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Key Points:

o In this snowmelt and groundwater-influenced river, eeel-water temperatures lasted
lengerstayed cool later into summer in high-flow years than low-flow years

e Statistical water temperature model predictions became more accurate when the influence
of river flow was allowed to vary seasonally

o These accessible methodsmodels can be usedapplied to medelany+iverother rivers or
streamstreams with daily, long-term flow and water temperature measurementsrecords
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Abstract
Low summerriverflowsstreamflows can increase vulnerability to warming, impacting coldwater
fish. Water managers need tools to quantify the-cemplex-tinkagesthese impacts and predict future

water temperatures. Contrary to most statistical models’ assumptions, many seasonally changing
factors (e.g., water sources and solar radlatlon) cause relatronshlps between flow and water

Aprﬂ—.ﬁu-l—yLEhaﬂ—ot-lﬁ}er—meﬂt-hs—Hsmg—Z—4 to vary throughout the year. Usm;z 21 years of da-rl—y—alr

temperature and flow data-aspredietors, we compared-multiple statistical methedsfor
modelingmodeled daily SeettRiverwater temperatures;-inehading in California’s snowmelt-

driven Scott River where agricultural diversions consume most summer surface flows. We used

generalized additive models with-nen-linear-interactions-betweenflow-and-day-ef the-year—to

test time-varying and nonlinear effects of flow on water temperatures. Models swiththat
represented seasonally varying flow effects performed-betterthan-these-with intermediate
complexity outperformed simpler models assuming a-constant relationshiprelationships between
water temperature and flow. Cross-validation reetmmean-seguared-errerserror of the selected
medelswere<1°C_model was <1.2 °C. Flow variation had stronger effects on water
temperatures in April-July than in other months. We applied the medelsmodel to severalpredict
cffects of instream flow scenarios eurrently-beinseonsideredproposed by stakeholdersand
regulatory agencies. Relative to historic conditions, the mestpreteetivehigher instream flow
scenario would reduce average-annual maximum temperature from 25.92 °C to 24.61 °C, reduce

average-annual degree-days-exeeedaneeexceedances of 22 °C (a cumulative thermal stress
metric) from 107106 to 5451 degree-days, and delay the-onset of water temperatures greaterthan

>22 °C durmg some drought years. %@W&Peﬁﬂ%%%ﬁ%\ﬂ%&ke}&éﬂg—fef

: oTesting the same modeling approach at

nine addltlonal exeeedaﬂeeseﬁ%—@snes showed similar accuracy and flow effects. These

methods can be apphed to medel%ﬁtreamstreams Wlth long term flow and water temperature
inerecords to fill data

gaps, 1dent1fy perlods of ﬂow influence, and predict temperatures under flow management
scenarios.

Plain Language Summary

Warm water threatenstemperatures threaten culturally and economically important salmon in
Pacific Northwest rivers, ineluding-our-Seott-River study-area-causing chronic stress er-evenand
direct mortality. Climate change and agricultural water use have reduced summer river
#flewflows in recent decades, intensifying water scarcity. Years with deep mountain snowpack
and resulting high groundwater levels extend the high flow season and keep water temperatures
cool through the end of July, whereas in drought years the river warms sooner. We used 2421
years of river flow and air temperature data from the Scott River, California, to create computer
models that simulate water temperatures;provide-a-toelforassessingtheeffeets-ofwater
management. Our models allow the effect of flow on water temperatures to vary by season (i.e.,
stronger cooling effects in spring and summer), improving accuracy of the simulated
temperatures. We used these-medelsthe Scott River model to simulate water temperatures under
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two alternative flow scenarios-being considered in local water management plans. Our
simulations indicate that relative to current conditions, the higher flow scenario would
redueelower the summer’s-hettestsummers’ highest temperatures—Dwemﬂg—aéd-ﬁ-reﬂal—wa%er
from-the riverafter I June-could-inerease and decrease the number of days with-warmthat river
temperatures that-are-detrimental-to-fishexceed a biological threshold. Testing the same modeling

approach at nine additional Klamath Basin sites showed similar accuracy and flow effects. Our
model is freely available for public use.

1 Introduction

Water temperature 1n rlvers and streams aﬁfeets—evew&hmg—frem—w&ter—ehemrsfwdrrve physrcal,

chemlcal and

ahd ranges{—Feleget—et—al—E@i—S}—

Summer Wrth alteratlons to natural temperature regimes causing deleterious effects to native

species (Wenger et al., 2011). Stream temperatures are widely altered by human activities (Webb
et al., 2008). Maintaining ecological integrity is a major stream temperature management goal
yet models used to predict stream temperature response to management interventions either lack
predictive power or are time-consuming to develop.

River flow rates (i.e., discharge) are a key driver of stream temperatures through multiple

mechanisms. While stream temperatures are determined by surface and streambed energy fluxes
and advected heat (Caissie, 2006, Moore et al., 2005), flows mediate these effects. Higher flows
generally increase water volume and thus a stream’s capacity to store heat, reducing daily
temperature fluctuations (Brown, 1969; Folegot et al., 2018; Meier et al., 2003; Sinokrot &
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Gulliver, 2000). Higher flows speed downstream transit of water, reducing the time that a parcel
of water is exposed to ambient heating at a given location and increasing the influence of

pstream condltlons (Bartholow= 1991; Dymond J.. 1984E Folegot et al., %yp*ea%l—y—negat—rlvﬁely

The relationship between water temperature and flow varies seasenally—The-source-and-flow
paths-ef river-water-vary seasonally-aceordingte-through time. Seasonal changes in precipitation
formphase (1 e., snow and ram}é&egekaﬂd—\leﬂez@w}—grelmdwa{er—dﬁmes—eﬁhﬁs%epe

affect water temneratures ( Yan et al. 2021) The geographlcal source of water can shift
seasonally, and can include tributaries, point sources, hillslopes, and alluvial aquifers, with each
source having different temperatures and heating or cooling trajectories while en route to stream

channels (Dugdale et al., 2017; Steel et al., 2017). Groundwater-surface water interactions and
hyporheic exchange also affect temperatures (Hannah et al., 2009; Kurylyk et al., 2015). Water

management, including reservoir releases, water withdrawals, and subsegquentreturnflowsbaek
irrigation runoff can further alter temperature

dynamics (Alger et al., 2021; Chandesris et al., 2019). Flow effects on water temperature are alse
seasenallyfurther mediated by variables-that-affeet the-ameunt-efseasonal changes to solar
radiation strikingreceived by the waterineludingstream. Day length; and solar angle, which
affect topographic and riparian shading, remain consistent among years (Piotrowski and-&
Napiorkowski, 2019; Yard et al., 2005)¢loud-cover{Pugdale-et-al; 2047 -wildfire-smoke
Asarian-et-al;-2005). Other mediators of solar radiation including 2020:Dasid-et-al-2018);and
leaf out and leaf fall of deciduous riparian vegetation, cloud cover (Dugdale et al., 2017), water
vapor, dust (Theurer et al., 1984), wildfire smoke (Asarian et al., 2020; David et al., {Pugdaleet
al5204-8)—Seme-of these-vartables2018) and other aerosols follow exaetly-the-same-seasenal
trajectory-each-year-while-othersfluetnate-amongyvears—seasonal trajectories that vary among

years. Despite time-varying changes in how flow dynamics influence stream temperature, many
stream temperature models do not account for these seasonal variations in the relationship
between flow and stream temperatures.

Given stream temperature’s importance and vulnerability to human alterations-ef+iverflow,

water managers need predietive-tools: to predict stream temperature medels-are-eften-grouped

into-two-categoriesproeess-basedchanges associated with climate change and statistieat
{Caissie;2006)-flow management (Gibeau & Palen, 2020; Null et al., 2017). While process-

based (i.e. determlmstlc) models s+mu¥a%e 1mulat1ng stream energy budgets asmg—physreal—l—y
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latent-heat,sensible-heat;-conduction-and-adveetioncan have high predictive accuracy, their use is
limited by extensive data input requirements (Brown, 1969; Caissie, 2006; Dugdale et al., 2017).
Statistical models that use empirical relationships between stream temperature and predietor

variables;and-typieallyenvironmental drivers requlre many-fewer input variables as-data-inputs

thanprocess-based-models-do-so are 5 5

{implement, but for scenario predlctlon thev are generallv not cons1dered as rehable as process-

based models (Arismendi et al., 2014; Benyahya et al., 2007a; 200762008 )-or moving-average

MWMMMWHMMM%% Calssle
006) However, statlstlcal mede}s—emepfesenethﬂnpheﬁ—aggreg&mﬂ—eﬁhes&ﬂu*es—by

S+egel—aﬂd—\%l—k—294—9#aﬂg—aﬂd—Meyer—2@2@modehng methods have evolved 1mt>r0v1ng

prediction accuracy and temporal resolution (i.e., daily) (Ouellet et al., 2020; Piotrowski &
Napiorkowski, 2019). Year-round daily temperature models are especially valuable because they
match the time scales used in detailed biological studies and water quality regulations (Imholt et
al., 2010; Railsback et al., 2015; USEPA, 2003).

