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Key Points (< 140 characters each)

1 Analytical depletion functions (ADFs) are tools to estimateashflow depletion caused
by groundwater pumping within real stream networks

1 ADFsusestream proximity criteriagepletion apportionment equations, amalytical
modelsto provide distributed estimate of depletion

1 ADFsareable to identify mosaffected strearfor > 70% of pumping wells with mean
absolute errok 15% of predicted range of depletion
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Abstract

Reductions in streamfl ow admnfel otwo dgerpol uent diynwoant 6e)r

impactwater users and aquatic ecosystémsare challengintp estimate due to the time and
expertise required to develop numericaldelsoftenusedfor water management. Here, we
developanalytical depletion functionsyhich are simpler approaches consisting)ostream
proximity criteria which determinéhe streamsegments impacted by a weil) a depletion
apportionment equation which distributes depleiorongimpadedstream segments; and (iii)
an analytical model to estimate strelwf depletionin each segmentVe evaluates0 analytical
depletion functiongia comparison to an archetypal numerical maahel find that analytical
depletion functionpredict streamflow depletiomore accuratg than analytical modelslone
The choice of a depletion apportionment equatias thdargestimpact onanalytical depletion
function performanceandequations thatonsider stream network geometry perform bEsé
bestperforming analytical depletion functim@mbinesstream proximity criteria which expand
through time to account for the increasing size of the capture aovet) squared depletion
apportionment equation which considers stream geometry, and thaméiytical model which
includes streambed rewsce to flow Thisanalytical depletion functiocorrectly identifieghe
stream segment most affected by a w&lD% of the timavith mean absolute error < 15% of
predicted depletioand performs besor wellsin relatively flat settingsvithin ~3 km d
streamsOur resultsndicate that analytical depletion functiomsy beusefulwater management
decision support tosin locations where calibrated numerical models are not available.

Plain LanguageSummary

Groundwater pumping can reduce streamfl ow
determine which streams will be affected by a well and how reach stream will be depleted.

In this studywe developandtest simplgoolscalledanalytical depletion functionhat can be
used to estimate streamflow depletion in+walld settings where more complex models or field
estimates are not available. We find that anedytilepletion functionaccuratéy predict which
stream will be most affected by groundwater pumpingfé0% of wellsandaccuratéy
estimatehe amount of depletiofhus we conclude that analytical depletion functions are a
useful toolto provide rapid, screenidgvel estimates of streamflow depletitom water

managers in areas where more complex approaches are unlava@iaintegrating analytical
depletion functionénto online decision support toglis will be possible for nomexperts to

quickly estimatereductions in streamflow caused by groundwater pumifparg existingandbr
proposed wells
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1 Introduction

Effective conjunctivamanagement of surface water and groundwater requires
information about the impacts of groundwater pumping on sftearmwhich is oftenpoorly
known Groundwater pumpingeducess t r eamf | ow ( 6 st byeaptuiigl ow depl e
groundwatemwhich would haveotherwisedischargd into streams anducing infiltration from
the stream into the aquif@arlow et al., 2018; Bredehoeft et,d982) This can have negative
consequences @urfacewater users and aquatic ecosystelnash ofwhich dependn a stable
contribution of groundwater to streamfl¢@leeson & Richter, 2017; Larsen & Woelfle
Erskine, 2018; Perkin et al., 2017; Rohde et al., 2017, 2bb8)ever, quantifyingtreamflow
depletionis challenging duéo the complexity of modeling groundwatsurface water
interactions(Barlow & Leake, 2012)To guide sustainable water management, it is critical to
developapproaches to estimate streamflow depletiaican allow local water managers to
make informed decisions on groundwater withdrawals in a variety of sgfiifigte et al.,

2016)

Streamflow depletion can be modeled using numerical or analytical n{ddble S1;
Zipper et al., 2018. Numerical modelge.g. MODFLOW) are procedsased representations of
the physics governing groundwater flawd are therefoneleal forlocal water management
applicationssuch asstimatingstreamflow depletionrHowever the time, expertisand financial
costsassociated witlheir developmentake themmpracticalfor most areaaround the world.
Analytical models offer water managers a simpler approaektimaé streamflow depletion,
butdo not simulate most afie processesral reatworld complexity included in numerical
models.Dueto the relativeease of implementing analytical models, they have been suggested as
a path towards developing reahe, webbased conjunctive management decision support tools
in locations whereumerical models do not exi@iluggins ¢ al., 2018) The only functional
example the authors are aware of is the Michigan Water Withdrawal Assessment Tool
(http://www.deg.state.mi.us/wwatwhich integratea streamflow depletion modetith a fish
ecological mode&nd is a required step approveproposals that permitew or increased large
guantity withdrawal from the surface or groundwdtéamilton & Seelbach, 2011; Reeves et al.,
2009, 2010; Zorn et al., 2012)

Giventheir practicality numerous analytical models have been develtpediculae
streamflow depletion for different hydrogeologicahditions(reviewed in Huang et aR018
and Hunt, 2014)Mostanalytical modelsassume either one or two linear streams with aquifers
extending infinitely away from the streathough sme analytical models have been deped
for more complex settinggor instanceYeh et al. (2008provide an analytical model for a well
between two intersecting streams, &idgh (2009for a well next to a stream with a rigangle
bend.Despite these advancékere are still mangealworld settingsgn which even the most
complexanalytical models canngredict streamflow depletion, such@smains with > 2
streams or sinuous stream netwofBarlow & Leake, 2012)

In these complexealworld settingsrecent work Bs suggested integratiagalytical
models with depletion apportionment equations, which are geometric methods used to distribute
the impacts of pumpmamongstream segments within the surroundstiggam networkReeves
et al., 2009; Zipper et al., 2018ap use depletion apportionment equatioms,suggesit is first
necessary talentify the subset ostreamswithin the domain whictmay be impacted by wel
usingstreamproximity criteria Here, weantroduce the termanalytical depletion functioto refer
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to the combination of an analytical model with a depletion appuortent equation calculated for
streams meetingg@ivenset ofstream proximity criteria

For use in water management decismaking, it is necessatg rigorously evaluate the
performance of analytical depletion functiorwever many aspects @fnalytical depletion
functionsremainuntestedparticularly their performance under transient conditibnsing the
development of the Michigan TodReeves et a[2009)found that the best match to numerical
model results was thdéunt (1999)analytical model witlan inverse distaneleased depletion
apportionment equatiamsing adjacent catchmerasthe streanproximity criteria However,
this comparison was only conducted for a single timestep (after 5ofgarmping and a single
stream in MichiganSubsequentlyZipper et al(2018)) tested 5 depletion apportionment
eguations across a range of stream network geometigrgtish Columbiaand foundthat
depletion apportionment equatsxnvhich considers stream network geométegt matched
numerical model resultscrass several stream network and aquifer configuratidosiever, this
comparison was under steashate conditionand therefore did natvestigatadifferentstream
proximity criteria,analytical modelsor performance through time

Here,we conduct systematic evaluation of the performance of analytical depletion
functionsandeach otthe componentganalytical model, depletion apportionment equation, and
stream proximity dteria) under transient conditions orderto advancehe utility of analytical
depletion functions as a potential decissupport toal Specifically,we investigatehe
guestiors:

(1) How does the choice of analytical model, depletion apportionment equation, and stream
proximity criteriaaffectthe performancef analytical depletion functic?

(2) How does the performanad analyticaldepletion functions change through tioneder
transient conditions?

(3) What are the primariandscapettributesassociated with errors in analytical depletion
function®

2 Formulation of analytical depletion functions

We define a analytical depletion functioasthe combination othreecomponents
shown inFigure 1 stream proximity criterigSection 2.}, a depletion apportionment equation
(Section 22), and an analytical streamflow depletion model (Secti8h Birst, thestream
proximity criteriaareused to identify all stream segmetitat may be affected by a given well
(Figure 1 Sep J). Second, the depletion apportionment equation is used to estimate the fraction
of total depletior{(fi) which is apportioned to each stream segurienteetingthe stream
proximity criteria(Figure 1, Step 2)Third, the analytical model is used to estimate the
volumetricstreamflow depletiomate ignoring other stream segmef@s) for each stream
segmenmeetingthe stream proximity criteridFigure 1, Step 3)Finally, for each stream
segment the estimated deplet{@u) as a fraction of the pumping ra@w) is calculated as the
product of he fraction of total depletioastimated using the depletion apportionment equations
and the streamflow depletion rate estimated using thetaralynodel(Figure 1, Step 4;
Equation 1):

00 {Eq. 1}
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Qd, is known aglepletion potentia{Barlow et al., 2018; Fienen et al., 20B8)dis between 0%
(streamaquifer flux is unaffected by pumping) and 100% (the change in stagaifer flux is
eqgual to the pumping ratéllable 1summarizesymbols and abbreviations used throughout the
manuscriptAnalytical depletion functiosare availake as part of the streamDepletr package for
R (Zipper, 2019)

2.1 Streamproximity criteria

Stream proximity crieriadefinethe streamsegmenrg which couldpotentially be depleted
by a given welland to our knowledge have never been explicitly defined or tested in previous
work. In this study, weleveloped and evaluatéide stream proximity criterigFigure 1 Sepl):

Thewholedomainstream proximity criteriarethe most permissive and use all stream segments
within the domair(Figure 2a)whichis described in Section 3.

