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Monitoring is usually among the first actions taken to help inform recovery planning for declining species, but
these data are rarely used formally to inform conservation decision making. For example, Central Valley Chinook
salmon were once abundant, but anthropogenic activities have led to widespread habitat loss and degradation
resulting in significant population declines. Monitoring data suggest survival through the southern SacramentoSan Joaquin River Delta, in particular, may be a limiting factor for juvenile Chinook salmon outmigrating from
the San Joaquin River and its tributaries. However, survival and routing monitoring data have not been formally
used to inform water management in a decision analytic framework. Here, we illustrate how estimates derived
from disjunct monitoring data can be used to inform water management and as a basis for adaptively managing
flows. We aggregated a meta-analysis of Chinook salmon smolt survival and routing estimates through the south
Delta with other sources of data to develop a survival and routing simulation model to estimate optimal flows for
the San Joaquin River during smolt outmigration from February–May. We found that large flow pulses at pre
dictable times during the spring are projected to be optimal for increasing Chinook salmon smolt survival to the
San Francisco Bay and that optimal scenarios differed somewhat with water year type. Sensitivity analysis
revealed temperature and smolt outmigration timing are driving optimal pulse distribution and that water
allocation changes little with parameter uncertainty. This case study highlights the utility of the decision-analytic
framework for solving conservation problems.

1. Introduction
Monitoring data are often collected on sensitive species with the
objective of informing management for conservation (Nichols and Wil
liams, 2006; Lyons et al., 2008). Indeed, these efforts can result in years
of abundance, survival, movement, and habitat quality data, sometimes
in excess of twenty years. These data are rarely used formally for the
purpose of informing management (Nichols and Williams, 2006). In
many situations, managers and biologists believe their data are insuffi
cient for making informed management decisions and believe more
monitoring data are needed (Wright et al., 2020). The decoupling of

monitoring from natural resource management decision making is
inefficient and potentially wasteful if resources are expended for
increased monitoring but the monitoring results lie idle (Nichols and
Williams, 2006). A better approach incorporates monitoring data into a
quantitative decision-support framework to evaluate the potential
effectiveness of management alternatives on valued resource objectives,
such as species recovery, while maintaining a flow of information to
reduce uncertainty and increase predictive performance (i.e., adaptive
resource management; Nichols and Williams, 2006; Lyons et al., 2008;
Williams, 2011; Conroy and Peterson, 2013; Wright et al., 2020).
Although adaptive resource management has demonstrated success
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when applied to conservation problems, it remains relatively underu
tilized in practice.
An example of the decoupling of monitoring from management is in
the management of water flows to support migration of anadromous
salmonids in the Central Valley of California. Hydrological modifica
tions and habitat degradation have, in part, resulted in substantial de
clines of populations of Central Valley Chinook salmon and other
anadromous fish (Smith et al., 2003; Myrick et al., 2004; Perry et al.,
2018). An extensive system of dams, reservoirs, diversions and aque
ducts supports agricultural (flood control and irrigation) and municipal
uses (power generation and water supply) throughout the Central Valley
(Smith et al., 2003; Poff et al., 2007, 2010; Perry et al., 2018; Zim
merman et al., 2018). These modifications have blocked salmon access
to historical spawning habitat, and have greatly reduced the seasonal
and interannual streamflow variability of rivers; altered the timing and
magnitude of river discharge; and changed the temperature and
turbidity of river water (Smith et al., 2003; Lund et al., 2007; Poff et al.,
2007; Richter and Thomas, 2007; Singer, 2007; Brown and Bauer, 2010;
Shenton et al., 2012; Perry et al., 2018; Zimmerman et al., 2018; Stur
rock et al., 2020). In addition, physical habitat has been hardened and
simplified to facilitate human navigation and flood control (Lehman
et al., 2019) and myriad non-native species have become established
resulting in dramatic changes in species assemblage structure (Dill and
Cordone, 1997; Feyrer and Healey, 2003).
Chinook salmon use ocean, freshwater, and estuarine habitats to
fulfill their life history needs, but observations of low survival (<0.05;
Buchanan et al., 2018a, 2018b; Perry et al., 2018; Buchanan and Skal
ski, 2020) for juveniles outmigrating through the Sacramento-San Joa
quin River Delta (hereafter, Delta), and the importance of this region for
water management, has made the Delta a research priority (Sommer
et al., 2001; Limm and Marchetti, 2009; Michel et al., 2013; 2015).
Every natural-origin juvenile must pass through the Delta to successfully
reach the ocean (Newman and Brandes, 2010; Perry et al., 2018;
Buchanan and Skalski, 2020). However, the Delta is also the core of
California’s water delivery system, diverting water through a network of
channels and canals (Grantham, 2013; Luoma et al., 2015; Healey et al.,
2016; Perry et al., 2018; Buchanan and Skalski, 2020). The Delta has
undergone an almost complete transformation from historical condi
tions (Whipple et al., 2012; Michel et al., 2013). Juvenile salmon
navigate through multiple potential pathways in the highly modified
Delta where route-specific survival is highly variable (Perry et al., 2010;
2018; Singer et al., 2013; Brown and Bauer, 2010).
Juvenile fall-run Chinook salmon can disperse from natal tributaries
in early spring as smaller fry and achieve considerable growth for
multiple weeks in non-natal waters prior to ocean entry, or they can rear
in natal tributaries and leave as larger smolts later in the spring (Limm
and Marchetti 2009; Merz et al., 2013; Zeug et al., 2014; Sturrock et al.,
2020; Nobriga et al., 2021). Historically, the Delta was dominated by
floodplains and wetlands that could support large numbers of rearing
fry, and provide predator and thermal refugia for later outmigrating
smolts (Sommer et al., 2001). However, <3% of these habitats remain
today and salmon that emigrate early from natal tributaries as fry have
low survival (Sturrock et al., 2020). Salmon emigrating later as smolts
also have low survival due to increased water temperature (>20 ◦ C) that
corresponds with increases in bioenergetic demands of introduced
predatory fish (e.g., largemouth bass [Micropterus salmoides]) and a
reduction in salmon swimming performance (Lehman et al., 2017;
Buchanan et al., 2018a,2018b).
Freshwater input into the Delta is influenced primarily by the San
Joaquin River in the south and is dominated by the Sacramento River in
the north (Buchanan et al., 2018a, 2018b; Perry et al., 2018). In the
south Delta, multiple decades of coded wire tag releases of juvenile
Chinook salmon have been used to develop models relating hydrologic
conditions to salvage at the state and federal exports facilities (Zeug and
Cavallo, 2014), smolt survival (Newman, 2008; Zeug and Cavallo,
2013), and movement through the Delta (Baker and Morhardt, 2001).

More recently, acoustic tagging of individual smolts has allowed more
precise estimation of individual smolt routing (movement) and survival
in the south Delta (Holbrook et al., 2009; SJRGA, 2010, 2011, 2013;
Buchanan et al., 2015, 2016, 2018a, 2018b). These multiple years of
acoustic data can facilitate identification of flow regimes for the San
Joaquin River that would maximize the survival of outmigrating salmon
smolts through the various possible routes in the south Delta.
Our objectives were to show how to leverage currently available
long-term monitoring datasets to develop decision-support tools that
can directly inform management decisions without the need for waiting
on additional monitoring data. For purposes of illustration, we assumed
a decision context of “what is the best timing and volume of water to
release for migrating salmon?” with the objective of maximizing juve
nile Chinook salmon survival through the south Delta from Durham
Ferry to Chipps Island. The objective could also have been e.g., minimize
the probability that survival is below some threshold or maximize
emigration timing diversity. The important concept is that different (or
multiple) formulations of objectives could have been used for optimi
zation and we selected “maximize survival” to demonstrate the decisionanalytic framework.
To this end, we aggregated estimates from various datasets from the
south Delta to develop a salmon smolt survival and movement simula
tion model that estimates the number of smolts that survive along the
various routes in the Delta for a given flow regime. This included a metaanalysis of Chinook salmon smolt survival and routing probability es
timates available from summary reports through years of monitoring
that we related to environmental variables, i.e., flow, temperature,
water exports, and tide. We then used optimization modeling to deter
mine the flow regimes that maximize survival during smolt out
migration. We also used our simulation model to compare the outcome
of flow decisions in previous years to model-optimized flow and con
ducted a sensitivity analysis to help prioritize further data and moni
toring needs.
2. Methods
2.1. Management system
The California Central Valley watershed is composed of two main
drainage systems encompassing 160,000 km2, the Sacramento and San
Joaquin basins. The Central Valley experiences a Mediterranean climate
with historical flow regimes driven by winter storm events, late spring
snow melt, and a hot, dry summer (Dettinger et al., 2011; San Joaquin
River Group Authority (SJRGA, 2011; Yarnell et al., 2015; Hestir et al.,
2016). Seasonal variation in flows is substantial (Hestir et al., 2016)
with approximately 80% of average annual flow occurring in six months
of the year, with peak flows generally occurring in the late spring
(Whipple et al., 2012). The Sacramento and San Joaquin Rivers join to
form the Delta at the eastern portion of the largest estuarine system on
the West Coast of the Americas (Whipple et al., 2012). The Delta then
feeds into San Pablo, Suisun, and San Francisco Bays to the west, and
then to the Pacific Ocean.
The region of focus for this paper is the southern portion of the Delta
from Durham Ferry in the south to Chipps Island in the northwest and
bounded by the San Joaquin and Old River (Fig. 1; Buchanan and
Skalski, 2020). The primary source of freshwater in this region is the San
Joaquin River, and tides increasingly dominate hydrology downstream
of the Head of Old River Junction (Baker and Morhardt, 2001; Cavallo
et al., 2015; SST, 2017). The Central Valley Project (CVP) and State
Water Project (SWP) pump water from the south Delta for agricultural
and municipal uses through a series of channels, seasonal barriers, and
gates (Perry et al., 2010; Hestir et al., 2016; Munsch et al., 2019). Water
exports from CVP and SWP alter the hydrology in the Old-Middle River
corridor and juvenile Chinook salmon can be entrained along with
diverted water. Both the CVP and SWP salvage fish from diverted water
and truck them to the west Delta where they are released. Greater
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Fig. 1. Map of south Delta with major junctions (blue arrows) and labeled regions (blue R1–R7) (bottom), San Joaquin River watershed with major tributaries (top
right), and map of California. (top left). SWP = State Water Project, CVP = Central Valley Project. Red stars indicate SWP radial gates at Clifton Court Forebay (upper
star) leading to fish salvage facilities and CVP fish salvage facilities (lower star). Truck denotes trucking to the finish line from Regions 5 and 6 to Chipps Island. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

