i.e. “leaky” groundwater systems [Fan et al. 2019]. For instance, many of the watersheds
used to develop this model are generally in headwaters and unlikely to receive substantial regional
groundwater influx. Our methods do not account for deep regional flow paths which may generate a net
export of groundwater in hilly headwaters and a net import of groundwater in downstream flatter
regions [e.g., Toth 1967]. This in part may explain the low values of S and high values of K estimated in
the High Plains and the Coastal Plains, where low order streams are dependent on baseflow from
shallow sediment and riparian aquifers, though some higher order streams may be sustained by regional

groundwater flow.
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The primary motivation for limiting this study to the continental US is data quality and
abundance. While global datasets describing climate and geomorphology comparable to those used in
this study are available, their resolution and accuracy is generally much poorer. For example, the
summary variables provided Wieczorek et al. [2018] use SSURGO [SSURGO 2019] soils data that
estimate soil texture, hydraulic properties, and depth at a resolution of 10 m for the US, while global
datasets offer much more limited descriptions of soils [Hengl et al. 2017], permeability [Huscroft et al.
2018], and depth to bedrock [Shangguan et al. 2017] at resolutions of 250m to over 1km. For instance,
we did attempt to include the unconsolidated material permeability parameters available in Huscroft et
al. [2018], but while they were significantly correlated with K and S, they were not nearly as strongly
correlated as similar variables available in SSURGO and ultimately did not meet our selection criteria for
building our models. Extension of our methods to the global scale is therefore feasible, although much
work would need to be done to constrain uncertainty.

Section 5: Conclusions

We estimated the effective hydraulic conductivity (K) and effective drainable storage (S)
of all minimally impacted USGS-gauged watersheds in the continental US during periods of high S and
low S. Using machine learning methods, we predict K and S for all watersheds in the continental US at
the HUC-12 scale. We find that typical values of effective K are roughly 2 orders of magnitude higher
than is predicted using soil texture data alone, highlighting the importance of soil structure and
preferential flow pathways. Typical values of effective S are more than an order of magnitude lower
than commonly used global maximum storage volumes. These data may be used to constrain regional
hydrologic models and Land Surface Models to more hydrologically realistic parameterizations and to

reduce model spin-up time.
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