Thelocal areastream proximity criteriaetainany stream segment withanspecified distanoaf

thewel (rinFigure1l,Stepl) Thi s i s based oforatwdlevhiahIstobec al ar
area in which the effects of pumping are likely to impact stré&eisstein et al., 2016; Fienen

et al., 2016)We define our local area by calculatidgublethe maximum distance from any

land point to the closest stream segnveititin our domain (SectioB.2), which ensures that 1

stream segmentgepotentially affected by each well

Theadjacentstream proximity criterigoroposedy Reeves et al. (2009etain all stream
segmentsn the catchment containing the well and neighbodaighmentsTo identify which
stream segments aadjacent tahe well, we use the stream segments with-zeno depletion
fractions estimated by the Thiessen Polygon depletion apportionment eqaaésedtion 22).

Theexpandingstream proximity criterigintroduced in this studyses the analytical model
(Section 23) to determine the maximum distance from a well with a depletion potential of at
least 1% fotthe timestep of interesind retains all stream segments within this distance of the
well (r in Figure 1, Step 1)Unlike thewhole domainlocal areaandadjacentriteria(which are
static through timp theexpandingcriteriaretain more stream segmeatdater timestepsVe

also evaluated the sensitivity thiese criteria téthe 1% threshold(Section3.6).

Theadjacent + expandingtream proximity criteria combirtbe adjacenandexpandingcriteria
by considering any stream segment that is eith#rdonatchmentontaining omeighboring the
well (adjaceny, or within themaximum distance with a depletion potentid% at a given
timestep €xpanding. Thus, when thexpandingadius is very small (e.g. shortly after the start
of pumping), the results are identical to #tgacenmethod, and when thexpandingadius is
very large the results are identical to éxgpandingnethod.

2.2 Depletion apportionment equations

We evaluated the same five depletion apportionment equatsahgper et al(2018).
We brieflydescribedhemhere (Figure 1 Step 2:

TheThiessen polygofEquation2) is an aredased, rather than distaAcased, depletion
apportionment equation. It uses two overlapping seth@sserpolygons The first set of
polygons is createdsing the points on each stream segment closest to the well, so there is one
polygon corresponding to each stream segment. The second set of polygons is created using the
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179 point location of the well in addition the poins on each stream segment closeghie well. For
180 each stream segmeftis calculated as:
N )
Q = {Eq. 2
181 wherea; is the area of the polygon for stream segnémim the first setvhich overlaps with the
182 polygon from the second set containing the veeiljaw is the area of the polygon from the
183 second set which contains the w@ligure 1, Step 2Because this is an arbased method, the
184 depletion apportionment results from this method are the same for all stream proximity criteria.

185 Theinverse distancandinverse distance squaretpletion apportionment equations
186 (Equation3) weight depletioracross diffeent segmentsased on the inversd the distance
187 between the well and each stream segment

P

Q

B ; Qi {Eq. 3}

188 wheredis the horizontal distance the closest point oeach stream segment from the veadlin
189 Figure 1 Step 2 is the number of stream segments meeting the stream proximity ¢iaieaia
190 is a weighting factor used to define inverse distameel) or inverse distance squared<2).

191 Thewebandweb gjuareddepletion apportionment equatiofisquationd) are similar to

192 the inverse distance and inverse distangmged approaches, but instead of using only the point
193 on each stream segment closest to the welldhage each strearmegmentnto a series of

194 equally spaceds(m) points and then weight depletioased orall of these pointgFigure 1, Step

195 2). By dividing each stream segment into a series of points, the web and web squared methods
196 apportion depletion based on the length of each stream segment which is consistent with

197 analytical model theory developed for streams of finite leigttiet et al., 2002)For each

198 stream segment, the fraction of total depletion apportioned to that segnigin,calculated as:

. P
o B A Qj
B § B j o {Ea. 4
Qp

199 wheredis the horizontal distance to each stream segment from thePviglihetotal number of

200 points into which a stream segment is subdivigked the number of stream segments meeting

201 the stream proximityriteria, andw is aweighting factor used tdefineweb (v=1) or web

202 squaredW=2). We didnot conduct a systematic sensitivity analysithefpoint spacing in the

203 present study, but exploratory analysis indicated this spacing does not have a large impact on the
204  results.

205 Only two studies we are aware of compared the performance of depletion apportionment
206 equations. Reeves et al. (2009) compared 9 different methods with results from the Kalamazoo
207 Valley (Michigan) numerical groundwater model and found that the inversackség@proach

208 performed the best, which was then implemented in the Michigan Water Withdrawal Assessment
209 Tool. Zipper et al. (2018 compared depletion apportionment equations among several

210 different drainage densities, topographic conditiond,racharge rates around Nanaimo, British
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Columbia (Canada), and foutftht the vebsquared method best matched results from a
numerical model under steadtate conditions.

2.3 Analytical streamflow depletion models

Of the dozens of existing analyticgtleamflow depletion models (reviewed in detail by
Huang et al., 2018)e selected two for comparison. The first, referred to as the Glover model,
is described iGlover & Balmer(1954) The second, refexdto as the Hunt model, is described
in Hunt(1999) These two models were selected comparisordue to their widespread
application(for example, the Hunt model is used by the Mieim Water Withdrawal Assessment
Tool) and contrasting representatioinsarface water features as described beloke most
analytical models, dththe Glover and Hunhodelsassume single linear streawriented
perpendicular tohe dominant flow field ira homogeneous, isotropic aquifer of infinite
horizontal extent with no vertical groundwater flommong othesimplifications

The Glover method assumes that streams fully penetrate the aquifer and that there is no
resistance to flow through the strdaed. Based on these assumptioneGlover model defines
streamflow depletion rat€a, in a stream segmefdr agiven pumpingvell as:

00 O 'ZAO/EA—:D {Eq. 5}
Vw LU Vo q.

whereSis the aquifer storage coefficient (specific yield in an unconfined aquifes)the
aquifer transmissivity is the time since the start of pumpjmendd andQw are as defined
above

In contrast, the Hunt method assumes that streams papegbtrate the aquifer and that
there is a streambed clogging layer of a finite thickna$sGd hydraulic conductivityK)
impeding exchange between the aquifer and the stri@ased on these assumptions, the Hunt
method defines depletion potential fogiven pumping well | as:

~XQ 0 ~Q
06 0 0zAOEA—, AQ?— AO/EA=— o

Eqg. 6
Y0 Y'Y c Y Y'Y {Eq. 6}
whereads the streambed conductandée strgambed conductance is defined as:
U
§ Z -_—
- L= {Eq. 7}

wherew; is the width of thestream segmentThe Huntmodel will always estimatiessdepletion
than theGlovermodel, though when the streambed conductance term is largertighor
smallbyr) the two models provide similar output. For both the Glover and Hodels, we also
usal the principle of superpositiodenkins, 1968jo modelQa under intermittent pumping
schedules (Sectioh3).