numbers of Chinook salmon are salvaged as diversion rates increase but
entrainment may not increase total population mortality under most
conditions (Kimmerer, 2008; Zeug and Cavallo, 2014; Buchanan et al.,
2018a). In some years, a temporary fish barrier is constructed to prevent
fish outmigrating from the San Joaquin River routing to these pumping
facilities (Buchanan et al., 2018a, 2018b). Low river flows also affect
salmon survival by altering the location of the tidal transition zone
(Perry et al., 2010; Cavallo et al., 2013).
Water through the south Delta is managed based on water year type
and a variety of regulatory measures that are in place to protect specialstatus fishes (e.g., steelhead trout [Oncorhynchus mykiss], delta smelt
[Hypomesus transpacificus]), and water quality. Water year types are
complex water management classifications generally based on the
amount of unimpaired runoff from October to July and the previous
year’s index, and are updated monthly during the rainy season (Cali
fornia Data Exchange Center, 2021b). We therefore modeled survival
based on water year type and used the San Joaquin 60–20–20 water year
hydrological classification index that varied during our timeframe of
interest (2008–2018) from least amount of water available to the most:
Critical water years, 2008 and 2013–2015; Dry water years, 2012 and
2016; Below Normal years, 2009 and 2018; Above Normal year, 2010;
and Wet years, 2011 and 2017 (California Data Exchange Center,
2021a).

2.2. Meta-analysis of survival and routing studies in the south delta
We conducted a meta-analysis of the acoustic telemetry-based sur
vival and routing probability estimates for hatchery-raised Chinook
salmon smolts collected in the south Delta for regions where enough fish
survived to include in the meta-analysis (Holbrook et al., 2009; SJRGA,
2010, 2011, 2013; Buchanan et al., 2015, 2016, 2018a, 2018b). The
monitoring objectives set by the above referenced fish studies were to
relate environmental variables to survival and routing of Chinook
salmon smolts through the south Delta each year. The data were
collected using smolt-sized (>100 mm FL) hatchery fish and tag detec
tion arrays that were deployed in the south Delta from April through
June 2008–2015. Survival, routing, and detection probabilities were
estimated using multistate mark–recapture models (Brownie et al.,
1993; Nichols et al., 1994; Lebreton and Pradel, 2002) for various routes
through the south Delta each year beginning at release points on the San
Joaquin River at Durham Ferry and ending at Chipps Island, after which
surviving salmon smolts entered saltwater environments. We extracted
the estimated survival and routing probabilities and their standard er
rors from annual reports of the hatchery fish studies (Holbrook et al.,
2009; SJRGA, 2010, 2011, 2013; Buchanan et al., 2015; 2016, 2018a,
2018b) and entered estimates into a database.
We divided the south Delta into seven regions based on the locations
of acoustic tag detection arrays from previous studies (2008–2015) of
salmon survival and routing (Holbrook et al., 2009; SJRGA, 2010, 2011,
2013; Buchanan et al., 2015, 2016, 2018a, 2018b). We used survival
3
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estimates from these reports for four of the seven regions for which
enough fish survived, as the basis of four separate survival
meta-analyses and four separate routing meta-analyses. Region 1 begins
on the San Joaquin River at the release site for acoustic telemetry
hatchery fish, Durham Ferry, and continues downstream to the Head of
Old River (HOR; Fig. 1). Region 2 continues along the San Joaquin River
from the junction with HOR to the junction at Turner Cut. Region 3
continues downstream on the San Joaquin River to Chipps Island, which
is where juvenile salmon enter the brackish waters of the San Francisco
Estuary on their way to the Pacific Ocean (Munsch et al., 2019). Region
4 picks up at the HOR and heads down the Old River to the CVP and SWP
facilities. Regions 5 and 6 represent entrainment, pre-screen mortality,
screen efficiency, salvage and trucking to Chipps Island from SWP and
CVP (see Fig. 2 from Zeug and Cavallo, 2014 for more information).
Region 5 begins at the trash rack for the CVP and ends with trucking to
Chipps Island (Fig. 1). Region 6 begins at the radial gates at the entrance
to Clifton Court Forebay for the SWP and ends with trucking to Chipps
Island (Fig. 1). Region 7 represents survival of any fish routing through
the interior Delta. This includes fish that route through Old River North
routes for fish making it past the pumping facilities and fish routing into
the interior Delta at Turner Cut. Region 7 ends therefore, with fish

routing through the interior and surviving to Chipps Island. We did not
conduct survival meta-analyses for Region 5, 6 or 7 and instead used
estimates based on other research (Supplement 1; Gingras, 1997; Karp
et al., 2017). The regions we identify here sometimes included two
segments that were used in the acoustic telemetry studies (Holbrook
et al., 2009; SJRGA, 2010, 2011, 2013; Buchanan et al., 2015, 2016,
2018a, 2018b) because locations of tag detection arrays varied through
time. In instances where survival estimates were reported for two river
segments that were within a single region, we estimated the survival for
the larger region as the product of the estimated survival for the two
segments and standard errors using the delta method (Williams et al.,
2002). We excluded much of the 2008 and 2014 data that had poor
transmitter battery survival and too few fish observed in downstream
regions for reliable estimates, but we included estimates from upstream
sections.
We calculated the mean of the environmental variables from the start
and end dates of each release to relate to each release’s survival and
routing estimates. We downloaded daily flow (m3s− 1) and water tem
perature ( ◦ C) data from U.S. Geological Survey (USGS) stream gages on
the San Joaquin River and the Sacramento River (USGS, 2021), SWP and
CVP water exports from California Department of Water Resources,

Fig. 2. Conceptual diagram for the decision support simulation model of juvenile Chinook salmon outmigrating through the south Delta, Central Valley California.
Included are daily inputs to the model (orange ellipses), the modeled daily outputs (blue ellipses), user-defined constants (green ellipses), and the proportional flow
to be optimized on a weekly basis (black ellipse). Prop Fish = proportion of smolts entering the model, vol = volume. Briefly, the user defines the minimum water
volume target at Vernalis and the amount of water available to pulse which gets optimized on total survival through the south Delta. The user must also define the
water year type, whether or not there is a fish barrier at Head of Old River, and how many fish start at the initialization of the survival and routing model. Inputs to
the survival and routing model are drawn from random distributions based on variation from observed data and determine flows at Stockton, and water temperature
at Vernalis and Prisoners Point which are then used to estimate survival and routing in the seven regions (combined here in this Fig.). Finally, the proportion of fish
that are routed to each region and subsequently survive to Chipps Island is summed and then multiplied by the user specified number of fish that started. The
optimized flow proportions by week for each simulation are saved and returned. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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California Data Exchange Center (2020), and minimum and maximum
tide height data from the National Oceanic and Atmospheric Adminis
tration (2018) for Stockton for the same dates that the survival and
routing studies were conducted. We used flow data from the USGS
Vernalis stream gage 11,303,500, Prisoner’s Point stream gage 11,313,
460, Stockton stream gage 11,304,810, Old River stream gage 11,313,
315, and water temperature data from USGS Vernalis and Prisoner’s
Point stream gages.
We conducted meta-regression on survival and routing data which is
a type of powerful meta-analysis common in natural sciences. Metaanalysis synthesizes effect sizes from the mean values and variance es
timates and weights each (mean) contribution by the inverse of the
associated standard errors (Steward and Schmid, 2015; Lortie and Fili
zzola, 2020). Here we assumed the estimates were logit-normally
distributed and used logit transformed survival and routing probabili
ties and their standard errors from the hatchery fish studies in our
meta-analyses (Holbrook et al., 2009; SJRGA, 2010, 2011, 2013;
Buchanan et al., 2015, 2016, 2018a 2018b). We assessed the additive
and interaction effects of environmental variables on survival and
routing probabilities. The model formulation is as follows:

