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ABSTRACT
There has been considerable debate about effects 
of entrainment of endangered Delta Smelt 
(Hypomesus transpacificus) at water export 
facilities located in the Sacramento–San Joaquin 
River Delta. In this paper we use a behavior-
driven movement model (BMM) to simulate 
the movement of adult Delta Smelt, which, in 
conjunction with a population dynamics model, 
estimates the proportion of the population that is 
lost to entrainment, i.e., proportional entrainment 
loss (PEL). Parameters of the population model 
are estimated by maximum likelihood by 
comparing predictions to data from Fall Midwater 
Trawl (FMWT) and Spring Kodiak Trawl (SKT) 
surveys, as well as to daily salvage estimates. 
Our objectives are to evaluate different movement 

behavior hypotheses, to rank estimates of PEL 
based on how well predictions fit the data, and to 
sharpen our understanding of the data to inform 
future research and monitoring decisions.

We applied the modeling framework to data 
from water year 2002—a year when salvage was 
high—and tested 30 combinations of six behavior 
and five population dynamics models. More 
complex process and observation assumptions 
in the population model led to much improved 
fits in most cases, but did not appreciably 
influence PEL predictions, which were largely 
determined by movement predictions from the 
BMMs. Estimates of PEL varied considerably 
among behaviors (2% to 40%). The model with 
the highest predictive capability explained 98% of 
the variation in FMWT data across regions, 70% 
of the variation in SKT data across regions and 
surveys, and 28% and 43% of the daily variation 
in salvage at federal and state fish screening 
facilities, respectively. The PEL estimate from this 
model was 35%, more than double the original 
estimate from Kimmerer (2008) of 15%. While 
PEL estimates provided in this study should be 
considered preliminary, our framework for testing 
combined behavior-driven movement models and 
population dynamics models is an improvement 
compared to earlier efforts.
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INTRODUCTION
Worldwide, over 58,000 dams and diversion 
structures (>15 m height) have been constructed 
to provide water supply, flood control, and 
hydroelectric power generation (ICOLD 2015). The 
presence and operations of these facilities can 
adversely affect native fish populations through 
habitat fragmentation, reductions in habitat 
quantity and quality, enhancement of non-native 
species, and direct losses from entrainment 
mortality (Rytwinski et al. 2017). Entrainment 
loss is one of the most obvious effects because 
it is often easily observed through tagging, fish 
sampling in diverted water, or collection of dead 
fish on screens and louvers. Entrainment loss can 
trigger protective management actions intended 
to eliminate or minimize destruction of fish or 
“take,” as specified in the US Endangered Species 
Act (ESA). Significant efforts to quantify and 
reduce mortality associated with entrainment 
have been undertaken in a number of large river 
systems including the Hudson River (Barnthouse 
et al. 1988), the Columbia River (Simpson 2018), 
and the Sacramento-San Joaquin River Delta 
(Kimmerer 2008). The net effect of entrainment 
on the viability of fish populations has been 
challenging to determine, in part because the 
proportion of the population that is lost to 
entrainment is often not known. This uncertainty 
hampers evaluation of entrainment reduction 
measures.

Entrainment of Delta Smelt (Hypomesus 
transpacificus) and other fish at water export 
facilities located in the Sacramento-San Joaquin 
River Delta, and associated export constraining 
regulatory measures, have led to intensive study 
and debate about the effects of entrainment on 
the viability of the population (Kimmerer 2008, 
2011; Brown et al. 2009; Miller 2011). Delta 
Smelt is a small pelagic fish endemic to the San 
Francisco Estuary (Bennett 2005). Abundance 
of this species declined in the 1980s, and it was 
listed as threatened under both California and 

federal Endangered Species Acts in 1993. A rapid 
and sustained drop in Delta Smelt abundance 
beginning in ca. 2002—coincident with the 
decline of other pelagic species (the Pelagic 
Organism Decline; Sommer et al. 2007; Mac Nally 
et al. 2010)—resulted in the listing being revised 
to endangered under the California ESA in 2009. 
Over their annual life cycle, Delta Smelt typically 
spend the summer and fall in tidally-fresh to low-
salinity waters (0 to 6 practical salinity units) 
of Suisun Bay and the western and northern 
portions of the Sacramento-San Joaquin Delta 
(hereafter referred to as the “Delta,” Figure 1). 
In anticipation of spring spawning, a landward 
migration into less saline water is believed 
to occur for a component of the population 
(Grimaldo et al. 2009; Sommer et al. 2011). This 
movement is thought to be triggered by higher 
inflows and turbidity caused by the first large 
precipitation event in winter, referred to as the 
“first flush” (Grimaldo et al. 2009). 

The Delta is a key part of the water supply for 
California. Water from the Sacramento and San 
Joaquin river drainages flows into the Delta, and, 
on average, approximately 30% of this inflow 
is diverted through massive state (State Water 
Project; SWP) and federal (Central Valley Project; 
CVP) export pumping facilities (Kimmerer 2004; 
Thomson et al. 2010) to supply water for about 
25 million Californians and a multi-billion-dollar 
agricultural industry (Thomson et al. 2010). These 
pumping facilities, located at the southwestern 
edge of the Delta (Figure 1), alter seasonal 
patterns in the net direction of freshwater flow, 
and have entrained large numbers of Delta 
Smelt and other fish species under certain 
hydrodynamic, physical, and biological conditions 
(Kimmerer 2008; Grimaldo et al. 2009). The 
diversion often causes water in the lower San 
Joaquin River and Old and Middle rivers (OMR) 
to move toward the pumps instead of the ocean 
(often termed “reverse flows”), and draws water 
from the Sacramento River across the Delta, 
rather than follow its more norther natural route 
to the ocean (Figure 1). The landward migration 
of Delta Smelt results in some of the population 
moving closer to areas of altered flows and the 
pumping facilities, which makes them more 
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vulnerable to entrainment, particularly when 
flow directions are reversed. Fish screening 
facilities located adjacent to the pumping plants 
collect some of the fish that would otherwise 
be entrained into the pumps. These collections, 
known as “salvage,” provide a valuable but 
imperfect index of seasonal and annual variation 
in entrainment (Castillo et al. 2014). Salvage 
represents only a portion of total entrainment 
because some entrained fish reach the fish 
screening facilities but are not diverted by the 
screens (as determined by facility efficiency), 
while others die from predation before reaching 
the screens (pre-screen loss). Entrainment has 
been calculated by multiplying the observed 
salvage by an uncertain “salvage expansion 
factor,” which is intended to account for the 

effects of both facility effeciency and pre-screen 
loss (Kimmerer 2008, 2011; Miller 2011).

Entrainment of Delta Smelt has been implicated as 
one of the potential causes for its decline (Sommer 
et al. 2007; Brown et al. 2009; MacNally et al. 
2010). Concern over the effects of entrainment 
losses prompted the US Fish and Wildlife Service 
(USFWS) to issue a Biological Opinion on the 
SWP and CVP with targeted Reasonable and 
Prudent Alternative (RPA) actions designed to 
minimize Delta Smelt entrainment (USFWS 
2008). Mandated pumping and flow prescriptions 
may result in substantial reductions in the SWP 
and CVP water diversions, and have been the 
subject of considerable litigation (Wanger 2007, 
2010). A better understanding of the migratory 
dynamics of Delta Smelt and the effect of flows 
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Figure 1 The San Francisco Bay-Delta, showing the boundaries of regions used in this study and the location of the State Water 
Project (SWP) and the federal Central Valley Project (CVP) fish-screen facilities and pumping plants.
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on entrainment is warranted to evaluate the 
effectiveness of current and future flow and 
water export options (Sommer et al. 2011). 
Improved estimates of Delta Smelt entrainment 
losses are also needed to understand how water 
exports may affect population viability and 
recovery (e.g., Maunder and Deriso 2011; Rose 
et al. 2013). Kimmerer (2008) provided the first 
published estimates of the proportion of the 
population lost to entrainment, most commonly 
referred to as proportional entrainment loss (PEL). 
His estimates of the adult population of Delta 
Smelt was as high as 50% in 1 year, and indicated 
that entrainment could be having substantive 
population-level effects. These initial estimates 
have been the subject of debate (Miller 2011; 
Kimmerer 2011), and there is continued interest 
in reducing the uncertainty associated with Delta 
Smelt entrainment and estimates of PEL. 

To date, proportional entrainment loss for adult 
Delta Smelt has been calculated based on the 
ratio of estimated entrainment to estimated 
population size (Kimmerer 2008, 2011; Miller 
2011). Entrainment was calculated by inflating 
the estimated salvage using a salvage expansion 
factor. Population size was calculated by 
expanding catches from a Delta-wide scientific 
survey used to index abundance. There are two 
limitations to this approach for estimating PEL. 
First, it relies on uncertain expansion factors 
to calculate entrainment and population size. 
Second, historical estimates of PEL depend on the 
magnitude and timing of inflow, export rates, 
and other conditions in each year. Statistical 
separation of these factors can be difficult, 
leading to greater uncertainty in predictions of 
PEL under future operations and flow conditions. 

Combined behavior and particle-tracking 
models provide a potentially more reliable way 
to predict the effects of alternative operations 
on entrainment losses. These models simulate 
movement of particles as determined by 
hydrodynamic predictions and other factors 
thought to cue fish movement and distribution 
such as salinity, water temperature, and 
turbidity. The majority of these models simulate 
the distribution of ichthyoplankton in coastal 

and estuarine areas to evaluate the effects of 
entrainment from power plants (Blumberg et al. 
2004; Heimbuch et al. 2007; White et al. 2010), 
or the effects of dispersal to different coastal 
areas on the survival rate of early life stages and 
the resulting effect on recruitment (Hinrichsen 
et al. 2011). In most applications, the target 
organisms are assumed to behave as passively 
drifting particles or to exhibit very simple 
vertical swimming behaviors (e.g., North et al. 
2008). Particle-tracking models have been used 
to predict entrainment in the Delta, especially for 
zooplankton and eggs and larval stages of Delta 
Smelt and other fishes that are assumed to behave 
as passively drifting particles (Culberson et al. 
2004; Kimmerer and Nobriga 2008). It is unlikely 
that passive transport is an accurate way to 
model movement and entrainment vulnerability 
for older life stages of fish that exhibit a variety 
of complex behaviors. Our model is relatively 
unusual because it simulates a variety of 
movement behaviors driven by different abiotic 
drivers such as flow direction, and velocity and 
turbidity levels and gradients.

