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Abstract: We used spawner–recruit data to estimate the instantaneous differential mortality (µ) experienced by seven
Snake River spring and summer chinook (Oncorhynchus tshawytscha) stocks relative to six lower Columbia River
stocks. We applied 37 Ricker stock–recruit models to these data, incorporating different assumptions about measure-
ment error, transport survival, intrinsic productivity, methods of estimatingµ, and common year-effects that affect the
survival of all stocks. Estimates of meanµ for the 12 best models ranged from 0.55 to 1.90 (mean of 1.09), implying
that passage from Lower Granite Dam to John Day Dam reduced recruitment of 1970–1990 Snake River broods by an
average of 42–85% (mean of 66%). Differential mortality was cyclical and moderately high in the 1970s brood years,
low for 1980–1983, near average in 1984–1989, and high in 1990. Our empirical estimates ofµ showed low bias and
were between those produced by two mechanistic passage models. The best empirical models included common year-
effects, which shifted from generally positive effects on 1952–1968 brood years to generally negative effects on 1970–
1990 broods. Year-effects were not significantly correlated with two climate indices or with water travel time (the time
that water takes to travel down the Columbia River).

Résumé: Des données sur les géniteurs et les recrues nous ont permis d’estimer la mortalité différentielle instantanée (µ)
chez sept stocks de printemps et d’été du Saumon quinnat dans la rivière Snake, par comparaison à six stocks de l’aval
du fleuve Columbia. Nous avons analysé ces données à l’aide de 37 modèles de stock–recrutement de Ricker qui incorpo-
raient diverses présuppositions concernant les erreurs de mesure, la survie au transport, la productivité intrinsèque, les
méthodes d’estimation de µ et les effets généraux de l’année sur la survie de tous ces stocks. Les estimations de µ pour
les 12 meilleurs modèles variaient de 0,55 à 1,90 (moyenne de 1,09), ce qui indique que le passage du barrage Lower
Granite à celui de John Day a réduit les cohortes de 1970–1990 de la rivière Snake d’en moyenne 42–85 % (moyenne
globale de 66 %). La valeur de µ a varié de façon cyclique, modérément élevée chez les cohortes des années 1970, faible
chez celles de 1980–1983, près de la normale chez celles de 1984–1989 et élevée chez celle de 1990. Nos estimés
empiriques de µ montrent peu d’erreur et se situent entre ceux générés par deux modèles mécanistes de passage des
poissons. Les meilleurs modèles empiriques incorporent les effets généraux de l’année, qui ont varié de généralement
favorables pour les cohortes de 1952–1968 à généralement négatifs pour les cohortes de 1970–1990. Les effets de l’année
ne sont pas en corrélation significative avec les deux indices climatiques, ni avec le temps requis par l’eau pour descendre
le Columbia.

[Traduit par la Rédaction] Deriso et al. 2430

Introduction

Snake River spring and summer chinook salmon (Onco-
rhynchus tshawytscha) stocks have declined dramatically
since the mid-1970s. They were listed as threatened under
the Endangered Species Act in 1992 and reclassified as en-
dangered in August 1994 on an emergency basis. The mid-

1970s was a period of major changes in the anthropogenic
and environmental conditions encountered by these stocks.
The last of the Snake River dams were completed, hatchery
production increased dramatically, there was a large increase
in the number of fish transported in barges around the
hydropower system, and there was a major shift in ocean
conditions in the Northeast Pacific. Because all of these
changes occurred around the same time, there are many hy-
potheses about the relative importance of these factors on
the mortality of Snake River chinook salmon. These hypoth-
eses were embodied in different management models, which
had different underlying assumptions and consequently pro-
vided conflicting advice to managers about current and fu-
ture actions that might best recover listed chinook stocks.

One of the key issues has been the magnitude and causes
of systematic differences in spawner-to-recruit survival rates
between spring and summer chinook stocks originating in
Snake River sub-basins and stocks originating in sub-basins
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further downstream in the Columbia River system, as found
in Schaller et al. (1999) (i.e., differences that remain after
accounting for different productivity of stocks and for ran-
dom effects in individual streams). We call these systematic
differences “differential mortality”. Because lower-river
stocks pass through or around fewer dams, are not trans-
ported, have fewer hatchery influences, and possibly inhabit
different areas of the Pacific Ocean than Snake River stocks,
any of these factors could be explanations for observed dif-
ferences in survival.

In an effort to resolve debates over this and other issues,
the Plan for Analyzing and Testing Hypotheses (PATH) was
initiated in 1995 (see Marmorek and Peters (2001) for a
description of the PATH process). Within the PATH frame-
work, agency and independent scientists rigorously evalu-
ated evidence for and against explicit hypotheses about the
distribution, cause, and magnitude of mortality over the life
cycle of spring chinook salmon. They developed new data
and analytical methods to address old questions. In particu-
lar, reconstructed time series of spawner and recruit data for
spring chinook stocks of the Columbia River provided the
opportunity to explore hypotheses about spatial and temporal
patterns in mortality (Marmorek et al. 1998). Stock and re-
cruitment data can provide a powerful basis for inferential
hypothesis testing and parameter estimation regarding mor-
tality experienced by juvenile chinook salmon during their
down-river migration.

In this paper, we describe an analysis that takes advantage
of this rich data set to explore retrospective patterns in the
differential mortality experienced by chinook salmon popu-
lations from different regions of the Columbia River basin.
Our goal was to estimate differential mortality by fitting
stock and recruitment models to available data on recruit-
ment and escapement and ancillary information. We exploit
the fact that many of the dams along the Columbia and
Snake rivers were completed at various times encompassed
by the time series of available stock and recruitment data
and that various populations are exposed to different num-
bers of dams, much in the spirit of the staircase experimental
design method of Walters et al. (1989). An important set of
our models rely on the hypothesis that Snake River and
lower Columbia River spring and summer chinook salmon
populations share a “common” mortality factor that can be
used to partition total mortalities, as found in Schaller et al.
(1999); Zabel and Williams (2000) contest that hypothesis
and Schaller et al. (2000) respond to the contest. We refer
the reader to those papers and to that of Marmorek et al.
(1998) for background about why one might expect that sim-
ilarities between Snake River and lower Columbia River chi-
nook salmon populations could be exploited in order to
characterize the remaining contrasting features of those pop-
ulations.