facility using logistic regression. This prevented the estimated proba
bilities from being less than zero and greater than one as could occur
with the linear regression equations reported in Karp et al. (2017).
2.3. Decision support simulation model development
We used the results of the survival, routing, and entrainment metaanalysis and estimates based on published research to develop a quan
titative Chinook salmon smolt survival and routing simulation model for
the south Delta. The model operates on a daily time step and tracks the
number of user-specified smolts that start at Durham Ferry and ends at
Chipps Island. Fish survive from Durham Ferry to HOR (Region 1) as a
function of average daily flow and water temperature at the USGS
Vernalis stream gage and the effect of fish size (Table 1). Fish size was
added to all survival models as a constant based on Perry et al. (2018).
At HOR, surviving fish remain in the San Joaquin River as a function of
whether there is a barrier (HORB) in place, average daily flow at Ver
nalis, and their interaction (Table 1). Fish remaining in the San Joaquin
River travel down to Turner Cut (Region 2) and survive as a function of
average daily flow at Vernalis and fish length (Table 1). At Turner Cut,
fish remain in the San Joaquin River as a function of average daily flow
at the USGS Stockton stream gage (Table 1). The survival of fish
remaining in the San Joaquin River to Chipps Island (Region 3) is a
function of average daily water temperature at the USGS Prisoner’s
Point stream gage and fish size (Table 1). At HOR, fish that enter Old
River travel down toward the export facilities (Region 4) and survive as
a function of average daily water temperature at Vernalis and fish size
(Table 1). Entrainment at the CVP facility was a function of the number
of water pumps operating (Table 1). Survival of entrained fish at the CVP
that were then trucked to Chipps Island (Region 5) was modeled as a
function of the number of water pumps operating. Fish that were not
entrained at the CVP facility could then be entrained at the SWP facility
as a function of average daily water exports (Table 1). The survival of
these SWP entrained fish that were salvaged and trucked to the end
point at Chipps Island (Region 6) was a constant 13.25% as estimated by
Gingras (1997). The survival of fish to Chipps Island that entered the
interior via the Old River and were not entrained in the CVP or SWP
facilities or that entered the interior Delta via Turner Cut on their way to
Chipps Island (Region 7) was modeled as a constant 1% (Table 1) based
on observations of acoustically tagged salmon having very poor survival
in this region (SJRGA, 2011; 2013).
Smolt survival is often related to size (Sogard, 1997; Perry et al.,
2018; Sturrock et al., 2020), however we did not have data specifically
for Chinook salmon outmigrating through the south Delta in winter/
spring. Thus, we used the fork length (FL)-survival relationship from
Perry et al. (2018) from hatchery fish outmigrating through the north
Delta from release sites in the Sacramento River in December and
January to link fish size to survival probability. Although smolts were
from a different run, age, basin, were released earlier, and FL at the time
of tagging was smaller in the acoustic telemetry studies (80–140 mm,
2014 x‾ = 98.9 mm to 2013 x‾ = 115.3 mm; Buchanan et al., 2020) than
those used in Perry et al. (2018; >140 mm FL), the FL-survival rela
tionship likely holds true across varying scenarios (R. Perry personal
communication, 2021).

logit (yi ) = Xi β + ϵi , i = 1, …, m,
ϵi ∼ N (0, Si )
Where yi are the survival or routing estimates from the respective
region, m is the number of estimates from each region, Xi β defines the
matrix of environmental covariates that represent the populationaveraged outcomes in terms of p unit-level meta-predictors in the
design matrix Xi , with fixed-effects coefficients β (Sera et al., 2019). The
vector ϵi defines the unit-level sampling errors, i.e., standard errors for
each fish release (Sera et al. 2019).
We did not use correlated environmental variables (|r| > 0.7) in the
same models (Moore and McCabe, 2005). Water exports and the water
export–flow ratio are linearly associated (r = 0.83; Newman and
Brandes, 2010) so we did not use the water export-flow ratio as an
environmental variable to avoid multicollinearity. During the survival
and routing studies, there was a temporary physical barrier in place in
2012, 2014, and 2015 and a non-physical barrier (bio-acoustic fish
fence) was tested in 2010 to prevent fish from entering the Old River
(SJRGA, 2011; Buchanan et al., 2018a, 2018b). Thus, we also included
the presence of the non-physical or physical HOR barrier (HORB; i.e.,
yes=1, no=0) as a variable in candidate models of routing at HOR.
Survival meta-regression models were fit for each of the four regions
separately using the mean and SE from each release. Similarly, routing
probability for four of the regions was modeled separately at each
junction. The best approximating meta-regression model for each of the
four regions and four junctions was selected using Akaike Information
Criterion with small sample bias adjustment (AICc; Burnham and
Anderson, 2002). We used the R package mixmeta (Gasparrini et al.,
2012; Sera et al., 2019) and R statistical software version 4.0.2 (R Core
Team, 2020) to conduct meta-analyses where we used the logit survival
or routing probability from the hatchery studies as the response, the
environmental variables as covariates, and standard error from the
hatchery studies as the estimate for standard error.
To estimate survival and entrainment at the CVP facility (Region 5),
we used estimates from release-recapture experiments of acoustically
tagged juvenile Chinook salmon conducted at the Tracy Fish Collection
Facility (TFCF; Fig. 1) in March and May 2013 (Karp et al., 2017). Karp
et al. (2017) evaluated smolt-sized salmon (>105 mm FL) entrainment
and subsequent survival in front of and within the TFCF under a range of
normal facility flows during a drought year. The months chosen for
testing were when wild juvenile salmonids were typically entrained by
the water pumps (Karp et al., 2017). In general, there tends to be an
increase in facility salvage efficiency as the number of pumps in oper
ation at the C.W. “Bill” Jones Pumping Plant (JPP) increases from one to
five. We used the data in Karp et al. (2017) to refit models relating the
number of pumps operating to the capture and survival at the CVP

2.4. Decision support simulation model inputs
We developed three regression models to be able to link daily envi
ronmental inputs upstream to environmental variables downstream that
are associated with routing and survival probabilities to use as inputs in
the decision support simulation model (Fig. 2). This allowed us to create
inputs for variables known to affect survival and routing from the metaanalysis that are related to user-specified upstream inputs. We included
environmental variables that are typically included by water managers
in Central Valley hydrologic simulation models to show how these
models can be integrated with biological models in the future (Klipsch
5
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and Hurst, 2007). Specifically, we developed the first regression model
for estimating average flow at Stockton as a function of flow at Vernalis
and Freeport, minimum tide, SWP and CVP water exports, and their
interactions (Table 2). We developed a second regression model for
estimating water temperature at Prisoner’s Point as a function of flow at
Vernalis and Freeport, air temperature and the quadratic effect of air
temperature at Prisoner’s Point, and the interaction of flow at Vernalis
and air temperature at Prisoner’s Point. Lastly, we developed a regres
sion model to estimate water temperature at Vernalis as a function of
flow at Vernalis and Freeport, air temperature and the quadratic effect of
air temperature at Vernalis, and the interaction of flow and air tem
perature at Vernalis. In the Vernalis temperature model, we included
Freeport flows that do not reach Vernalis because it is plausible that
Freeport flows could be a possible mechanism due to regional weather
patterns, coordinated reservoir releases in the Sacramento and San
Joaquin rivers, or a possible external mechanism that is correlated with
Freeport flows that we did not capture with our other covariates such as
negative flows, maximum tides, etc.
We used AICc (Burnham and Anderson, 2002) and Akaike weights
(wi) to identify the best predicting model. Water managers use Sacra
mento river flows to model conditions in the Delta as part of regular
water management operations. However, to justify using Sacramento
River flows in Stockton flow and Prisoner’s Point temperature models (i.
e., locations on the San Joaquin River), we evaluated the predictive
ability of our model by estimating the out-of-sample error. We therefore
completed 500 iterations of 10-fold cross validation (Breiman and
Spector 1992) on the Stockton and Prisoners Point models with and
without Freeport flows in the model. The out-of-sample predictive ac
curacy as measured by the root mean squared error (RMSE; mean across
iterations) was 20.6 and 35.5 for Stockton discharge models with and
without Freeport discharge, respectively. Similarly, RMSE of the Pris
oners Point temperatures was 1.95 and 2.07 with and without Freeport