The central objective of the work presented here is 
to evaluate whether BMMs can predict abundance, 
distribution, and salvage observations, and in 
turn produce more reliable estimates of PEL for 
adult Delta Smelt. Our approach differs from 
past efforts (e.g., Rose et al. 2013) because we 
focus on testing predictions by comparing them 
directly to data. We use a two-stage modeling 
procedure. A computationally intensive behavior 
and particle-tracking model simulates a variety 
of potential behaviors of Delta Smelt to predict 
movement of particles among regions in the 
Delta as well as the proportion of particles from 
each region that are entrained. These predictions 
are based on behavioral rules that represent 
different hypotheses about how Delta Smelt 
respond to hydrodynamics (depth, velocity, and 
tidal flow direction), salinity, and turbidity. A 
key advantage of this approach is that it allows 
us to evaluate hypotheses about factors that 
affect Delta Smelt movement and distribution 
which are not well understood but represent a key 
management issue (Sommer et al. 2011; Bennett 
and Burau 2015). Proportional entrainment 
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predictions from the BMM are unscaled or naïve 
in the sense that they do not account for variation 
in abundance among regions at the start of the 
simulation, or losses from natural mortality 
before and during the period when entrainment 
occurs. The initial distribution of the population 
would have an important effect on proportional 
entrainment loss that arises from differences in 
vulnerability to entrainment among regions, and 
proportional entrainment loss can be biased if 
natural mortality is not accounted for (Kimmerer 
2008). In the second stage of our modeling 
procedure, we use a population dynamics model, 
driven by unscaled movement and entrainment 
rates from the BMM, to estimate initial regional 
abundance, natural mortality rate, and salvage 
expansion factors. The population model predicts 
abundance over time in each region, as well as 
the number of fish from each region that are 
entrained, which are in turn used to compute 
proportional entrainment loss. Parameters of the 
population model are estimated via non-linear 
search by statistically comparing predictions of 
initial distribution, abundance, and salvage to 
field observations. 

This paper focuses on the population component 
of the modeling framework. In particular, it 
examines how different assumptions about 
process and observation dynamics influence 
the fit of different BMMs to available data, and 
implications for PEL estimates. A companion 
paper describes the BMMs and predicted 
movement patterns in detail (Gross et al., this 
volume). The analysis presented in this paper 
largely compares predictions from the BMM 
and population dynamics models to observed 
spatial and temporal changes in catch from 
fish field surveys, as well as to daily salvage 
data from state and federal fish screening 
facilities. Ultimately, our objective is to better 
understand the strengths and limitations of 
available information for estimating PEL. In 
addition, the process of formulating hypotheses 
as mathematical models and fitting them to 
observations leads to a sharper understanding 
of the data, which can be invaluable for making 
future decisions on research and monitoring. 
The broader goal of the work presented here is 

to support a more confident assessment of Delta 
Smelt entrainment and, stemming from that 
greater understanding, to assess the efficacy 
of management actions used to operate the 
water projects in a manner consistent with the 
Endangered Species Act.

METHODS
Model Overview
We developed a modeling framework that 
consists of a behavior and particle-tracking 
simulation that predicts movement of adult 
Delta Smelt among 15 regions in the Delta 
(Figure 1), and a population model that estimates 
abundance and entrainment, given movement 
predictions (Figure 2). The population model 
estimates abundance by region, survival rate, 
and entrainment of adult Delta Smelt on a daily 
time-step, by jointly fitting to three different 
data sources, which include the Fall Midwater 
Trawl (FWMT) and Spring Kodiak Trawl (SKT) 
surveys, and the daily salvage estimates at state 
and federal fish screening facilities. The modeling 
framework was applied in water year 2002 for a 
134-day period from December 5, 2001 to April 
17, 2002. This simulation window was selected to 
begin just before the first flush (Grimaldo et al. 
2009) and extend through most of the spawning 
period to the typical date when the April SKT 
survey is complete. Water year 2002 was selected 
in part because survey catches and salvage were 
higher than in many other years, which supports 
a more informed evaluation of the relative fits 
of different behavior and population models. In 
addition, water year 2002 was classified as a 
“Dry” water year type for both the Sacramento 
and San Joaquin valleys. This resulted in low 
Delta outflow and negative OMR flows (see 
Figures 3 and 6 of Gross et al., this volume) when 
entrainment loss is expected to be higher compared 
to a wetter year (Grimaldo et al. 2009 and this 
volume), a logical condition under which to test the 
models. The fit of the model to additional water 
years is presented in Gross et al. (2018).

The California Department of Fish and Wildlife 
(CDFW) FMWT survey samples 122 stations 
monthly from September through December, 

https://doi.org/10.15447/sfews.2021v19iss1art1
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throughout the San Francisco Estuary. In this 
analysis, the FMWT data are compared to the 
predicted relative differences in abundance among 
regions at the start of the simulation period. The 
CDFW initiated the SKT in 2002 to provide a 
more effective means to monitor the distribution 
and reproductive status of Delta Smelt (IEP 
MAST 2015). The SKT survey samples 40 stations 
distributed across the Delta in monthly surveys 
from January through May. These observations 
are compared to estimated catches from the 
population model that depend on predictions of 
abundance. Fish screening facilities for state and 
federal pumps accumulate fish in holding tanks 
during sampling periods that are most often 2 
hours (Kimmerer 2008). During each sampling 
period, a sub-sample is taken over a shorter time-
period (typically 20 minutes at the state facility 
and 10 minutes at the federal facility), and these 
observations are scaled-up to daily estimates of 

salvage. In this analysis, daily salvage estimates 
are compared to estimates from the model, which 
depend on predictions of entrainment and salvage 
expansion factors.

A detailed description of the BMM is provided 
in a companion manuscript (Gross et al., this 
volume). In short, it uses three-dimensional (3-D) 
hydrodynamic and sediment transport models 
to predict depth, velocity, salinity, and turbidity 
fields (Figure 2). A 3-D particle-tracking model, 
with rules that simulate fish movement behavior, 
is used to predict the movement of adult Delta 
Smelt among 15 regions, and the proportion of 
particles from each region that are entrained at 
the CVP and SWP pumping facilities (Figure 1). 
The spatial resolution of the model is relatively 
fine near the pumps, and separately tracks 
the number of particles in the Clifton Court 
Forebay (CCF) as well as those entrained at the 

Figure 2 Overview of modeling framework used to predict movement, abundance, and entrainment of adult Delta Smelt. Note 
that fitting only influences parameters in the population dynamics model. Behavior-driven model parameters used in the movement 
model, which determine movement patterns, are treated as fixed values in the population model.



7
https://doi.org/10.15447/sfews.2021v19iss1art1

SWP. Movement predictions from the BMM are 
summarized in a movement array which specifies 
the proportion of particles from each source 
region that remain in that region, move to other 
regions, or are entrained at the pumps, for each 
simulated day. We refer to the movement array 
produced from the BMM simulation as “unscaled” 
because it does not account for differences in the 
abundance of Delta Smelt among regions at the 
start of the simulation, or for losses from natural 
mortality. These effects are accounted for in the 
population dynamics component of the model.

The BMM is initialized by placing a large 
number of uniformly distributed particles in 
each of the 15 modeled regions. To account for 
particles that move outside the 15-region model 
domain, additional regions are defined, and the 
CCF location is also explicitly modeled. Rules 
that specify the movement behavior of each 
particle in response to hydrodynamic, salinity, 
and turbidity fields determine the location of 
each particle through the simulation. There 
is no stochastic variation in behavioral rules 
for individual particles, so each particle will 
have the same response if exposed to the same 
sequence of stimuli. BMMs presented here and in 
the companion paper (Gross et al., this volume) 
are a small subset of the ones we examined, but 
span a range of complexity. These include simple 
behaviors such as passive drift (no swimming 
behavior, model P) and swimming toward more 
turbid water (model St), to more complex ones 
such as tidal migration (model T, lateral tidal 
migration concept in Feyrer et al. 2013), to 
even more complex behaviors that are based on 
multiple physical cues with different thresholds 
or acclimatization periods (models Ts, Tps, and 
TpsHt; see Table 2 of Gross et al., this volume). As 
shown below, the TpsHt model fits the data best. 
This model included a tidal-migration behavior 
driven by perceived changes in salinity, and 
movement toward shallow water during ebb tide 
when turbidity is >12 NTU and local depth is 
greater than 4 m. 

The population dynamics model consists of 
process, observation, and likelihood (fitting) 
components (Figure 2). The process component 

predicts the abundance of the population in each 
of 15 regions for each day of the simulation. The 
model uses estimates of abundance in each region 
and the proportion of particles in that region 
that are entrained, as determined by the BMM, 
to predict the total number of particles entrained 
each day. The observation component of the 
model translates predictions into expected catches 
in FMWT and SKT surveys on the days those 
surveys were conducted, and daily salvage at each 
fish screening facility. The likelihood component 
compares these predictions to observations. 
Process and observation parameters are estimated 
by maximizing the likelihood using a gradient 
search method. A total of 30 combinations of six 
behavior models and five population-dynamic 
models were fit to the data. 

In the observation component of the population 
model, predictions of abundance and entrainment 
from the process component of the population 
model are translated into relative differences 
in FMWT catch at the start of the simulation, 
SKT catch by region and survey date, and daily 
salvage at each screening facility. In the fitting 
component of the model, these predictions are 
compared to data. In the description of the 
population dynamics model which follows, Greek 
letters denote parameters that are estimated, 
upper-case letters denote state variables (values 
that are predicted), and lower-case letters 
denote indices (not bold), or data (bold) or fixed 
parameters (bold). 

The combined BMM and population models make 
a number of critical assumptions: 

1. Particles released in any of the 15 regions can 
be potentially entrained.

2. Delta Smelt behavior does not vary over the 
simulation period.

3. Movement behaviors apply to all adult Delta 
Smelt (i.e., there is no resident component that 
does not move).

4. Variation in Delta Smelt abundance does not 
influence movement behavior.

https://doi.org/10.15447/sfews.2021v19iss1art1
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5. Climate-driven effects are fully accounted for 
by their influence on flow, water temperature, 
and turbidity, which drive movement 
predictions.

6. Survival rate of adult Delta Smelt is constant 
over the modeled period or can vary 
temporally as a function of water temperature 
or model day.

7. There is no variability in survival rates 
among regions, though salvage efficiency 
implicitly models the effect of lower survival 
rates in central and southern regions of the 
Delta. 

More detail on these assumptions is provided in 
the model description which follows, and in the 
Discussion.

Process Model  
(Population and Entrainment Dynamics)
The process component of the population-
dynamics model predicts the abundance of Delta 
Smelt adults by model day and region. Initial 
abundance is calculated from

 , (1)

where Ni,d=0 is initial abundance in each region 
i at the beginning of the first day of the 
simulation (d=0), g is the estimated initial 
total abundance across all 15 regions in log-
space, and Ii

 is the initial proportion of the 
total population in each region i at the start of 
the simulation. 

Regional abundance on subsequent days depends 
on cumulative survival and movement, and is 
calculated from

 , (2)

where d is the estimated survival rate on day 
d with the product of those rates (denoted 
by the  symbol) equivalent to cumulative 
survival to the end of day d, and mj,i,d is 

the cumulative proportion of fish that move 
from one region ( j) to another (i), remain in 
the same region ( j = i), or are entrained (the 
movement array calculated in the BMM). 

Note that abundance in region i is the sum of 
surviving fish from source regions j that move to 
region i, as well as surviving fish that remain in 
region i between time-steps.