We expand population modeling beyond the simple types
of population models considered for Snake River and Co-
lumbia River chinook salmon in Schaller et al. (1999) and
Botsford and Paulsen (2000). The primary model considered
here is a generalization of the Ricker spawner and recruit
model designed to accommodate a suite of factors thought to
be important to the survival of the fish including year-
specific factors for in-river passage mortality. Several alter-
native models can be structured by making alternative as-

sumptions about terms in the primary model. This paper dif-
fers from others on the same salmon population (Schaller et
al. 1999; Botsford and Paulsen 2000) in that we compare
and test several alternative assumptions about the structure
of a single general model and the types of errors that need to
be accommodated in the modeling. We believe that our use
of a general population model offers advantages over corre-
lation analysis of salmon survival trends, as for example in
Peterman et al. (1998) or in Botsford and Paulsen (2000), in
that we are able to change assumptions about error sources
and multiple factors simultaneously. A disadvantage to our
approach is that even a general model is limited to only a
subset of possible hypotheses about error structure and fac-
tors. Another disadvantage is that it can be too time consum-
ing to explore all possible permutations of assumptions.

Methods

Spring and summer chinook salmon populations
We analyzed data for 13 populations of chinook salmon (Ta-

ble 1) for which time series of spawner and recruitment informa-
tion were available at the time of this analysis (Beamesderfer et al.
1997). Down-river stocks included those of the Wind, Klickitat,
and Warm Springs rivers and three populations in the John Day
sub-basin system (John Day Mainstem, John Day Middle Fork, and
John Day North Fork). The seven up-river stocks were from the
Minam (a tributary of the Grande Ronde), the Imnaha (a tributary
of the Snake River), and Bear Valley, Marsh Creek, Sulphur Creek,
Poverty Flat, and Johnson Creek (tributaries of the Salmon River).
The stocks of the up-river sub-basins migrate past more dams than
do the down-river stocks (Table 1). Recruitment refers to year-class
abundance of each stock when they return to the Bonneville Dam
on the lower Columbia River.

Estimates of recruitment are back-calculations based on expan-
sion of spawner estimates to account for losses that occur during
the migration of salmon from Bonneville Dam to their spawning
ground. Spawner estimates are estimates of annual abundance of
sexually mature salmon at their respective spawning grounds. More
specifically, Beamesderfer et al. (1997) estimated numbers of
spawners and returning recruits to the mouth of the Columbia
River for the upstream and downstream salmon populations using
spawning-ground surveys, age frequencies, mainstem and tributary
harvest rates, and mainstem conversion rates for upstream passage
of adults. They gathered this information from historical data sets,
reports, and ongoing monitoring. A major goal of their analysis
was to develop a consistent methodology for reconstructing
spawner and recruit data across index stocks. As with any recon-
structed data set of this spatial and temporal breadth, assumptions
were necessary. Although these assumptions and data sources are
thoroughly documented, they do introduce additional uncertainty.

A thorough discussion of the reconstruction methodology and
data quality issues is beyond the scope and intent of this paper.
However, we note that these data have been used in several re-
cently published analyses (e.g., Schaller et al. 1999; Botsford and
Pauslen 2000; Petrosky et al. 2001). Their quality and influence on
model parameter estimates and analytical inferences has been de-
bated both during the PATH process (Marmorek and Peters 2001)
and in the subsequent published literature (response of Schaller et
al. (2000) to Zabel and Williams (2000); Deriso 2001; Hinrichsen
2001). We direct interested readers to these papers and to the
PATH literature for further elaboration of the strengths and poten-
tial weaknesses of these data. In particular, Schaller et al. (1999)
provides an excellent overview of the rationale and methods used
by Beamesderfer et al. (1997). The full analysis of Beamesderfer et
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al. (1997) and the PATH literature are available at http://www.efw.
bpa.gov/Environment/PATH/.

Population models
We focus on stock and recruitment models that assume that sur-

vival rates of chinook from rivers of the Snake and Columbia sys-
tems share many similar aspects. In particular, ocean mortality
rates are assumed to share many common attributes across stocks
from different streams. By making this assumption, differential
mortality between up-river and down-river stocks can be attributed
to differences in their in-river passage. To accommodate this as-
sumption, our general model contains an optional year-effect com-
ponent to reflect common factors affecting survival of all stocks.

The general model structure is based on a Ricker-type spawner–
recruitment model that explicitly accounts for measurement error:

(1) y x a b mt i t i t i i
x

t i t i
t i

, , , , ,
,= + − − +e ε

(1a) ln( ), , ,S xt i t i t i= + ′ε

for which yt,i is the logarithm of recruitment;Rt,i is the Columbia
River “observed” recruitment originating from spawning in yeart
and river sub-basini (number of fish);St,i is the “observed” spawn-
ing in yeart and river sub-basini (number of fish);xt,i is the loga-
rithm of “true” spawning; at,i is the Ricker a parameter which
depends on year and sub-basin (per year);bi is the Rickerb parame-
ter (1/number of fish);mt,i is the total passage mortality (direct dam
mortality + differential mortality), which depends on year and sub-
basin (per year);ε t i, is a normally distributed mixed process error
and recruitment measurement error termN(0,σε

2 ) (per year);ε t i,′ is
a normally distributed spawner enumeration measurement error
term N(0,σε′

2 ) (per year);t is the year; andi is the sub-basin.
Chinook salmon may return to spawn at ages 3, 4, or 5, but our

model does not contain separate mortality terms for each age-class
of a given brood. Instead, we assumed a constant post-age-4 ocean
survival. Interannual variation in marine survival is confined to the
first 2 years of life in the estuarine and ocean environment. In their
final years at sea, ocean mortality for chinook salmon is probably
lower and not likely to induce large systematic variation in total
ocean mortality (Schaller et al. 1999).

Density-independent mortality
Equation 1 combines all non-dam, density-independent mortal-

ity sources into a single parameterat,i, except for the additive pro-
cess errorε t i, . Thus, thea parameter contains a sum of egg-to-fry,
fry-to-smolt, and smolt-to-adult density-independent mortality. The

density-dependent parameterb is chosen to be area specific to re-
flect the different carrying capacities of different areas. Typically,
estimates of thea andb coefficients are confounded so we did not
attempt to model temporal changes in carrying capacity explicitly.