Table 1
Parameter estimates, SE, and upper and lower 95% confidence intervals for
juvenile Chinook salmon routing and survival probabilities from Vernalis to
Chipps Island based on meta-regression analysis of tagging studies from 2008 to
2015 for Regions 1–4 and literature for Regions 5–7. Constants for Regions 6 and
7 were assumed values based on literature and were not estimated by fitting
meta-regression models. All parameters are on a logit scale except constants.
Freeport and Vernalis flows were log transformed, SWP exports were square root
transformed and minimum tide at Stockton was transformed with the formula
log (minimum tide + 1). CVP = Central Valley Project and SWP = State Water
Project. Random effects are the between-study standard deviations. Note natural
survival excludes salvaged fish being trucked from the facilities to Chipps Island.
See Supplement 1 for additional details and Supplement 4 Table 1 for sample
sizes.
Survival and Routing Estimates
and Constants

Estimate

SE

Lower
95%

Survival Durham Ferry to Head of Old River (Region 1)
Intercept
5.7750
3.1957
-0.4885
Average daily flow at Vernalis
0.0082
0.0032
0.0020
Average daily temperature SJR at
-0.3281
0.1616
-0.6447
Vernalis
Standardized fork length
0.1520
Random effect
1.0954
Survival Head of Old River to Turner Cut (Region 2)
Intercept
-2.9033
0.5323
-3.9466
Average daily flow at SJR at
0.0112
0.0033
0.0047
Vernalis
Standardized fork length
0.1520
Random effect
1.2117
Probability of remaining in SJR at Head of Old
River
Intercept
-0.7591
0.2228
-1.1958
Physical barrier: yes
1.7202
0.7374
0.2749
Average daily flow at SJR
0.0036
0.0011
0.0014
Vernalis
Barrier × Average daily flow at
0.0272
0.0104
0.0068
SJR Vernalis
Random effect
0.3516
Probability of remaining in SJR at
Turner Cut
Intercept
5.8313
1.0210
3.8301
Average daily flow at SJR
-0.0377
0.0126
-0.0624
Stockton
Random effect
2.3308
Survival SJR Turner Cut to Chipps Island (Region 3)
Intercept
13.4184
7.1815
-0.6573
Average daily temperature at SJR
-0.9007
0.3993
-1.6833
at Prisoners Pt
Standardized fork length
0.1520
Random effect
1.4395
SurvivalinOldRiverfrom Headto CVP(Region
4)
Intercept
2.1603
1.7435
-1.2570
Average daily temperature SJR at
-0.2050
0.0966
-0.3943
Vernalis
Standardized fork length
0.1520
Random effect
0.6287
Probability of entrainment at CVP (Karp et al., 2017)
Intercept
-3.9415
1.9744
-7.8113
Number pumps operating
2.8012
1.6169
-0.3679
2
Number pumps operating
-0.3558
0.2646
-0.8744
Residual error
1.2220
Survival through CVP (Region 5, Karp et al., 2017)
Intercept
-3.1320
1.6199
-6.3070
Number pumps operating
1.8486
1.3266
-0.7515
Number pumps operating2
-0.2235
0.2171
-0.6490
Residual error
1.0030
Probability of entrainment at SWP
Intercept
-1.0957
0.2342
-1.5547
Exports from SWP
0.0011
0.0029
-0.0046
Random effect
0.2909
Survival through SWP (Region 6,
Gingras, 1997)
Constant (probability)
0.1325
Survival(natural)Interior to Chipps Island (Region 7, SJRGA, 2013)
Constant (probability)
0.0100

Upper
95%
12.0385
0.0144
-0.114

-1.8600
0.0177

-0.3224
3.1655
0.0058
0.0476

Table 2
Parameter estimates, SE, and upper and lower 95% confidence intervals from
regression models that estimate downstream environmental conditions. CVP =
Central Valley Project and SWP = State Water Project.

7.8325
-0.0130

Estimates
27.4941
-0.1181

Estimate

SE

Lower
95%

Flow at Stockton (R2= 0.9132; residual error = 20.83)
Intercept
806.54
15.46
776.23
log(Flow at Freeport)
-157.01
2.93
-162.76
log(Flow at Vernalis)
-205.33
3.30
-211.79
log(Minimum tide + 1)
131.36
17.42
97.20
sqrt(SWP exports)
4.79
0.46
3.90
CVP exports
-0.316
0.043
-0.40
log(Flow at Vernalis) * log(Flow
40.66
0.60
39.49
at Freeport)
log(Flow at Vernalis) * log
-32.10
4.39
-40.71
(minimum tide + 1)
log(Flow at Vernalis) * sqrt
-1.09
0.11
-1.31
(SWP_exports)
log(Flow at Vernalis) * log
0.091
0.011
0.068
(CVP_exports)
Watertemperature at Prisoner’s Point (R2 = 0.90; residual error = 2.036)
Intercept
3.97
0.57
2.86
log(avg flow at Freeport)
-0.63
0.083
-0.80
log(avg flow at Vernalis)
0.69
0.122
0.45
avg air temp Prisoner’s Point
1.32
0.040
1.24
avg air temp Prisoner’s Point2
-0.012
0.00095
-0.014
log(avg flow Vernalis) × avg air
-0.050
0.0061
-0.06
temp PP
Watertemperature atVernalis(R2= 0.90; residual error = 1.644)
Intercept
-0.39
0.44
-1.24
log(Flow at Freeport)
0.317
0.067
0.19
log(Flow at Vernalis)
0.68
0.096
0.50
Avg air temp Vernalis
1.46
0.03
1.40
Avg air temp Vernalis2
-0.011
0.00075
-0.012
log(Flow at Vernalis) * avg air
-0.11
0.0048
-0.12
temp Vernalis

5.5776
-0.0157

-0.0717
5.9703
0.1628
0.0430
4.4487
0.2020
-0.6367
0.0068
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Upper
95%
836.86
-151.27
-198.87
165.52
5.69
-0.23
41.83
-23.50
-0.87
0.11
5.08
-0.47
0.93
1.40
-0.01
-0.038
0.46
0.45
0.87
1.52
-0.0092
-0.10
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discharge, respectively. In fact, the expected error in the discharge
model is 42% lower and temperature 6% lower when Freeport flows are
included, thus, we chose to use the more accurate flow and temperature
models that included Freeport.
We developed the three regression models using daily air tempera
ture at National Weather Service stations at Modesto Airport (GHCND:
USW00023258), at Vernalis and Stockton (GHCND: USW00023237), at
Prisoners Point, and average daily flow at the USGS stream gages at
Vernalis and Freeport for 2008–2018. We log-transformed Freeport and
Vernalis flow, square root transformed SWP exports and transformed
minimum tide at Stockton with the formula log (minimum tide + 1) for
use in the regression models. We used the R package MuMIn (Barton,
2020) and R statistical software version 4.0.2 (R Core Team, 2020) to
conduct model selection and develop model selection tables. We did not
use correlated environmental variables (|r| > 0.7) in the same models
(Moore and McCabe, 2005). We report candidate models within AICcwi
< 10% of the model with the largest weight to evaluate strength of ev
idence (Royall, 1997), and provide estimates from the top model if the
top model had AICcwi > 0.8.
We used fish monitoring data collected by the Mossdale trawl
(2012–2020; USFWS, 2020) to estimate the mean and standard devia
tion for daily FL of smolts entering the south Delta from February 1
through May 30. We also used the Mossdale trawl data to estimate the
proportion of the entire outmigration over the study period of Chinook
salmon smolts that passed through Vernalis (located near Durham Ferry
fish release site) each day (Hearn et al., 2014; Munsch et al., 2019). The
Mossdale trawl samples open water habitats and avoids shallow edge
habitats and is therefore more efficient at collecting (larger) smolts and
much less efficient at collecting smaller rearing fry (Mahardja et al.,
2021). Consequently, few juveniles of fry size are captured in February
and March. In addition, early emigrating fry survival is relatively low for
fry rearing in the south Delta (Sturrock et al., 2020; Nobriga et al.,
2021); thus, our south Delta model likely underestimates the effects of
Delta flows on smaller, fry-sized fish.
We used a generalized additive model (GAM; R package mgcv; Wood,
2017) with the smooth term (knots = 10) to model the proportion of
smolts entering the south Delta each day from Mossdale trawl mean
daily and total fish numbers. The resulting function, i.e., smooth terms
= 10, had a relatively high coefficient of determination (p < 0.0001, r2
= 0.61). Because the proportion of fish entering the Delta each day
across the migration window must sum to one, we normalized the pre
dicted values from the GAM to sum to one when using these values in the
simulation model.
Although survival and routing estimates were from telemetry ex
periments conducted from April and May, we wanted to assess flow
optimization across the entire period when smolts could be outmigrating
including February and March (Limm and Marchetti, 2009; Merz et al.,
2013; Zeug et al., 2014). To avoid making predictions using covariate
data outside the range of the data used to develop the model, we con
strained environmental variables within the range of values used in the
meta-analysis during the simulations described below (Supplement 2).
We used measured mean daily flow and mean daily temperature at the
same USGS stream gages to quantify mean daily flows in February–May
for each water year type.
Existing managed flow regimes on the San Joaquin River through
Vernalis are partly determined from Decision 1641 (D-1641; State Water
Resources Control Board, 2000), which was implemented in 1999 before
studies relating Chinook salmon survival to flows were initiated (Sup
plement 3). D-1641 defines minimum flow targets and any extra water
available beyond that minimum is available for flow pulses or for
reshaping the hydrograph. In particular, for a given volume of water
available, use of the upper rather than lower minimum flow objective
results in having less extra water available to allocate to flow pulses.
These flow targets have been used to shape flows and determine the
Biological Opinion and Conference Opinion on the long-term operations
of the CVP and SWP (NMFS, 2009), the Biological Assessment for the