Statistical stream temperature models have long relied on air temperature as the primary
predictor (Mohseni et al., 1998), but year-round daily models should incorporate additional
mechanisms to improve accuracy and reflect physical processes (Letcher et al.. 2016). Statistical
stream temperature models use air temperature to represent net radiative flux (Caissie 2006).
Time lags between air temperatures and water temperature reflect heat exchange processes
(Koch and Griinewald, 2010; Soto, 2016; Webb et al., 2003), while temporal autocorrelation
acknowledges that stream temperature on a given day is in part a result of stream temperature the
previous day (Benyahvya et al., 2007a, 2007b, 2008: Yang & Movyer, 2020). Inclusion of flow can
improve model accuracy (Piotrowski & Napiorkowski, 2019; Santiago et al., 2017; Sohrabi et

al.. 2017; van Vhet et al. 2011 Webb et al. %es%th%h—ypeﬁ&es&&r&t—st&&s&e&l—mede}s—w&h
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2003). The relationship between air and stream temperatures is nonlinear and differs among

seasons (Arismendi et al., 2014, Caissie et al., 2001; Mohseni et al., 1998). Including time-
varying effects could improve the predictive accuracy of stream temperature models across
variable conditions.

Several methods allow seasonal variation in the relationship between environmental covariates
and stream temperatures. These methods not only improve model accuracy but also identify the

times when effects are strongest. While time-varying covariate effects can be represented using
separate models for each season (Mohseni et al., 1998; Sohrabi et al., 2017), this may cause
unnatural, abrupt changes at seasonal transitions. Time-varying coefficients, including those used
in generalized additive models (GAMSs) (Pedersen et al., 2019: Wood, 2017) use continuous
functions that avoid these abrupt changes (Li et al., 2014: Jackson et al., 2018: Siegel & Volk,
2019). While GAMs have been used in daily stream temperature modeling for single-site
prediction (Boudreault et al., 2019; Coleman et al., 2021; Glover et al., 2020; Laanaya et al.,
2017), spatiotemporal prediction (Jackson et al., 2018; Siegel & Volk, 2019), identifying
extreme events (Georges et al., 2021), and trend assessment (Yang & Moyer, 2020), few studies
have used GAMs to model seasonally varying flow effects or identify when stream temperatures
are most affected by flow variation (Glover et al., 2020; Yang & Moyer, 2020). With flexible
model structures and easy implementation, GAMs could be a powerful tool for predicting stream

temperatures under flow management scenarios, but to our knowledge these models have not
been previously used for this purpose.

Our objectives were to predict mean and maximum daily stream temperatures under management
flow scenarios and new environmental conditions, and to identify periods when flow has the

strongest influence on stream temperatures. We compared 11 GAM structures using flow, air
temperature, and day of year as covariates that incorporated combinations of linear, nonlinear,
and seasonally-varying effects. Our model selection and validation procedures included
extrapolation tests evaluating predicted stream temperatures with flows and air temperatures
outside the calibration range, designed to favor models that had enough complexity to represent
the key patterns in the data, but not so complex that they overfit the data. We applied the top

model to proposed management flow scenarios and extreme flow and air temperature conditions.
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The models are intended to be used as a tool to inform water management, making the relatively
simple model structure and coding of GAMs our choice of modeling technique. We focused our
analyses on the Scott River of Northern California, where low flows and high temperatures are
limiting factors for coldwater fish and water managers are considering implementing regulations
to protect instream flows. To demonstrate wider applicability, we evaluated similar models in
nine additional sites in the Klamath River Basin.

2 Study Area

-1—)—Our study area is the lower Klamath Rlver Basm, Cahforma, USA., focusmg on one large
tributary—the Scott River (Figure 1). The Scott River study site is located at the outlet of Scott

Valley. with a drainage area of 1,714 km?. The other nine sites are near USGS gaging stations
with drainage areas ranging from 58 km? to 31,300 km? (Figure 1, Table S1). The climate is

Mediterranean with precipitation occurring primarily in winter and spring as rain at low
elevations and snow at higher elevations—Fhe-mountainous-headwaters-are-primarily National
Forest;with-elevations-exceeding 2500m(Fogha (VanderKooi et al., 20432011). The human
population lives primarily on private land in-the-alhavialalong Watercourses including Scott
Valley, where irrigated agriculture is-the-deminantdominates land use, utilizing groundwater and
surface water (Foglia et al., 2018). Otherland-uses-inelude timber-harvestand-minineThereare
maﬂy—wa%er—dwefs*eﬂs—bm—The Scott River has no major dams or reservoirs—, but there are large
dams on the Klamath River and two tributaries (Shasta and Trinity rivers), influencing some
study sites.

The Scott Valley aquifer fills during the high flows of winter rainstorms and spring snowmelt-
driven runoff. As runoff recedes through the-summer, most surface water is diverted for
irrigation and river water at the Scott Valley outlet becomes increasingly composed of
groundwater from valley alluvium. Minimum flows occur in early September before rising due
to fall rains (Figure 22b). In late summer of drought years, portions of the Scott River have no
surface flow (Tolley et al-., 2019). Summer and fall river flows have declined in recent decades
(Kim and Jain, 2010; Asarian and Walker, 2016) due to a combination of climate change (Drake
et al., 2000) and increased withdrawal-of groundwater for-irrigationwithdrawals, especially since
1977 (Van Kirk and Naman, 2008). Climate change is expected to further reduce summer-flows
by decreasmg snowpack and 1ncreas1ng 1rr1gat10n demand (Persad et al. 2020) Jﬁher%afe

Management flows have been proposed for the Scott River has-the Klamath-Basin’stargest
poepulation-efto protect Endangered Species Act-listed coho salmon (Oncorhynchus kisutch)

pepu%a&eﬂ—despﬁ%e&ﬁerﬂ-y—}mp&&eﬂﬁbﬁ%@l@ﬂis-and other coldwater salmonld ﬁshes

ﬁhm%e#a}ﬂ}éﬁee&e&é&@%m@%ﬁﬁ—my%ﬁﬁ@i@@@%—%@%—These ﬁshes

importance to local Native American tribes has led to contention over water management.
Geovernmentageneies;-tribes;River water temperatures in May—July are much cooler in high-flow
years than low-flow years ( Flgure 2) and lee&l—erga—m—za&eﬂﬂweswéed%eeﬁ—%%eam
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20+6)-Theriveriswater extraction has contributed to the Scott River being listed as impaired for
water temperature under the Clean Water Act; (NCRWQCB, 2005). The U.S. Forest Service has

a ﬁrst—prlorltv Schedule D water rl,qht for Scott River instream flow that varies bV month and

dav from 30 200 ft3/s (0. 85 5 67 m3/s) ( Superlor

Court of Siskiyou County, 1980) (Figure 3b), but does not exercise its legal authority to curtail

lower-priority water uses when flows drop below these levels. The California Department of Fish

and sediment-(INCRWQEB;2005y-Wildlife (CDFW) proposed interim Scott River instream

flow targets that vary by month and day from 62-362 ft*/s (10.3—1.75 m®/s) (CDFW, 2017)

(Figure 3b), but these have no legal force.
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Figure 1-Maps-ofstudysiteand-weather station-within-the Scott River Watershed;-the Klamath

Basinand-California- outlined in red. Source map credits: Esri - EarthstarGeegraphies, NOAA,
and USGS.
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314  Figure 2. Time series of (a) daily mean air temperature, (b) daily mean flow, (c) daily maximum
315 stream temperature (PMxSTTmax), and (d) daily mean stream temperature (BMST)-for-the-years
316 '1-995Tmeun) at Scott River from 1998-2020.
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Figure 3. Inputs to Scott River “quantile air temperature” scenarios representing 15
combinations of (a) three air temperature inputs and (b) five flow inputs that vary by day.
Observed values for 1998-2020—-Celored are shown as gray lines-are-days-infourexample hish-
o o e e b le s D Mo e o boe s

3 Methods

At each of the 10 sites, we developed GAMs to predict daily mean stream temperature (Tmean)
and daily maximum stream temperature (Tmax) using flow, air temperature, and day of year as
covariates. We compared models across a range of complexity, including those with seasonally
varying flow effects, to models with a constant relationship between stream temperature and
flow. We selected a final model based on the best overall performance averaged across the 10
sites. We then applied that model to flow management scenarios at one site— the Scott River.

3.1 Data sources and data-preparation

3.1.1 Water temperature and river flow

Sinee2007We obtained water temperature data from six sources (Table S1). For the Scott River

s1te we used Quartz Valley Indlan Reservatlon (QVIR) Eﬂ*ﬁeﬂmeﬂt—&l—Depaftme&t—has—beeﬂ

adéi&eﬂa%tem-pem&%d&ta—eeﬂeeted&t—th%sﬁm%sﬁedata, supplemented by t-heU S Forest
Service (USFYS) in-the-years 19951998, 20032005,201020+6;and 2019(KNF, 2010);, 2011)
and U.S. Bureau of Reclamation (USBR) fer-therears+998—2000-(Smith et al., 2018) data. For

the nine other sites, we used data from the U.S. Fish and Wildlife Service (USFWS) (Manhard et

al., 2018: Romberger and Gwozdz, 2018), USFS (KNF, 2010, 2011), USBR. U.S. Geological
Survey (USGS), and California Department of Water Resources (CDWR). Following
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compilation, we reviewed the data and removed any suspicious values (e.g., when there were
calibration issues or probes appear to have been exposed to air). We then calculated daily-mean
sEpesEteRp et EE AT and el naeme s remp e s T For
days when data were available from multiple entities, we averaged values (Text S1). Data
availability ranged from 3540-5684 days and 1621 years per site. We paired daily temperatures

at each site with daily average streamflow data from nearby USGS gages (Figure 1., Table S1).