We do not allow the natural survival rate to vary 
across regions because it would require tracking 
the fate of tens of thousands of particles in the 
population model, increasing computational time 
by about four orders of magnitude. As reviewed 
in the Discussion, the limited number of SKT 
survey sites combined with high variation in 
catches among sites within regions, makes these 
data too un-informative to estimate regional 
variation in survival rate. However, as discussed 
below, additional mortality for particles that are 
entrained, which must pass through the South 
Delta, is captured in the estimate of the salvage 
expansion factor.

Two formulations of natural survival rate are 
used to predict potential temporal variation. The 
simplest assumption is that survival is constant 
over time (survival model Sc) and is therefore 
calculated as

 , (3A)

where ao is an estimated survival rate in logit 
space. The logit() term denotes that the value 
inside the parentheses is logit-transformed, so 
0 ≤ d ≤ 1. 

Alternatively, we assume that daily survival rate 
over time can vary as a logistic function of model 
day (survival model Sd ) using

 , (3B)

A negative value of 1 will lead to declining 
survival rate over time, which may occur as a 
result of spawning-related mortality because 
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the majority of individuals in any year are 
semelparous (Moyle et al. 2016; Bennet 2005). 

The cumulative number of fish entrained is 
calculated from

, (4)

where N_Ent is the number entrained at fish 
screening facility k (k = 1 or 2) from the start 
of the simulation through day d, and mi,k,d is 
the cumulative proportion of fish from source 
region i that are entrained at location k, as 
determined by the BMM. Equation 4 scales 
the proportional entrainment rates from the 
BMM by accounting for differences in initial 
abundance among regions and losses from 
natural mortality. 

The proportion of the initial population that is 
entrained at each fish screening facility up to and 
including day d is calculated from

, (5)

where N_Entk,d – N_Entk,d-1 represents the number 
of Delta Smelt entrained at fish facility k on 
day d, and represents the total abundance 
across all regions at the beginning of day d. 

Equation 5 follows the same logic as Kimmerer 
(2008) and assumes natural and entrainment 
mortality are continuous processes. As a result, 
proportional entrainment on each day depends 
on the abundance at the end of the previous 
day, where that abundance in turn depends on 
the initial abundances as well as cumulative 
natural and entrainment losses. The term inside 
the product symbol ( ) is the proportion of the 
population that survives entrainment on day d, 
and that product over days is the cumulative 
proportion that survive from the start of the 
simulation through day d. Thus, 1– this product 
is the proportion of the population that is lost to 
entrainment. Entrainment losses include: (1) pre-
screen losses; (2) losses from the fish screens to 
the salvage collection facility; and (3) the number 

of fish that are salvaged. The third element 
assumes that all Delta Smelt that are salvaged 
will not survive after their release back into the 
Delta (Bennett 2005; Miller 2011).

We provide two proportional entrainment loss 
metrics in this analysis. We refer to the output 
from Equation 5 as PEL for each facility, and 
the sum of those PELs is the total entrainment. 
We also refer to an “unscaled proportional 
entrainment loss,” which is just the output from 
the BMM from all source regions to each facility 
on the last simulation day D (mi,k,D). These 
values are the proportion of the initial particles 
entrained by the end of the simulation. They 
describe relative differences in vulnerability 
to entrainment among the 15 regions. The 
contribution of each region to the total 
entrainment depends on these values, but also on 
the initial abundance estimated for each region 
at the start of the simulation, and on the natural 
survival rate. Unscaled proportional entrainment 
statistics provide a simple summary to compare 
BMMs and are not affected by population or 
observation parameters.

Observation Model  
(Predicting SKT Catch and Salvage)

SKT Catch
The observation component of the population 
model predicts SKT catch for each station and 
survey period from

 , (6A)

where ĈSKTs,d
 is the predicted SKT catch at station 

s on day d, Ni(s),d is the predicted abundance 
in region i where station s is located (i (s)), and  
SKTs,d

 is the proportion of the population in 
region i sampled at station s on day d.

We refer to the latter term as SKT sampling 
catchability, and it is calculated from

 , (6B)

https://doi.org/10.15447/sfews.2021v19iss1art1
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where cs,d
 is an estimate of the proportion 

of Delta Smelt that are captured within 
the volume towed at a station (sampling 
efficiency), vregi is the volume of region i that 
Delta Smelt are distributed in, and vtows,d is 
the volume for the tow at station s in region i 
sampled on day d. 

We assumed that Delta Smelt were evenly 
distributed to a maximum depth of 4 m (as in 
Kimmerer 2008). Assumptions about the depth 
distribution of Delta Smelt have no effect on our 
estimates of PEL because they are accounted for 
in the estimates of salvage expansion factors. 
For example, if the maximum depth is set to 2 m, 
the predicted abundance of the population will 
be lower than if estimated based on a maximum 
depth of 4 m. However, as shown below, to match 
the observed salvage data, the salvage expansion 
under the 2-m depth distribution will be higher 
than under the 4-m distribution. The proportion 
of Delta Smelt within the volume towed that is 
captured can either be set to 1 or calculated from

 , (6C)

where 0 and 1 are parameters that predict SKT 
sampling efficiency as a function of Secchi 
disc depth recorded at each station on each 
SKT survey. 

Delta Smelt may be able to avoid capture to a 
greater extent when the water is clear, which 
would result in a negative estimate for 1 (Latour 
2016). Increased water clarity may also result in 
a change in the vertical or lateral distribution 
of Delta Smelt, which could also affect sampling 
efficiency because the SKT samples the top 2 m of 
the water column, and typically well away from 
the shorelines. Other factors that could affect 
sampling efficiency could also be modeled using 
the format in Equation 6C, but were not explored 
in this paper for brevity and because of lack of 
evidence for them. Catchability, the proportion of 
the population in a region captured at a station, is 
the product of c and the constants vtows,d/vregi 
(Equation 6B). Station- and survey-specific effects 
on catchability ( c) are easily excluded by not 

estimating parameters that define cs,d
 and instead 

fixing this value at 1. In this case, catchability 
for any region is simply the ratio of the volume 
sampled in that region across stations on a 
particular survey to the volume over which Delta 
Smelt are assumed to be distributed. Owing to the 
very large volumes of each region, the proportion 
of the population sampled on each survey is very 
small (Table 1). Because of spatial variation in 
Delta Smelt densities within a region and the 
small proportion of total habitat that is sampled, 
the average density taken over a series of tows 
within an individual region may be very different 
than the actual mean density for the region.

Salvage
Salvage in the observation component of the 
population dynamics model is calculated from

, (7)

where ĈSALk,d
 is the predicted salvage on model 

day d at fish screening facility k, is the 
proportion of entrained fish that are salvaged, 
and psk is the proportion of the daily volume 
of exported water that is sampled for fish. 

For consistency with past efforts, we calculate 
the salvage expansion factor, which is simply 
the inverse of salvage efficiency ( S

–1). Time-
specific values for pS for each facility were not 
available for the entire simulation period. The 
“observed” daily salvage data available to us were 
already expanded to account for the proportion 
of volume sampled each day. By using expanded 
salvage observations, one is assuming that pS = 1. 
However, when fitting the model, using expanded 
salvage data would inflate the importance of 
the salvage data relative to other data sources 
(FMWT, SKT). To correct for this, pS was set to 
values that reflected the typical proportion of 
flow at each salvage facility that was sampled for 
fish. We set pS to 0.08 (sampling 10 minutes out 
of every 2 hours) for the Tracy Fish Collection 
Facility at the CVP, and 0.18 (sampling 21.6 
minutes every 2 hours) at the Skinner Fish 
Facility at the SWP, which were the averages 
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Table 1 Region-specific, volume-based, sampling expansions applied to the Spring Kodiak Trawl (SKT) data to estimate Delta 
Smelt abundance (qSKT), and unscaled estimates of proportional entrainment loss (PEL) of Delta Smelt (colored columns) in water 
year 2002. SKT expansion factors, used to convert regional abundance estimates (N) to catch (c = N · qSKT), are based on the ratio 
of the volume towed to habitat volume over which adult Delta Smelt are assumed to be distributed. Unscaled PEL, as predicted by 
six behavior-driven movement models (BMM), represents the proportion of particles released in each region that are entrained at 
either the federal or state pumping facilities. The “Total or Average” row shows the average SKT expansion factor across regions, 
and for PEL is the sum product of the proportion of the initial population in each region (based on volume-adjusted FMWT catch) 
and the region-specific unscaled PEL values. The “PEL” row shows the most likely proportional entrainment loss estimate for each 
BMM based on fitting population dynamics model 5 (see Table 2). The “SFbay” row is the FMWT-weighted proportion of particles 
from each source region that enters the San Francisco Bay ghost region. Behavior models include passive (P); turbidity seeking 
(St); lateral tidal migration (T); tidal migration when salinity > 1 psu (Ts); tidal migration when perceived salinity is increasing (Tps); 
and as for Tps but with holding behavior when turbidity > 12 NTUs (TpsHt).

Region Name Region abbreviation Location qSKT
–1

Behavior model

P St T Ts Tps TpsHt

Napa River napa West 4,570 0.00 0.00 0.11 0.02 0.05 0.05

Carquinez Strait carq West 13,986 0.00 0.00 0.58 0.03 0.03 0.05

West Suisun Bay wsuisb West 6,591 0.00 0.00 0.60 0.03 0.07 0.14

Mid Suisun Bay msuisb West 8,429 0.00 0.00 0.58 0.03 0.12 0.22

Suisun Marsh smarsh West 1,617 0.00 0.00 0.03 0.00 0.11 0.12

Chipps Island chipps West 5,078 0.00 0.00 0.64 0.04 0.16 0.30

Sacramento River near 
Sherman Lake sac_sherm Central 4,452 0.00 0.00 0.58 0.04 0.20 0.41

Sacramento River near Rio 
Vista sac_rio North 3,965 0.10 0.03 0.45 0.12 0.34 0.57

Cache Slough and SDWSC cache_dwsc North 4,188 0.05 0.03 0.07 0.06 0.22 0.30

Sacramento River and 
Steamboat Slough sac_steam North 1,822 0.36 0.23 0.12 0.37 0.53 0.61

San Joaquin River near 
Antioch sjr_ant South 3,874 0.08 0.07 0.74 0.10 0.23 0.48

Central Delta and Franks Tract cdelta South 5,526 0.77 0.58 0.65 0.75 0.80 0.90

North and South Forks 
Mokelumne River mok East 1,518 0.87 0.83 0.13 0.88 0.88 0.89

San Joaquin near Stockton sjr_stk East 3,697 0.98 0.78 0.13 0.98 0.98 0.98

South Delta sdelta South 5,283 0.99 0.97 0.98 0.99 0.99 0.99

Total or Average 4,973 0.04 0.02 0.44 0.07 0.24 0.42

PEL 0.02 0.05 0.38 0.06 0.19 0.35

 SFbay  0.91 0.55 0.00 0.02 0.08 0.01
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from available data for water year 2002 during 
the simulation period. 

The simplest model of salvage efficiency ( Sk,d
) 

assumes it can vary across facilities but does not 
vary over time:

 , (8A)

where 0 is the proportion of entrained fish that 
will be captured at facility k on day d (in logit 
space) after accounting for daily variation in 
facility efficiency (FE). 