3 Evaluating analytical depletion function performance

To evaluate the performance of the analytitgdletion functionswe compared them to
modeloutput from & archetypahumericalmodel(described irSection3.2) based orthe
Navarro River California) developed for this studrchetypalnumericalmodels are simplified
representations of realorld environments intended to isolate specific processes of interest
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(Table S1Zipper et al., 2018 andhave many advantages over calibrated;specific models
for the evaluation of analyticdepletion futions Mostimportantly,archetypal numerical
modelseliminatesite-specificcomplexityunrelated taur researclguestiors to develop
generalizable understandingtbe importance of procesmsed representationssifeamflow
depletionvia a canparison between the two modeling approac@gen these advantages,
archetypal models have a long history of use in hydrogedBigpdehoef& Kendy, 2008;
Kendy & Bredehoeft, 2006; Lamontaghiallé et al., 2018; Toth, 1963; Zipper et al., 2017,
2018b)

3.1 Testdomain

We testedur analyticaldepletion functionsising amarchetypahumericalmodelbased
onthe Navarro River Watershed, an 816%kmatershed in Mendocino County, California, USA
(Figure 2 HUC1801010804 in the US National Hydrography Da)aSgteamflow in the
Navarro River is highly seasonal, with high flows during the winter rainy s€éBsmember
April) and flow sustained primarily by baseflow during the summer dry sekepré S1
FigureS2). While the Navarro River formerly contained excellanadromous fishabitat,
increases in stream temperature and sedimentation in recenhgearsontributed to a decline
in salmomd populations and subsequent classification by the US Environmental Protection
Agency as a fAwat er JNodh CoastyRedgionahWatereQiialiw@roler body
Board, 2005)

Human land use in the Navarro River Watershed incltidgserland(~70%) rangeland
(~20%) agriculture(~5%), andsparseural residentia(North Coast Regional Wer Quality
Control Board, 2005)The footprint of irrigated agriculture has expandedr the past 50 years,
with vineyards ashe largest water usefslcGourty et al., 2013)Additionally, the Navarro
Ri ver Watershed is part of the O6Emerald Trian
and Trinity Counties) which is home to widespread cultbrabf cannabisandsurface water
andgroundvater use associated witannabigultivation isan emergingnanagement concern
(Carah et al., 2015)

3.2 Numerical model

The basis of our archetypal numerical model was the Navarro River Watershed (Figure
2), including all adjacent HUC12 watersheédsvoid potentieimpacts of boundary condins
on the model result8Ve used the FloPy package for PytiiBakker et al., 2016, 2018) build
a simplified model of the domain usitige MODFLOW-NWT finite-difference groundwater
flow program(Figure 2b; Niswonger et al., 2013/esimplified domain complexit basedn
our archetypal modeling approach (Table &)t conceptual model for the archetypal model is
a homogeneous subsurface with losing streams at high elevdteatbvatersand gaining
streams at low elevations (valley bottoms), whHemmogeneousecharge antioth vertical and
lateral flow are driven primarily blgydraulichead As such, ounumericalmodel does not
represenpotentialsite-specific features such as subsurface heterogeneity, spatial variability in
recharge, oexisting groundwater/surface water withdrawalsese simplificationsare
appropriate for our research questions as the focus of the present study was the comparison of the
numerical and analytical approaches for a generalized assessment of sensitivity analysis of
analytical depletion functions under transient conditions, rdlfam a sitespecific assessment of
the Navarro River Watershe@ngoingwork in other regionss investigaing the impacts of
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287 subsurface heterogdtg recharge variability, and other sépecific factoron the performance
288 of analytical depletion functions via a comparison wahbratedmodes.

289 Thedomain was discretized at 100 m x 100 m lateral resolution widrtieallayers for

290 atotal of 1,112,555 active grid cells. Vertically, the top of the model domain was set to the land
291 surface elevation at the center of each grid cell from the National Elevation (jkigaet 2).

292 Each of he top 4 model layers had a thickeef 20 mand the bottom layer had a variable

293 thickness with a constant bottom elevation of 100 m below sea Byvelcludingmultiple

294  layersin our MODFLOW modelweare able to test the performance of the analytical depletion
295 functions in settigs where vertical floveanoccur, whichviolatesanassumptionn the

296 analyticalmodels that all flow is horizontéGlover & Balmer, 1954; Hunt,999) and therefore
297 assess the importance of this and other simplifying assumptions in the analytical ilbdels
298 model layers were unconfined and capable of drying amkteng as necessary. The subsurface
299 was defined as homogeneous véthorizontal saturated hydraulic conductivigs) of 10°m s

300 ! vertical hydraulic conductivityky) of 10° m s, and specific yieldS)) of 0.1to represent

301 coarsegrained siliclastic sedimentary rodygical of the regior{Gleeson et al., 2014)

302 Surface water boundary conditions were defined at all cells including secd@dor
303 higher streams in thdS National Hydrography datasg@tigure 3 based on the HorteStrahler
304 order The stream network within the model domain is divided into 485 segnefrwhich 175
305 arepart of the Navarro River Watershadd 310 are in the surroundiadgjacentatersheds
306 (Figure 2) We used theiver packaggRI1V; Harbaugh et al., 200@) represent surface water
307 featuresFor comparison, we aldmilt an archetypahumericaMODFLOW modelrepresenting
308 stream features witthe surfacevater routing pekage (SFR2Niswonger & Prudic, 2005)

309 whichroutes flow through a network of stream channels and allows for overland flow input to
310 the streamsthese results are preded in the supplemental informatiofVe defined the width of
311 each stream segment using a-specific empirical relationship (Figu&3), estimated riverbed
312 conductanc@s10% of the horizontal hydraulic conductivity the aquiferand used constant
313 river depth of 5m due to a lack of data about this paraméterocean along theest edge of
314 the domain was a specified constant head boundary (CHB) at an elevation Dh@ather

315 lateral model boundaries were all-flow boundarieexcept where a RIV or SFR cell reached
316 theedge of the active domain.

317 Since previous work has shown that spatial variability in recharge rates has a negligible
318 impact on the magnitude and distribution of streamflow deplékemstein et al., 201&nd

319 agriculture represents only 5% of the land use in the wate(bloeth Coast Regional Water

320 Quality Control Board, 2005e elected to simplify recharge dynamics in our archetypal model
321 by ignoiing potential return flow from pumping@roundwater recharge for the domain was

322 spatially uniform angbrescribedn the RCH packagas 150 mm yt, which is equal to the lorg
323 term annual average baseflofigure S). We divided recharge evenly (30 mm ®)@mong the
324 5 months constituting the rainy season (Decerpeil; Figure S2), and set recharge to 0 mm

325 motduring the rest of each ye&or the SFR2 packagehich allowsan overland flow input,

326 we calculated the mean monthly difference betwetal streamflow and baseflowigure S)

327 andconvertedhisto a volumetrianflux for each segment usirtige direct drainage area to each
328 segmentSince we do not have any field measurements of overland flow, we were not able to
329 evaluate the accuracy of this approach, but during the summer monthbagediow is critical

330 and pumping impacts are most important the overland flow influx was negligibimmmonth

331 lin July-September and <10 mmonth! in May-October)
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332 We used a mukstage spirup to ensure the groundwater and surface water components
333 of our models had reacthi@ dynamic equilibrium prior to beginning our pumping experiments
334 (Somers et al., 2018; Zipper et al., 2018hjst, we ran a steaebtate simulation with no

335 pumping and recharge rates defined addhgterm average annual baseflow (150 mm)yr

336 Using these steaestate results as initial conditions, we then ran the model fory@&0

337 transient spirup. To ensure the model reached a dynamic equilibrium, we calculated the annual
338 range in river leakage and found <0.1% change between yearsdnytio¢ the spirup

339 simulation for both RIV and SFR (Figugs).

340 3.3 Pumping scenarios

341 To test the impacts of groundwater pumping on streamflow in a systematic manner, we
342 created a grid of 113 synthetic pumping wells within the Navarro River Watershed which were
343 simulated using the MuHNode Well packag@dINW2; Konikow et al., 2009)Well screens

344 started at the water table elevation from a stesdg simulation and extended 50 m below this.
345 The MNW2 package allows for pumping from multiple layers if necessary and thensfitse

346 could either be fully contained in one model layer or span up to 3 model layers. These synthetic
347 pumping wells were creatdry making a grid of pumping wells with 1000 m spacing (10 grid

348 cells in ¥ and ydimensions), excluding any pumping wells that were placed in grid cells

349 containing stream features, and selecting evBnyéll for simulations as a compromise between
350 simulatingmany wells and minimizing computational time (Figure 2b).

351 We conductedwo transienpumping experimentssing these wellt test the

352 performance of thanalytical depletion functiongl) continuous; and (Adntermittent. Both

353 transient experiments were 10 years in length. For the transient continuous experiment, we began
354 pumping in May (the beginning of the dry season; Figure S2) and pumped at a constant rate for
355 116 montls until the end of the 1gear simulationFor the transient intermittent experiment, we
356 turned pumps on during the typical irrigation season of-rteber(Bauer et al., 2015)n

357 each experiment, we turned wells on-@te-time at a rate of 2.63 x Pan® s (600 gallons

358 day') and compared to a baseline simulation with no pumping at anyGaglhabiscultivation

359 s aconcern in the Navarro River Watershed; this pumpingoatesponds to estimated water

360 use for an outdoor cannabis plantation with 100 plBdsier et al., 2015)This is larger than the

361 average number ofants at a typical outdoor grow site in the region (n=45), but well below the
362 maximum observed 757 plar{Butsic & Brenner, 2016)While cannabis water needgreused

363 to define our pumping rate, our results and analysis focused on depletion potential (Section 2
364 and are therefore broadly applicable to groundwater withdrawals foruapgse.