We added structure for thea parameters in three alternative ways:

(2) at,i = a + δt

(3) at,i = ai + δt

(4) at,i = ai + δt,region

where for each alternative the parametera is the Rickera parame-
ter, i is the sub-basin (e.g., Imnaha), and “region” refers to either
the up-river or the down-river sub-basins. In eq. 2, the model as-
sumes the same Rickera value for all stocks except for Wind be-
cause it is an introduced stock (Schaller et al. 1999). In eq. 3, the
model allows the Rickera parameter to vary for each stock. We
included the year-effect parameterδ t to allow for year-effects com-
mon to all stocks; this would include major ocean mortality
changes that affect the survival of chinook salmon during the first
2 years of ocean life, as well as regional changes in terrestrial cli-
mate that affect all stocks. Above-average climate conditions have
δ t > 0, whereas below-average conditions haveδ t < 0. Using either
eq. 2 or eq. 3 as part of the overall model in eq. 1 requires the as-
sumptions that (i) year-to-year variations in climate that effect the
ocean survival of all stocks will be picked up by the year-effectδ t;
(ii ) random variations among stocks in ocean survival (owing to,
for example, different ocean distributions or timing of ocean entry)
will be assigned to the termε t i, in eq. 1, which picks up any unex-
plained natural variation in survival during a fishes life until re-
cruitment as well as recruitment measurement error; and
(iii ) variations among stocks in ocean survival are not systematic
differences between up-river and lower-river stocks as regional
stock groups.

To examine the sensitivity of the model to the third assumption,
we added eq. 4, a generalization of eq. 3 that allows year-effects to
differ between the up-river and lower-river stocks. When eq. 4 is
implemented, an additional sum-of-squares (SSQ) term is needed
in the estimation procedure to characterize the correlation between
the year-effects in the two stock groups. If the within-region differ-
ences among stocks in year-effects are as large as the among-
region differences, then these random effects will be assigned to
the residual variation termε t i, . In such a case, there is no con-
founding of differential mortality estimates. However, in the spe-
cial case where there are systematic differences between the year-
effects of up-river stocks and those of lower-river stocks (i.e., dif-
ferences between stock groups are significantly greater than those
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Region Sub-basin
Brood years of paired
spawner–recruit data

Number of mainstem
dams below sub-basin

Lower river 1. Wind 1973–1990 1
2. Klickitat 1966–1990 1
3. Warm Springs 1969–1990 2
4. John Day Mainstem 1959–1990 3
5. John Day Middle Fork 1959–1990 3
6. John Day North Fork 1959–1990 3

Snake River 7. Imnaha 1952–1990 8
8. Minam 1954–1990 8
9. Bear Valley 1957–1990 8

10. Marsh Creek 1957–1990 8
11. Sulphur Creek 1957–1990 8
12. Poverty Flat 1957–1990 8
13. Johnson Creek 1957–1990 8

Table 1. Summary information on the 13 chinook populations analyzed in this study.
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within each stock group), then there is confounding of the parame-
ter estimates for the up-river differential mortality and the region
year-effects.

Eliminating spawner measurement error (ε t i,′ in eq. 1a), combin-
ing eqs. 1, 1a, and 3, and rearranging terms generates the following
equation for our primary model:

(4a) ln(Rt,i /St,i) = (ai + δt – mt,i ) – bi St,i + ε t i,

Equation 4a contains the following parameters that need to be esti-
mated:δ t, ai, bi, mt,i, and the “true” spawning population abun-
dances (xt,i in eq. 1a). Equation 4a is identical in structure to the
multiple regression model commonly used to estimate the parame-
ters of the Ricker model (Ricker 1975). The four major differences
between our models and the standard Ricker model are as follows:
(i) the inclusion of spawning enumeration measurement errors as
estimated parameters; (ii ) the specific independent variables used
to explain variation in ln(Rt,i /St,i) (i.e., right side of eq. 4a); (iii ) the
use of maximum likelihood estimation (MLE) procedures; and
(iv) the grouping of stocks and years for the purposes of parameter
estimation. Exponentiating both sides of eq. 4a generates the fa-
miliar Ricker equation plus two additional terms for the year and
differential mortality effects:

(4b) R S a b S mi i t i t i t t i= − + + −e , , ,ε δ

Exponentiatingδ t andmt,i expresses these parameters as fractional
factors which in any given year can increase or decrease the re-
cruitment from that expected by the Ricker parameters alone:

(4c) R S a b S mi i t i t i t t i= − + −( )( )( ), , ,e e eε δ

Differential mortality ( µ)
The emphasis of this study was the estimation of the differential

mortality experienced by Snake River chinook populations from
their sub-basins up to the John Day Dam for each brood year from
1970 to 1990. To do this, we used four alternative approaches to
parameterizing m. The first approach uses a two-level
parameterization scheme in which we separated dam mortality into
two categories, as indicated by the Xs and Ys in Table 2 and re-
ferred to below as X-type and Y-type dam mortality. We assume
that mt,i in eq. 1 is computed by

(5) mt,i = X·n + µ t

where n is the number of X-type dams in Table 2 (John Day to
Bonneville after 1970),X is the dam passage mortality associated
with each X-type dam, andµ t is the differential mortality from the
Snake River sub-basins to John Day Dam (Y-type dams in Ta-
ble 2), expressed as an instantaneous mortality rate for brood years
t ≥ 1970. Years shown in Table 2 are based on the year of initial
service of each dam, lagged by 2 years to standardize to brood year
(Snake River spring and summer chinook migrate down river as
smolts 2 years after they are spawned). The first level of para-
meterization (number of Xs in each row of Table 2) treats mortality
as a process proportional to the number of dams passed by juvenile
salmon during their transit to the ocean, excluding those dams and
(or) populations treated in the second level. At the second level of
parameterization (Ys in Table 2), the differential mortality experi-
enced by upstream stocks is estimated byµ t, which we assume is
≥0. Theµ term is a “net” effect mortality estimate because it re-
flects the overall impacts of dam passage over the complete life cy-
cle. This includes direct losses owing to trauma at the point of dam
passage, increased “natural” mortality (e.g., predation) resulting
from longer smolt residence time in dam reservoirs, latent mortal-
ity owing to the weakened condition of smolts, and the benefits or

detriments of transportation by barge for some Snake River smolts
down river to below the Bonneville dam.