FE values were estimated based on water 
velocities at the intake structures by Smith (2019) 
and are treated as fixed values in this analysis. 
The average FEs over the modeled period at 
CVP and SWP were 0.18 (SD = 0.05) and 0.23 
(SD = 0.07), respectively. 

Alternate models allow salvage efficiency to vary 
over time as a function of covariates using

 , (8B)

where l0 is the proportion of entrained fish that 
enter the facility when the covariate X is 0, 
and l1k is a linear effect of the covariate Xk,d, 
which varies over time and can vary across 
facilities. 

This model is easily extended to include multiple 
covariates by simply including additional 
additive effects (i.e., additional l1k · Xk,d terms). 
The covariates we explored that might affect 
the magnitude of Sk,d

 were: daily averaged 
export flow (pumping) rates for each facility (as 
calculated by the DAYFLOW model; CDWR 2019); 
water clarity, as indexed by turbidity measured 
just outside the entrance gates to CCF; and water 
temperature as measured at Mallard Island 
(Figure 1). Missing CCF turbidity measurements 
from December 13-30, 2001; January 24-30, 
2002; and March 20-22, 2002 were replaced with 
estimates calculated from a CCF turbidity-Vernalis 

suspended-sediment-concentration relationship as 
used in Grimaldo et al. (this volume). 

Because our model accounts for the effect of 
intake water velocity on facility efficiency, 
covariates that determine salvage efficiency 
largely represent effects on pre-screen loss, which 
is defined here as the proportion of entrained 
fish eaten by predators between the point they 
are entrained and the point when they reach the 
fish screens. Covariate effects could also account 
for variation in facility efficiency not accounted 
for by intake velocity. Turbidity could affect 
the reaction of fish to the louvers and thus the 
efficiencies of the screens. Turbidity could also 
affect the ability of visual sight predators such 
as Striped Bass or Largemouth Bass to detect 
and consume Delta Smelt that are eventually 
entrained, or how Delta Smelt behave when they 
are vulnerable to predation. As an example, if 
higher turbidity reduces predation and hence 
pre-screen losses, salvage efficiency should 
increase (and thus 1 should be positive). Water 
temperature would change the activity level of 
Delta Smelt and predators through effects on 
metabolism and behavior, which would influence 
which would influence the susceptibility of Delta 
Smelt to entrainment and predation. 

Model Fit  
(Comparing Model Predictions to Observations)
The model is fit to the data by minimizing a total 
negative log likelihood (NLLTOT) that quantifies 
the combined fit of the model to FMWT catch 
(NLLFMWT), SKT catch (NLLSKT), and salvage data 
(NLLSAL). The total negative log likelihood is 
computed from

 . (9)

Each likelihood component is described below. 
Note that the total negative log likelihood only 
quantifies the discrepancy between predictions 
and observations (observation error). There is no 
component that penalizes process variation in 
population-dynamic processes such as survival 
rates, because that variation is not modeled. 
In data-limited situations it is not possible to 
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separate process error from observation error. 
Including both would increase computational 
time considerably, and would require informative 
priors on the extent of process or observation 
error, with total variance estimates conditional 
on those priors. Furthermore, because we treat 
behavioral parameters as constants in our two-
stage modeling procedure, it is not possible to 
include process error in parameters that influence 
movement. We therefore use an “observation error 
only” model (see Ahrestani et al. 2013), which 
will result in an under-estimation of uncertainty 
in model predictions.

It is widely acknowledged that the FMWT 
program does not provide a sensitive index of 
Delta Smelt abundance, and that the survey has 
an unknown capture probability (Polansky et 
al. 2019). In this modeling effort, we assume 
only that the FMWT catch provides a reliable 
index of relative differences in abundance across 
the 15 regions at the start of the simulation in 
early winter. After correcting for differences in 
sampling effort in each region (the proportion 
of the volume that is sampled relative to the 
volume over which Delta Smelt are distributed), 
the total FMWT catch of Delta Smelt in each 
region summed across the four surveys between 
September and December can be thought of as 
a random variable drawn from a multinomial 
distribution:

, (10)

where NLLFMWT is the sum of negative log 
likelihood values from a multinomial 
distribution (see Appendix A, section A1.1) 
across the 15 regions, with observed volume-
adjusted catches cFMWT, and initial regional 
proportions defined by model-estimated  
Ii
 values in Equation 1 (the proportion of 

the initial population in each region at the 
start of the simulation). In the absence of 
any other information, this error structure 

will result in a set of estimated initial 
proportions equivalent to the ratio of each 
region’s volume-adjusted catch relative to the 
total volume-adjusted catch (see Appendix A, 
section A1.2).

We assume that the SKT surveys provide a 
comparatively reliable index of abundance 
across regions and over SKT survey periods in 
a year (Polansky et al. 2019). Unlike the FMWT 
likelihood, we assume that the capture probability 
of the SKT survey is known, and is accurately 
determined by the scaling factors in Equation 6A. 
SKT catch at each station and SKT survey period 
is assumed to be a random variable drawn from a 
negative binomial distribution (negbin):

, (11)

where NLLSKT is the sum of negative log 
likelihoods across all sampling days (d) and 
stations (s), cSKTs,d is the observed SKT catch 
by station and day, ĈSKTs,d

 is the predicted 
catch from Equation 6A, and  represents 
the extent of over-dispersion in the data. 
In this form of the negative binomial, the 
latter parameter is the variance-to-mean 
ratio and reflects the average extent of 
variation in catches across stations within 
regions and surveys. We refer to this as the 
SKT sampling error (see Appendix A, section 
A1.3). The value of  for water year 2002 
(Equation 11) was estimated by fixing the 
density on each SKT survey and region at its 
conditional maximum likelihood value (sum 
of catches across stations divided by sum of 
tow volumes). A value of  = 10 was used when 
we fit parameters of the population-dynamics 
model. Greater belief in the SKT data would be 
simulated by lowering . At a minimum value 
of  = 1, the negative binomial distribution is 
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equivalent to the Poisson, where the variance 
is equal to the mean. 

The observed salvage at each salvage location is 
assumed to be a Poisson-distributed (pois) random 
variable (see Appendix A, Section A1.4):

, (12)

where NLLSAL is the sum of the negative log 
likelihoods across all days, cSALk,d is the 
reported expanded daily salvage at facility 
k on day d, pSk is the average proportion of 
water that is sampled for fish at the screening 
facility, and ĈSALk,d

 is the predicted salvage 
computed from Equation 7. By including the 
proportion of water sampled for fish at the 
screening facilities for both observations 
(Equation 12) and predictions (Equation 7), 
correct samples sizes are used in the 
likelihood. 

Parameters of the model were estimated by 
maximum likelihood using nonlinear search 
in the AD model-builder software (ADMB; 
Fournier et al. 2011). We ensured convergence 
had occurred based on the gradients of change 
in parameter values relative to changes in the 
log likelihood and the condition of the Hessian 
matrix returned by ADMB. Asymptotic estimates 
of the standard error of parameter estimates at 
their maximum likelihood values were computed 
from the Hessian matrix within ADMB and used 
to calculate confidence intervals. 

Model Comparison
We used the Akaike Information Criteria (AIC) 
to compare BMMs and alternate versions of 
the population model. AIC measures the trade-
off between model complexity and fit, and is 
calculated from

 , (13)

where K is the number of estimated parameters, 
and LL is the log likelihood calculated as 
-NLLTOT from Equation 9. More complex 

models with more parameters (higher K) may 
fit the data better (higher LL) than simpler 
models, but parameter estimates will be less 
precise. Models with lower AIC (i.e., higher LL 
and lower K) are considered to have better 
predictive performance when applied to 
replicate data sets. Models within 0 to 2 AIC 
units of the most parsimonious model (the one 
with the lowest AIC) are considered to have 
strong support and cannot be distinguished; 
models within 2 to 7 units are considered 
to have moderate support, and models that 
had AIC values > 7 units relative to the best 
model are considered to have weak support 
(Burnham and Anderson 2002). 

Our main analysis compares five different 
versions of the population-dynamics model 
for each of the six behavior-driven movement 
models. The different population-dynamics 
models are intended to span a range of process 
and observation dynamics. The simplest 
population model we examined estimates 19 
parameters, which include the total initial 
abundance, 15 regional initial abundance 
proportions, one constant salvage efficiency for 
each facility, and one constant survival rate. We 
also examine models that allow survival to vary 
as a logistic function of model day; for salvage 
efficiency to vary as a function of turbidity, 
temperature, and export discharge; and for SKT 
sampling efficiency to vary as a function of 
Secchi depth. 

RESULTS
The proportion of particles released in each region 
that were entrained in pumping facilities was 
highly variable across BMMs (Table 1). With the 
exception of the tidal migration behavior model 
(BMM T), unscaled PEL values were generally 
greater than 0.8 in southern and eastern regions 
(cdelta, mok, sjr_stk, and sdelta). Passive (P), 
turbidity-seeking (St), and tidal-salinity (Ts) 
BMMs had low unscaled PEL for most western 
and northern regions because particles either 
moved rapidly to sea or far inland—patterns 
which fit the spatial and temporal trend in the 
SKT data poorly (see Table 2). The tidal migration 
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Table 2 Comparison of six behavior-driven movement models (BMMs, rows) and five population- dynamic model structures 
(columns). For the population models, salvage efficiency was assumed to be constant over time (const) or vary as a function of 
turbidity (~turb). Natural survival rate was assumed to be constant over time (Sc) or vary as a function of model day (Sd). Spring 
Kodiak Trawl (SKT) sampling efficiency was either assumed to be constant (const) or vary as a function of Secchi disc depth 
(~Secchi). The ΔAIC rows show the difference between each model’s AIC relative to the model with the lowest AIC (and thus, the 
model with ΔAIC = 0 has the lowest AIC and is considered the best model). The model rank rows show the rank of each BMM within 
each population model type as determined by AIC (rank 1 = best model). Proportional entrainment loss rows show the maximum 
likelihood estimate of the total proportional entrainment loss across federal and state facilities. The SWP salvage expansion rows 
show the salvage-weighted average salvage expansion factor over the simulation at the state facility. See caption for Table 1 for 
BMM definitions.