365 The primary variable of interest for comparison with analytical depletion functions was
366 depletion potential, or the change in the streayuifer flux following pumping normalized by

367 the pumping ratéTable 1;Barlow et al., 2018)To calculate depletion potential from our

368 MODFLOW model output, we calculated the change in net stagunfer flux into each stream
369 segment in the Navarro River Watershed while pumping each well relative to a simulation with
370 no pumpingFigure 2;Barlow & Leake, 2012)

371 3.4 Analytical depletion function input data

372 Analytical depletion functions require input data related to hydrostratigrdpisy, (
373 stream characteristice/( K, by), and wellstream geometrydf. We used the same inputs for our
374 analytical depletion factions and archetypal numerical modsel,that our comparisasolates
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theaccuracy of the analytical depletion functipregher than any sort of difference in parameters
between models.

For hydrostratigraphic propertigbe numerical model uses hydlia conductivity K) as
input and the analytical models uBavhich is equal t&n*b (whereb is the aquifer thickness).
Following Reeves et a(2009)andHuggins et al(2018) we defined for each wellstream
combination ashe differencen elevation between the steastate water table elevation and the
streambed elevatiaor the length of the well screen, whichever is gredteereforepb canvary
for each wellstream combination in our domaiis in the archetypal numerical mddeve used
a homogeneoush (=10° m s?) andS(=0.1)to avoid sitespecific complexity

For stream characteristics, we developed an empirical relationship to predict stream width
as a function of the drainage areanbgnually measuring river width for 20 segments using
Google Earth imagery @ 0.67; FigureS3). Data onK, andby are rarely availablandthese
inputsare often estimated based on other quantiigge we did not have field measurements of
streambegbroperties for our domain, welfowed Reeves et al. (200@ndestimatedK: as 10%
of the aquiferos hor (K=eKrtePin sl andorasaconstant c onduc't
thickness ofimto matchthe numerical model.

We calculated thevell-streamdistanced, for each wellstream combination as the
horizontalEuclidean distance between the well and the closest @oitite stream segment
Sincewe mapped streams as a single polyline feature at the center of the stream thiannel
will overestimate the welitream distance (and therefore an underestimate of streamflow
depletion) since the bank of the stream will always be one streaiwili#if closer to the well
than the stream center. In our domain this was not a significant corezznusle the stream half
width was <5% of the welitream distance for 99.6% of wslream combinations, but in
settings where streams are very wide and/or wells are very close to the stregnbé
necessary to use a wslream distance correspondinghe distance to the streambank

3.5 Analytical depletion function output amerformance metrics

The output from the analytical depletion functions is the magnitude of streamflow
depletion (expressed as depletion potenitie®ach stream segmentay 10 dayswhich is
calculated separately for every synthetic pumping wellexample for a single wedit a single
timestep is shown iRigure 3(as well as Figur&5and FigureS6), andtimeseries output is
shownin Figure S7Since wetestedthe impacts 013 wellson 485 stream segments over 10
years, thipproduced approximately ~28illion estimates of streamflow depletiéor each of the
50 analytical depletion functiorf{s1 billion total estimates of streamfloglepletion)

To synthesizend evaluat¢these datave identified four performance metrics intended to
capture different aspects of analytical depletion function performahiod were calculated at
each output timestejVe calculated each of these penfiance metrics for all analytical
depletion functions and compared across different combinations of stream proximity criteria,
depletion apportionment equations, and analytical models to determine the senhsidaith
component and identify which analytical depletion function had the best overall performance for
our domain.

Theperformance metrics are:

1. Spatial distribution oprimary impact,defined asaccurate identification of the stream
segmenimost affected by a welVe quantified thiss the percentage of wells for which the
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418 stream segment with the greatest depletion poterialicted by the analytical depletion
419 function matched the stream segment with the greatest depletion pgissdiated by the
420 MODFLOW model.

421 2. Magnitude ofprimaryimpact,defined as the accuracy of the predicted depletion potential in
422 the most affected stream segment. We quantified this aseahe absolute error (MABetween

423 the depletion potentiastimated by the analytical depletion function and the MODFLOW model
424  in the most affected segmenbrmalized by the range in depletion potential among all wells
425 predicted from the MODFLOW modealVe normalized MAE to account for the fact that larger
426 absolde errors are more common but less problematic at higher predictions of depletion

427 potential (e.g. an error of Oid less problematic for a predicted depletion potential off@B8 it

428 s for 0.2.

429 3. Spatial distribution of overall impactdefined aghe accuracy of the predicted depletion

430 potential across the entire domaie quantified this as the KlirRGupta EfficiencyKGE;

431 Gupta et al., 2009)etween the depletion potential estigthby the analytical depletion function
432 and the depletion potential estimated by the MODFLOW mdded.KGE is a hydrological fit
433 metric related to the Nasbutcliffe Efficiency which integrates correlation, bias, and variability
434 between the two methodsitiv1.0 being a perfect fit and lower values indicating worse

435 performance

VO0Op Yi p YT p YT ph {Eq. 8}
Y wﬁ Eqg. 9
I —h {Eq. 10}

436 where
437 r = Pearson correlation coefficient,
438 CV = coefficient of variation o&nalytical depletion functioraf or numerical modeinj,
439 ¢ = mean of analyticalepletion functior(a) or numericamodel(n),
440 <, Sy, andSs = scaling factorsisedto provide relativeveights associated with correlation,
441 variability, and bias, respectivelWe set these factoadl equal to 1 to weighgach typeof
442 error equally.

443 4. Magnitude of overall impactslefined as the accuracy of the predicted capture fraction, which
444 is equal to the cumulative depletion potential summealsaall stream segments from a given

445 well at a given timeste(Barlow et al., 2018)We quantified this as thHdAE between the

446 capture fraction estimated by the analytical depletion function and the capture fraction estimated
447 by the MODFLOW modelnormalized by the range in capture fraction among all virelts the

448 MODFLOW model

449 To evaluate the factors influencipgrformancewe calculated the praption of the total
450 mean squared error (MSE) caused by differenteorrelation, bias, and variabilityetween the
451 analytical depletion functimand the numerical modgkincethese different types of errbave
452  different management implicatio(Bipper et al., 2018apAs in Zipper et al(2018a) we

453 decompose these errors as followiagpta et al. (2009ndGudmundsson et al. (2012)

454  Specifically, we calculate the proportion of total M3ESE) caused by differences in

455  correlation MSE:; Eg.11), variability MSE/; Eqg. 12), and biasNISEs; Eq. 13):
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bvp e vt {Eq. 12}
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¢
b YD 3—YZ?h {Eq. 13}

456 wherel is thepopulation standard deviation.

457 3.6 Selectingbestperforminganalytical depletion function anerssitivity analysis

458 To select the begierforminganalytical depletion function, we chose the combination of
459 stream proximity criteria, depletion apportionment equation, and analytical model that performed
460 well across most of these criteria while still providing environmentally conservative estimates of
461 streamflow depletioto avoid overallocating water resources if used in a decision support

462 context.

463 Since we found that the web and web squared depletion apportionment equations, in
464 combination with thedjacent + expanding stream proximity criteria ansht-hnalytical model
465 consistently performed the best (see Secti@h weconducted an additionaheata-time

466 sensitivity analysis of two parameters: the percent threshold used to define the limit of the
467 adjacent + expanding stream proximity criteriag #he exponent used in the web and web

468 squared depletion apportionment equations. For the percent threshold, we varied over three
469 orders of magnitude: 0.01%, 0.1%, and 1%. Smaller thresholds would correspond to a larger
470 domain used in the expanding pontiof the stream proximity criteria. For the exponent, we
471 varied the exponent in Equation Zrom one to three at intervals of 0-Bhe web and web

472 squared depletion apportionment equaticmsespond tov=1 andw=2, respectivelyFigure 1)

473 Larger exponent values give more weight to stream segments which are closer to the well.

474 We alsocompare performance metrics for tHeestperforming analytical depletion
475 functionto various landscapetribuesand metrics describing wedtream geometrip identify
476 the conditions under which analytical depletion functions were most accurate

477 4 Resultsand Discussion

478 4.1 Sensitivityanalysis of analytical depletion functions

479 There is a wide variety of performance across all analytical depletion functions (Figure
480 S8 FigureS9). In the following sections, we exploperformances a function of eacstream

481 proximity criteria (Sectior2.1), depletion apportionment equati¢®ection2.2), and analytical

482 model (Sectior2.3).