3.1.2 Air temperature

We retrleved dally mean air temperature—data—fre&kUSFS—Q&ar%z—H}H—weather—st&HerHee&ted

values-by linear regression-with-nearby-weather stations-or-thetemperatures for each site fro the
4-km resolution gridded PRISM dataset (Daly et al., 20083Fext-S2)-

). Because stream temperatures are correlated with air temperatures emperatur e at multlple time

eategeﬁeee#aaetemperatureeeevaﬁates—ﬂméels—wher% +s—the) In these initial

explorations at Scott River, we found that two-day weighted air temperature (A2w) resulted in

good model fits (Text S2), so we used Axw for all models except one that used a seven-day

average (A7) to mimic Mohseni et al.’s (1998) widely-implemented model. Aow is calculated as
follows, where A is mean air temperature on the-day i-usingEquations {23 (Dand(5):

Single-day-average s

- 2k
e e
Muti-day-averagesA2——4=

A Sl = A= Sty 2y
£y 7 7 2 =7

A = d oy OFD g A0S A 0254 (2 Ait+(05+4iq)
2w £ 15 W 175 ¢ 15 —
(1)
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_ ettt B e e o e s A 2 (4)
Az 3 ahad—As A 4
A = (A A Y and— 4 = (A A 5)

Axz {A; A —and—Axs A—A)- )

To improve numerical stability, we standardized each-air temperature (°C) and flow predietor

variable(log]10 m?/s) by centering and scaling (i.e., subtracting the mean)-and-sealing (i-e--, then
dividing by the standard deviation).

3.1.3 Flow and air temperature quantiles

At each site, we used smooth additive quantile regression models (Cade and Noon, 2003; Fasiolo
et al., 2020) to calculate the air temperature associated with three quantiles (0.1, 0.5, and 0.9,
equivalent to 10%, 50%., 90% exceedance probabilities) for each day of the year (Figure 3a),
using the gqgam R package (Fasiolo et al., 2020) with a 12-knot cyclic cubic regression spline
(“cc”). We refer to the 0.1, 0.5, and 0.9 air temperature quantiles as Coolest, Typical, and
Hottest, respectively. We also derived three flow quantiles, with the 0.1 quantile representing
Lowest flows, 0.5 quantile representing Typical flows, and the 0.9 quantile representing Highest
flows (Figure 3b). These quantiles were used to generate model scenarios (Section 3.4).

We used similar quantile regression models at each site to categorize each date into one of nine
categories based on combinations of flow quantiles (High is >0.67 quantile, Moderate is 0.33—
0.67 quantile, Low is <0.33 quantile) and air temperature quantiles (Cool is <0.33 quantile,
Moderate is 0.33-0.67 quantile, Warm is > 0.67 quantile). These categories were used to define
cross-validation blocks (Section 3.3).

3.2 Model development and calibration

We-At each of the 10 sites, we developed statisticall 1 models to-prediet DMxSTFof Tmax and
DMSTFTmean using combinations of river flow-and, air temperature, and day of year (D) as

Vi

funetion-in-the-the mgev R package version 1.8-31-36 using the bam function (Wood, 2017)-te
develop-GAM-medels;), fit using fast restricted maximum likelihood (fREML). GAMWe also
re-fit using maximum likelihood (ML) solely to obtain Bayesian information criterion (BIC)
scores. Model terms ean-bewere either linear coefficients or smooth non-linear functions f¥eed;
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ngghness automatrc—aﬂydetermmed bya smoothmg penalty ( Pedersen etal., 2019; Wood

2017). We used cyclic cubic regression splines (“cc”) as the smoother for éa{yeeﬁtheyeaeD and
thin plate regression splines (“tp”) as smoothers for other covariates. Fo-To improve prediction
under new conditions and avoid overfitting (Jackson et al., 2018; Siegel and-& Volk, 2019)), we
limited smoothers for most-variablesair temperature and flow to a maximum of 3three knots,
except D-whiehin the one-covariate model “GAM11” where air temperature was allowed six
knots. D was allowed up to 5six knots, except in three-dimensional tensors where it was
restricted to five knots.

We-compared-GAMs-that Some models included interactions between D and other covariates

(i.e.. flow or air temperature) to allow the-relationshipsbetweenceovariates-and-the respense

variable-te-that covarrate s effect to vary seasonally—to—GMs—where—t-hose—re%&t}oﬂs%n-ps—are
. These

interactions were e1ther partrally non—lrnear or fully non—hnear For a—partrally non-linear
interaetioninteractions, the linear slope of one variable (e.g., flow) ehangedvaried as a smooth
non-linear function of anethervariablef-e-D);an-appreachused-by (Jackson et al+., 2018}
and-Stegel, Siegel &and Volk-2H9)-and-speeifiedin-meevusingthe by optien-, 2019). Fully

non—hnear relatronshlps between two or more Varrables were specrﬁed as tensor product smooths

then—weused—tr@—to—speer—ﬁy—aor tensor product nteraetioninteractions (Wood 2017)

All eur-GAM-models included-arandom-effeetfor yearand-all-butone(“except “GAM11;2
Seetion4-2)”, the smplest model structure tested 1nc1uded an AR-1 autocorrelatlon error

ffect for year We 1n1t1a11y ﬁt each model w1thout an autocorrelatron term and then re-ran-the
medelfit with an autocorrelation term, assigning a rho value based on the initial model’s lag-1
autocorrelatron #Fem%hereﬁdual&eﬁﬂ%mﬂa%medek@aayen et al%_,_2018}aﬂd van le et al-
€..2019) adx
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Since Mohseni et al.’s (1998) non-linear logistic regression of weekly air temperature and stream

temperature has been i

GAM equivalent of it as a benchmark for comparison. A7 is the only predictor in this “GAM11”
model (i.e., no flow, autocorrelation, or random effects).

We reviewed residual plots and autocorrelation function plots to verify assumptions. We
evaluated each model’s concurvity using mgev’s concurvity function.

3.3 Model selection and validation

3-5We used cross-validation (CV) for model selection and validation because it is preferred over
information theoretic approaches when prediction is paramount (Pedersen et al., 2019). We




505
506
507
508
509
510
511
512

513
514
515
516
517
518
519
520
521
522
523

524
525

526

527
528

529
530

manuscript submitted to Water Resources Research

designed extrapolation CV tests to select models that performed well when applied to
environmental conditions (i.e., flow and air temperature) outside the calibration range (Lute &
Luce, 2017; Roberts et al., 2017). We split data into blocks based on quantiles of flow and air
temperature (Section 3.1.3), withheld one block, and fit the model using the remaining block
(Figure 4). We compared predictions for the withheld block against the measured data using root
mean squared error (RMSE). These dual-variable differential split-sample tests (Klemes, 1986)
extrapolate not only into new combinations of flow and air temperature but also into new ranges
of both individual variables.

We selected the final model by averaging all 40 RMSE values from extrapolation tests (10 sites

x 2 extrapolation tests X 2 parameters [Tmax and Tmean]) and choosing the model with lowest
mean RMSE. We selected the same model structure for Tmax and Tmean (rather than optimizing
separately) so predictions for both metrics could be used together. We present BIC scores to
compare our extrapolation-based model selection to more commonly applied model selection
methods. To facilitate comparisons to previous studies, we also use leave-one-year-out (LOYO)
CV where data were split into annual blocks and then treated similarly to the extrapolation tests
i.e., steps repeated for each year: year withheld, model refit using remaining data, and
predictions compared to withheld data). We assessed the relative importance of individual model

terms by comparing performance among models with and without individual predictors and/or
interactions.

Predict Low-flow and/or Warm days Predict High-flow and/or Cool days
from from
High-flow, Moderate, and/or Cool days Low-flow, Moderate, and/or Warm days
High
(0.67-1.00)
° Calibration
= block
c
g Moderate
T (0.33-0.67)
5 Calibration
o block
Low
(0.00-0.33)
Cool Moderate Hot Cool Moderate Hot
(0.00-0.33)  (0.33-0.67) (0.67-1.00) (0.00-0.33)  (0.33-0.67) (0.67-1.00)

Air temperature quantile

Figure 4. Configuration of data blocks used in extrapolation tests for model selection and
validation.
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3.4 Model applieation-to-hydroelimatie-and-flow-scenarios assessing management

seenartoseffects and timing of flow importance

3.4.1 All sites

To assess the seasonal response of stream temperatures to variation in flow and air temperatures,

we applied our selected GAMmdelHeagroupeﬁémodel to scenarios representing differing
air temperatures and flows (Table 2, Figure 3). We ran nine “quantile air temperature” scenarios

representmg combinations of 3%1%temperatur%mputs%ﬂdéﬂow4ﬂputs{$&b%ﬁguﬂ%}%ﬂ

three air temperature inputs w

twoeﬁth%ﬁxﬁe9 quantlles) ( Sectlon 3.1.3) for each site. Rephcatlon is sparse for the co-
occurrence of extreme quantlles of both air temr)erature and flow mputsareb&sedronﬁthe%lis

QMerwJPh%USFSﬂﬁrst-pﬂomy—Sehedtﬂed—Dwvateeﬁgh%HesJey( e.g., mean 4.9 davs of record
per month and day—ﬁem&Mgho%Z@Oﬁﬁsee(éélmﬁsee}Mwe&%eﬂhmug#Mardﬂ%%w
of 30-f/sec(0-85-m> i iski
éFr«gufe—Sb)—"Fhe—GDF—W—eﬂtem—vaFy—bysne w1th flow <0.1 quantlle and air temperature >0 9
quantile); however, ample data are available in nearby quantiles (e.g., mean 19.1 days per month
and dayfrom-a-minimum of 62 /see(1-75-m/see)-in-September to-ahigh 0£ 362 f/see (103

3/—sec—)—m—l?teb’fua-FyL(GDF—W—Z—O—I—TLs1te with flow <0.2 quantile and air temperature >0.8 quantile)
(Figure 353:S1).