California Water Fix (NMFS, 2016), and the Biological Opinion on
Long-term Operation of the Central Valley Project and the SWP (NMFS,
2019). For the purposes of demonstrating our model, we chose to use the
upper and lower D-1641 flow targets at Vernalis to calculate the volume
of water available at Vernalis for a given water year type (Supplement
3). In recent years, the spring pulse (typically April 15 – May 15) has
been shaped to maximize flow variability (Zeug et al., 2014), inundate
floodplains for rearing habitat, and manage water temperatures.
2.5. Simulation-optimization procedure
We wanted to determine the optimal flow regime for Chinook salmon
smolts outmigrating through the south Delta in late winter through late
spring. The D-1641 targets are set for minimum flows from February
through June with a specified flow pulse to occur April 15 to May 15 and
vary by water year type (Supplement 3). Using the flow rate targets, we
calculated total volume of water available, using average daily flow rate
(m3s− 1) as a substitute for volume, from February through May by water
year type by multiplying the rate by the number of days in the simula
tion (119). We partitioned this period into seventeen one-week periods
and distributed the total volume of water available for each period after
subtracting the amount needed to maintain established minimum flows
according to D-1641 (Supplement 3). We determined optimal distribu
tions of water above minimum flows among these weekly periods using
a simulation-optimization approach (Conroy and Peterson, 2013). The
objective was to maximize the number of smolts that survived to Chipps
Island. Constraints were needed to ensure that only 100% of the avail
able volume of water was used over the simulation time period, thus we
used nonlinear optimization with constraints to solve this problem.
Parameters and model inputs were drawn from statistical distributions
(as described below) and the optimal distribution of water was esti
mated. This simulation-optimization process was repeated 10,000 times
and the mean water distribution for the seventeen one-week time pe
riods was calculated. We initiated simulations with 500,000 juvenile
salmon at Durham Ferry that were randomly distributed across the
17-weeks using a multinomial distribution with probability of
emigrating derived from the normalized GAM predicted values from the
Mossdale trawl. We ran all comparisons with HORB = 0 (no barrier)
because the physical barrier is no longer used. We checked for conver
gence on all solver solutions and plotted mean flow with 95% confidence
intervals for 17 weeks from February through May. All optimization
procedures were conducted using R package NlcOptim (Chen and Yin,
2019) and R statistical software version 4.0.2 (R Core Team, 2020).
Briefly, this package solves optimization problems with nonlinear con
straints and nonlinear objective functions based on the augmented
Lagrange multiplier method for problems with parameters in the form of
a matrix (see Chen, 2016).
We included stochasticity in the simulation-optimization procedure.
Average daily inputs for air temperature at Prisoner’s Point and Vernalis
were sampled from a normal distribution and were based on average
daily air temperatures from February through May with a mean monthly
standard deviation from the 1999–2020 data (1.0, 0.319 SD for Pris
oner’s Point and Vernalis respectively). Minimum tides are cyclic, do not
vary with water year type, and follow the same trend year after year,
therefore, we used a randomly chosen year (2013) to represent the cyclic
nature of the minimum tide and accounted for variation with an overall
mean daily standard deviation from years 2008–2018. Daily inputs for
average flow at Freeport, CVP water exports, and SWP water exports do
vary with water year type so we derived these environmental variables
from the mean and standard deviations from 1999 to 2020 data by water
year type. Values were sampled from a gamma distribution each day by
converting their respective mean and standard deviation to shape and
scale parameters using R package ConnMatTools (Kaplan, 2020). FL was
also sampled from a gamma distribution accounting for more variation
in the data ≤Day 89 (i.e., March 30) and less variation >Day 89. Vari
ability in the proportion of smolts outmigrating was sampled from a
7
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multinomial distribution with probabilities of outmigration as described
above. Parameter estimates of survival and routing probabilities were
sampled from a normal distribution using the residual errors as the
random effects.
In water resource management, system dynamics cannot be
completely controlled by management due to external drivers (e.g.,
precipitation) that affect the ability to implement management actions
as planned. This is known as partial controllability (Conroy and Peter
son, 2013). Thus, in practice, managers recalculate flow releases each
month from February–June that alter the volume of water available for
flow management from what was initially predicted. We included 20%
variation on the lower and upper minimum and pulse targets from the
D-1641 table using a uniform distribution to evaluate the effects of
partial controllability on the optimal flow distribution in the south
Delta.

2020). For example, for the survival intercept (0.1325) for the SWP
export facilities, i.e., Region 6, we used a lower bound of 0.06625, and
an upper bound of 0.19875. For environmental inputs to the model, we
varied the values from the 10,000 simulations of the Below Normal
water year type from the 5th to 95th percentile of a normal distribution
by 5% increments. We then recorded the estimated total number of
smolts surviving through the south Delta and plotted minimum (i.e., 5th
percentile) and maximum survival (i.e., 95th percentile) in a tornado
diagram to examine the sensitivity of the model predictions to both
parameters and inputs (Conroy and Peterson, 2013). We included both
intercepts and slopes because they have different interpretations. For
example, the slope is the relationship between the survival or routing
parameter and the environmental variable and indicates if the envi
ronmental variable itself is important in the model and the intercept is
the mean of the survival or routing value at a chosen value of environ
mental variable and indicates if the survival or routing parameter is
influential. Therefore, sensitivity analysis of both intercepts and slopes
should be important to managers.
In addition to the one-way sensitivity analysis, we conducted a
response profile sensitivity analysis and calculated the expected value of
perfect information (EVPI). Calculating EVPI was a slow process,
therefore, to illustrate the methodology, we calculated EVPI of the pa
rameters most influential to survival as indicated by the one-way
sensitivity analysis. A response profile sensitivity analysis differs from
a one-way sensitivity analysis in that the focus is to evaluate how the
optimal decision changes across a range of parameter values (Conroy
and Peterson, 2013). Here, we used the results from the one-way
sensitivity analysis of varying the parameters one at a time between
the 5th and 95th percentile by 5% increments from the 10,000 iterations
of the simulation optimization as described above. We plotted these
nineteen flow regimes to evaluate how the distribution of water varied
with the parameter. We estimated the relative value of improving
knowledge of the top four parameters by calculating the expected value
of perfect information (EVPI; Conroy and Peterson, 2013). The EVPI is
the expected increase in a decision maker’s objective (i.e., proportion of
smolts surviving to Chipps Island) if the uncertainty regarding a
parameter value were completely eliminated.

2.6. Hindcast scenarios
We also used our decision support simulation model to compare the
outcome of flow decisions in previous years with model-optimized flow.
For this exercise, we used measured environmental data (i.e., flows,
temperatures, water exports, etc.), rather than predicted values from our
regression models, for the 119-day period from February–May
2010–2013 and 2016–2018. We omitted 2014–2015 because the
measured environmental data were incomplete. Due to a lack of data for
many days in most years, a separate distribution for fish FL and pro
portion of fish entering the south Delta for each year was not possible.
Thus, we used the mean distribution of fish and FL for inputs as
described previously.
We used measured Vernalis total flows from February through May
and assumed the April/May pulse targets by water year type from D1641 to calculate the minimum flow and the amount of water available
to pulse for each year. We omitted two of the Critical and Dry years
(2012, 2016) that did not have enough water for upper minimum flow
targets because our aim was to evaluate managed flow releases in excess
of minimum flow thresholds. We then conducted year-specific simula
tion-optimization procedures detailed above to determine the optimal
flow regime for that year constraining the amount of water available to
equal the observed values. We also used the routing and survival model
to predict the cumulative survival of fish reaching Chipps Island under
the observed flow and temperature regimes (as measured at the gages)
and under the optimal flow regime using observed water temperatures
and the flows at Freeport. We also compared our modeled total survival
to Chipps Island to estimated total survival reported in the annual re
ports, to determine how reliable our modeled survival under the
observed conditions was.