483 4.1.1 Sensitivity to stream proximity criteria

484 Stream proximity criteria have relatively little impact predicting either the spatial
485 distribution Figure 4) or the magnitudd=(gure 4) of the primary impaadf a pumping well
486 but a large impact oboth the spatial distributior-{gure £) and magnitude={gure 4l) of
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overall impactsThe low sensitivityof primary impacts to stream proximity criteria occurs
because the primary impact will typically occur in a stream segment fairly close to the pumping
well of interest, and therefore this wellllae included regardless of stream proximity criteria

In contrast, the primary function of the stream proximity criteria is defining the total number of
streams included in the depletion apportionment equations; therefore, the stream proximity
criteriahave a large influence on the results encompassing the overall domain.

The performance of the stream proximity criteria is stronglycegtebythe number of
stream segmentstained The stream proximity criteria whighcludethe largest number of
stream segments (whole domghas the highest KGbut also the highest normalized MAE of
capture fraction; followed sequentially by criteria with decreasing numbers of stream segments
(local area, adjacent + expanding, adjacent, and expanding). As the tinasascaad the
number of stream segments included in the expanding criteria increases, it begins to perform
better than the adjacent stream proximity criteffigifre 4&). Despite the sensitivity ttne
number of stream segmentserall performancehanges only slightly when varyirtige percent
depletion potential threshold used to define the stream segments inclddedxpanding
stream proximity criterigFigureS10. Overall, a 1% thresholidr the agacent + expanding
stream proximity criteriperforms the best throughout the entire simulated period.

4.1.2 Sensitivity to depletion apportionment equation

In contrast to thetream proximity criteria, the depletion apportionment equations have a
strong impact on thgpatial distribution of the primary impaeind the web and web squared
methods correctly identify the most affected segment antially better than the othermletion
apportionment equations testétdgure &). The accuracy oiveb and web squared*80%in
the first several years before asymptoting at ~75% in the continuous pumping experiment and
~90% in the intermittent pumping experimgmeaning that these depletion apportionment
equations accurely identify the most affected stream segment most of the time.

Similarly, the web and web squared approa@tesalso théest at estimating the
magnitude of impacts in the most affected segr{fegure %). NormalizedMAE is ~0.050.15
throughout the continuous pumping experim@meaning ~515% of the observed range in
depletion potential)There isaseasonal patterm iperformance in the intermittent pumping
experimentwith normalized MAE of ~0.0®.10 during the pumping period and normalized
MAE of ~0.150.20 when the wells are shut off. This variability in seasonal performance is
driven prmarily by changes in the observed range of depletion potentials between the two
seasons, with a larger range when pumps are turned on during the summer.

The spatial distribution of overall impacts, as quantified using the KGE across all stream
segmentsKigure &), indicate a decay in performance through time for all methods. Early in the
simulations KGE is relatively high since depletion is primarily concentrated in the segments
closest to the well. As timgoes on and impacts become more diffuse, the overall performance
decreases to different degrees among the different medinddso analytical depletion function
has a high overall KGEAfter ~1.5 years, the web and inverse distance approaches plateau at a
KGE of ~0, while the web squared and inverse distance squared approaches plateau at a KGE of
~-0.5. Unlike the distanebased approaches, the performance of thelzasad Thiessen
Polygon method continues to degrade through time.
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The magnitude of overalinpacts showsonsistent patterns across all depletion
apportionment equation&ifgure %l). NormalizedMAE of predicted capture fraction increases
through time, from ~0.10 at the start of the continuous pumping experiment to ~0.50 for the
worstperforming metrics by the end. The various depletion apportionment equditienge
after approximately 3 years atite differencebetween equatioriacreass through time.
Normalized MAE of capture fraction in thetermittent pumping experimehgs a similar
increasingrajectoryto the continuous pumping experimeand a strong seasonal pattern as
observed in the normalized MAE of the most affected segriegire D).

To demonstrate the difference between analytical depletion functions and the traditional
use of analytical streamflow depletion models, we alsotp®perfomance of thédunt
analytical modeWwithout consideringtream proximity criteria or depletion apportionment
equations (i.e., assuming all impacts are in the closest stream segment to the well). These results,
shown as a dashed linekigure 5 demonstratéhat using analytical depletion functions
substantially improv@predictions of the spatial distribution of primary impaétggre &), the
magnitude of primary impact&igure %), and the spatial distribution of the overall impacts
(Figure &), with aslight decrease in performance in the magnitude of overall imgagtaé
5d). These results indicate that, the realworld stream network geometries tested here,
analytical depletion functiorare preferable to analytical models for predictions oagtféeow
depletiondue to groundwater pumping.

4.1.3 Sensitivity to analytical model

As with the stream proximity criteria, the performance of the analytical models at
identifying the most affected segment is virtually identical (Figure 6a). Unlike the stream
proximity criteria, howeverthe two analytical models diffén their predictiorof the magnitude
of depletion in this segment: the Hunt method has a consistenty hmnmalizedVAE in the
most affected segment. Given that analytical depletion functions tend to overpredict depletion
potential in the most afféed segment (Figur®7?), the lower error with the Hunt model indicates
that the consideration of the streambed properties leads to lower predicted depletion potential
which better matches the MODFLOW outpdbwever, unlike the differences between
depletion apportionment equat®and stream proximity criteria, @krformance metricshow a
converging trend between the two analytical models towards the end of the continuous pumping
experiment (Figure 6). The converging trend indicates that, undeietmtnenditions, the
relative importance of streambed conductance decreases as estimated depletion potential
increasesnd the model approaches a dynamic stesaly which is insensitive to conductivity

While our results indicate that the sensitivityneddeled depletion potential to the choice
of analytical model is relatively low, previous work has demonstrated that the streambed
conductance exerts a large influence on the accuracy of analytical model(&spittscleous et
al., 1995; Spalding & KHeel, 1991) In settings with a lower streambed conductance (e.g. lower
streambed hydraulic conductivity or a thicker streambed clogging layer), the difference between
the Hunt and Glover models would be greatérfortunately streambed conductance is
challenging to measure and therefore often estimated based on aquifer properties or treated as a
calibration parameter in both numerical and analytical approaches. However, in reality
streambed conductance is often highly heterogemand incorrect estimates can lead to errors
in estimated streamflow depletigRleckenstein et al., 2006; Irvine et al., 2012; Lackey et al.,
2015) In this context, analytical depletion functions can be used to identify stream segments
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which may have high depletion poteidue to groundwater pumping, and guide further field
data collection to better constrain parameter estimates for either numerical or analytical
approaches.

4.2 Selecting besanalytical depletion foiction

Among our 50 analytical depletion functiotested, there was no single combination of
stream proximity criteria, depletion apportionment equation, and analytical model that performed
the besfor all the performance metricd herefore, weised thalegree to which a performance
metric wassensitive to that component d¢iie analytical depletion functions to guide the selection
of thebest overall analytical depletion function.

Stream proximity crieéria had théargestinfluence on the spatial distributionc
magnitude of overall impacts (Section 4.1Hpwever, changing stream proximity criteria had
opposite impacts on the spatial distribution and magnitude of primary impacts, where the
proximity criteria that produced the best spatial distribution of primary impBare £) led to
the worst predictions of magnitude of primary impa€ig\re 4l). Therefore, we selected the
adjacent + expandingtream proximitycriteria as best overglwhich was in the middle for both
performance metrics and therefore balances thesenetiacs

The depletion apportionment equations haddhgest influencen the spatial
distribution of primary impacts (Section 4.1.@8hd the web and web squared approaches had a
very similar performancehich was onsistently better than the other depletion apportionment
equationgFigure ). To aid in our decisiorwe also compared additionakbexponentgw in
Equation 4yanging fom one to three. As the exponent increased, the normalized MAE and bias
of depletion potential predictions for the most affected segment also increased while the KGE
across all segments decreaféidure 7. From a management perspective, analytical tieple
functions are mosisefulif they provide conservative estimates of depletion (overestimates) to
avoid potentially oveallocating water resourcéZipper et al., 2018a)Ve find that all web
exponents overestimate depletion shortly after the start of pumping in the continuous pumping
expeiment, and all except web provide initially conservative estimates for the intermittent
pumping experimentHigure b). While the web depletion apportionment equation performed
better averaged over the entire timeseries on sgweralmance metricéTable S2)theweb
squareddepletion apportionment equatipnoduces the least biased estimates among the
exponents providing conservative results.