Population model 1 2 3 4 5

Salvage efficiency const const const ~turb ~turb

Natural survival rate Sc Sd Sd Sc S  

SKT efficiency const const ~Secchi const const

Number of population parameters 19 20 22 21 22

ΔAIC

passive (P) 777 770 769 504 495

turbidity seeking (St) 5,092 5,079 5,014 4,781 4,742

tmd (T) 2,916 2,901 2,851 1,778 1,765

ptmd_sal_gt_1 (Ts) 767 560 564 422 296

ptmd_si_pt_5 (Tps) 667 434 437 360 171

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 485 360 357 102 0

Model Rank 

passive (P) 4 4 4 4 4

turbidity seeking (St) 6 6 6 6 6

tmd (T) 5 5 5 5 5

ptmd_sal_gt_1 (Ts) 3 3 3 3 3

ptmd_si_pt_5 (Tps) 2 2 2 2 2

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 1 1 1 1 1

Proportional Entrainment Loss

passive (P) 0.02 0.02 0.02 0.02 0.02

turbidity seeking (St) 0.02 0.02 0.02 0.05 0.05

tmd (T) 0.39 0.39 0.40 0.38 0.38

ptmd_sal_gt_1 (Ts) 0.06 0.06 0.06 0.06 0.06

ptmd_si_pt_5 (Tps) 0.19 0.18 0.18 0.20 0.19

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 0.35 0.34 0.34 0.36 0.35

SWP Salvage Expansion Factor

passive (P) 73 73 95 76 76

turbidity seeking (St) 9 9 68 35 35

tmd (T) 58 56 114 142 139

ptmd_sal_gt_1 (Ts) 12 11 373 16 15

ptmd_si_pt_5 (Tps) 48 40 925 60 47

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 111 102 120 140 127
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BMM (T) resulted in rapid inland dispersal, which 
led to high values of PEL in many central and 
western regions, and lower values in the most 
eastern regions. The most complex BMMs (TpS, 
TpsHt), which fit the data best (see Table 2), 
generally showed higher unscaled PEL values 
for regions that were closer to the pumps. We 
calculated an across-source region (integrated) 
unscaled PEL value by multiplying region-specific 
PEL values by the initial proportion of the 
population in each source region as determined 
by the FMWT data only. The top-ranked BMM 
(TpsHt) had an integrated unscaled PEL (“Total 
or Average” row of Table 1) of 0.42. The best 
estimates of PEL for each BMM, as determined 
from the top-ranked population model (PEL row 
in Table 1) were, on average, 15% lower than the 
across-region unscaled values, but the two types 
of PEL estimates were highly correlated (r 2 = 0.99). 
This demonstrates that predictions of movement 
from the BMMs are the dominant driver of PEL 
estimates in the population model.

The most complex BMM we evaluated (TpsHt), 
combined with a population model that included 
daily variation in natural survival rate, as well 
as turbidity-driven salvage expansion (population 
model 5), had the lowest AIC value of all 30 
model combinations (Table 2). This top-ranked 
model provided a very good fit to the volume-
adjusted FMWT catch data summed across the 
September, October, November, and December 
surveys (r 2 = 0.98; Figure 3 top-left panel). The 
predicted abundances (Figure 3, top-right panel) 
describe the distribution of the population 
among regions at the start of the simulation on 
December 5, 2001. The model predicted an initial 
abundance of about 1.9 million fish across all 
regions at the start of the simulation, with a 
95% credible interval of 1.5 to 2.3 million. The 
model predicted a substantial decrease in daily 
survival rates after late February (Figure 3, lower-
left panel), consistent with the understanding 
that most Delta Smelt are semelparous and die 
after spawning (Bennet 2005). The predicted 
total abundance of the population across regions 
was somewhat close to values calculated from 
expanding the SKT catch data by the ratio of 
regional 4-m volume-to-tow ratio on the last 

two surveys (Table 1). The model substantially 
over-predicted abundance on the January survey 
(Figure 3, lower-right panel) because its structure 
dictates that abundance must decline over the 
course of the simulation, which was not consistent 
with the higher data-predicted abundance on the 
February SKT survey compared to the January 
survey. 

The top-ranked combination of models (BMM 
TpsHt–population model 5, Table 2) explained 
70% of the spatial and temporal variation in 
SKT catch based on data from all regions and 
trips (Figure 4). It made qualitatively correct 
predictions of the trends in abundance between 
the January, February, and March surveys for five 
of 15 regions (carq, chipps, sjr_ant, cdelta, and 
sdelta). The model did not capture what appears 
to be movement into Napa and Sacramento rivers 
and the Cache Slough deepwater ship channel 
between February and March surveys. The 
model consistently over-predicted abundance 
in the South Delta region by a small amount. 
Examination of standardized SKT catch residuals 
removes the effect of differences in catch 
rates across regions and surveys, allowing a 
comparison of relative differences in model fit 
to the SKT data (Figure 5). Standardized residual 
patterns show the model substantively under-
predicted abundance in Suisun Marsh (smarsh) 
during the January, February, and March surveys 
and in most Sacramento River-influenced regions 
during the March survey. The model also tended 
to over-predict abundance in most western 
regions and central regions during the January 
survey. In a relative sense, the fit to the South 
Delta region was good on all three surveys. The 
model also tended to over-predict abundance in 
January and under-predict abundance in March. 
This could indicate that Delta Smelt are changing 
their behavioral responses to abiotic cues over 
time, a dynamic that is not included in the 
BMMs.

The top-ranked model accurately captured broad 
patterns in the temporal trends in daily salvage 
data. At the CVP, 80% of the total observed 
and predicted salvage had occurred by January 
21, 2002 and February 6, 2002, respectively 
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(Figure 6). At the SWP, 80% of the total observed 
and predicted salvage occurred by January 12, 
2001 for both observations and predictions. 
Observed salvage at the end of December 
increased rapidly about a week after an increase 

in turbidity at the CCF. The model predicted 
earlier and faster increases in salvage compared 
to the observed trends. Over the entire 134-day 
simulation period, the model explained 28% and 
42% of daily variation in salvage at the federal 

Figure 3 Model fit and predictions for the TpsHt behavior-driven model and population model 5 (see Table 2) showing: maximum 
likelihood estimates (MLEs) of predicted and observed volume-corrected FMWT catch (top-left plot, observed catch summed across 
Sep, Oct, Nov, and Dec. surveys); MLEs of initial population estimates by region with 95% credible intervals (top–right plot); MLEs 
of the daily survival rate (solid line, bottom-left plot) with 95% credible intervals (dashed lines), and the trend in predicted total 
abundance across regions (bottom-right plot, solid and dashed lines) compared to estimates based on expanding the catch by the 
ratio of regional habitat volume to the volume of tows (points). The predicted abundance on December 5th in the bottom-right panel 
is the sum of initial abundance estimates across regions.

https://doi.org/10.15447/sfews.2021v19iss1art1


18

VOLUME 19, ISSUE 1, ARTICLE 1

(CVP) and state (SWP) facilities, respectively. The 
model predicted that pre-screen loss decreased 
with increasing turbidity, and that the turbidity 
effect at the CVP was much weaker compared to 
the SWP (Figure 7). This is consistent with the 

observations that no salvage at SWP occurred 
when turbidity was less than ~ 15 NTUs, and that 
salvage occurred on all days that had a turbidity 
of greater than ~ 30 NTUs. The strong effect of 
turbidity at the SWP resulted in considerable 

Figure 4 Comparison of predicted (gray points) and mean observed (large open points) SKT catch by trip and region, where 
catches are standardized by the approximate average tow volume. Also shown are the standardized station-specific catches (small 
open points). Predictions are from the TpsHt behavior model and population model 5 (see Table 2).
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daily variation in expansion factors compared 
to the relatively constant pattern at the CVP 
(Figure 6). The observed salvage-weighted 
average expansion factor over the simulation 
period was 127 at the SWP and 74 at the CVP. 
These differences between facilities could reflect 

higher levels of pre-screen loss in the CCF at the 
SWP (Castillo et al. 2012). Allowing the salvage 
expansion factor to vary with turbidity resulted 
in a better fit to the salvage data, especially at 
the SWP. Because the majority of the salvage 
expansion is determined by pre-screen loss—

Figure 5 Standardized Spring Kodiak Trawl (SKT) residuals by region and survey. Residuals were computed based on the 
difference between observed and predicted SKT catch (standardized to a tow volume of 6,000 m3) and then dividing each residual 
by the standard deviation of all residuals. A positive residual indicates the model is under-predicting abundance; the converse 
indicates over-prediction. Predictions are from the TpsHt behavior model and population model 5.

https://doi.org/10.15447/sfews.2021v19iss1art1
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at least at the SWP where facility efficiency 
and pre-screen loss have both been measured 
by mark-recapture (Castillo et al. 2012)—this 
result suggests a potentially important effect of 
turbidity on pre-screen loss. 

Covariates that predicted salvage efficiency 
improved fits to the salvage data, likely 

indicating that pre-screen loss in the CCF is 
sensitive to variation in a number of abiotic 
variables, perhaps because of their effects 
on biological processes such as concealment 
behavior and predation (Table 3). As described 
above, pre-screen loss declined with increases 
in turbidity (especially at the SWP); thus, the 
overall expansion factor decreased with increases 
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Figure 6 Predicted (solid black line) and observed (points) cumulative daily salvage (left axis) at federal (CVP) and state (SWP) 
fish-screening facilities. Also shown are the estimated daily salvage expansion factors (1/qS, black dashed line, right-hand axis), 
which depend on turbidity, the salvage-weighted average salvage expansion factor across days (horizontal dashed line), and 
turbidity in the Clifton Court Forebay (CCF, brown line, and brown y-axis labels on left axis). Predictions are from the TpsHt behavior 
model and population model 5 (see Table 2).
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in turbidity. The turbidity-based model had much 
better predictive performance (lower AIC) than 
the constant pre-screen loss model, and had a 
much steeper slope at the SWP, resulting in an 
increase in the correlation (r 2) between observed 
and predicted salvage from 0.29 (constant) to 0.43 
(turbidity). Of all the covariates we examined, 
export discharge has the smallest effect on pre-
screen loss and model fit, resulting in a smaller 
decrease in AIC relative to the constant expansion 
factor model compared to the turbidity model. 
Increases in water temperature at Mallard led to 
higher salvage efficiency (lower pre-screen loss), 
but this model was not as good as the turbidity-
based one. Unlike the turbidity response though, 
an improvement in fit occurred at both facilities. 
A model that included effects of both turbidity 
and export discharge produced a very similar fit 
to the turbidity-only model. However, a model 
with both turbidity and water temperature 
effects led to an improvement in fit, and its 
predictive ability (as indicated by lower AIC) was 
substantially better than the constant salvage 
expansion model. The turbidity and water-
temperature model explained 42% of the variation 
in daily salvage at the CVP (compared to 27% 
for the constant efficiency model), and 63% 
of the variation at the SWP (compared to 29% 
for the constant efficiency model; Appendix A, 
Figure A1). Covariate efficiency models had 
a negligible effect on PEL, which is largely 
determined by unscaled PEL values from the 
behavior-movement models.

Three general patterns are evident in the 
comparison of all combinations of behavior-
movement and population models. First, more 
complex behaviors fit the data much better 
compared to simpler BMMs. This is seen by lower 
ΔAIC values and higher rank order for more 
complex BMMs under the same population-model 
structure (moving down rows within columns in 
Table 2). A compact graphical comparison of the 
fit of all BMMs to the salvage data shows better 
fit of more complex behaviors at both the CVP 
and SWP (Figure A2). The improved fits of more 
complex BMMs do not incur an increase in the 
AIC parameter penalty (K in Equation 13) because 
the values in the movement array are treated as 

constants—and not parameters—in the population 
model. As a result, models with more complicated 
behaviors that fit the data better have lower AIC 
values and higher model ranks. A comparison of 
model fits using the familiar Pearson correlation 
coefficient is available in Appendix A (Table A1). 