Mortality in any given year for any given population is obtained
in Table 2 by adding the number of X dams encountered by that
stock (n in eq. 5) and multiplying that by a mortality rate per dam,
plus a second-level annual term forµ t provided that at least one Y
dam is encountered by that stock. The Warm Springs stock, for ex-
ample, which currently passes through only Bonneville and Dalles
dams, would currently haven = 2 (Bonneville and Dalles dams)
andµ t = 0. Johnson Creek, however, which passes through all eight
dams, would haven = 3 (Bonneville, Dalles, and John Day) and an
estimate ofµ t over five dams (McNary, Ice Harbor, Lower Monu-
ment, Little Goose, and Lower Granite).

The weakness of the first parameterization approach is that all
per-dam mortality rates for the X dams are the same; there is no
variation among dams or years. In the second parameterization ap-
proach, we address this weakness by using time-series estimates of
total direct passage mortality (Mt,i) from the CRiSP (Columbia
River Salmon Passage; Anderson et al. 1996) and FLUSH (Fish
Leaving Under Several Hypotheses; Wilson 1994) passage models
to create more flexible estimates of mortality for the dams and
years with Xs in Table 2. The termMt,i is the total direct passage
mortality from Lower Granite Dam (the first dam encountered by
Snake River fish) to Bonneville Dam (the last dam encountered
before fish reach the ocean); it is a weighted average of the dam
and reservoir mortality experienced by nontransported fish and the
barge mortality experienced by transported fish. The approach is to
replace (X·n) in eq. 5 by passage mortality proportional to that gen-
erated by the CRiSP or FLUSH models for the X dams only:

(6) mt,i = qMt,i + µ t

whereq is a proportionality constant (estimated in the MLE proce-
dure) to be multiplied by the passage mortality from CRiSP and
FLUSH for X-type dams. Including a proportionality constant al-
lows the estimation algorithm to mimic the pattern of mortality
changes in CRiSP–FLUSH, scaling up or down as required, with-
out constraining the estimated mortality to be the actual value pre-
dicted by the passage models. The CRiSP–FLUSH model
estimates include both dam-induced effects within the river system
and a background level of “natural” mortality within the river pas-
sage. Some natural mortality between John Day Dam and Lower
Granite Reservoir would be expected even without any dams along
the Columbia River (0–20%; Toole et al. 1996). Therefore, a re-
duction of the CRiSP–FLUSH estimated mortalities by 0.0 to 0.2
would be needed to make them strictly comparable to theµ t esti-
mates, which only consider the differential mortality caused by
downstream passage.

The third approach is to eliminateµ t from eq. 6 and estimatemt,i
for all of the dams passed by a given stock using estimates from
passage and transportation models, either with or without the pro-
portionately constantq. Two transport survival assumptions were
applied to CRiSP and FLUSH, which led to four estimates of total
direct passage mortality (Fig. 1). The transport survival assump-
tions are based on the ratio of survival of transported fish to non-
transported (in-river) fish (transport–control ratio or T:C) in
selected years of experiments, multiplied by the survival rate of in-
river fish estimated by each passage model for those years. Trans-
port survival therefore reflects smolt survival in the barge or truck,
adjusted by the inferred relative survivals of transported and in-
river fish after the last dam. Transport model 1 (T1) assumes that
survival varies with water travel time (WTT, the average number of
days that it takes a particle of water to get from the head of Lower
Granite Reservoir to below Bonneville Dam during the spring mi-
gration period). The slope of the relationship is anchored at the
high end by transport survival estimates using T:C values of 1.0:1
in 1986 (a high-flow, low-WTT year) and at the low end by trans-
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port survivals using a T:C value of 3.0:1 in 1977 (a low-flow,
high-WTT year). Transport model 2 (T2) assumes fixed survival,
calculated based on a T:C of 1.6:1 for 1986 (this represents a point
estimate for release to return at Little Goose Dam, the lower T:C in
1986 for T1 reflects survival to the spawning grounds). For both
sets of assumptions, FLUSH clearly estimated much lower trans-
port survival than CRiSP (Fig. 1). Revised versions of CRiSP,
FLUSH, and the transportation models have been distributed since
this analysis was completed (Peters and Marmorek 2001). However,
the same general patterns still hold: CRiSP estimates of transport
survival rate are generally much higher than FLUSH estimates.

The fourth approach again uses the two-level approach described
in eq. 5 except thatµ t is assumed to be proportional to WTT. WTT
is a candidate variable because longer travel times expose smolts to
reservoir predators for longer periods and cause fish to experience
more delays when passing dams. Transported fish may also reach
the point of transport in poorer condition in low runoff years (high
WTT), consistent with the general pattern in model T1 (Fig. 1).

Likelihood function and bias correction procedure
A set of 37 spawner–recruit models were developed, each repre-

senting a different combination of assumptions about spawner mea-

surement error, parameterization of Rickera, parameterization of
m, and the commonality of year-effects (Table 3). We calculated
likelihoods for each model using a likelihood function made up of
two parts: the normal errors for the usual error term in a Ricker
model ε t i, and the normal errors for the spawner measurement er-
ror ε t i,′ . MLE estimates for all parameters are obtained by minimiz-
ing the negative log-likelihood function, which reduces to
minimizing the following sum-of-squares:

(7) SSQ= +∑ ∑′ ′ε λ ε2
εt i t i, ,

2

where the variance ratioλ σ σε ε ε′ ′= 2 2/ is specified a priori.
Spawner-measurement error was estimated to have a coefficient of
variation of 24%, based on a comparison of redd counts to weir
counts in the Lemhi River (C. Petrosky, Idaho Department of Fish
and Game, 600 S. Walnut, Boise, ID 83707, personal communica-
tion). Preliminary analyses showed that process error had a vari-
ance slightly larger than the measurement error variance andλ ε′
was set equal to 1.5 in models for which both error terms were es-
timated. The likelihood function for the model that includes re-
gional year-effects (i.e., eq. 1 with eq. 4 forat,i) contains an
additional SSQ term:
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Dams

Brood year(s) BON TDD JDA McN IHR LOMO LGS LGR

1952–1954 X X
1955–1958 X X X
1959–1965 X X X X
1966 X X X X X
1967 X X X X X X
1968–1969 X X X X X X X
1970–1972 X X X Y Y Y Y
1973–present X X X Y Y Y Y Y

Note: For the simplest models, X = fixed estimate of mortality/dam; Y = annually varying estimates of mortality
resulting from passage through five dams; BON, Bonneville; TDD, Dalles; JDA, John Day; McN, McNary; IHR, Ice
Harbor; LOMO, Lower Monumental; LGS, Little Goose; LGR, Lower Granite). More complex models replace the Xs
with estimates either proportional or equal to CRiSP–FLUSH mortality estimates.