3. Results
3.1. Model-fitting
The meta-analysis of survival and routing probabilities was based on
16–24 hatchery fish releases from 2008 to 2015 (Table 1). Meta-analysis
indicated survival probability progressively declined downstream from
Durham Ferry to HOR (0.66 ± 0.03), HOR to Turner Cut (0.26 ± 0.04),
HOR to CVP (0.22 ± 0.07), and Turner Cut to Chipps Island (0.06 ±
0.06). Probability of fish staying in SJR at HOR was lower (0.57 ± 0.04)
than at Turner Cut (0.85 ± 0.07). We compared various meta-analysis
models with San Joaquin River flows and temperatures for explaining
smolt survival and routing through four of the regions for which we had
enough data. Model selection results indicated that survival from
Durham Ferry to the HOR (Region 1) was positively related to average
daily flow at Vernalis, whereas it was negatively related to water tem
perature at Vernalis (Supplement 4, Table 1, and Fig. 1). Survival from
HOR to Turner Cut (Region 2) also was positively related to average
daily flow at Vernalis. Survival from Turner Cut to Chipps Island (Region
3) was negatively related to average daily temperature at Prisoner’s
Point and survival from HOR to CVP (Region 4) was negatively related
to average daily temperature at Vernalis (Supplement 4, Table 1, and
Fig. 1).
The probability of remaining in the San Joaquin River at HOR was
positively related to the presence of the HOR barrier, average daily flow
from Vernalis, and an interaction between the two (Supplement 4,
Table 1, and Fig. 2). The probability of fish remaining in the San Joaquin
River at Turner Cut was negatively related to average daily flow at

2.7. Sensitivity analysis and value of information
We used one-way sensitivity analysis to identify the simulation
model parameters (i.e., intercepts and slopes from the meta-regression
analysis) and model inputs (i.e., developed from environmental vari
ables) that had the greatest influence on estimated smolt survival from
Durham Ferry to Chipps Island (Conroy and Peterson, 2013). Using the
lower target from the Below Normal water year type water availability
and minimum flows (Supplement 3), we varied the values of parameters
and inputs throughout their 95% confidence intervals one at a time
while keeping the other values unchanged, and reran the optimization
procedure 10,000 times. For the survival and routing probability pa
rameters, we varied the parameters from the 5th percentile to the 95th
percentile of a normal distribution by increments of 5%. For the pa
rameters without estimates of variability (e.g., standard errors from
regression parameters), we varied the parameter +/- 50% of the mean
value by 5% increments to represent the variability we found in pa
rameters with estimates of variability, i.e., a mean difference from their
95% confidence intervals of 51% ± 14.4 SD (Peterson and Duarte,
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Stockton (Supplement 4, Table 1, and Fig. 2). The probability of fish
becoming entrained at SWP was positively related to SWP exports
(Table 1).
The Mossdale trawl analyses were based on from 1,059 fish in 2019
to 6,334 fish caught in 2013 (mean = 3,324.1, SD = 1,859.2). The daily
proportion of smolts entering the south Delta had two peaks indicating
few outmigrants in February/ March and had a bimodal trend of smolt
outmigration with peaks in mid-April and mid-May (Fig. 3A). Fork
length represented earlier migrations of smaller fish in February and
March and later migrations of larger fish in April and May (Fig. 3B).
Model selection indicated regression models for predicting model
inputs downstream had many variables and complex interactions
(Supplement 5) and had high adjusted R2 (i.e., 0.90–0.92) indicating
good predictive ability (Table 2). None of the transformed variables used
in the downstream input regression models were correlated at |r| > 0.7.

3.3. Hindcasting
The optimal flow regimes calculated using historical water avail
ability and temperatures were similar to our water year-specific opti
mization, with two large pulses of water that coincided with the two
outmigration peaks in April and May (Fig. 5). However, in most water
years except 2016 (Dry water year), the highest optimal pulse coincided
with the peak in April-outmigrating fish with a lower optimal pulse
corresponding with the beginning of the peak of May-outmigrating fish
(Fig. 5). In 2016, the largest pulse was allocated for May-outmigrating
fish. This may be related to the fact that 2016 had the highest average
daily water temperature at Prisoner’s Point and among the lowest
average daily flows at Stockton in April during that time period (Sup
plement 6A and B). The main difference between observed flows and
simulated hindcast optimal flows was that simulated pulses were allo
cated when the largest proportion of smolts were estimated to be
migrating through the south Delta during April and May. In contrast, the
observed flows were distributed more evenly over a longer time frame
and do not correspond well with estimated peak migrations through the
south Delta. In general, more smolts were predicted to survive to the
ocean by saving more water to pulse in April when fish are outmigrating
through the south Delta as opposed to having a higher minimum flow
(Fig. 5). As opposed to the simulations based on inputs from the previous
section, small hindcast pulses are allocated to February. This is likely
due to the measured temperature inputs being allowed <15 ◦ C whereas
we imposed constraints on temperature in February and March for the
simulations based on inputs due to our model being based on hatchery
fish survival studies from April and May where temperatures did not go
below 15 ◦ C.
Our simulation model suggests that optimizing flows can increase
cumulative survival through the south Delta. In this example, predicted
survival with optimal hindcast flows was on average 1.3 times greater
than under the observed flows and temperatures (Fig. 5). The difference
in cumulative survival between hindcast and optimal flows was lowest
for the Dry and Critical water years (survival under optimal 1–1.65 times
greater [S increase = 0–0.015]) that had the least amount of water
available to manage. Interestingly, the differences in cumulative sur
vival between the optimal and observed regimes were greatest for the
Below and Above Normal water years (optimal 1.47–1.67 times greater
[S increase = 0.027–0.035]) and not the Wet years (optimal 1.22–1.31
greater [S increase = 0.08]). These counterintuitive non-linear results

3.2. Simulated optimal flow regimes
In the simulated water year examples, the optimal flow regime for
smolts differed among water year types (e.g., Critical, Wet) but all had
patterns consisting of two periods of pulsed flows that coincided with
peak outmigration through the south Delta, one in April and one in May
with a much bigger pulse allocated to May (Fig. 4). Aside from the
Critical water year type, February, March, and April air temperatures
were similar among water year types, while the Critical year type was
warmer in all months (Table 3). May monthly air temperatures at Ver
nalis and Prisoner’s Point were generally higher for the drier water year
types than wetter water year types (Table 3). In Critical, Dry, Below
Normal, and Above Normal water years when water was available to
pulse, it was optimal to allocate extra water (i.e., when going from the
lower to upper target) about equally to the April and May peak out
migration periods (Fig. 4). As minimum flows and available pulse water
increase in Wet water years, the strategy again was to pulse most of the
water in May but when moving from the lower to the upper target, more
water was distributed to the trailing end of peak migration through the
south Delta in May. Smolts predicted by the model to have survived
through the south Delta with optimal pulsing of water varied substan
tially among water years and was five times higher in Wet years (0.13 ±
0.040) than Critical years (0.026 ± 0.017).

Fig. 3. Relationship between A) the mean daily proportion of juvenile Chinook salmon captured by the Mossdale Trawl and day of year, 2012–2021, and B) mean
fork length of juvenile Chinook salmon captured by the Mossdale Trawl and day of year, 2012–2021; error bars show daily standard deviations truncated (when no.
fish >1) at 5- and 150-mm. Day of Year is from February (Day of Year 32) through May (Day of Year 150). (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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Fig. 4. Hydrographs of simulated optimal flow from February through May, based on target values from the Decision 1641 (D-1641; State Water Resources Control
Board, 2000) table (Supplement 3) with minimum flow and pulse targets at lower and upper values for water year type (adjacent to each other) and with 0.20 partial
controllability. WatYr = water year type, AN = Above Normal water year type, BN = Below Normal year, S = modeled survival based on simulations using 500,000
fish ± standard deviation. Note blue line for fish emigration is not proportional to flow and is meant to indicate relative emigration and is the mean of all years. Day
of Year is from February (Day of Year 32) through May (Day of Year 150). Note y-axis on different scales. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)

may have been difficult to verify without an optimization model.
For three years for which we had total survival estimates from the
hatchery fish releases from Mossdale to Chipps Island, and we had
enough environmental data to run the survival optimization model to
make comparisons (2010, 2012, 2013), our survival estimates were
exactly the same as in the reports (SJRGA, 2011, 2013; Buchanan et al.,
2016) indicating our optimization model reliably estimates smolt sur
vival through the south Delta for a range of water year types.