Finally, the analytical model had th&rgest influence on the magnitude of primary
impacts(Sedion 4.1.3) andthe Hunt analytical modetonsistentlyprovided better predictions
than theGlovermodelthroughout the entirety of our simulations.

Therefore, weonclude that the beperforming analytical depletion function is the
combination othe adjacent + expanding stream proximity criteria using a 1% threshgidé
4; FigureS10, the web squared depletion apportionment equakau(e 5 Figure 7, and the
Hunt model Figure 6). Compared to all other analytical depletion functithesadjacent +
expanding& web squared& Huntapproactprovides a conservativastimateof depletionwhile
performing among the best for each of our foerformance metrics
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4.3 Performance of bestnalytical depletion function

The selected analytical depletion funct{@adjacent + expanding stream proximity
criteria, websquarediepletion apportionment equaticand Huntanalytical modégldoes
particularly well at estimating the primary impacts of pumping, which tend to be of most concern
to managers. The begerforming approachorrectly identifies thenost affected stream segment
> 70% of the time there are substantial impaQd ¢ 0.05) in the continuoysumping
experimentand> 85% of the time in theatermittent pumping experime(figureda, Figureba,
and Figureba). Additionally, themagnitude of primary impads well-predicted, witha
normalizedMAE in most affected segmeqt0.15in the continuous pumping experiment and
0.20in the ntermittent pumping experime(figure4b, Figure5b, and Figure B). Error in the
magnitude of primary impacts characterized bg positive biasKigure D), which is most
pronounced at high levels of depletidghgure &). This positive biaghdicates that the selected
analytical depletion function providecanservative estimate of depletionstrongly affected
stream segments, which is important to avoid -@lecatingwater resources.

Performance metrics describing predictionshef distribution and magnitude of domain
wide depletion are less encouraging than those describing the primary impacts. patighe s
distribution of overall impactthe selectechnalytical depletion function performs the worst
relative to other optionsyith KGE across all stream segmept® only during the first year of
the transient pumping experimeffiEggure4c, Figure5sc, and Figure 6). However, the
magnitude of overall impacts still predicted fairly accurately, witihe normalizedVAE of
total capture fraction €©.40throughout the continuowsnd intermittenpumping experimest
(Figure4d, Figure5d, and Figure @), with normalized MAE < 0.20 for the first 2 years after the
start ofpumping Like the primary impacts, the analytical depletion function provides a
conservative estimate of depletion potential, with errors characterized by overprediction of
depletion in heavily affected segmenfsgire &).

Error decompositiofGudmundsson et al., 2012; Gupta et al., 2@@8irates that the
contributons of different factors to overall error are relatively stable through tigere &;
FigureS11). Imperfect correlation is the cause of ~65% of the total mean squared error for the
most affected segment, with variability contributing moghefother ~35%HKigure &; Figure
S17J). Bias was not a dominant source of error, despite the observed overprediction at high levels
of depletion potentialthis is because the contribution of bia©verall mean squared eriier
calculatedusing the difference between the mean analyticalmaednMODFLOW depletion
potential andthe positive bias at high levels of depletion potential is balanced out by a negative
bias at low levels of depletion potenteaused byhe conservationf mass Figure &). This is
consistent with the steaebate results from Zipper et al. (2@)L.8which found that the web
squared depletion apportionment equation had a mix of primarily correlatidnvariability
driven error. The managemeantplications of these different types of error are discussed in
Zipper et al. (2018); having a relatively balanced error profile between variability and
correlation indicates that both the overall mean depletion and the spatial patterns of depletion
will be captured by the analytical depletion function.

To determine whether our results were sensitive to the construction of the MODFLOW
model, we also compared each analytical depletion function to results from separate
MODFLOW models constructed using t8BER2 package for stream features instead of the RIV
package (Figur&9). While 3 of the 4 performance metrics are comparable whether the RIV or
SFR2 packages are used, the analytical depletion functions do not match the most affected
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658 segment as frequegtivhen compared to the SFR2 models, asymptoting ab560for both the
659 continuous and intermittent pumping experiments.

660 4.4 Landscape attributesfluendng performance

661 Performance of the analytical depletion functions vanessponse tseveral factors
662 describingandscape position and weitream geometry. Spatially, performance tends to be
663 worst in the northeastern portion of the domain neawttershedoundary Figure @). This
664 region corresponds with soroéthe highest elevation portions of the watershed (Eigur

665 Across all wells, performance ¢®rrelated witrseveraklevationbased metrics including the
666 land surface elevation, water table elevation, and water table depth. Onibtresalized MAE
667 has the strongest linear relationship vatbadystate water tablelevation(Figure ®), with

668 decreased performance at higher water table elevg®3rs0.29, p < 10°).

669 Additionally, both the lateral and vertical distance between the well and the stream
670 segmentinfluence analytical depletion function skill. The lateral streaefl distance has a

671 strong positive correlation with normalized MAE4R0.72, p <10”), though at welktream

672 distances €.7 km performance is insensitive to changes in-stelam distancd-{gure ).

673 Interestingly, we find the opposite relationship between normalized MAE and laterstrealin
674 distance when comparing to tN©ODFLOW model built using the SERpackage (Figur&12).
675 We attribute tk change in the direction of the relationship between normalized Makveall
676 stream distanc® the difference in stream representation between these two MODFLOW
677 packagesin thenumerical model built using tHeFR2 packagewhen a well is very close to a
678 stream segment and causes a lot of depletion, it leads to a more substantial charigEaohithe
679 thestreampotentiallyincluding stream dryingh severe case3his dynamic isiot captured by
680 the analytical models which assume negligible change in stream head and an infinite supply of
681 water, analogoudo the RIVpackageTherefae, analytical depletion functions mawpt be well
682 suited to intermittent streams which are vulnezablgroundwater pumping, though if it is

683 knowna priori which stream segments are dry at certain times, they can be excluded from
684  stream proximity criteria.

685 Similarly, the analytical depletion functions perform best wherekeationdifference
686 betweerthe well and stream is smallith particularly large decreases when tiye of thewell
687 is at a lower elevation than the stream segppmientially indicating a steep topographic

688 gradient between the stream and the \{W&ture Q). Finally, there is a negative correlation
689 between analytical depletion function performance (normalized MAE) and stream segment
690 length for stream segments < ~1 km in length, while performaricsansitiveto stream

691 segment length on@@gment length exceeds 1 kirigure ®). Poor performance in short

692 streams was also observed under stestate conditions iZipper et al(2018).

693 4.5 Utility, limitations and future research needs &malytical depletion functions

694 Our results indicate that analytical depletion functions are likely to be a useful tool for
695 quantifying streamflow depletion resulting fran existingandbr proposedwvell, thus allowing
696 managers to assess pumping impacts on streanflegttings whereumerical models are not
697 available(Watson et al., 2014Notably, the analytical depletion functions are successfully able
698 to identify which stream segment will be most affected by a pumpingwesit ofthe time and
699 provide accurate predictions of the magnitude of its impact (SetBhnComparing across the
700 various factors influencing performance (Sectot), wefind that the analytical depletion
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functions are most likely to be accurate for wells placed in relatively flat areas with-a near
surface water table and witha few kilometers of a downgradigm¢rennialstream.
Conveniently, these factors also describe locations whicbfemewell-suited to agriculture,
such as alluvial valleysndicating that the analytical depletion functions are likely to be most
effedive in the locations where they are most needed. For instance, in the Navarro R
Watershed mch of theagricultureis concentrated in the lowlands of the Ansbn Valley
around Boonvillewhich is where analytical depletion functsqrerform the bestRigure @).

From amanagemerperspective, the primary utility of analytical depletion functions is
likely to be as a screening tool for impacts of pumping wells, rather than a replacement for
calibratedhumerical models. By providing rapid estimates of streamflow depletion which can be
used to identify areas of potential concern, adding analytical depletion functions to the toolbox of
water managers and scientists will allow more efficient prioritizatfdime-intensive efforts
such as field data collection or the development of calibrated numerical nfodelsxample for
how these tools may be implemented in a decision support context is provideddips et al.
(2018) who show that depletion apportionment equations combined with analytical models can
provide rapid networkvide assessment of streamflow depletion whergiatied with existing
online tools.