3.4.2 Scott River

At Scott River only, six additional scenarios were run that paired the three quantile air
temperatures with the USFS water right and CDFW flow criteria ( Sectlon 2) as flow mputs

(Table 2, Figure 3). The CDFW and USFS flows

the-entire-yearbut-instead-are aligned with extreme drought conditions in April and May (0.051
quantile) and hlgh flows in August and September (0.505 to 0.959 quantile).

thfes-he}és—We also apphed our selected GA—M—model to—pred-ret—s&rea-m—tempefatures—m—a—greﬁp
of “observed air temperature” scenarios that pair the-observed daily-air temperature-time
sertestemperatures for +1995-dates 1998-2020 with eight flow conditions for the Scott River:

observed USGS ﬂows&a—adé&oﬂ%&tkm—%eﬂews—used—m—theiquaﬂtﬁe—mﬁemper&mfe—
GDF—V\Laﬁd—HSFS— the ﬁve flows afe—useé—&s—rmmmums—th&t—&re—suppl—aﬂted rom the guantll

air temperature” scenarios (Lowest, Typical, Highest, USFS, and CDFW), and two additional
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scenarios in which the CDFW and USFS flows were replaced by observed USGS flows on dates
when the observed flows arewere higher than the management flows (Table 2). We-expeet-that
Using observed air temperatures instead of quantile air temperatures provides more realistic real-
werld-predictions because air temperatures fluctuate erratically-from day to day (Figure 22a),
instead of stayingremaining near the same quantile like flow does during the seasenal-flow-May—
September recession-each-yearfrom-May-through-September-

. We summarized the results of each “observed air temperature” scenario by calculating: 1)
annual maximum temperature, 2) first and last day each year in which water temperatures exceed
22 °C, and 3) the annual degree days exceedance of 22 °C, calculated by subtracting 22 from all
DMxSTFTmax and summing all positive values-by-year. We chose 22 °C as an indicator of

blologlcal effects on Juvemle salmomds%haHea{Lm—Ghe—mams%eﬁkSee%&Rwer—er—eamﬂgf&te

aéap%&&eﬂ—te—fhe%m&kregﬂmes—@&hg—e&—al%@%—we—pﬂefmzeé based on geographlcallv
proximal studies neat-the-SeottRiverti-selecting-threshelds—When-the Kdamath-River-exeeeds
%—%wem%e—s&h%remds—me—te%%eeﬂﬂ-&eﬂees—( Brewitt & Danner, 2014; Sutton et
al., 2007; Sutton and-& Soto, 2012;Brewitt-and Danner, 2014)—Similar behavior-was-observed
Mﬁmﬁ%&%ﬂ%—%%ﬂ%%ﬁ%eﬂse%ﬁk@%%}%%e
Q—Z—Qm%s-held—ls—ﬂet—ﬁiﬁy—pfe%eetwefer—eehe—sa}meﬂ (Text S4-)—bat—w&ehes%}t—bee&&s%ea¥
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Table 1. CoemparisonList of Scott River GAMs and model training statistics.

Daily maximum stream

temperature Daily mean stream temperature
BOM=xSFT ) (BMSFTmean)
fREM AIC ARL edfe RMS fREM AIC ARl edfed RMS
Model Name Predictor variables LBIC ARI edfr dfs E R? LBIC ARl edfi fx E R?
GAMI: tensor Q-Azy-D te(Q, Axw, D) 500412 99601 0.58 46.5 0.861. 0.982 335485 0.659 074 46.51 0.778 0.979
830 0.526 723. 18.1 06 973 62 6667 722. 81 0 978
6 8
GAM2: tensors Q-D & Axw-D  s(Azw) +ti(Azw, D) +te(Q, D) 503612 9973 0.60 36.4 0.881. 0.98} 336484 6639 0.76 35.61 0.80 0.978
734 0.529 318. 18.0 05 974 92 0.667 917. 8.0 979
4 1
GAM3: tensor Q-D & vary Az S(D, by = Aay) +s(As) ©te(Q, 503912 9978 18.0: 39.3 0:861. 0.982 337384 6649 0.74 3911 0.758 0.980
D) 745 0.531 580 18.0 05 974 82 0.672 216. 80 0 978
3
GAMA4: tensors Q-D & Az-Q  s(D, by = Asy) + s(Asu) + ti(Asy, 505312 1662 660 363 0-891. 0.98+ 346184 6729 0.76 3541 0.80 0.978
finab Q) +te(Q, D) 717 20.53 317. 17.9 05 974 86 0.671 316. 8.0
2 9
GAMS: tenserstensor Q-D &no  s(A2w) + A~ O)+1e(Q, D) 509512 164+ 660 341 0.991. 0.989 345284 6840 15.6 3321 0.828 0.977
vary Axw-Qv2 724 60.53 815. 17.9 06 74 56 067964 79 0 978
7 1 4
GAMB6: tenser-Q-Dno-vary Q & s(D. by = Azy) +te(s(D. by = Q;) 510512 1013 0.6F 304 0.901. 0.989 346685 6873 0.77 28.61 0.838 0.976
Aoy linear +s(D) 828 90.57 +13. 17.8 12 70 94 0728 109 73 9 973
8 9
GAM7: varyingvary O & Ane  s(D, by = A2w) + s(PAx) +s(Q) 546012 1625 12.6 282 1.076- 0.978 346485 687+ 0.80 27.51 0.888 0.973
(final) +5(D, by = Q) + s(D) 754 40.54 665 17.9 96 973 38 0.69541l. 7.6 4 976
4 9 8
GAMS: As.vary Q & no S(Azw) T S(Q) +s(D.by=Q)+ 544812 1085 0.77 23+ 1.350 0.956 362685 7208 0.83 23.81 +.080. 0.969
varpingvary A s(D) 736 5055312, 178 8 973 26 0704 41l. 75 84 76
2 3 8
GAMY: Ay, n0 Qor varyinevary s(Asy) + s(Q) + s(D) 552513 1161 6.84 223 1.703 0.93+ 374987 0.764 6-87 2+17. 0.96+ 0.94+
105 00.67 684 17.6 2 959 38 7459 38.1 6 30 969
3
GAMIO: A only with AR s(As) 6606 1318 0.88 213 275 6.817 5044 1006 6.965 212 229 6.819
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GAMI T Az onlyGAMI0: Az 10 $(A2A ) + (D) 104411 2082 N/A 232 2211, 0.882 933091 1860 NAA 2341 1.742 0.895
ARZQ or vary 3313 30.78 6.0 173 62 938 50 2084 6.0 6.6 0 952
0 0
Harmoniel2evarying O-&Az,  AowtAowsin@n)+AsccosDr)  NA 1036 073 NA 104 0969 N/ 6810 0.859 N/A 094 0.964
+Q+Q:sin(Dr)+Q:eos(Pa)+ 8
Logisticl3—Mohseni GAM11:  Logistic regression withAzs(A7)  NA22 N/A NA N/A 2344 0868 NA20 N/A NA NAO 1.848 0.883
A7 only no AR1 668 58 0 0 865 265 5.8 8 882

Note: GAM-Models are sorted by fREME-—seoreedfr for PMxST-Tmax, from most complex (GAM1) to least complex (GAMI11).
Except “-GAM1 IA;ﬂﬂl-y—ne—A—R—l— all GMAI—aﬂd—I:M-M—models also 1nclude an ARI autocorrelation structure and a-random effect of

A 3 3 - -D = day of year from
1(1 January) to 366 (31 December in leap year) Q= dally mean ﬂow—m—umts—ef—mg'#s see Sectlon 3 1. 4%2 for key to ‘A’ air
temperature variables, ‘s()’ is a non-linear function, 's(D, by =)’ is a linear interaction that varies smoothly by D, ‘te()’ is a fully non-
linear tensor product smooth of two or three variables, ‘ti()’ is a tensor product interaction, < -is-tnearinteraction, n—2w365FREML
= fastrestricted-maximum-likelihood score; AJC—=AkaikeBIC = Bayesian information criterion score, AR1 = autocorrelation
coefficient, edfedfr = effective degrees of freedom (edf) for fixed effects, edfr = edf for random effects, RMSE = root mean squared

error; of model training fit (not CV), and R? = coefficient of determination- from model training fit (not CV).
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605  Table 2. Matrix showing-the-23-stream-temperature model scenarios representing combinations
606  of air temperature and flow inputs, and organized into two scenario groups. The first group (15
607  scenarios-in-Greup-t-use) used “quantile air temperature” inputs (6 were only run only at Scott

608  River while 9 were run at all Klamath Basin sites) and the second group (8 scenarios-in-Greup2

609  wuse) were run only at Scott River and used “observed air temperature” inputs.