Table 3
Mean, standard deviation and range (in parentheses) of average daily air tem
perature at Vernalis and Prisoner’s Point by month and water year type.
Water year type
Vernalis
Critical
Dry
Below Normal
Above Normal
Wet
Prisoners point
Critical
Dry
Below Normal
Above Normal
Wet

Month
Feb

Mar

Apr

May

11.5, 2.49
(6 - 18)
11.1, 2.63
(6 - 18)
10.4, 3.95
(6 - 15)
10.8, 2.05
(6 - 15)
10.9, 2.90
(4 - 17)

15.5, 2.58
(8 - 22)
13.9, 3.17
(6 - 21)
13.4, 2.99
(8 - 19)
12.3, 2.51
(8 - 18)
13.1, 2.69
(7 - 20)

17.5, 3.42
(9 - 25)
16.6, 3.77
(8 - 27)
15.6, 3.41
(10 - 26)
15.0, 3.78
(7 - 22)
16.2, 2.8
(8 - 25)

21.0, 3.15
(14 - 30)
21.2, 3.39
(14 - 30)
21.0, 3.67
(13 - 31)
18.6, 3.45
(12 - 27)
19.6, 3.64
(12 - 29)

10.8, 2.44
(6 - 16)
10.7, 2.55
(5 - 17)
10.3, 2.47
(6 - 15)
10.5, 2.01
(6 - 16)
10.5, 2.83
(4 - 16)

14.5, 2.73
(8 - 21)
13.1, 2.82
(6 - 19)
12.7, 2.95
(7 - 19)
11.7, 2.39
(7 - 17)
12.6, 2.64
(6 - 19)

16.4, 3.23
(8 - 24)
15.8, 3.61
(7 - 24)
14.7, 3.23
(9 - 24)
14.4, 3.55
(7 - 22)
15.5, 2.74
(8 - 24)

19.7, 3.12
(14 - 29)
20.3, 3.33
(13 - 31)
19.8, 3.48
(13 - 29)
18.0, 3.47
(11 - 28)
18.8, 3.30
(11 - 27)

3.4. Sensitivity analysis and value of information
The one-way sensitivity analysis indicated that the simulation model
estimates were most sensitive to survival parameters, particularly the
effect of temperature on survival (Fig. 6). In contrast, the routing pa
rameters were much less influential as were the parameters related to
the CVP and SWP. The four most influential parameters on estimated
smolt survival through the south Delta were survival from HOR to the
CVP facility intercept and temperature at Vernalis and survival from
Turner Cut to Chipps Island intercept and temperature at Prisoner’s
Point (Fig. 6). Export parameters were generally insensitive between the
5th to 95th percentiles (Fig. 6). Model inputs were much less influential
than model parameters on juvenile survival. Of the model inputs, the
most influential on survival were flows at Freeport and air temperature
at Prisoner’s Point and Vernalis (Fig. 6).
Response profile analysis of the top four parameter slope estimates
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Fig. 5. Comparison of optimal flows predicted by model and historical managed flows for seven years from February (Day = 30) through May (Day = 150),
2010–2018 using selected Decision-1641 lower (L) and upper (U) targets by water year type; AN = Above Normal water year type, BN = Below Normal water year
(Supplement 3), pulse = total water left to partition after minimum target flow deducted (m3s− 1), S(opt) = modeled survival based on simulations using 500,000 fish
± standard deviation under optimal flows, S(act) = modeled survival under measured flows. Note y-axis on different scales/ row; blue line for fish emigration is not
proportional to flow and is meant to indicate relative emigration and is the mean of all years. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

4. Discussion

indicated the hydrographs would generally keep the same shape
throughout the range of the 5th to 95th percentile of a normal distribu
tion by increments of 5% with only a re-distribution of water over the
April and May pulses (Fig. 7). With lower values of the survival model
intercepts and Vernalis temperature parameter estimates, water would
be allocated to the April pulse and with larger values of the parameter
slope estimates, water would be allocated to the interval after the usual
May peak pulse with water in the most extreme upper ends of the
parameter CI being allocated to the intervals between the April and May
pulses. For Turner Cut to Chipps Island parameter estimates, any change
in the parameter estimates results in redistribution of water within the
May peak. The EVPI for all parameters was similar, averaging +0.038
overall survival (Fig. 7). This suggests that reducing uncertainty of these
parameters would improve flow management such that it would result
in up to 1.57 times greater juvenile survival in Below Normal water
years using the lower target (mean under uncertainty = 0.051 compared
to mean with perfect information = 0.089).

It is commonly thought that one of the major impediments to
developing management strategies through quantitative modeling is the
paucity of data on the linkages between habitat modification and bio
logical responses (Pringle et al., 2000; Arthington et al., 2006; Murchie
et al., 2008; Brown and Bauer, 2010). In our case study, we were able to
synthesize a large number of disconnected south Delta studies and
incorporate meta-analysis techniques to develop a decision support
simulation model to link managed flows (i.e., habitat modifications) to
Chinook salmon smolt survival and movement (i.e., biological re
sponses). We then solved the model using optimization and evaluated
the relative effect of uncertainty on management objectives; in our case
smolt survival through the south Delta, to be able to demonstrate how
models like these can be used to prioritize future research and moni
toring efforts.
Given the inherent limitations of any decision support simulation
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Fig. 6. Tornado diagram of one-way sensitivity analysis of optimization model inputs (see Section 2.7 for details) and parameters (slopes [referred to as beta] and
intercepts; y-axis) on predicted fish survival through the south Delta, CA. The x-axis is the proportion of fish that survived through the south Delta relative to the
baseline (before changing inputs and parameters) resulting from varying the value of the parameter slope and intercept estimates and inputs by 95% upper and lower
confidence intervals. Mean fish survival (10,000 iterations) of the unaltered model for water year type Below Normal (lower) was 0.051. Black = lower bound and
gray = upper bound.

model, such tools will never be a replacement for human decisionmakers, particularly where real-world management strategies
frequently must address economic or social considerations, not just
biological outcomes. Undeniably, these tools are often best used to
identify general patterns that may then be translated into real world
management rulesets and provide hypotheses for directed studies to test
predicted benefits. A management ruleset for smolts gleaned from our
case study is to allocate increased flows in May when larger smolts are
entering the south Delta. Furthermore, when more water is available for
flow pulses, the optimal strategy is to spread the additional water to
adjacent intervals after peak water pulses. Interestingly, even in very
low water years the model suggests it is optimal to have large pulses in
May when most smolts are entering the south Delta.
Decision support simulation models can provide insights into man
agement tradeoffs that may be counterintuitive when not formally
integrating information from disparate sources. (Peterson and Duarte,
2020). For example, results of our simulation modeling indicate pulses
allocated in April do not follow a smooth progression from Critical to
Wet years, but that in Below Normal years, it is more beneficial to
allocate most of the water above the minimum target to May. Another
example is that our results consistently support a flow pulse in May
when water temperatures can be lethal to salmon (Kjelson et al., 1982;
Smith et al., 2003; Perry et al., 2010, 2018; Vogel, 2010; Cavallo et al.,
2013; Lehman et al., 2017; Buchanan et al. 2018a, 2018b), but flow
pulses at this time are generally discouraged by managers. However, the

potential for elevated flows to decrease water temperatures enough to
increase Chinook salmon smolt survival in the south Delta in May has yet
to be formally evaluated largely because of resistance to releasing the
amount of water necessary to achieve temperature reduction in the
various regions of the south Delta. Our results suggest that implementing
flow pulses in May has the potential to increase survival of
later-migrating larger smolts. If true, this management strategy may
provide a longer window in which successful outmigration is possible,
which could minimize competition, decrease predation risk, and pro
mote diverse life-history strategies (Munsch et al., 2019; Sturrock et al.,
2020). Similar to other analyses of the South Delta acoustic tagging
studies partially relied upon in our model (Dauble et al., 2010), we
found no negative effect of exports on salmon smolts. This suggests
elevated river flows can benefit smolt survival even if water diversions
from the South Delta are increased, which further supports imple
menting pulse flows during May. An adaptive resource management
framework could be used to pair the implementation of increased flows
in May with physical modeling and strategic monitoring to evaluate
hypotheses on how flows, temperature, and diversions affect juvenile
survival during this time period.
It should be noted that survival studies that informed our optimi
zation modeling are limited in their temporal scope (April and May) and
life history stage (smolt only) relative to the entire period Chinook
salmon are in the south Delta. Additionally, we only used the timing of
Chinook salmon smolts entering the Delta while there is some evidence
12
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Fig. 7. Response profile of top four parameters from one-way sensitivity analysis with expected value of perfect information (EVPI) for survival. EVPI can be taken to
mean how much survival would improve if the value of the parameter was known with certainty. Red line is modeled optimal flow regime. Quantiles of the parameter
distributions estimated from the mean and standard deviation increase from interval 5 to 10 (light gray lines) up to 90 to 95 (dark gray lines).