While we tested a variety of analyai depletion functions, our analysis was not
exhaustiveandin some settingt may be necessary to go beyond the combinations of stream
proximity criteria, depletion apportionment equaticaisd analytical modelsonsideredere
For ingance,n domainswheresersionf i ned (61 eakydé) aquifers
water to wells, analytical depletion function performance would likely be improved by using an
analytical model specifically designed for these sett{Bgsler et al., 2007; Hunt, 2003; Zlotnik,
2004; Zlotnik & Tartakovsky, 2008yather than the Hunt and Glover models used here. A recent
review provides a useful flowhart for analytical model selectighluang et al., 2018
However, adidional work is needed to test the integration of these analytical models with
depletion apportionment equations.

Alternately,in some settings more complex analytical models may eliminate the need for
stream proximity criteria and depletion apportionment equations. For instamaggeshaped
aquifers bounded by approximatdihear surface water featuregich are commonljound at
the confluence of two stream¥eh et al.(2008)provide a fully analytical solution which does
not require the use of depletion apportionment equatiwhde the Yeh et al(2008) solution
approach conders only two stream segments and therefore does not account for potential
factors such as underflovt,hasthe potential tgrovide additional theorpased evaluations of
the performance of analytical depletion functiomsantrolled modelling experiments
Furthermore, all of our experiments turned wells onatreetime, and future work is needed to
examine the cumulative impacts of multiple pumping wells, as the total impact from multiple
wells may not be equal to therswof the effects of individual wellAhlfeld et al., 2016;
Schneider et al., 2017)

5 Conclusions

In this study, we evaluated the performancé®énalytical depletion functiorts
guantify the sensitivity of analytical depletion functions to the choice of depletion apportionment
equations, stream proximity criteria, and analytical model under transient conditions; and
identify factors describing the landscape ands&gkam geomey that influence the
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performance of analytical depletion functions. We found that the analytical depletion functions
are most sensiteto the choice of depletion apportionment equatiéoitowed by stream

proximity criterig and the least sensitive to the choice of analytical mau#gr the conditions
studied. The web and web squared depletion apportionment equations, which consider stream
geometry, were best able to predict which stream segment woulddteffected by a well, as

well as the magnitude of overall impacts.

The analytical depletion function which performed the best combineatljheent +
expanding stream proximity criteria with the web squared depletion apportionment equation and
the Huntanalytical model. Thianalytical depletion function correctly identified the stream
segment most affected by a well > 70% and > 85% of the time under continuous and intermittent
pumping conditions, respectively, with a mean absolute error < 20% ofnifpe irmobserved
depletion potential. From an application perspective, analytical depletion functions performed
the best irareas with little topographic relieivhen wells were within ~3 km of downgradient
perenniaktreams, and when stream segments are at least ~1 km in length.

Overall these results indicate that analytical depletion functions are likely to be a useful
managementecision support tooh locations where calibrated numerical models are
unavailablethough additional research is needed to test their accuracy in a variety of
hydrogeological setting&nalytical depletion functionsanbe used teéest whetheproposed
pumping wellsmight negativdy impactstreamsandused tgorioritize more complex field
investigations and modelling studieshiigher risklocatiors. We show that analytical depletion
functions provide more accurate predictions of the distribution and magnitpdenping
impacts than analytical models alone, since the stream proximégia and depletion
apportionment equatiortan distributgoumping impacts within a stream netwoBven their
low computational requirements, analytical depletion functionsateplarly wellsuited for
integration with wekbased tools foreattime screening andecision supportHuggins et al.,

2018) wherethe analytical depletion functiomsin be integrated with diverse geospatial datasets
to providerapid,accurateandsite-specific estimates of streamfladepletion.
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Tables and Figures

Table 1. Symboldabbreviationsdefinitions, and unitased in manuscrigt.=length, T=time)

Symbol Definition Units

a Area of a Thiessen polygarsed for depletion apportionment L2

b Aquifer thickness L

br Thickness of streambed clogging layer L

Cv Coefficient of variation -

d Distance from a well to a point on a stream segment L

f Fraction oftotal streamflow depletion from a well apportioned to a stream seq] -
(defined in Eq. 24)

Kh Aquifer horizontal hydraulic conductivity LT?

Ky Aquifer vertical hydraulic conductivity LT?

Kr Hydraulic conductivity of streambed clogging layer LT?

KGE Kling-Gupta Efficiency (defined in Eqg. 8) -

MAE Mean Absolute Error varies

MSE Total MeanSquaredError varies

MSE:, Proportion ofMSE caused by correlation, variability, and bias (defined in Egq. | -

MSE, 13)

MSE

n Number of stream segmemt®eting stream proximity criteria -

P Total number of points into which a stream segment is divided in the web -
depletion apportionment equati@ag. 4)

r Pearson correlation coefficient -

Qa Volumetric streamflow depletioratein a stream segment csidered in isolation | L3 T
(ignoring other segments) calculated using an analytical njddfshed in Eq. 5)

Qd Depletion potential; volumetric streamflow depletion in a stream segment -
normalized by the pumping rat®\) (defined in Eq. 1)

Qw Pumping rate of a well 3T

S Storativity -

S, S, S | Scaling factors for correlation, variabilitgndbias errors in KGE calculation -

T Transmissivity LTt

w Weighting factor used in inverse distance and web depletion apportionment | -
equationgEqg. 3 and Eqg. 4, respectively)

Wy Width of a stream segment L

s Streambed conductance (defined in Eq. 7) L2T1
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Overview of analytical depletion functions
Which stream segments will a proposed well impact, and how much will each stream segment be depleted?

Expanding | |

Step 1: Select stream segments meeting proximity criteria
Local Area iAdJacem i

r defined as max distance Any segment included in
with depletion potential 2 1%  Adjacent or Expanding

at each timestep

Catchments adjacent

All stream r defined as 2x max distance
to well location

segments included from any land point to any stream

Step 2: Use depletion apportionment equations to estimate the fraction of total depletion apportioned to each stream segment (f;)
(Eq. 3) Web,|Web Squared|(Eq. 4)

Thiessen Polygon (Eq. 2)
Ay
N\
Closest point to well
on each stream segment

Y
Set 2: Polygons from closest

Each segment divided
into evenly spaced points

Set 1: Polygons from
closest paints only points and well point
Step 3: Calculate streamflow depletion rate (Qf) for each segment using analytical model
OR Hunt (1999), Eq. 6
Qu Qy
d !
K K b I —
S S
Impermeable layer

Impermeable layer
Step 4: Calculate the depletion potential for each stream segment as the product of Steps 2 and 3 using Eq. 1.

Figure 1. Diagramshowing components ain analytical depletion function for a sample stream network
For each step, the option boxed in red is the option with the best overall performance @s&ction

Colors in component labels correspond to coloting in Results plots

Zipper et al. | Analytical Depletion Functions | P2gef 48



(@) Navarro River (b) Synthetic

o Watershed & Pumping

= Boundary = Wells (WEL)

[k [k

< <

(32} (32}

< <
—_ Streams | =
Eo (2nd order Eo Streams
23 & higher) | @ 8 (RIV)
B Q]
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z Elevation [m] z
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= 750 S Head

S+ I 500 g1 Om)

Q 250 Q Active cells (no flow

.Gaging at edge)
0 station
440000 460000 480000 440000 460000 480000
Easting [m] Synthetic Easting [m] "
[ d) Well (WEL) Qw tream

(c) (d) ™ RI)

Step 1: Calculate net stream-aquifer flux (G,) in each stream segment
with all pumping wells turned off.

Step 2: Pump one well at rate Q,, and calculate net stream-aquifer
flux (Gpump) in €ach stream segment.