610
Flow inputs Inserted Cells
Seemario | | USF cppww Lo Observe  (
rou Air Lowest Typical Highest S €BF\?I’ Maximum of :?—3::::‘:{:1 d | = ‘ Deleted Cells
temperatur| (0.651 (0.505 (0.959 exaet ow  Observed observed or “or CDFW { Split Cells
einputs |quantile quantile quantile wate = = - USFSas — ——
) ) ) . criteri .. as Inserted Cells
right 2 B
Hottest | Group Group Grou Group Inserted Cells
1Al SR A P
(0.959 T llsites = 4Scot colt
quantile) sites T sites O only
m Typical | Group Group Group
air p+
(0.595 A1l . + Al + Scott
temperatu 7= ; All sites Scott |
re quantlle) sites sites onl only
Coolest | Group . Group Grou Group
0.051 +All f +All pt + Scott
(& = ~—  Allsites Scott |
quantlle) sites sites onl only
Observed Group G 5 - Grou 5 G ;
alr Q—Observe(;l 2 Scott  Scott 2 Scott SP_Z 2Scott  Scott G-Feap—%Lcott 7Sc?tt el
temperatu | (measure cott only only
re on date only only only onl only only
611
612
613
614
615

616
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Air scenario

— Hottest air temperatures
(0.95 quantile)

Typical air temperatures
(0.5 quantile)

. Coolest air temperatures
(0.05 quantile)

Air temperature
2-day weighted avg. (A2w)(°C)

Flow scenario

bR <~ Highest flow
(-I,"’ b r 10000 ;rn (0.95 quantile)
£ 1001 (3 o
g P . CDFW interim
% F1000 @ flow criteria
2 104 g
; L 100 > === USFS water right
© ©
° " ° . Typical flow
H 0 3 (0.50 quantile)
* 011 T T T T T T |0-2 T T T T - — Lowest flow
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec (0.05 quantile)
617 Date
618 i
619
620
621
622
623
624
625
626
627
628
629
630
631

632 42-Model selection and validation

633  In extrapolation CV of the 11 models (Table 1), GAM7 had the lowest all-site mean RMSE (Tmax
634  1.13 °C, Tmean 1.00 °C), as well as the lowest RMSE for Scott River (Tmax 1.20 °C, Tmean 1.00

635  °C), so was selected as our final model (Figure 5). GAM7 features nonlinear smoothers for day
636  of year (D), two-day weighted air temperature (Azw) , and flow (Q): a nonlinear smoother of D
637  interacted with linear Q (i.e., linear slope of Q varies by D); and a nonlinear smoother of D

638  interacted with linear Aow (Table 1, Figure S3, Figure 6). GAM7 has intermediate complexity

639  with 12.6 effective degrees of freedom for fixed effects (edfr) for Scott River Tmax, compared to
640  23.6 for the most complex model (GAM1), and 5.8 for the least complex model (GAM11) (Table

641 1),

642  Extrapolation CV showed that at all sites, including Scott River, models with seasonally varying
643  flow effects had much higher accuracy than models lacking that feature (Figure 5). For example,




644
645
646
647
648
649
650
651
652

653
654
655
656
657
658
659

660
661
662
663
664
665
666
667
668

669
670

671

672
673
674

manuscript submitted to Water Resources Research

for Tmax, all-site RMSE was 1.13—1.17 °C for models with seasonally-varying flow effects
(GAMI1-GAMBR) and 1.66 °C for GAM?9 that lacked seasonally varying flow. Models lacking
flow (i.e., containing only D or Aaw) performed the worst, with all-site RMSE values of 1.72 °C
and 2.21 °C for GAM10 and GAM1 1, respectively, for Tmax. GAM7’s combination of a
nonlinear smoother for flow and a partially nonlinear interaction of flow and D represented flow
effects well, given that the additional complexity of tensors (fully nonlinear interactions of flow
and D) in GAM1-GAMS did not substantially improve model performance at most sites. Models
interacting flow and air temperature (i.e., GAM1 and GAM4) did not outperform GAM7 which
lacked this interaction.

BIC scores (Figure S4) largely corroborate the extrapolation CV results identifying the
importance of seasonally varying flow effects. Of eight models with seasonally varying flow
effects, the most complex model (three-way tensor GAM1) had the worst overall (averaged
across all sites) BIC score, but intermediate extrapolation CV RMSE. Averaging BIC ranks
across sites, our extrapolation CV-selected model, GAM?7, had the best BIC ranks for both Tmax
and Tmean (Figure S4); however, at many individual sites including Scott River, other models had
better BIC scores (Figure S4, Table 1).

Scott River GAM7 LOYO CV predicted overall seasonal patterns in measured Tmax for dates

stratified into combinations of differing quantiles of air temperatures and flows. RMSE was
higher for dates with low (<0.33 quantile) flows (Figure S2¢). Tmax Scott River GAM7

extrapolation CV prediction accuracy was only slightly lower than LOYO CV prediction
accuracy when averaged over the entire year (i.e., RMSE 1.20 °C vs. 1.18 °C, Figure 5), but
were biased low during May and June during high (>0.67 quantile) flows, having only been
calibrated with data from the low-flow and moderate-flow quantile (Figure S5). Complete time
series of Scott River measured and LOYO CV Tumax and Tmean for all years are shown in Figures
S6-S7.

Indian C  Indian C Klamath R Klamath R KlamathR RushC SalmonR ScottR  SF Trinity ShastaR Mean of
Doug City HCamp  Klamath ~ Orleans Seiad Lewiston Somes  FtJones Hyampom  Yreka all sites

GAM7:vary Q& A2w (final) | 131 | 092 | 099 | 097 | 120 | 107 o 121 | 120 § 121 | 12 113

GAM4:tensors Q-D &A2w-Q | 139 | o9t | roe } 103 § 120 | 107 § 120 | 121 § 115 | 127 114

GAM3:tensor Q-D & varyA2w || 139 | o091 | o097 } 104 | 121 | 108 |} 120 | 121 | 113 | 126 114

E  GAM2:tensorsQ-D&A2w-D |} 142 | o091 | os7 § 103 | 120 | 109 | 120 | 121 | 143 | 126 114

E GAM1:tensorQ-A2w-D | 135 | 090 § 099 | o098 | 115 || 112 | e | 122 | 120 J 138 114

£ GAMS: tensor Q-DnovaryAaw | 141 | o9t | o9 |} 103 K 122 | 100 | 128 | 120 | a5 | 127 115

> GAM8:varyQ&novaryA2w | 133 | 09 | 100 | oes | 123 | 108 o 125 | 120 } 121 | 125 148

g GAMS6: vary Q & A2w linear | *1.31 | 092 | 100 | 104 J 120 | 11k 124 || 138 | 126 | 123 147

GAM9: A2w novary [ I I Il Il It It It Il l Validation type e

GAM10: A2wno Qorvary |} ] I I I I} Ik I I I . 172

] . eave one year 221
§ GAM11: A7 only no AR1 ] [] * ] " [} ] ] ] ¥ | e (LOYO)Y

= GAM7: vary Q &A2w (final) | 105 | o8 | o093 | 093 | 112 |} 101 o 113 | 00 § 103 | o097 1.00

GAM4: tensors Q-D &A2w-Q | *toa | 077 | oet | oss | 106 | 0e8 | 108 || 106 § 101 | o0se | Zﬂxetraan Z\'z:;’i:n lests 099

GAM3: tensor Q-D &varyA2w | 104 | or7 | oet | o0e | 107 | o099 | 100 || 106 § 100 | o098 extrapolation tests 0.99

o GAM2:tensors Q-D&A2w-D | 105 | 077 | 09t | o098 | 107 | o099 | 109 |} 106 f§ 09 | o099 Range of two 0.99

3 GAM1: tensor Q-A2w-D | 106 | 075 | 093 | 094 | o4 | o099 | o5 || 103 |} 104 [§ 110 extrapolation tests 099
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T GAM8:varyQ&novaryAaw | 105 | or9 | os | o0es | 116 | 102 s 119 | 100 § 104 | 100 102
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these-medels-thatused-enty-Summary of RMSE from extrapolation and LOYO CV tests at 10
Klamath Basin sites applying Tmax (top panels) and Tmean (bottom panels) models to years
(LOYO) or flow and air temperature combinations (extrapolation) not used in model calibration.
Models are sorted by overall RMSE (i.e., mean of all 10 sites and both temperature metrics).
Data labels for top eight models in individual site panels are means from extrapolation tests, with

asterisk marking lowest RMSE in each panel. Labels at right edge of graph are all-site means for
each model and parameter.
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a Daily maximum stream temp. Daily mean stream temp.
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Figure 6. Effects of flow (Q) and day of year (D) on predicted values of (a) Tmax and (b) Tmean in
Scott River GAMY7. Colors and labeled contour lines show predicted temperatures (°C).
Underlying gray dots show calibration data.
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4.2 Model scenarios assessing management effects and timing of flow importance

Water temperature predictions under quantile air temperature {e-gFogistiel3-and-its GAM
equivalent GAMIH-performedscenarios on the werst:

GAM4—ehesen—asScott River usmg our selected model fer—reaseﬂs—d-lseussed—m—Seeﬁeﬂé—l—h&d
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25+

204

GAM1: tensor Q-A2w-D
Cross-validation:
RMSE =1.00 °C
R2=0.976
Out-of-sample val.:
RMSE =0.95°C
R2=0.975

GAM4: tensors Q-D & A2w-Q (final)