Table 2. Types of passage mortality estimates.

Fig. 1. Comparison of CRiSP (Columbia River Salmon Passage) and FLUSH (Fish Leaving Under Several Hypotheses) transport
model survival assumptions. Model T1 assumes that transport survival decreases with water travel time, whereas model T2 assumes
constant survival. FLUSH T2,d; FLUSH T1, s; CRiSP T2,j; CRiSP T1,u.
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(7a) SSQ= +∑ ∑′ ′ε λ εεt i t i, ,
2 2

+ −∑λ δ δregion region1 region2( ), ,t t
2

in which λ region is the variance ratio (similar toλ ε′), δ t, region1 is the
year-effect for lower-river stocks andδ t, region2 is the year-effect for
up-river stocks. The variance ratio termλ region was set to 1.0 be-
cause we had no better estimate.

The MLE estimates were obtained by application of a Marquardt
nonlinear minimization routine (Draper and Smith 1966). We ap-
plied a Monte Carlo bootstrap procedure (Efron 1979, 1981) to the
MLEs to produce median unbiased estimates. The bootstrap
method is identical to the one described in Deriso et al. (1985) in

which we sample, with replacement, the residuals from the original
model fitting, generate pseudo-observed data, and then fit the
model to pseudo-observed data, repeating this process 100 times.
Median estimates from the bootstrap trials provide an estimate of
bias for the original MLEs. The bias appears to be rather minor in
the results (usually less than 10% of the estimated quantity).
Therefore, a first-order procedure such as the bootstrap procedure
appears to be a reasonable approach in this case, although the
method may not work well with other data sets that exhibit larger
bias (C. Walters, 2204 Main Mall, University of British Columbia,
Vancouver, BC V6T 1Z4, personal communication; J. Collie, Uni-
versity of Rhode Island, Narrangansett, RI 0882-1197, personal
communication). All model results reported here were corrected
for bias by subtracting the estimated bias from the MLE estimates.
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Model
number

Spawning
measure error? Differenta? Distinguishing features

Total sums
of squares

1* N Y Eq. 5 total passage mortality (m) 111.88
2 Y Y Eq. 5 total passage mortality (m) 92.14
3* N N Eq. 5 total passage mortality (m) 120.07
4 Y N Eq. 5 total passage mortality (m) 96.3
5* N Y X-type dam mortality proportional to CRiSP T1 111.49
6* N Y X-type dam mortality proportional to CRiSP T2 111.47
7 N Y X-type dam mortality proportional to FLUSH T1 113.09
8 N Y X-type dam mortality proportional to FLUSH T2 113.09
9 N Y m passage mortality rate proportional to CRiSP T1 149.27

10 N Y m passage mortality rate proportional to CRiSP T2 157.06
11* N Y m passage mortality rate proportional to FLUSH T1 141.49
12 N Y m passage mortality rate proportional to FLUSH T2 152.67
13 N Y m passage mortality rates = CRiSP T1 values 153.19
14 N Y m passage mortality rates = CRiSP T2 values 179.72
15 N Y m passage mortality rates = FLUSH T1 values 155.02
16 N Y m passage mortality rates = FLUSH T2 values 164.07
17 N Y m = X·(total number of dams passed) 149.99
18* N Y (Same as No. 13 CRiSP T1), except exclude BY 1971 147.62
19 N Y (Same as No. 14 CRiSP T2), except exclude BY 1971 174.02
20* N Y (Same as No. 15 FLUSH T1), except exclude BY 1971 141.95
21* N Y (Same as No. 16 FLUSH T2), except exclude BY 1971 146.86
22 N Y Sub-basin year-effects;m as in No. 1;λ(basin) = 0.01 107.12
23 N Y Sub-basin year-effects;m as in No. 1;λ(basin) = 1.0 108.64
24 N Y Sub-basin year-effects;m as in No. 13;λ(basin) = 0.01 106.51
25 N Y Sub-basin year-effects;m as in No. 13;λ(basin) = 1.0 118.62
26 N Y Sub-basin year-effects;m as in No. 14;λ(basin) = 1.0 126.42
27 N Y Sub-basin year-effects;m as in No. 15;λ(basin) = 1.0 119.32
28 N Y Sub-basin year-effects;m as in No. 16;λ(basin) = 1.0 121.62
29 N Y m = X·(total number of dams passed); no year-effect 299.48
30 N Y No year-effect;m as in No. 11, FLUSH T1 289.89
31* N N m passage mortality rate proportional to CRiSP T1 154.17
32 N N m passage mortality rate proportional to CRiSP T2 167.17
33* N N m passage mortality rate proportional to FLUSH T1 149.53
34 N N m passage mortality rate proportional to FLUSH T2 158.23
35 N N m = X·(total number of dams passed) 158.56
36* N N µ passage mortality rate proportional to WTT 145.82
37* N Y µ passage mortality rate proportional to WTT 136.28

Average across all models 144.59
Median value 145.82

Note: Top models (* after model number) have AIC and BIC values below the median for all models. WTT is water travel time. Equation 1 applies to
defined by eqs. 7 and 7a. Number of parameters are obtained by counting parameters in eq. 1, configured with the appropriate optional equations listed
in eqs. 7 and 8. Averageµ is the average of the estimates in eq. 5 for brood years 1970–1990. The average Rickera parameter is obtained by averaging
Under Several hypotheses; Y, yes; N, no.

Table 3. Results of applying 37 different models to stock and recruitment data.
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Detailed testing over a range of dam mortalities and model struc-
tures indicated that the lowest bias models included estimates of
X-dam mortality and stock-specific Rickera values and assumed
no spawner measurement error.