Step 3: Calculate depletion potential (Qd) for each stream segment:

Qd = GO - Gpump

Stream-
aquifer
flux, G

w

Step 4: Repeat for all pumping wells MODFLO%
Cells

Figure 2. Study domain. (a) Elevation and stream network in Navarro Riisershed (outlined) and
adjacent HUC12 watersheddie star on the inset map shows the location ofitimeainwithin
California.(b) Model domainand boundary conditions for MODFLOW modBlecharge is applied as a
boundary condition to all activeeltsin top model layer(c) Steps to calculate depletion potentising
numerical modell{ased on Barlow & Leake, 201dfferent from steps shown in Figure 1 for analytical
depletion functions)and (d) simplified representation of key processes in FCDW domain.
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(a) MODFLOW

(b) Thiessen Polygon

(c) Inverse Distance

Depletion potential ww <901 == 001-005

after 10 years

0.05-0.10 == 0.10-0.25 =m > (0.25

o
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8 \/) "well VJ "Well VJ "well
o
o
o
'\ -
s s s
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462000 466000 462000 466000 462000 466000
Easting [m]

Figure 3. Example of the predicted distribution of depletion framwellafter 10 years of pumping from
(a) MODFLOW and () each of the depletion apportionment equations, combined with the Hunt
analytical model and adjacent + expanditrgam proximity criterial he timeseries of depletion
associated with this well is shown in Figure 87Ne ar)d wel |
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Figure 9. Normalized MAE during the final year of the continuous pumping experiment for each well,
shown by (a) positiowithin domain with the MODFLOW domain colored gray and streams colored
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Supplementary Information

Table S1.Comparison of streamflow depletion modeling approaéines Zipper et al., 2014.

Analytical models with
depletionapportionment
equations

Archetypal numerical
models

Site-specificnumerical
models

depletion apportionment
equations.

Boundary | Analytical models consider| Complex stream geometry Complex stream geometry
conditions | one or two streams with simulated as congtariver | represented by a mix of
simplified geometry and boundary condition with | boundary conditions such
constant head; depletion | specified head. river, constant head, drain
apportionment equations etc.
distribute depletion to
different stream reaches.
Parameter| Assume flat, infinite Simplified subsurface; Heterogeneous and
values, homogeneous, isotropic topographic relief can be | anisotropic, multiple layers
input data | aquifers vith no vertical included. Moderate input | With complex geometry.
and flow. Input datasets exist fo| gata requirements which | Many regions do not have
geometry | Most aquifers. exist for most aquifers. | €nough data.
Required | Moderate effort (minutes | Significant effort (weeks) | Significant effort (months)
effort, days) and skill (generalists) and skill (specialists). Not | and skill(experts).
skill and | Not calibrated. calibrated. Calibrated to hydrogeologi
calibration and hydrologic
measurements.
Examples | Foglia et al., 2013; Jayawal Kendy & Bredehoetft, Ahlfeld et al., 2016;
from et al., 2016; Reeves et al., | 2006; Konikow & Leake, | Feinstein et al., 2016;
literature | 2009.0nly Reeves tested | 2014; Lackey et al., 2015.| Fienen et al., 2018; Reeve

et al., 2009.
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Table S2 Performance metrics averaged over entirg/ddér simulation period for selected analytical depletion functions. Italicized
values shows the begerforming analytical depletion function assessed in SedtihiBolded values show the best performance for
that criteria (separately for transient and intermittent pumping scenarios).

Spatial Spatial

distribution of Magnitude of distribution of Magnitude of

primary impact primary impact overall impacts overall impacts

% of wells where

Depletion most affected Normalized MAE,

Pumping Stream Proximity Apportionment Analytical | segment is most affected Normalized MAE,
Schedule Criteria Equation Model correctly identified | segment KGE, all segments | capture fraction
Transient Adjacent + expanding | Web squared Hunt 76.7% 0.104 -0.518 0.210
Transient Whole domain Web squared Hunt 76.6% 0.105 -0.149 0.279
Transient Local area Web squared Hunt 76.7% 0.101 -0.244 0.248
Transient Adjacent Web squared Hunt 76.7% 0.112 -1.632 0.196
Transient Expanding Web squared Hunt 76.2% 0.108 -0.632 0.204
Transient Adjacent + expanding | Web Hunt 78.2% 0.092 -0.058 0.244
Transient Adjacent + expanding | Inv. distance Hunt 64.4% 0.107 -0.004 0.252
Transient Adjacent + expanding | Inv. dist. squared | Hunt 63.8% 0.123 -0.457 0.213
Transient Adjacent + expanding | Thiessen polygon | Hunt 59.9% 0.114 -1.667 0.199
Transient Adjacent + expanding | Web squared Glover 76.7% 0.115 -0.584 0.207
Intermittent | Adjacent + expanding | Web squared Hunt 87.0% 0.053 -0.420 0.120
Intermittent | Wholedomain Web squared Hunt 86.8% 0.053 -0.134 0.158
Intermittent | Local area Web squared Hunt 86.8% 0.052 -0.221 0.142
Intermittent | Adjacent Web squared Hunt 86.8% 0.057 -1.206 0.115
Intermittent | Expanding Web squared Hunt 87.0% 0.056 -0.514 0.117
Intermittent | Adjacent + expanding | Web Hunt 87.7% 0.045 -0.003 0.137
Intermittent | Adjacent + expanding | Inv. distance Hunt 79.1% 0.052 0.036 0.141
Intermittent | Adjacent + expanding | Inv. dist. squared | Hunt 78.1% 0.061 -0.390 0.124
Intermittent | Adjacent +expanding | Thiessen polygon | Hunt 70.4% 0.057 -1.282 0.115
Intermittent | Adjacent + expanding | Web squared Glover 87.3% 0.059 -0.489 0.125
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Figure S1.Streamflow in the Navarro River Watershed (USGS NWIS station #11468000). Daily unit
discharge for the 1952017 water year8Baseflow separated using recursive digital filter with exponent
of 0.925(Nathan & McMahon, 1990)
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Figure S2 Longterm mean monthly (a) cumulative precipitation, (b) maximum dailieaiperature, (c)
potential evapotranspiration [PET] estimated using Hargreaves (1994) equation; and (d) precipitation
deficit, calculated as monthly PEPrecipitation. These data are used to distribute groundwater recharge
into the 5 months constitutirtge wet season, which are shown in blue.
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measurements from Google Earth imagery. Blue line is afibésbction (y=9.71338%2% R? = 0.67).
The maximum possible stream segment width was capped at 100 m corresponding to measurements at the
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Figure S4 MODFLOW spirrup with stream features represented using RIV package (left column) and
SFR2 package (right column)
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Figure S7.Comparison between transient MODFLOW with RIV stream features (dashed lines) and
analytical (solid lines) for three example wells with varying disés to the closest stream segment. (a)

Map of well locations (shapes) and stream segments. Depletion potential for&ffecistd stream

segments when pumping (ploximatewell, (c) nearwell, and (d) far well. Segment colors in (a) match

lines in (bd). Gray stream segments in (a) are not among the most affected stream segments for any of
the three wells. Analytical results are for Hunt model, web squared depletion apportionment equation, and
adjacent + expanding stream proximity criteria.
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Figure S8 Comparison across all analytical depletion functions for paclormance metricevaluated
using MODFLOW model with RIV package. (a) Spatial distribution of primary impact; (b) magnitude of
primary impact; (c) sp&l distribution of overall impacts; (d) magnitude of overall impacts. Note that y
axis is reversed on (b) and (d) so that upwards indicates better performance. Left column shows
continuous pumping experiment and right column is intermittent pumping ey he gray lines
show all 50 analytical depletion functions &hd thick colored linekighlightthe results from the Hunt
model with adjacent + expanding stream proximity criteria and the web squared (blue) and web (red)
depletion apportionmemquationsThe black dashed llnshows the results for the Hunt analytical model
alone (without the stream proximity criteria or depletion apportionment equations)
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Figure S9 Comparison across all analytical depletion functions for paclormance metrieevaluated
using MODFLOW model with SFRpackage. (a) Spatial distribution of primary impact; (b) magnitude
of primary impact; (c) spatial distribution of overall impacts; (d) magnitude of overall impacts. Bbte th
y-axis is reversed on (b) and (d) so that upwards indicates better performance. Left column shows
continuous pumping experiment and right column is intermittent pumping experirhengray lines
show all 50 analytical depletion functions ahd thick colored linekighlightthe results from the Hunt
model with adjacent + expanding stream proximity criteria and the web squared (blue) and web (red)
depletion apportionment equatiofifie black dashed line shows the results for the Hunt analgimaé|
alone (without the stream proximity criteria or depletion apportionment equations).
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Figure S10 Comparison among different percent thresholds used to define adjacent + expanding stream
proximity criteria. Plots show spatial distribution of overall impgeiformance metricr analytical

depletion function using Hunt model and web squared depletion apportionment equation compared to
MODFLOW model using RIV for stream features.
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Figure S11 Relative contribution of variability, bias, and correlated to overall mean squared error (MSE)
for thebestperforminganalytical depletion function compared to MODFLOW model using RIV for
stream features.
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