Cross-validation:
RMSE =1.01°C
R2=0.975
Out-of-sample val.:
RMSE =0.99 °C
R2=0.973

TNy

GAM7: varying Q & A2w
Cross-validation: y
RMSE =1.08 °C
R2=0.972
Out-of-sample val.:
RMSE =1.25°C
R2 =0.957

25+

20+

Harmonic12: varying Q &AZW‘ .in
Cross-validation:
RMSE =1.16 °C
R2=0.968
Out-of-sample val
RMSE =1.37°C
R2=0.948

GAMS: A2w no varying
Cross-validation:
RMSE = 1.47 °C
R2 =0.948
Out-of-sample val.:
RMSE = 1.69 °C
R2=0.921

GAMO: no Q or A2w varying
Cross-validation:
RMSE =1.90 °C
R2=0.913
Out-of-sample val ',;
RMSE = 1.81 °Gisr
R2=0.909

254

20+

GAM11: A7 only no AR1
Cross-validation:
RMSE =2.36 °C
R2 =0.866
Out-of-sample val.:”
RMSE =276 °
R2=0.789,

Logistic13: Mohseni
Cross-validation:
RMSE =2.37 °C
R2 =0.865
Out-of-sample \/_él .
RMSE =2.87 °
R2=0.773
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seasonal pattern rising in March to reach a—peakmaxrmum effect size on 15 June (vp-te-9-5°2C
for DPMxSTand-6-27.7 °C for DMSiTmaX and 5. 5 °C for Tmcan) then d1m1n1sh1ng to near zero by
early September (Flgure btes =

- entemberres 0 Aes-n e oy .J Consrstent Wlth
themeasured data (Fi 1gure 282), modeled annual maximum water temperatures occurred later in
the season in high-flow yearsconditions (i.e., late July or early August) than in low-flow
yearsconditions (i.e., early/mid-July) (Figure 67).

TrtheTiming and magnitude of flow effects varied among the 10 Klamath Basin sites, but
generally followed a similar seasonal trend of flow having the strongest cooling effects in April—

July, less cooling effects in March and August, and warming effects in November through
February (Figure 8). Cooling effects of flow were strongest at Scott River and weakest at Shasta
River.

The Scott River “observed air temperature” scenarios, we-modeled DMxSTpairinethewhich
parred observed air %emper&tuf%ﬁm%seﬂes—fo&@%—zg%@—w&h—ergheﬂow—seermﬂos—@&b%

temper&mres)%kdaﬂﬂa{eﬁaﬂpera&meassoer&ted—wﬁlmehtemperamres Wlth erght flow
scenarios, demonstrated how flow variation influences stream temperature timing and
magnitude. The lowest flow scenano—@ompared%o&%kowes%ﬂew—see&a&o—é@—@é—qaaﬂ&}e)—the
highest-flow-seenario(0-95-quantile)-has- (0.1 quantile) had annual maximum temperatures that
are-3.73 °C eeelerwarmer than the highest flow scenario (0.9 quantile) (Figure 7a)9a), and
temperatures-first reachreached 22 °C 5448 days laterearlier (Figure 7e):-in-eeontrastthere-is-only
a2-day-differenee-in9c). The last day ef the-year-thathas-with temperatures >22 °C differed by
only 2 days (Figure 7d9d). The seenarie-with-observed flows-hasscenario had the most
interannual variation in the-annual maximum temperature (Figure 7a9a) and timing of
exceedances of 22 °C (Figure 7e9¢,d), because it inehadesincluded very low flows as-wel-asand
very high flows. WaterPredicted temperature responses to the CDFW and USFS flow scenarios
are complex and depend on how the flows are implemented. If implemented as bypass flows
above which all additional water is diverted, then temperatures reachreached 22 °C +7-days
earlier with-the-exact USES flows-than withthe observed flows-flow scenario by 4 days for the
CDFW flows and 13 days for USFS flows (Figure 7e9c and Figure S8) because the USESthese
management flows are-mueh lower than average-observed flows in May and June—tn-eontrast
(Figure 3). However, in the seenarie-in-whiehscenarios where the CDFW and USFS flows are

&eateéas%ﬂﬂmuﬂsésupp%aﬂ%edwere replaced by observed USGS flows on daysdates when the
observed ﬂows arch aty ach
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= were

higher than the management flows, then predicted temperatures reached 22 °C later than the
observed scenario by 4 days with CDFW flows and 2 days with USFS flows. In addition, the
number of years with exceedances of 22 °C prior to 23 June 26-arewere reduced from 67 to 20
(Figure 7€9c¢) because the-CDFW flows arewere higher inthan observed flows in drought years.
Patterns-ofinter-seenarioDue to higher July and August flows, annual maximum water
temperatures were 1.0—1.1 °C cooler in the CDFW scenarios than the observed flow scenario

(Figure 9a). Differences in annual degree-days exceedance of 22 °C between scenarios (Figure
Fhyareveryd b) were 51m11ar to %hes%ef—annual max1mum temperature{—Fqgaf%la)—Wh#%t-he

Coolest air temperatures Typical air temperatures Hottest air temperatures
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Daily maximum stream temp. (°C)
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Figure 6-Predicted-maximum7. Modeled Scott River Tmax and mean-water-temperattres Tmean

under the 15 “quantile air temperature” scenarios representing combinations of 3three air
temperature inputs (arranged in columns) and three quantile flow inputs and two management
flow inputs (shown by color). Observed values for 19951998-2020 are shown as gray lines.
Selected data values are labeled on 15 June and the first day of the-menths-March—October.
Horizontal dashed line at22-°2C-DMxST-is the salmonid temperature threshold.
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Figure 8. Modeled stream temperature differences between lowest flow (0.1 quantile) and

highest flow (0.9 quantile) scenarios throughout the year for (a) Tmax and (b) Tmean at 10 Klamath

Basin sites estimated using GAM7.




803
804

805

806
807
808
809
810
811

812
813

814

815
816
817
818
819
820
821
822
823
824
825

manuscript submitted to Water Resources Research

a b
Jul 22 Au 29
Highest flow (0.9 quantile) - X R @k X XX X% X xg
Jun 29 Aug 30
.© Typical flow (0.5 quantile) - xxxsog@oAlixx X X xn X ow X
=
@© Jun 12 Aug 28 -
5 Lowest flow (0.1 quantile) 1 xwx x  x@¥ox x X on R X x . Individual
@ e o Jun 28 Aug 27 years
2 CDFW interim flow criteria 4 XK X @ & X % o RE QR x X%
3 ° Mean of
o Jun 18 Aug 30 all years
w USFS water right 4 X K@K xx X X X xxx
Jun 30 Aug 29
Observed flowq * *x  x w  x X xx B x Xk *x x % x X XX x Xy
June 15 July 1 July 15 Sep 1
First day of year Last day of year
exceeding 22 °C exceeding 22 °C
c d
23.6 26
Highest flow (0.9 quantile) | * oxx@six 1 x A
25.1 100
O Typical flow (0.5 quantile) - x X el B 4 e
=
© 26.3 180 o
5 Lowest flow (0.1 quantile) 4 * o X | o xx P x o Individual
& - . 24.2 57 years
= CDFW interim flow criteria 4 x @ % * b x xR
3 @ Mean of
o 25.3 121 all years
w USFS water right 4 Fooo @K%k x 4 x xS X
252 106
Observed flowq x  * x  x xxx®@ & ¥x o I T i T . ¥oxox oo
2 24 25 2 27 50 100 150 200
Modeled water temperature Modeled annual degree days
annual maximum (°C) exceedance of 22 °C water temperature

Figure 9. (a) Annual maximum stream temperature, (b) annual degree-days exceeding 22 °C,

and (c) first day-and (d) last day each-yearwhen DMxST-exceedsTmax exceeded 22 °C predieted
using-a-statistiealin Scott River model scenarios pairing observed air temperatures for1+995-2020
with thesame-eight flow eenditionsscenarios. Means of all years are shown inFigure-S&-Points
ferwith black points and grey “x” show individual years-are, offset slightly-for clarity. Data

%&belrs—&fe—t-he—meaﬂ—of—a-l-l—yeafs:

5 Discussion

Consistent-with-eurhypethesisAt all 10 sites, models with seasonally varying flow effects of
flows ubstantlally outperformed models Wlth a constant relationship between stream temperature

temperatuf%based—MehsemePal—&H@QS}peptﬂametheér mdlcatmg that the mﬂuence of flow

changes throughout the year. Models containing only air temperature performed particularly

poorly meempaﬂseﬂ%etheGAM&because i{m dld not 1nclude ﬂow asa p#edietor—@uﬁesults

covarlate whlle models w1th a 1mear effect of ﬂow QAreF&ePthad mtermedlate accuracy.
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Flow had the strongest effect on water temperatures in April-July. The highest Scott River

management flow evaluated would substantlally decrease exceedances of 22 °C and reduce
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53-Snew-and-groundwater mediate-the-effeets-of river flow-Model accuracy of our top model

and similar model structures were high for both Tmax and Tmean. For Tmean, our selected model’s
LOYO CV RMSE ranged from 0.80—1.17 °C at 10 sites (Figure 5), better than the 0.75-1.75 °C
RMSE in Mohseni-based models at 14 sites within our study area (Manhard et al., 2018). In

additional to outperforming other models applied within our study area, our selected Tmean model
also had better LOYO CV RMSE than most single-station year-round daily statistical models

from around the world (all-site average model validation RMSE for each analysis’s best
performing class of models: Ahmadi-Nedushan et al. [2007] 0.51 °C, Boudreault et al. [2019
1.45 °C, Coleman et al. [2021] 1.3 °C, Koch and Griinewald [2010] 1.25 °C, Laanaya et al.
[2017] 1.44 °C, Letcher et al. [2016] 1.16 °C, Sohrabi et al. [2017] 1.25 °C, van Vliet et al.
[2011] 1.8 °C, and Soto et al. [2016] 1.20 °C). Our high model accuracy was achieved despite
using PRISM air temperatures instead of local measurements—favoring ease of replicability.