Ranking alternative models
We used two criteria for assessing the relative fits of each model

to data: the Akaike Information Criterion (AIC) and the Bayesian
Information Criterion (BIC) (Akaike 1973; Kass and Raftery
1994). Better model fits correspond to lower AIC and BIC scores.
The AIC, given by the equation

(8) AIC = –2ln(likelihood) + 2p

and the BIC, given by the equation

(9) BIC = –2ln(likelihood) +pln(k)

are both based on asymptotic properties of the likelihood function
(p is the number of parameters estimated andk is the number of
“observations”, where we count observation number as the number
of SSQ components). Both the AIC and BIC use twice the log-
likelihood, which is asymptotically aχ2 statistic. Therefore, both
statistics are also related to asymptotic likelihood ratio tests that
use classical hypothesis testing to test nested models (Mood et al.
1974). Both the AIC and, to a much greater extent, the BIC corre-
spond to a very small rejection criterion (probabilities below
0.005) for alternative nested models with 21 or more additional pa-
rameters in the larger model (as we have in this study). That is,
neither the AIC nor BIC criteria will reject a simple model in favor
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Number of
parameters estimated

Number of likelihood
components

Akaike information
criterion (AIC)

Bayesian information
criterion (BIC) Averageµ

Average Rickera
parameter

86 406 800.7 1145.2 1.44 2.65
492 812 1520.9 3833.0 1.26 2.45

75 406 807.4 1107.8 0.82 1.84
492 823 1553.4 3872.2 0.81 1.84

86 406 799.3 1143.8 1.07 2.12
86 406 799.2 1143.7 1.07 2.13
86 406 805.0 1149.6 1.02 1.97
86 406 805.0 1149.6 1.02 1.97
65 406 875.7 1136.1 0.59 1.95
65 406 896.4 1156.8 0.02 1.53
65 406 854.0 1114.4 0.99 2.03
65 406 884.9 1145.3 0.54 1.81
64 406 884.3 1140.7 1.00 2.26
64 406 949.1 1205.5 0.48 2.04
64 406 889.1 1145.5 1.90 2.51
64 406 912.1 1168.5 1.40 2.29
65 406 877.7 1138.1 1.44 2.68
63 393 856.3 1106.6 1.00 2.24
63 393 920.9 1171.3 0.48 2.02
63 393 840.9 1091.2 1.90 2.50
63 393 854.2 1104.6 1.40 2.27

118 438 861.9 1343.6 1.43 2.65
118 438 868.1 1349.8 1.44 2.65

96 438 815.4 1207.3 1.00 2.35
96 438 862.6 1254.5 1.00 2.32
96 438 890.5 1282.4 0.48 2.16
96 438 865.2 1257.1 1.90 2.48
96 438 873.6 1265.4 1.40 2.33
27 406 1082.4 1190.6 1.88 3.04
27 406 1069.2 1177.4 1.32 2.02
54 406 866.8 1083.2 0.55 1.89
54 406 899.7 1116.1 0.14 1.63
54 406 854.4 1070.8 0.71 1.85
54 406 877.4 1093.7 0.53 1.77
54 406 878.2 1094.6 0.57 1.94
55 406 846.2 1066.6 0.79 1.78
66 406 840.8 1105.2 1.34 2.52

94.14 432.89 909.16 1306.16 1.03 2.17
65 406 868.1 1145.3 1.00 2.13

all models. Entries in columns 2, 3, and 4 are variations on eq. 1 created using eqs. 1a, 2, 3, 4, 5, and 6. The total sums of squares is the sum of squares
above, and counting numbers of stocks and years of data in Table 1 for the particular model. Number of likelihood components are the number of terms
estimates across the seven sub-basin stocks in the Snake River region. BY, brood year; CRiSP, Columbia River Salmon Passage; FLUSH, Fish Leaving
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of a more complex model unless there is a significant improvement
in SSQ (p < 0.005).

There are differing perspectives on which criterion should be
used to select models (Kass and Raftery 1994). From a Bayesian
perspective, Gelman et al. (1996) argue against model selection al-
together, as the alternative models represent alternative hypotheses
that should not be discarded. Instead, the model should be general
enough to contain alternatives as special case solutions to allow
calculation of posterior probabilities that reflect the relative credi-
bility of alternative hypotheses. A reasonable compromise would
be only to reject models that are grossly less supported by AIC and
BIC but reserve judgement on the remaining ones.

Results

Relative fits of models to data
Relative fits of the 37 spawner–recruitment (S–R) models

to the spring and summer chinook spawner–recruitment data
series are shown in Table 3. The best (lowest) AIC scores
occurred for models whereµ was estimated each year (mod-
els 1, 3, and 5–8). Among those models, comparable AIC
values were produced by models that parameterized X-dam
mortality as a constant per-dam mortality and by models in
which X-dam mortality was proportional to passage model
estimates. The best (lowest) BIC scores occurred for models
with fewer parameters (particularly models 33 and 36), al-
though these models still included year-effect parameters.
Simple parameterizations forµ were favored by the BIC cri-
terion, either asµ proportional to WTT, as in model 36, or
with total differential mortalitym proportional to passage
model values from CRiSP or FLUSH (models 31–34).

Based on the results in Table 3, we identified a set of 12
“top” models for which both the AIC and BIC were below
the median for all 37 models. Top models were 1, 3, 5, 6,
11, 18, 20, 21, 31, 33, 36, and 37 from Table 3. All top mod-
els included a common year-effect and excluded spawner
measurement error. Both assumptions about commonality of
the Rickera parameter were represented in the set of top
models, as were all four approaches to estimatingm. Param-
eter estimates for the top models support a wide range of al-
ternative hypotheses about the magnitude of the up-river net
differential mortalityµ and Rickera parameters. Averageµ
for the top models ranged from 0.55 to 1.90 (mean of 1.09),
which corresponds to a range of 42–85% (100(1 – e–µ)) mor-
tality owing to downstream passage from Lower Granite to
John Day dams, over the entire life cycle (mean of 66%).
Average Rickera values of these models ranged from 1.78
to 2.65 (mean of 1.92). The range in average production in-
dex (a – µ) for these models was smaller, from 0.60 to 1.34
(mean of 1.06). The smaller range in average production re-
flected the correlation between estimates ofµ and a, which
was also present in the bootstrap simulations done for mod-
els 1 and 3. Higher differential mortality estimates required
higher production values to match observed patterns in
spawner–recruit data.