Second, the ranking of behavior-movement 
models did not depend on the population-model 
structure. However, within BMMs, increasing the 
complexity of the population model (moving from 
left to right in Tables 2 and A1) resulted in much 
better fits, and hence substantially lower AIC 
values. The addition of only one extra parameter 
to predict salvage efficiency as a function of 
turbidity (l1 in Equation 8B, population models 
4 and 5) reduced AIC values by a few hundred 
points (Table 2), largely as a result of the 
improved fit to the SWP salvage data (Table 3). In 
conjunction with parameter estimates (Figure 7), 
this indicates very strong statistical support for 
turbidity-based variation in pre-screen loss at 
the SWP, but not at the CVP. Application of the 
model in other years is required to determine if 
this relationship actually reflects the effects of 
turbidity on salvage efficiency, or is an artifact 
caused by mis-timed predictions of entrainment 
from the BMMs. Predicting daily variation in 
natural survival rates as a function of model 
day lowered AIC values relative to the constant 
survival model (e.g., population model 1 vs. 2 and 
4 vs. 5 in Table 2), but this difference was much 
less than the magnitude of the AIC reduction 
from using turbidity to predict salvage expansion 
factors. Predicting SKT sampling efficiency as a 
function of Secchi disc depth generally resulted 
in negligible changes to AIC, compared to models 
that assumed SKT sampling efficiency was 
constant (thus only varying with the ratio of tow 
and regional 4-m volumes). The only exception 
was for BMMs St and T. These latter models 
resulted in high densities in the most inland 
regions, which often had clear water (high Secchi 
depth) and low catch. As a result, the model could 
improve the fit to the SKT data by predicting a 
negative relationship between sampling efficiency 
and Secchi depth as estimated for juveniles 
captured in the FMWT surveys (Latour 2016). 
However, the improvement in fit was relatively 

https://doi.org/10.15447/sfews.2021v19iss1art1


22

VOLUME 19, ISSUE 1, ARTICLE 1

Figure 7 Predicted pre-screen loss–turbidity relationships for the federal (CVP, solid line) and state (SWP, dashed line) fish-
screening facilities based on the TpsHt behavior model and population model 5 (see Table 2). Also shown are the daily turbidities 
when salvage was not observed (open points) or was observed (closed points).

Table 3 Comparison of covariate models that predict salvage efficiency. Results are based on the TpsHt BMM, with logistically 
driven daily variation in natural survival rate (Sd) with no effect of Secchi disk depth on SKT sampling efficiency. The constant 
(Equation 8A) and turbidity (Equation 8B) models below are equivalent to population models 2 and 5, respectively in Table 2. Results 
show the estimated slopes for each covariate, the difference in AIC among models (relative to the constant model), and the amount 
of the daily variation in salvage explained by the model at the federal (CVP) and state (SWP) screening facilities (r2). Also shown are 
proportional entrainment losses (PEL).

 slope (λ1) r2  

Salvage Covariate Model CVP SWP CVP SWP ΔAIC PEL

Constant NA NA 0.27 0.29 0 0.34

Turbidity (Turb) 0.019 0.104 0.28 0.43 – 360 0.35

Export Discharge (Q) 1.240 0.211 0.28 0.36 -56 0.34

Water Temperature (WT) 0.501 0.625 0.41 0.37 – 196 0.33

Turb + Q 0.007, 1.293 0.100, 0.05 0.28 0.44 – 367 0.35

Turb + WT 0.012, 0.438 0.113, 0.749 0.42 0.63 – 589 0.35
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modest, and still resulted in very high AIC and 
poor rank for these BMMs. 

Finally, proportional entrainment loss estimates 
varied substantially across BMMs and 
negligibly across population models for a given 
BMM (Table 2). This indicates that movement 
predictions from the BMM (the m exchange array 
in Equation 4) dominate PEL estimates in the 
population model. This is also supported by the 
similarity between across-region unscaled PELs 
from the BMMs and those from the population 
models (Table 1) and the strong correlation 
between the two estimates. Variation in the 
magnitude of initial abundances across regions 
can influence PEL estimates, but the realized 
extent of this variation was limited through 
fitting to FMWT and SKT data. The best fit 
BMM (TpsHt) had a total PEL of 0.35 (CVP = 0.1, 
SWP = 0.25), and was higher than estimates 
from most other BMMs (except model T), largely 
because there were higher levels of entrainment 
from western and northern regions (Table 1). The 
trend in natural survival rate can also influence 
PEL, but estimates show a relatively high and 
constant rate through the end of January 
(Figure 3), which covers the majority of the period 
when entrainment of adult Delta Smelt occurred 
(Figure 6). Estimates of uncertainty in PEL values 
were unrealistically low (CV = 1.2%) because 
the predictions of movement were treated as 
constants in the statistical model.

DISCUSSION
Behavioral rules that incorporate concepts such 
as tidal surfing (Sommer et al. 2011), movement 
toward more turbid water (Bennett and Burau 
2015), or movement toward less saline water 
(Rose et al. 2013) did not, on their own, do well 
at explaining the temporal and spatial variability 
in trawl catches or the temporal variation in 
salvage. More complex models that combined 
some of these behaviors and included lagged 
responses fit the data much better. Estimates of 
proportional entrainment loss varied considerably 
among BMMs, but were similar across alternate 
population-model structures within BMMs. The 
PEL estimate from the BMM and population 

model that fit the data from WY 2002 best was 
35%, which is more than double the estimates 
of adult Delta Smelt PEL from Kimmerer 2008 
and 2011 of 15% and 13%, respectively. Previous 
applications of our modeling framework using 
2-D hydrodynamic simulations applied to data 
from water years 2002, 2004, and 2005 also 
produced PEL estimates about twice as high as 
Kimmerer’s (2008) estimates (Korman et al. 2019). 
Our higher estimates of PEL are the result of 
behavioral assumptions in the BMMs, which lead 
to entrainment from regions that are further from 
the pumping facilities. Although the behavioral 
assumptions of the best-fit model presented 
here could misrepresent actual movements, 
the predictions of PEL do support Kimmerer’s 
(2011) response to Miller’s (2011) critique of 
his original paper, that “export-related losses 
to the Delta Smelt population during some of 
the years analyzed were substantial.” The most 
pressing question for decision-makers is whether 
this conclusion is valid, and, more generally, 
whether the approach we have taken can be used 
to develop more reliable models that predict 
the effects of water export strategies on PEL 
compared to earlier efforts.

Factors Determining Differences in PEL and 
Salvage Expansion
Our estimates of PEL are higher compared to 
previously published estimates (Kimmerer 2008, 
2011; Miller 2011) because movement predictions 
from the best-supported BMMs resulted in greater 
levels of proportional entrainment loss. The 
higher PEL predicted by the best-fitting models 
are in part caused by allowing particles to exhibit 
tidal migration behavior at some points during 
the simulation, which brings them closer to the 
pumps. To fit the salvage data, higher unscaled 
PELs from the BMM requires higher estimates 
of salvage expansion factors in the population 
model. This is most clearly illustrated using the 
equation

 . (14)

The salvage (cs) and SKT (cSKT) data used here 
and in earlier studies are the same, and the SKT 

https://doi.org/10.15447/sfews.2021v19iss1art1
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expansion factors are also similar because they 
depend solely on measured tow volumes and the 
assumed 4-m habitat volume for Delta Smelt  
( –1

SKT). Although there were some minor 
differences in the 4-m habitat volumes used in 
early studies and used here, it was mostly our 
larger estimate of PELs from the BMMs that 
required larger salvage expansion factors ( –1

S  ) to 
fit the data. 

A review of previous estimates of salvage 
expansion factors and how they were determined 
will help put our approach of estimating PEL in 
context. Kimmerer estimated a salvage expansion 
factor by relating an estimated fish flux based on 
Kodiak trawl samples in the South Delta to the 
combined salvage at both fish screening facilities 
(see Equation 16 of Kimmerer 2008). The fish 
flux, which was an estimate of daily entrainment, 
was calculated as the catch per unit volume at 
four sampling stations multiplied by the mean 
daily combined flow rate (water volume per day) 
in Old and Middle rivers. The temporally-constant 
expansion factor, computed using multiple years 
of data, was then used to estimate annual PELs, 
given the observed annual salvage and estimated 
annual abundances across all regions (determined 
from the SKT survey data). Under this approach, 
the estimated salvage expansion factor is the 
leading parameter, and PEL was essentially 
calculated based on Equation 14 (assuming no 
natural morality effects). In contrast, with our 
approach, the BMM-based unscaled PEL is the 
leading parameter that determines the value of 
the salvage expansion factor. 

Kimmerer (2008) estimated a mean salvage 
expansion value of 29 (95% confidence of 9 to 
49) in his original analysis, and 22 (13 to 33) in 
his revised analysis (2011). Miller (2011) disputed 
these estimates on several grounds, arguing that 
they were biased high. In our view, all these 
estimates of the expansion factor are highly 
uncertain, largely because of uncertainty about 
whether the samples Kimmerer used in the South 
Delta to compute fish flux (entrainment) were 
adequate to represent the actual abundance. The 
fish flux was calculated by expanding very low 
catches from four tows collected monthly over 

4 years of surveys (2002-2005) in the South 
Delta region (as defined in these earlier efforts). 
There are no data to support the assumption 
that Delta Smelt are distributed evenly to a 
depth of 4 m in both deep- and shallower-water 
habitats (Polansky et al. 2019), or that the vertical 
or horizontal distribution does not vary with 
abundance or other conditions such as turbidity, 
prey availability, or predator abundance. To 
our knowledge, there are no studies indicating 
that individual fish within a population are 
uniformly distributed, justifying the use of 
sampled volume-to-habitat ratios to convert catch 
to abundance. Kimmerer (2008, 2011) and Miller 
(2011) acknowledge the considerable uncertainty 
in PEL and salvage expansion factor estimates 
that arise from these assumptions. Their work 
has been helpful in advancing discussions and 
management of entrainment of Delta Smelt and 
other species. However, their salvage expansion 
factors do not provide a reliable standard to judge 
other values, such as the ones estimated in this 
study. Our model also depends on these same 
assumptions, but because the unscaled PEL from 
the BMM is the leading parameter in Equation 14, 
they only affect the estimated abundance and 
salvage expansion factors, and have little effect 
on PEL. 