GAMs were a useful modeling approach because they represented the nonlinear relationships
and interactions between stream temperature and covariates. Our approach used >15-year
calibration datasets spanning environmental conditions (i.e., hot and cool air temperatures and
high and low flows). We prevented overfitting by restricting the number of knots in GAM
smoothers (Section 3.2), basing model selection on extrapolation tests that evaluate prediction
under expanded ranges of covariates (Section 3.3). and confirming that covariate responses and
interactions matched scientific hypotheses regarding underlying physical processes (Section 5.3).
Our selected model, GAM7, represented flow with two terms—a nonlinear smoother and a
partially nonlinear interaction between flow and day of year—whose combined effects (Figure 6)
provided enough flexibility for accurate predictions without overfitting. This two-term structure
incrementally improves upon previous methods for representing flow effects, with GAM7’s
overall extrapolation CV RMSE 0.04 °C better than GAMS6, the model with a simpler flow
effects structure nearly identical to Glover et al. (2020). Consistent with warnings from Siegel &
Volk (2019), tensors (fully nonlinear interactions) were too flexible and did not perform as well
as GAM7 when applied to conditions differing from the calibration dataset (i.e., extrapolation
tests), although tensor models still outperformed models without seasonally varying flow effects.

5.2 Magnitude and timing of flow effects on water temperature

Consistent with physical expectations, our results corroborate previous findings from northern
temperate rivers that during seasons when air temperatures are typically high and flows are
typically low (i.e., summer in our study area), lower flows are often temporally correlated with
higher stream temperatures (Arora et al., 2016; Isaak et al., 2017; Luce et al., 2014; Neumann et
al., 2003), and flow more strongly affects Tmax than Tmean (Asarian et al., 2020; Gu and Li, 2002;
Gu et al., 1998:-Gu-and £i-2602). In our study streams, high flows had a strong cooling effect on

stream temperatures in April-July, but less influence during other months. Multiple linear
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regression (MLR) models using monthly flow and air temperature at 239 Northwestern USA
sites not regulated by dams (Isaak et al., 2018) and spatial stream network models for eight
regions of the Western USA (FitzGerald et al., 2021) showed monthly timing and direction of
flow effects on stream temperatures (Figures S9—S10) similar to our results (Figure 8b), with the

exception of similar cooling in April and August whereas our models show weaker cooling in
August than in April. Monthly MLR modeling in 17 sites in Canada’s Frasier River Basin found

flow-mediated cooling effects on summer water temperatures were stronger in July than August
and weakest in September (Islam et al., 2019). In Poland, where inter-season flow differences are
less pronounced than in our study area, high flows were correlated with cooler water
temperatures in April-September, with the strongest relationships occurring in July—September
at mountainous snowmelt-fed rivers (Wrzesinski and Graf, 2022). An Eastern USA river study
using a daily year-round GAM found that water temperature decreased with increased flow from
April through mid-October (Yang & Moyer, 2020). Previous studies evaluating year-round
changes in the relationship between stream temperature and flow generally used monthly time
steps. Our daily model provides a more nuanced understanding of seasonal dynamics by

allowing this relationship to change smoothly at sub-monthly time scales, facilitating
identification of changes within a month, as well as the rate of change.

Flow-induced cooling in snowmelt-dominated rivers is common. Process-based modeling of a
Sierra Nevada river indicated early summer stream temperatures up to 16 °C cooler in a record
wet year relative to a dry year (Null et al., 2013). In steep Alaskan streams, average summer
stream temperatures were 3—5 °C cooler in high-snowpack years than low-snowpack years (Cline
et al., 2021). In the conterminous USA, including flow as a covariate improved daily stream
temperature predictions over air temperature only models in April-August, but only in
snowmelt-dominated streams (Sohrabi et al., 2017). Stronger flow effects occurred in inland
regions than coastal regions of the Western USA (Figure S10) (FitzGerald et al., 2021),
consistent with a greater percent of precipitation falling as snow (Klos et al., 2014). Climate
change studies have not parsed the separate influences of hydrology and air temperature on
stream temperature, but in snowmelt-dominated areas of western North America, predictions for
disproportionate spring and summer stream temperature warming are nearly ubiquitous and
attributed to snowpack declines causing lower flows in those seasons (Caldwell et al., 2013;
Crozier et al., 2020; Ficklin et al., 2014; Leach & Moore, 2019: Lee et al., 2020; Luo et al., 2013;

Null et al., 2013).

5.3 Model correspondence to physical mechanisms

We used air temperature and flow as the major predictors in our model, recognizing that these
predictors represent many processes that collectively determine stream temperatures. Air

temperature is not the most important component of stream heat budgets (Johnson, 2004
Dugdale et al., 2017), but it has high predictive power because it is correlated with net radiative
flux, a key driver of stream heat budgets (Caissie 2006). Air temperature data resulted in high
model accuracy in our study, and are widely attainable unlike radiative fluxes.

The effects of flow on stream temperature vary throughout the year in response to the physical
mechanisms affecting stream energy balances. High flows speed downstream transit of water and
provide increased thermal mass that resists heating (or cooling). While flow has strong effects on
water temperature in April-July in our study area, its effects are substantially weaker—though
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still present—in August. High flow can exert a dominant influence on water temperature, but this
influence wanes as flow recedes, leading to progressively greater influence of solar radiation and
air temperature. The relationship between flow and water temperature in our top-preforming

model is nonlinear and varies with day. Marginal effects of decreasing flow diminish as flow
approaches 0 m*/s (Figure 6). At Scott River, August flows were much lower than July (Figure 2,

Figure 6), and by 15 August were always below 2.6 m*/s (92 ft*/s). These low August flows have
shallow water depth, low thermal mass, and slow transit times resulting in residence time
sufficient for water to heat up to equilibrium temperature (Bogan et al., 2003; Nichols et al.
2014; Tague et al., 2007). During hot, dry conditions such occurs in our study area during
summer, evaporative cooling limits how high stream temperatures can rise even when flows are
extremely low (Mohseni & Stefan, 1999: Mohseni et al., 1998; Shaw et al., 2017). Flow

magnitude-and seasonality-atourstudy-site-isWildfire smoke could also reduce warming of
August stream temperatures (David et al., 2018). Widespread fire is more likely during drought

conditions (Westerling, 2016), suggesting potential for smoke to confound low flow effects on
temperature by decreasing solar radiation. We did not include smoke in our models because the
data are difficult to process and we wanted easily replicable methods. but smoke effects on
stream temperatures peaked in August in our study area (Asarian et al., 2020). With less solar
radiation and cooler air temperatures than earlier months, Tmax is almost always less than 22 °C
at Scott River by early September regardless of flow (Figure 7). In October—November, a period
of hydrologic transition when precipitation ends seasonal baseflow recession, flows had little
influence over stream temperature (Figure 8), but Scott River and two other sites had weak
modal flow-temperature relationships (i.e., highest water temperatures at moderate flows) (Text

S5).

Groundwater contributes to the relatlonshlp between flow and stream temperature at our Scott
Rlver site, as it does in many: g g g 5

m—maﬂy—et—her rivers (Brlggs et al., 2018; Isaak etal., 2017; Kelleher et al 2012 Mayer 2012

Nichols et al., 2014,—Lsaaleet—a47294—7). Thermal infrared imagery, field measurements
(NCRWQCB, 2005), and a groundwater model (Tolley et al., 2019) confirm that the 10 km of

river directly upstream of our study site are a gaining reach where valley constriction forces
substantial groundwater into the Scott River, a common phenomenon at the outlet of alluvial

valleys (Stanford and Ward, 1992). Scott River flows are driven by a mix of valley groundwater
dynamics and snowmelt-driven mountaln runoff ( Fogha etal., 20132 Van K1rk and Naman,

. As mountam mnoff recedes and
trlbutarles are almost fully dlvel'ted for 1rr1,qat10n the relatlve contribution of groundwater to
surface flow at the valley outlet increases over the summer and becomes dominant (NCRWQCB,
2005). Sediments underlying the river and its tributaries have high hydraulic conductivity, so
groundwater and surface water are strongly connected (Tolley et al., 2019). During the May—
September recession period when temperatures are of greatest biological concern, flows are
related to aquifer levels, and the relative proportions of valley outlet flow derived from mountain
runoff and groundwater are well-predicted by flow and day of year. Thus, even though these two
sources have different temperatures and our model does not explicitly differentiate them, the
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model performs well because the interaction of flow and day of year implicitly characterizes
these dynamics adequately. Scenarios from a short-term process-based surface water model
predicted doubling groundwater-derived flow would cool 30 July 2003 Scott River Tmax by 2 °C,
and a 50% reduction of groundwater-derived flow would warm temperatures by 2 °C
(NCRWQCB, 2005)._ For comparison, applying our model to scenarios doubling or halving the
3.03 m*/s (107 ft’/s) gaged flow for that same date predicts Tmax 1.0 °C cooler or 0.7 °C warmer,

respectively.

frem—deemamg—mewpaek—éG&ldweH—et—al—Statlstlcal models tvplcallv require many fewer

variables as data inputs than process-based models do, so are often much simpler to develop
(Caissie, 2006; Ouellet et al., 2020); however, this ease has tradeoffs. For example, our model
does not differentiate between specific sources of inflows, which may have quite different
temperature influences, nor how alternative management scenarios would spatially and
temporally alter those inflows. If fundamental characteristics of valley hydrology (i.e.
management or climate) changed dramatically, model accuracy could suffer. Similarly, applyin
the model to covariate combinations beyond those used in calibration will degrade predictive
accuracy (Section 5.5). To avoid overly complex models that overfit calibration data, we used
extrapolation tests to favor selection of simpler more generalizable models. Our model does not
incorporate longer-term (e.g., annual to decadal) variation in air temperature that affects
groundwater temperatures and precipitation phase (e.g., snow or rain), so may underestimate
responses relative to predictions from integrated process-based models (Leach & Moore 2019).