Temporal patterns in differential mortality, total
passage mortality, and common year-effects

Time trends inµ and year-effects for a subset of three of
the models are shown in Fig. 2. These models were typical of
ones for which both a year-effect and yearlyµ parameter were

estimated. Models 1 and 4 used the first parameterization of
differential mortality given above (i.e., eq. 5; constant mor-
tality per project) but used different assumptions about in-
clusion of spawner measurement error and differences in
Ricker a parameters among stocks. Model 1 did not include
spawner measurement error and estimated a different Ricker
a parameter for each stock. Model 4 included measurement
error and estimated a singlea parameter for all stocks. Over-
all, models 1 and 4 provided upper and lower bounds, re-
spectively, on theµ values estimated by models 1 to 8 in
Table 3, where models 5–8 used X-dam mortality propor-
tional to the passage model estimates. The final model, num-
ber 37 of Table 3, was included in Fig. 2 because of its low
BIC score and because it contained a simplified passage
model: µ proportional to WTT. This model had a slightly
higher BIC score than that of model 36 but was chosen be-
cause it included different Rickera parameter values (shown
in simulation tests to perform more accurately).

All three S–R models gave similar estimates of time trends
both inµ (differential mortality from Snake River sub-basins
to John Day Dam) and inδt (year-effect parameter) (Fig. 2).
The time trend inµ was one of a cyclical high to moderate
mortality throughout the 1970s followed by a 4-year period
of low mortality (1980–1983), then a return to a stable but
slightly cyclical mortality through the latter half of the
1980s, and an upward spike in 1990 (Fig. 2a). Figure 2a
shows the average of the four CRISP–FLUSH and T1–T2
differential mortality estimates (µ), whereas Fig. 3 shows
each of these four models’ estimates ofµ separately. Average
passage model estimates ofµ generally passed through theµ
estimates of the fourS–R models with three notable excep-
tions: (i) the spiked mortality indicated by the passage mod-
els for brood year 1971 was not present in any of theS–R
models (survival trends show that brood year 1972 was the
poor year, not 1971, especially for the Bear Valley, Sulphur
Creek, Poverty Flats, and Johnson Flats populations); (ii ) the
mortality indicated by the passage models for brood years
1980–1983 did not show the precipitous reduction in mortal-
ity (increase in survival) indicated in allS–R models; and
(iii ) the increased mortality in all eight models in 1990 was
above the average passage model. A previous examination of
the 4-year high survival result in 1980–1983 showed that the
reduction in mortality for the up-river populations was due
to both real increases in recruitment and decreases in spawn-
ing population. The decrease in spawning populations was
also observed on the lower-river populations, but they did
not experience the increase in recruitment that was seen in
up-river populations. The four passage models showed sub-
stantial differences in estimatedµ. Though the CRiSP T2
passage–transportation model also showed lowµ (high sur-
vival) during 1980–1983, it did not show the subsequent in-
creasing mortality indicated by theS–R models (Fig. 3). A
moderate long-term cycle was present for estimated year-
effects (Fig. 2b), indicating a shift in climate mortality re-
gimes from a generally high positive anomaly sequence for
the 1952–1968 brood years followed by generally negative
anomalies for the 1970–1989 brood years.

Year-effects
There was strong support for inclusion of year-effects in
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the models, as seen by the high AIC and BIC scores (poorer
fits) for models 29 and 30 in which no year-effect was in-
cluded. Regional year-effects were investigated in models 22
to 28. BIC scores for those regional models were substantially
poorer than models without region-specific year-effects
(models 1 and 13–16 in Table 3). AIC scores were poorer
for models 22 and 23 than for model 1, one of the better em-
pirical models. However, the CRiSP- and FLUSH-based
models showed lower AIC values when region-specific
year-effects were included (models 24–28 vs. 13–16), per-
haps because this gave more flexibility to accommodate
upstream–downstream differences in survival. Differential
mortality rates were very similar between those two types of

models, whereas the regional models estimated a slightly
larger average Rickera parameter.

Correlation between variables
Using model 1, we examined estimates ofµ (differential

mortality) andδ (common year-effects) for correlations with
other variables. There was a significant positive correlation
(r = 0.58,p < 0.01) betweenµ and WTT (Fig. 4). The corre-
lation was weaker but still significant even without the influ-
ential 1975 brood year (r = 0.45, p < 0.05). Some pairs of
years with very similar WTT had very different values forµ
(e.g., 1970 vs. 1972, 1974 vs. 1980, 1983 vs. 1989, and
1986 vs. 1990), suggesting that other factors besides WTT
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Fig. 2. (a) Estimates of differential mortality (µ) above John Day Dam by brood year for three stock–recruitment models (numbers 1,
4, and 37 in Table 3) and the average of estimates produced by four passage and transport models. The secondy axis convertsµ to an
estimated percent mortality over the complete life cycle (100(1 – e–µ)). (b) Year-effect (δ) estimates for the same three stock–recruit
models (year-effects were not estimated by passage and transport models). The secondy axis convertsδ to an estimated percent change
in recruitment (100(e–δ – 1)). Model 1, thin solid line; model 2, thin broken line; model 37, thick broken line; average passage model
(Fig. 2a only), thick solid line.
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influenced the value ofµ in these years (Fig. 4). We sepa-
rated the 1970–1979 and 1980–1990 periods to see if differ-
ences in power system management or other factors may have
affected the correlation between WTT andµ. The 1970–1979
period showed a weaker correlation (r = 0.58,p = 0.08; with-
out the 1975 datumr = 0.06, p = 0.87) than the 1980–1990
period (r = 0.68, p = 0.02). However, an analysis of
covariance with WTT as the covariate showed no significant
difference between the 1970s and 1980s (p = 0.623).

The year-effect (δ) reflects common factors affecting sur-
vival of all stocks. We therefore selected two general climate
indicators (the North Pacific Index (NPI; Trenberth and
Hurrell 1994) and an Upwelling Index) and WTT to see if
they were correlated withδ. Correlation betweenδ and WTT
was not significant (r = –0.15). NPI showed low correlations
in all cases when matched to the first, second, and third ocean

winter (i.e., r = 0.08, 0.26, and 0.33, respectively). The
Upwelling Index was also not correlated withδ (r = –0.09).
Interestingly, the standardized residuals of Bristol Bay
sockeye survivals (Peterman et al. 1998) were negatively cor-
related withδ (r = –0.51). This is consistent with the hypothe-
sis that ocean conditions experienced by salmon in the
Northeast Pacific vary inversely with those experienced by
salmon originating from Oregon and Washington (Mantua et
al. 1997).