that the proportion of juveniles migrating as fry, parr, or smolts is linked
with hydrology (Brandes and McLain, 2001; Zeug et al., 2014). Adding
dynamic entry timing based on flow pulses and life history stages and
integrating new survival studies may change the optimal pulse strategy
suggested by our example application. Thus, it would be worthwhile to
evaluate management rulesets similar to that suggested by the decision
support simulation model through adaptive resource management. For
example, one could incorporate a sub-model that predicts the proportion
of fry, parr, and smolt emigrating through the south Delta as a function
of flow. We would then update our understanding of system dynamics
with the revised parameter estimates to make better management de
cisions each year based on monitoring or directed research.
Deciding how to allocate resources among management, monitoring,
and research efforts can be difficult even in some of the most wellfunded management programs. Using decision analysis techniques, we
can leverage existing information to evaluate the influence of various
uncertainties using a common currency: typically, the currency of the
management objective(s). In our example, we found the temperature –
survival relationships from Turner Cut to Chipps Island and from HOR to
CVP had the largest influence on cumulative smolt survival through the
south Delta. Specifically, we found the expected cumulative smolt

survival increased by up to 1.57 times for Below Normal water year
types by improving flow management due to reduced uncertainty in
smolt survival estimates from these two regions using EVPI. In other
words, improved management of Below Normal water year flows, made
possible by reducing uncertainty in our parameter estimates, is expected
to result in a cumulative smolt survival similar to an Above Normal
water year (under uncertainty). This would be equivalent to having
more than twice as much water for target minimum flows (i.e., moving
from 40.2 m3s− 1 to 96.8 m3s− 1) and 1.5 times more water to pulse (i.e.,
5964 m3s− 1 in an Above Normal water year vs 3925 m3s− 1 in a Below
Normal water year). Thus, reducing uncertainty in these parameters
might mean managers can maximize the biological objective (in this
case cumulative smolt survival) to the same degree for less water,
potentially leaving more water that can be used for other objectives if
survival is already at an acceptable level (e.g., floodplain rearing
habitat).
Uncertainties can be used to design future modeling efforts. In our
smolt example, the sensitivity analyses indicated the interval for
preferred flow pulses (i.e., April and May) was invariant to changes in
either slopes or intercepts of the parameters with the largest un
certainties, but matched with smolt outmigration patterns through the
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south Delta. This indicates resources may potentially be wasted
attempting to reduce uncertainty in meta-regression parameters linked
to survival and routing if this knowledge does not change the predicted
optimal action. The finding that the optimal intervals for flow pulses
matches outmigration patterns suggests that a better understanding of
the timing of smolt migration through the south Delta may be needed to
inform flow management in this region. As the smolt arrival timing
monitoring data came with limitations such as missing data, biased
detection rates, and high variation in estimates, future monitoring ef
forts should focus on the variation in smolt timing to evaluate the
robustness of the management rulesets that seem to be emerging with
the current model. Had the pulse interval changed with varying the
parameters with the largest uncertainties, i.e., survival intercept for
Turner Cut to Chipps Island and slope with Prisoner’s Point temperature,
managers would then consider trying to reduce the uncertainty in both
the survival estimate and the effect of temperature on that survival es
timate. The intercept (and residual error for that matter) may include
factors important to survival that we didn’t account for in this model, so
determining where those sources of uncertainty in the intercept occur as
well as the slope would both be important in this alternate case.
Although the hydrographs were invariant to change in survival and
routing parameters with the largest range of survival outcomes in this
model, varying the temperature parameter values at Vernalis for sur
vival from Durham Ferry to Head of Old River allowed us to see that
survival includes zero in the range of survival outcomes. A risk-averse
manager may be more concerned with the uncertainty that includes
zero smolts surviving than an uncertainty that spans somewhat low and
very high survival (i.e., temperature – survival relationships from Turner
Cut to Chipps Island and from HOR to CVP). Satisfying the apprehen
sions of a risk averse manager to encourage them to implement an
alternative, but potentially beneficial strategy, could mean we redefine
the objective to minimizing survival to be less than a certain value (e.g.,
0.025) as opposed to maximizing survival. In addition, the effects of
temperature at Vernalis on survival from Durham Ferry to HOR as a
priority in the monitoring framework could be added into the same
adaptive management plan suggested previously for learning how
increased pulses in May affect juvenile survival. As this parameter had
high uncertainty in how it would affect survival, narrowing that un
certainty through additional research would be helpful for assuring the
risk averse manager the new management has low probability of a zero
survival result. Incorporating objectives for risk aversion can be done
easily at the beginning of a structured approach to the decision-making
process (Conroy and Peterson, 2013).
Managing ecological systems can be difficult, particularly when
some of the factors influencing the decision are outside of the decision
maker’s control. This partial controllability can sometimes deter man
agers from using decision support simulation models because it can be
viewed that the system is too complex to model. In our example, we
demonstrated how uncertainty in seasonal amounts of water availability
can be incorporated directly into decision support simulation models
that link hydrological flow and ecological response models. This allowed
the model to be solved using optimization while accounting for the realworld uncertainty in seasonal water availability. Still, it is often the case
that the projected water amounts are updated in near real time as the
season progresses (State Water Resources Control Board, 2000). Thus, a
natural extension of this case study would be to incorporate an adaptive
in-season flow management plan that uses migrating fish capture data
(e.g., trawl or rotary screw trap data), the newly predicted amount of
water available (e.g., water year type), and temperature trends to feed
into the decision support simulation model and inform within-season
flow management using the most up-to-date information.
The call for more data, rather than using what data are available to
develop decision support simulation models and evaluate tradeoffs in
management actions as we did, likely stems from biologists and man
agers knowing the limitations of their data and wanting to avoid using
biased information to inform decisions. For example, our flow analysis

incorporated meta-analysis of survival and routing of tagged hatcheryraised smolts, which likely have reduced survival when compared to
natural-origin smolts (Del Real, 2012). Additionally, we used a
size-survival relationship from smolts from a different basin, timing, and
life stage which while positive, may have a different effect size.
Furthermore, the acoustic tagging studies were observational and did
not occur when temperatures were lower than 15.5 ◦ C and when average
daily flows were 175–275 m3s− 1, environmental conditions that exist
during the smolt outmigration window but for which we do not have
tagging data. Although we certainly agree that not all monitoring data
are collected in a way that makes them suitable to inform decision
making, it is worth noting that all ecological data are compromised to
some extent and that this does not mean they do not provide useful
information. That is, imperfect data do not prevent effective evaluation
of tradeoffs in management actions. When uncertainty in a particular
parameter does not influence the management objective, biologists and
managers need not be as concerned with the related data limitation. For
example, we were able to evaluate the effect of parametric uncertainty
on the management objective in a transparent way. One parameter
included in our model, CVP entrainment, may have had increased un
certainty because we only had estimates from releases within one year
(Karp et al., 2017). However, we did not find much of an effect of
varying this parameter through its confidence interval on survival. We
also found varying the parameters with the most uncertainty did not
change how water volume would be distributed. On the other hand, if
uncertainty in a particular set of parameters governs which decision is
most effective (e.g., optimal flows were to change from April and May to
February and March), this would highlight the parameter(s) that man
agers and biologists would benefit most from in reducing uncertainty.
The south Delta optimization model we developed could be built
upon for general use by water managers. For example, an application
could be made for managers to explicitly evaluate which management
“knobs” to turn relative to their expected outcome and cost. In the south
Delta, the main “knobs” available to managers include changing the
ratio of water imports into the Delta (e.g., via dam manipulations) to
water exports via the CVP or SWP export facilities, forgoing water ex
ports, reshaping the hydrograph of available water, increasing flows to
reduce temperatures, and restoring more historical habitats that favor
native over non-native species. Some of these factors affect rearing
habitat and therefore survival before emigrating fish even reach the
south Delta. Therefore, adding upstream tributary sub-models would
incorporate optimizing flows for the varying portfolios of fry, parr, and
smolts important for diversifying outmigration strategies (Sturrock
et al., 2020). In an upstream tributary sub-model, the weekly time step
used in our south Delta model could be adapted to a daily time step to
account for flow variability that cues fry outmigration from natal trib
utaries (Zeug et al., 2014; Sturrock et al., 2020).
The results from our south Delta smolt model are directly related to
the management objective we considered (i.e., optimizing cumulative
survival of smolts through the south Delta). Managers must manage the
system for other, sometimes competing, biological objectives such as the
number of adult fish that return to spawn, fry outmigration, floodplain
rearing habitat, other species of concern such as Steelhead trout,
salinity, and dissolved oxygen (Luoma et al., 2015; Horne et al., 2018;
Peterson and Duarte, 2020). These objectives are relatively easy to
incorporate into our modeling framework using multi-criteria decision
analysis (Horne et al., 2018). Such an effort would probably be best
implemented within a structured decision-making process, where
complicated problems are broken down into discrete steps through a
series of stakeholder driven workshops (Conroy and Peterson, 2013;
Horne et al., 2018).
5. Conclusions
As the human population grows and the climate becomes warmer,
conserving wild populations that depend on water will require a more
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focused level of commitment, technical effort, and investment in con
servation (Lackey et al., 2006; Naiman et al., 2008; Hanak et al., 2011;
Katz et al., 2012; Luoma et al., 2015). We suggest using tools and data
that we currently have to help solve complex problems despite far from
perfect knowledge about how systems will respond (Webb et al., 2018).
We demonstrated how to use advanced decision-analytic modeling
techniques to provide the direct link between monitoring, optimization
modeling, and management, using Chinook salmon smolts in the south
Delta as an example. We were able to use less than perfect long-term
monitoring data on Chinook salmon smolt survival and routing to
develop an optimization model to predict salmon smolt survival based
on environmental covariates. We then used the optimization modeling
to determine flow hydrographs that optimize Chinook salmon smolt
survival through the south Delta for varying water year types. We were
also able to identify future monitoring priorities based on sensitivity
analysis. This type of decision-support framework can be used for a wide
array of conservation problems throughout the world to link biological
responses to management alternatives via an adaptive process.
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