Field-based estimates of salvage expansion 
factors are more reliable than model-based ones 
because they depend less on highly uncertain 
assumptions. The proportion of entrained fish that 
are captured at fish screening facilities depends 
on the efficiency of the screens to salvage 
fish from the main flow before they reach the 
pumps (facility efficiency), and the proportion of 
entrained fish that die between the entrainment 
point and the screens (pre-screen loss). Castillo 
et al. (2012) released marked, cultured Delta 
Smelt just upstream of the screens at the 
SWP to measure facility efficiency, and at the 
entrance to the CCF to measure the total salvage 
efficiency from the CCF gates [(1 − pre-screen 
loss) × facility efficiency]. Based on releases 
in February and March 2009, total salvage 
efficiencies ranged from 0.4% to 3.1%, equivalent 
to salvage expansion factors of 32 (February) 
and 252 (March), respectively. Our mean SWP 
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expansion factor from the lowest AIC model (127) 
was comfortably within this range, as were the 
majority of daily estimates predicted as a function 
of turbidity. As explicitly stated by Castillo et al. 
(2012), salvage expansion factor estimates based 
on their March release experiments for adult Delta 
Smelt were about 10-fold higher than Kimmerer’s 
values of 29 (2008) and 22 (2011). Mark-recapture 
experiments using cultured Delta Smelt have 
also been conducted at the CVP, with releases 
occurring at the intake channel (Bark et al. 2013; 
Sutphin and Svoboda 2016). Facility efficiency in 
the absence of predator removal averaged 0.20, 
which is equivalent to a salvage expansion factor 
of only 5, considerably lower than our estimate of 
74. However, the mark-recapture-based estimate 
does not include pre-screen losses over the ~1-km 
channel between the CCF gates and the CVP 
intake (Figure 1), more extensive areas such as 
the Grand Canal and the Old River south of the 
CVP facility, or the South Delta as a whole. As 
discussed below, pre-screen loss is applied to any 
fish that is predicted to be entrained, which can 
occur at a considerable distance from the CCF 
gates and includes much of the South Delta. To 
resolve uncertainties associated with converting 
salvage observations to entrainment, additional 
mark-recapture experiments to estimate pre-
screen loss as a function of distance to facility 
are critical. Smith (2019) also concluded that 
more field effort to estimate pre-screen loss is 
warranted.

Pre-Screen Loss
The spatial extent of pre-screen loss is uncertain 
and may be challenging to resolve for Delta 
Smelt. Castillo et al. (2012) quantified pre-screen 
loss in the CCF only (Figure 1). From a population 
closure perspective, this was a logical choice, 
because marked Delta Smelt released just inside 
the entrance of the gated forebay are unable to 
escape, thus ensuring that the entire marked 
population is vulnerable to entrainment. However, 
behavior-movement models indicate that most 
fish entering the South Delta region will be 
entrained, and entrainment rates for central and 
eastern regions can also be high. Acoustic and 
coded-wire tagging studies for juvenile Chinook 
Salmon demonstrate that survival is very low in 

the Central and South Delta because of high rates 
of predation (Buchanan et al. 2018), and predation 
losses are expected to be even higher for Delta 
Smelt (Grossman 2016). Our salvage expansion 
factors apply to any particle which is entrained, 
and should therefore include the effect of higher 
predation-driven mortality in the central and 
southern regions of the Delta. We did not estimate 
region-specific natural survival rates in the 
population model. This would have increased the 
computational time of the population dynamics 
model by about four orders of magnitude. More 
importantly, allowing both temporal and spatial 
variation in survival would put an even greater 
demand on the sparse SKT data to estimate these 
parameters (see discussion below). Our estimates 
of salvage expansion factors could be implicitly 
accounting for the higher mortality rate in 
Central and South Delta, which was not explicitly 
modeled. But they could also be compensating 
for predictions of entrainment that are too high, 
though our comparison with the limited number 
of mark-recapture-based estimates of salvage 
expansion do not suggest this is the case. We 
would expect our estimates of salvage expansion 
to be considerably higher than estimates in 
Castillo et al. (2012) because they cover the entire 
area over which entrainment occurs, rather than 
just the CCF. Given a choice between assuming 
no pre-screen loss for fish entrained upstream 
of the CCF gates or the CVP intake channel, 
or substantial losses as our results suggest, the 
available evidence on predator abundance and 
predation rates provides more support for the 
assumption used in this analysis. Testing this 
critical assumption, by quantifying the extent 
of pre-screen loss upstream of CCF, will be 
somewhat challenging because of uncertainty in 
the proportion of marked fish that can potentially 
escape the entrainment field. Passive Integrative 
Transponder (PIT)-tagging of Delta Smelt is 
feasible, and the continuing reductions in the 
size of acoustic and radio tags may eventually 
allow adult Delta Smelt to be tracked (Wilder et 
al. 2016). These tagging methods can be used in 
tandem to estimate pre-screen loss over larger 
areas.

https://doi.org/10.15447/sfews.2021v19iss1art1
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We estimated that the salvage expansion was 
considerably higher when the water was clearer, 
especially at SWP, where entrained fish must pass 
through the CCF. Two possible mechanisms could 
be driving this relationship. If the modeled daily 
predictions of entrainment loss are accurate, the 
relationship could be quantifying the increase 
in predation-related pre-screen loss that occurs 
when the water is clear compared to when it 
is turbid (turbidity-predation loss hypothesis). 
Alternatively, the BMMs may be failing to 
capture turbidity-related movement behavior over 
shorter time-scales, and the turbidity-salvage 
expansion relationship could be compensating for 
this limitation (turbidity-movement hypothesis). 
For example, if Delta Smelt spent more time 
concealing themselves near the bottom or the 
edges of the channel when the water was clear, 
they would be less vulnerable to entrainment. 
This effect could be much stronger in CCF because 
it is shallow and has a very high concentration 
of predators (Grossman 2016), which is consistent 
with our results of a much stronger turbidity-
salvage expansion relationship at the SWP than 
at the CVP. There is considerable evidence from 
other systems to support both turbidity-predation 
(Ginetz and Larkin 1976; Gregory and Levings 
1998; Johnson and Hines 1999; Yackulic et al. 
2017; Yard et al. 2011) and turbidity-movement 
hypotheses (Gradall and Swenson 1982; Guthrie 
and Muntz 1993; Miner and Stein 1996; Korman 
et al. 2016; Korman and Yard 2017). They are both 
likely driven by the same behavior, because lower 
predation risk associated with higher turbidity 
would reduce concealment behavior, which in 
turn would increase the probability that fish 
are drawn toward the pumps and entrained. The 
turbidity-movement hypothesis is a potential 
mechanism that explains the increase in Delta 
Smelt salvage shortly after the “first flush” when 
turbidity increases (Grimaldo et al. 2009, this 
volume). 

Limitations of the Model
Our estimates of differences in AIC among 
BMMs were large, erroneously implying a high 
degree of certainty in identifying the best 
BMM. Given large differences in PEL from 
different BMMs, this result also erroneously 

implies high confidence in PEL estimates. These 
conclusions are an artifact of our two-step 
modeling procedure, where the BMM is first 
used to calculate a large movement array whose 
values are then treated as fixed parameters 
with no uncertainty in the population model. 
This strategy was necessary because the BMM 
simulation is much too slow to run in an 
optimization environment to jointly fit movement 
and population parameters. If behavioral 
parameters could be estimated this way, there 
would be many alternative combinations of 
values that fit the data well—some of which 
could have very different PELs. This would lead 
to higher and more realistic variance estimates 
for PEL within BMMs, and much smaller 
differences in AIC among alternative BMMs 
that may have very different PELs. In addition, 
limitations in data did not allow us to include 
process error in population-model predictions, 
which would also lead to over-estimates of 
certainty in PEL. Because of these issues, results 
presented here only roughly characterize the 
degree of statistical support for various levels of 
proportional entrainment loss. The more complex 
and integrated structure in the original Delta 
Smelt life-cycle model (Newman et al. 2014) 
potentially addressed many of these limitations, 
but fitting this model was problematic because 
of data limitations. Future modeling work could 
explore options for directly estimating movement 
parameters in an optimization environment, 
perhaps by compromising between the complex 
structure of Newman et al.’s life-cycle model 
and the much simpler one used here. Limiting 
the number of spatial regions, use of cloud 
computing, and developing more efficient ways of 
drawing parameters during optimization (Noble et 
al. 2017) are potential approaches to explore in a 
fully integrated behavioral movement-population 
model.

Confidence in PEL predictions could also 
be increased using our two-stage modeling 
framework, but fitting to multiple years of data at 
the same time ( joint estimation). Population model 
parameters could be estimated using a mixed-
effects model, with each year treated as a random 
effect for parameters such as natural survival 
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rate or salvage expansion factors. Confidence 
in estimates of the salvage expansion-turbidity 
relationship would increase if relationships were 
similar across years. A joint-estimation approach 
would also identify the BMM that provides the 
best fit to multiple years of data, and describe 
how the fit varies across years. When we applied 
our modeling framework separately to 4 water 
years (2002, 2004, 2005, and 2011) using 2-D 
hydrodynamics, a different best-fit BMM was 
identified for 3 of the 4 years, and in some cases, 
this made a substantial difference in PEL. Cross-
validation approaches, where 1 or more years of 
data is left out of the fitting and instead used to 
test predictions, could be used to better evaluate 
the out-of-sample predictive ability of the models. 
In our view, these types of multi-year assessment 
are essential if the modeling framework is to 
be used by decision-makers to evaluate export 
strategies. A joint-estimation approach would not 
be very difficult to implement for the population 
model described in this paper, and would have 
similarities to the method developed by Smith 
(2019) to estimate annual entrainment. However, 
decisions on further modeling investments 
should consider that estimates of uncertainty in 
PEL from such efforts may still be greater than 
managers prefer for making difficult trade-off 
decisions.

A multi-year, joint-estimation approach 
would also allow us to determine whether 
annual variation in PEL is consistent with the 
relationship between juvenile and adult Delta 
Smelt abundance among years. For example, a 
high and variable pattern in PEL across years 
is not consistent with the observation that 
there is a strong correlation (r 2 = 0.91) between 
juvenile abundance estimated from the FMWT 
surveys (in log space) and the adult abundance 
in February estimated from the SKT surveys 
(IEP MAST 2015). That strong correlation may 
be an artifact of biased population estimates, 
because the correlation based on more recent 
estimates (Polanksy et al. [2019] was much lower, 
r 2=0.61; 2019 email from William E. Smith 
sent to JK and others on July 7, unreferenced; 
see “Notes”). Bootstrapping procedures that 
incorporated uncertainty in abundance estimates 

also demonstrated that the observed FMWT-SKT 
correlation is consistent with the sometimes high 
and variable PEL estimates that Smith et al. (2018) 
calculated. Inferences from such analyses could 
be improved by reformulating the FMWT-SKT 
relationship into a stock-recruitment relationship 
and incorporating it in our modeling framework 
in a multi-year application. BMMs that predict 
annual PELs which are not consistent with the 
stock-recruit relationship would be penalized 
accordingly. This would be a useful analysis for 
decision-makers, because it would replace binary 
arguments about whether the estimated PEL times 
series is “right” or “wrong” based on inconsistent 
treatments of the data, where uncertainty in only 
some of the components is recognized. 