The correlation between MLE estimates ofµ andδ (r =
–0.24) in different years was not significant. Within-year es-
timates of the correlation ofµ andδ were obtained by linear
approximation around the MLE solution and are all moder-
ately large numbers (aroundr = 0.75). The correlation struc-
ture presents a mixed picture: there is uncertainty about the
relative influence of common year-effects and differential
mortality within individual years, but the uncertainty is not
so large as to support removal of year-effects from the
model (compare models 29 and 30 with all others in Ta-
ble 3). Between-year correlations are small so MLE esti-
mates reasonably portray the larger pattern. The only
obvious between-year pattern was that the brood year with
the best year-effect (1983) also had a low differential mortal-
ity and the brood year with the worst year-effect (1990) also
experienced high differential mortality.

Discussion

Stock–recruit models that best fit the spawner–recruit data
included a common year-effect, excluded spawner measure-
ment error, and included varying parameterizations of Ricker
a and m. Our empirical estimates of differential mortality
between upstream and downstream stocks with those models
ranged from 42 to 85%. In general, MLE estimates of pas-
sage mortality from the empirical model 1 are intermediate
between the CRiSP and FLUSH passage model estimates.
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Fig. 3. Comparison of median estimates of differential mortality (µ) using model 1 from Table 3 (thick, solid line), with estimates ofµ
from four mechanistic passage models (FLUSH T1,d; FLUSH T2, s; CRiSP T1,j; CRiSP T2,u). The secondy axis convertsµ to
an estimated percent mortality over the complete life cycle (100(1 – e–µ)).

Fig. 4. Estimated differential mortality (µ) vs. water travel time
(WTT). The regression line was fit through all of the data. The
secondy axis convertsµ to an estimated percent mortality over the
complete life cycle (100(1 – e–µ)). Solid diamonds represent the
1970s brood years; solid squares represent the 1980+ brood years.
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Mechanistic and empirical passage mortality estimates
agreed better when mortality estimates from CRiSP and
FLUSH were scaled. On the other hand, even the simple ex-
planatory variable WTT could be used to model differential
mortality with high performance (as in models 36 and 37).

The influence of in-river studies on the 1971 brood year
(conducted on migrants in 1973, a low-flow year) has been
profound in the debate over the effects of dams on mortality
of smolts (e.g., Williams and Matthews 1995). Our results
show that the 1973 study results are not consistent with ob-
served returning recruits from the 1971 brood year. If the
high mortality rate estimated by FLUSH for the 1971 brood
year is correct (i.e., a differential mortalityµ which is 3.4
above theµ given by model 1), then we must have had an
exceptionally strong year-class for the 1971 brood year in
terms of their natural survival to account for the observed
spawner-to-recruit survival. In particular, the observed natu-
ral recruitment survival rate, ln(R/S) (i.e., excluding differen-
tial mortality) would have to be roughly 3.4 above the
observed averageR/S rate, which includes differential mor-
tality. Adding 3.4 to the observed standardized ln(R/S) for
brood year 1971 would place it about 1.0 above the maxi-
mum standardized survival for any other brood year for the
up-river stocks. On the other hand, the high passage mortal-
ity for the 1975 brood year (1977 out-migration, another
low-flow year) estimated by the passage models and by the
empirical model 1 is generally consistent both with the ob-
served ln(R/S) survival rate and with in-river studies con-
ducted that year.

An alternative explanation for our results is that the de-
cline in survival of up-river vs. down-river natural stocks
was due to a marine mortality factor that differentially af-
fected up-river and (or) down-river stocks in a large enough
way to coincide with and account for the estimated differen-
tial mortality. However, models that included regional year-
effects (models 22–28) generally performed worse than the
empirical models that exclude this alternative hypothesis
(e.g., model 1). In addition, despite intense scrutiny, within
and outside of PATH, of this assumption using coded wire
tag recovery data, no analyses to date clearly indicate sys-
tematic, regional differences between up-river and low-river
stocks in ocean distribution or mortality (e.g., Marmorek et
al. 1998; Schaller et al. 2000). Though it would be valuable
to obtain better estimates of among-region differences in
ocean distribution and survival of wild spring chinook, there
are clearly not enough wild fish remaining to generate suffi-
cient tag recoveries.

The models developed in this paper omit statistical co-
variance in the measurement errors. We did not attempt to
model directly the process by which recruitment estimates
were obtained by Beamesderfer et al. (1997), although such
modeling is theoretically possible. The advantage of a more
complete model for recruitment measurements is that we
would then have the appropriate error structure for including
the statistical covariance structure between recruitment mea-
surement error and the several years of spawner-
measurement error to which they contribute. Our opinion is
that this covariance is likely low for two reasons. First, re-
cruitment measurement errors originate from many impor-
tant sources other than those induced by errors in
escapement counts, including conversion rates applied at

each dam to convert dam counts to total passage estimates,
age distribution data, and correction for hatchery fish, and
harvest removal. Second, chinook salmon return to the Co-
lumbia River to spawn (and hence become part of recruit-
ment) over 4 or more years and thus the spawner-
measurement error calculated in any given year would be
applicable only to a portion of the recruitment from a given
brood year. Other concerns are the presence of covariance in
recruitment measurement errors among populations that
share nearby sub-basins (such as the Snake River popula-
tions). We examined autocorrelation between recruitments in
adjacent years and found that it had a negligible effect.
Finally, another concern is that John Day Middle Fork stock,
if excluded from the analysis, greatly reduces MLE esti-
mates of up-river differential mortality and some sources of
measurement error have been identified for this stock
(Hinrichsen 2001); that concern has been debated within
PATH without any resolution.

There is clearly uncertainty about the magnitude of differ-
ential mortality, year-effects, and Rickera parameters. One
way to address that uncertainty is to construct a single model
that encompasses a range of alternative hypotheses about
those parameter values and then conduct analyses that for-
mally incorporate the uncertainty. Such a model is our
model 1, which contains year-specific differential mortali-
ties, common year-effects, and individual stock Rickera pa-
rameters. It is in a virtual tie for best model according to the
AIC criterion. Deriso (2001) describes the mechanics of
generating prospective analyses for spring and summer chi-
nook by application of Bayesian methods to model 1. The
prospective modeling is part of a formal decision analysis of
management actions designed to recover listed Snake River
spring and summer chinook populations (Peters and
Marmorek 2001).
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