) 5 =5

5.4 Biological implications

Higher Scott River
mgflows extend the

perlod when cool water habltat is avallable fer—ﬁsh—él—%tempemtafes—less—th&ﬂ—l%—@){@lgure

H—TFhese-coolerwatertemperatares-give9), giving juvenile salmonids additional time to migrate
downstream and reduce everat-thermal stress for fish that rear in the Scott River through the

entire summer. Climate change will likely continue to reduce snowpack and summer flows
(Persad et al., 2020), increasing duration of detrimentally warm temperatures. Mean diel range in
June—August exceeds 5 °C, providing hours every-day-whendaily with temperatures are-less-than
<22 °C even #DMxSTwhen Tmax exceeds 22 °C. Salmonids can potentially persist by using
thermal refugia where cool tributaries, groundwater, or hyporheic flow enters the river during the

hotter parts-ef-the-dayhours and then mevinginteforage in the mainstem-te-feed when
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temperatures are cooler (Brewitt & Danner, 2014; Sutton et al., 2007; Sutton and-& Soto, 2012;
Brewitt-and Danner; 2014). However, substantial portions of the Scott River and tributaries lack
surface flow during summer, especially in dry years, reducing habitat connectivity-between

the‘ltma F%ﬁ|g1"i 'ﬂqd mai‘ﬂ stem habit'}t‘.

5.5 Applications and management implications

These models can be used not only to identify the seasonally varying influence of flow, but also
to predict future stream temperatures based on managed flow recommendations- and to impute
missing data. Instream flow management frameworks are evolving (Mierau et al., 2017; Poff et
al., 2017; Yarnell et al., 2020) and accurate stream temperature models provide a Valuable tool

ter—use—m—these—preeesses— o predict management outcomes.

Our modeling approach Hek&ﬁ%eky—easﬁe—mrp{emeﬂkespeem%bﬁn—emﬂpaﬁserﬁe—a—preeess—
based-medelswhich-we-hepe-willcould facilitate water managers’ ability to include stream

temperature as a management target- in areas that do not currently have operational process-
based models. For example, Siskiyou County is eurrently-developing a groundwater
sustainability plan for the Scott Valley (Foglia et al., 2018). The current groundwater model
(Felley-etal;2049)-does not simulate water temperatures (Tolley et al., 2019). ;-se-our
temper&tureOur model eonldcan be a—used to &ssess—thepredlc effects of s

streamScott Rrver temperatures 1nc1ud1ng the CDFW and USFS ﬂow thresholds under
consideration, and could inform state agencies’ development of new flow objectives. The CDFW
and USFS flows arewere both predicted to impreve-{i-e-cool)-summer maximum annual
temperatures relative to current conditions, but improvements would be greater with the higher
CDFW flows: (Figure 9). We caution that while the CDFW and USFS flows are relativelyhigh
compared-tehigher than typical observed flows in late summer and early fall, for March to early

June they represent extreme drought condltlons éF—rgur%Zb}—whwhhaﬁw&Hﬂpheaﬂens—Fwst—m

than«aeeurred%thﬁreebsewed—ﬂew%@gwﬁe}that could cause earller exceedances of 22 °C

(Figure 2b). Surface water diversions for in lieu recharge (switching irrigation source from
groundwater to surface water) or managed aquifer recharge (Dahlke et al., 2018; Foglia et al.,
2013) should not use the CDFW and USFS flows to guide maximum diversion rates, but instead
be tailored to reduce deleterious effects on instream habitat including temperatures, such as
ceasing diversions by 1 June, the first date when measured (Figure 2) and modeled temperatures
(Figure 79) reach 22 °C.

As with any regressienstatistical model, prediction accuracy istikelytewill degrade when
applied to conditions more extreme than those present in the calibration dataset. Our selected
model interacts day of year with flow and air temperature, so extrapolation caution applies not
just to the range of individual variables but also their combined distributions. Our calibration
dataset includes a wide range of hydrologic conditions, but no years without surface water
diversions or groundwater pumping because those activities occur every year. Groundwater

modeling-effortssuggest-thatsStreamflow depletion from groundwater pumping weuld-be-is
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greater in dry years than wet years%eeaus%nﬂryyearsﬁ&mpmgstarts%er—em%aﬂve

wer (Foglia et al., 2013:Telley-et
4l 2019). Slmulated total Valley-w1de streamﬂow depletlon peaks around 150, 000 m3d?! (60

ft*/sees) in July-and—August (Foglia et al., 2013), exceeding streamflow in dry years. Our model
should be suitable for modeling stream-temperatures-in-dry years for scenarios with reduced
pumping and/or diversions, which would presumably have flows similar to existing wet years
(and hence are within the range of calibration flows); however, in wet years such scenarios
would likely exceed the range of calibration flows and therefore be subject to eensiderably
higherlevels-efmore uncertainty. A#y-Future application efeurmedel-to scenarios with flows
higher than observed should be-dene-carefully-and interpreted with appropriate caveats.

Flow records are typically less available than water temperature records, so may constrain where
our modeling approach can be applied. However, if site-specific flows were not available, data
from a nearby site could be used if they were likely to be highly correlated (i.e., similar
watershed characteristics). We did not systematically explore that issue, but the one site (South
Fork Trinity River) where we used flows from an upstream station had prediction accuracy
similar to the other nine sites (Figure 5). In addition, although our modeling approach should
work well with records shorter than the >15-year datasets we used, we recommend further
research to determine the minimum required period of record.

These models can also be used to fill gaps in stream temperature data records needed for other
analyses (Glover et al., 2020). Their high accuracy suggests they would compare well with
imputation methods used in recent daily year-round stream temperature analyses (Isaak et al.,
2020; Johnson et al., 2021).

6 Conclusions

Statistical-models-indicate-Long-term daily stream temperature datasets enabled development of
generalized additive models (GAMs) that include nonlinear and seasonally varying effects of
flow and air temperature on stream temperature. Cross-validation indicated these models had
higher accuracy than models that did not account for seasonally variable effects of flow,
providing evidence that flow is important in controlling stream temperatures and that the
influence of flow is variable through time. Results from these models indicated that high river
flow kashad a strong cooling effect on river temperatures during April through July i=
Califernia’s-SeottRiverat 10 sites in the Klamath Basin of California, corroborating similar te
prevreu%ﬁndmgs from preeess—based—mede}s—m—m&ny—snew—demnmed—rwers—m—westem North

Amenca A

Results from extrapolation cross-validation tests show that our selected model is robust in
estimating stream temperatures under environmental conditions moderately outside of the range
of conditions used to train the model (although see cautions in Section 5.5). We applied the
model to instream flow management scenarios proposed by regulatory agencies at our focal
study site, the Scott River ﬁndmg that these scenarios would improve stream temperatures
Relatlve to re

%ﬂe&d&ﬂﬁemperal%uteeerre}aﬂenhlstorlc condltlons the hlgher instream ﬂow scenario
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would reduce annual maximum temperature from 25.2 °C to 24.1 °C, reduce annual exceedances
of 22 °C (a cumulatrve thermal stress metrrc) from 106 to 51 degree- days and e e L

%wrejeevematﬁbatesde ay onset of water temperatures >22 °C durmg some drought years.

These models contribute to an emerging body of work demonstrating the benefitsuse of

geﬁerahzed—&détwe—mede}s—(-GAMs} for meéekﬂgpredlctmg dally river temperatures Givenrthe

implement and v
medelimprove predlctlon accuracv of stream temperature responses to ﬂow changes over models

without seasonally variable effects of flow, providing tools that managers can use to select flow
solutions most likely to protect species and ecosystems. The models are implemented in the R
software environment with publicly accessible code. Testing at 10 streams in our study region
indicated that models with seasonally variable flow effects had high prediction accuracy across
all streams, suggesting that these models have broad applicability over a range of stream types.
Our selected model, GAM7. incrementally improves upon previous methods for representing
flow effects. Model applications include those explored here (i.e., scenario prediction and
identifying periods of flow importance), as well as filling gaps in temperature time series. We

est that GAM7, as well as similar model structures (i.c., GAM6, GAMS) will perform well
across a range of streams. Model validation procedures, including extrapolation-based methods
when models are applied to new data, should be conducted to test model accuracy at new sites
and for datasets of variable periods of record.
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