Limitations in the Data Used to Fit Models
Fitting models to data provides a consistent 
way to evaluate alternative hypotheses, but, 
just as importantly, also provides an improved 
understanding of the data and its limitations. 
Currently, annual abundance estimates of adult 
Delta Smelt are based on two of the five SKT 
surveys available per year, with about 40 stations 
sampled per survey (Polansky et al. 2019). 
Our modeling effort asks much more specific 
questions about the abundance of the population 
in any year, and therefore asks much more from 
the same SKT data. For example, in the water year 
2002 application, the model predicts abundance 
for each of three surveys in 15 regions. The same 
data used to fit one estimate of annual abundance 
for water year 2002 (based on February and 
March surveys in Polansky et al. 2019) now 
needs to support 30 different estimates in our 
model over that same time-period (15 regions * 2 
surveys). Not surprisingly, inferences from this 
more thinly-sliced data are weaker. Consider, as 
an example, entrainment predictions of Delta 
Smelt after the first flush, when the majority 
of adults are salvaged (Grimaldo et al. 2009). 
The prediction depends in part on the size of 
the population in the South Delta at that time. 
The model estimated a catch of 4.5 fish per tow 
during the January 2002 survey, which in an 
absolute sense is less than two fish more than 
the three-station mean of 2.7 fish per tow. But in 
a relative sense this implies the model has over-
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estimated the expected abundance in the South 
Delta by about 65%, leading to the conclusion 
that entrainment has also been potentially over-
estimated by this amount (if one also ignores 
over-estimation of abundance in western regions 
for the purpose of this argument). However, 
catch rates vary widely across the different 
stations sampled in a region within surveys, 
likely as a result of extensive variation in fish 
density and, perhaps, catchability (Latour 2016). 
High sampling variance (e.g., a 10:1 variance-
to-mean ratio in water year 2002) leads to a 
relatively small reduction in the likelihood of 
the data by estimating an expected value of 
4.5 rather than 2.7 fish per tow. In other words, 
there is only limited statistical support for the 
conclusion that predicted abundance in the South 
Delta, and hence PEL is biased high because 
the penalty in the likelihood of not perfectly 
predicting the sparse catch data is low. The model 
we have developed accounts for uncertainty in 
Delta Smelt abundance over space and time, 
and in this respect is an improvement over 
past PEL estimation efforts, which have treated 
abundance as perfectly determined values. 
Recently published estimates of uncertainty 
in SKT-derived abundance estimates for adult 
Delta Smelt (Polansky et al. 2019) will likely be 
influential in moving away from deterministic 
use of abundance estimates. Interestingly, that 
study estimated that the average CV for annual 
abundance estimates of adult Delta Smelt, 
based on combining data from February and 
March surveys, was 31%. Much higher levels of 
variability are expected for region- and survey-
specific estimates, such as those needed for this 
analysis. Thus, there is very limited information 
to determine if our best model over-estimated 
abundance in the South Delta. Deficiencies in 
the information content of SKT data would also 
severely limit the ability to estimate variation 
in survival rates among regions, even if 
computational costs were not an issue.

Evaluating the effects of entrainment on 
the viability of the Delta Smelt population is 
challenging and may be difficult to achieve. We 
have reviewed many of the issues that lead to 
uncertainty in proportional entrainment loss. 

Additional modeling and field efforts can reduce 
uncertainty in PEL estimates to some extent, 
but the effect of PEL on population viability will 
depend on its productivity, which will remain 
difficult to quantify given the available data, 
though attempts have been made (Maunders 
and Deriso 2011; Rose et al. 2013). In addition, 
the severe declining trend in abundance 
indices (Moyle et al. 2016; Polansky et al. 2018) 
almost certainly indicates that natural levels 
of productivity for Delta Smelt are much lower 
since the Pelagic Organism Decline (Sommer et 
al. 2007; Mac Nally et al. 2010). Just as more 
productive salmon populations can support higher 
maximum sustainable yields and exploitation 
rates, a more productive Delta Smelt population 
can withstand higher levels of entrainment and 
PEL and still be viable. It is uncertain whether 
the current USFWS RPA in the Biological Opinion 
for Delta Smelt (USFWS 2008), which reduces 
water exports and is predicted to reduce PEL 
based on the models presented here (Gross et al. 
2018; Appendix C), has effectively reduced PELs 
to levels non-detrimental to population recovery. 
Because of data limitations, estimates of the 
effects of water exports on population viability 
for Delta Smelt will likely always be uncertain. 
Given this situation, methods that provide more 
reliable measures of factors that affect salvage 
(Grimaldo et al., this volume), or models that 
provide improved estimates of total entrainment 
(Smith 2019), or proportional entrainment loss, 
such as the one presented here, are useful tools 
to help managers make very difficult choices on 
water exports in the Delta.
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A1 ADDITIONAL DETAILS OF METHODS
A1.1 Multinomial Distribution
A multinomial distribution is used to model 
the probabilities associated with more than 
two outcomes. As an example, a multinomial 
distribution can be used to model the probability 
of obtaining values of 1 through 6 on a six-
sided dice based on a total of N rolls. If the 
dice is balanced, the probability for each of the 
six possible outcomes is 1/6. This probability 
can be precisely estimated if many trials are 
conducted (say 1,000 rolls).  However, uncertainty 
in estimates of the probability of obtaining 
any outcome (say rolling a 1) will be much 
greater when fewer trials are conducted. In the 
application of the multinomial distribution in 
this model, the total FMWT catch across all 
regions on the December survey represents the 
number of trials, the volume-adjusted catch in 
each region represents the number of dice rolls for 
each outcome, and Θ Ii represents the estimated 
probability of each outcome.

A1.2 FMWT Catch Adjustments
Adjusted cFMWT values were computed by 
expanding the sum of catches across all stations 
in a region by the proportion of the usable volume 
of the region, sampled by the sum of tow volumes. 
These sample volume-adjusted catch values for 
each region were then standardized by dividing 
them by their sum across regions. The sum of the 
standardized values across regions is identical 
to the sum of original catches across regions, 
preserving the total sample size. 

A1.3 Poisson and Negative Binomial Error in 
Catch
The Poisson distribution can be used to predict 
the probability of obtaining X events based on 
sampling for a fixed period of time or over a 
fixed area or volume. In this example, X would 
be the catch of Delta Smelt at a station based on 
sampling the typical volume of water swept by 
an SKT tow. The Poisson distribution has only 
one parameter, which is the mean rate (e.g., 
typical catch per volume) across stations within 
a region. The variance of a Poisson distribution 
is assumed equal to the mean rate. Because of 
random processes there will be some variation 
in catches across stations, even if the densities 
(mean rate) are the same across stations, and 
the extent of this variation in a relative sense 
depends on the sample size (catch in each tow). 
The Poisson variance assumption (variance = mean 
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rate) may not be sufficient to explain the 
variation in catches across stations in a region. 
A negative binomial distribution can be used 
to model the probability distribution for the 
rate parameter across stations in a region, with 
the overdispersion term describing how much 
variance there is in this mean rate across stations. 
Under the formulation used here, the negative 
binomial distribution is equivalent to the Poisson 
distribution when τ = 1. During estimation, if τ is 
allowed to vary, it will increase to reflect the 
degree of extra-Poisson variation in the catches 
across stations.

A1.4 Use of Poisson Error for Salvage Data
Theoretically, the number of Delta Smelt that 
are salvaged should be a binomially distributed 
random variable that depends on the total 
number entrained (the number of trials) and 
the probability of salvaging a fish (proportion 
of entrained water sampled × proportion of 
fish salvaged from sampled water). However, 
the binomial probability distribution cannot be 
calculated when the observed number of salvaged 
fish exceeds the predicted number that are 
entrained. This situation can occur in the model 
during the non-linear search since (depending 
on estimates of initial abundance, survival, etc.). 
Unlike the binomial distribution, the probability 
from a Poisson distribution can be calculated 
in such circumstances. For a given data set, the 
expected values and variance from a Poisson 
distribution will be indistinguishable from a 
binomial distribution, except when the sample 
size is very small, or the probability of success is 
very large (with the latter being quite unlikely).
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Table A1 Squared Pearson correlation coefficients (r 2) between observations and predictions of FMWT catch, SKT catch, and 
salvage at federal (CVP) and state (SWP) facilities

Population model 1 2 3 4 5

Salvage efficiency const const const ~turb ~turb

Natural survival rate Sc Sd Sd Sc Sd

SKT efficiency const const ~Secchi const const

Number of population parameters 19 20 22 21 22

FMWT

passive (P) 0.89 0.90 0.90 0.94 0.94

turbidity seeking (St) 0.99 0.99 0.99 0.99 0.99

tmd (T) 0.94 0.94 0.94 0.98 0.98

ptmd_sal_gt_1 (Ts) 0.93 0.94 0.94 0.98 0.97

ptmd_si_pt_5 (Tps) 0.91 0.94 0.94 0.95 0.95

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 0.93 0.95 0.95 0.97 0.98

SKT

passive (P) 0.06 0.06 0.10 0.04 0.04

turbidity seeking (St) 0.48 0.49 0.35 0.77 0.82

tmd (T) 0.07 0.07 0.22 0.07 0.07

ptmd_sal_gt_1 (Ts) 0.46 0.50 0.48 0.49 0.52

ptmd_si_pt_5 (Tps) 0.29 0.35 0.32 0.36 0.41

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 0.59 0.62 0.61 0.65 0.70

CVP Salvage

passive (P) 0.22 0.22 0.22 0.21 0.21

turbidity seeking (St) 0.07 0.08 0.08 0.08 0.09

tmd (T) 0.02 0.02 0.02 0.06 0.06

ptmd_sal_gt_1 (Ts) 0.13 0.18 0.18 0.14 0.17

ptmd_si_pt_5 (Tps) 0.17 0.23 0.23 0.17 0.22

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 0.23 0.27 0.27 0.24 0.28

SWP Salvage

passive (P) 0.20 0.21 0.21 0.29 0.29

turbidity seeking (St) 0.04 0.04 0.04 0.05 0.05

tmd (T) 0.01 0.01 0.01 0.06 0.06

ptmd_sal_gt_1 (Ts) 0.23 0.28 0.28 0.32 0.37

ptmd_si_pt_5 (Tps) 0.24 0.31 0.31 0.36 0.42

ptmd_si_pt_5_shallow_ebb_t_gt_12 (TpsHt) 0.25 0.29 0.29 0.39 0.43
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Figure A1 Fit of models that predict pre-screen loss as a function of both water temperature (Mallard) and turbidity (CCF). For 
clarity, these covariates are plotted on separate panels even though the same values apply to predictions at both the CVP and SWP. 
Also shown are salvage expansion factors, which are the inverse of salvage efficiencies. Results are based on the TpsHt behavior 
model and population model 5 (see Table 2 in paper). The plotted data range ends on February 28 to make it easier to compare 
observations and predictions and the relationship with covariates.
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Figure A2 Comparisons of the fit of all behavior models to the observed cumulative daily salvage data at federal (CVP) and state 
(SWP) facilities. All models were fit using population model 2 (constant salvage expansion factors, and logistic daily variation in 
natural survival rate; see Table 2 in paper). The x-axis values at the intersection of the dashed horizontal lines and the salvage 
curves identify the date ranges when 80% of the salvage of adult Delta Smelt is collected. The plotted data range ends on February 
28 to make it easier to see differences in timing of predicted salvage among models.
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