
Received: 4 March 2019 Revised: 15 October 2019 Accepted: 21 October 2019

DOI: 10.1111/biom.13171

B I O M E T R I C P R A C T I C E

A temporally stratified extension of space-for-time
Cormack–Jolly–Seber for migratory animals

Dalton J. Hance Russell W. Perry John M. Plumb Adam C. Pope

U.S. Geological Survey, Western Fisheries

Research Center, 5501-A Cook-Underwood

Road, Cook, Washington, USA

Correspondence
Dalton J. Hance, U.S. Geological Survey,

Western Fisheries Research Center, 5501-A

Cook-Underwood Road, Cook, WA, 98605.

Email: dhance@usgs.gov

Abstract
Understanding drivers of temporal variation in demographic parameters is a central

goal of mark-recapture analysis. To estimate the survival of migrating animal popula-

tions in migration corridors, space-for-time mark–recapture models employ discrete

sampling locations in space to monitor marked populations as they move past moni-

toring sites, rather than the standard practice of using fixed sampling points in time.

Because these models focus on estimating survival over discrete spatial segments,

model parameters are implicitly integrated over the temporal dimension. Furthermore,

modeling the effect of time-varying covariates on model parameters is complicated

by unknown passage times for individuals that are not detected at monitoring sites. To

overcome these limitations, we extended the Cormack–Jolly–Seber (CJS) framework

to estimate temporally stratified survival and capture probabilities by including a dis-

cretized arrival time process in a Bayesian framework. We allow for flexibility in the

model form by including temporally stratified covariates and hierarchical structures.

In addition, we provide tools for assessing model fit and comparing among alternative

structural models for the parameters. We demonstrate our framework by fitting three

competing models to estimate daily survival, capture, and arrival probabilities at four

hydroelectric dams for over 200 000 individually tagged migratory juvenile salmon

released into the Snake River, USA.
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1 INTRODUCTION

Mark–recapture is a pillar of ecological demographic analy-

sis. These methods address the basic challenge of estimating

demographics parameters of a population (eg, abundance or

survival) when individuals are imperfectly observed in the

field. Field studies consist of capturing, marking, releasing,

and subsequently recapturing individuals over a series of dis-

crete capture occasions. The resulting data consist of a vector

of indicator variables (capture histories) for whether an indi-

vidual was recaptured on each occasion and thus known to sur-
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vive, or not captured in which case it is uncertain whether the

individual died or survived but was not captured. A statistical

model is then fitted to the capture histories to estimate demo-

graphic parameters, while accounting for imperfect detection.

Decades of innovation have resulted in a broad array of

multi-state mark–recapture (MSMR) models. In MSMR mod-

els, survival and capture probabilities may depend on the state

of an individual (eg, geographical location, size class, etc.)

at each capture event, and individuals can transition among

states between capture events. Even the foundational models

of Cormack (1964), Jolly (1965), and Seber (1965), (the CJS
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model) designed to estimate time-dependent survival and cap-

ture probabilities can be considered a special two-state case of

the more general MSMR model (Lebreton and Pradel, 2002).

Extensions of MSMR models include support for continuous

latent covariates (Bonner and Schwarz, 2006) and the spatial

distribution of individuals (Royle and Young, 2008). These

contributions have led to increasingly more realistic represen-

tations of the data-generating process by modeling variation

across multiple dimensions (eg, space and time).

Ecologists working with migratory species recast the tem-

poral sampling occasions of MSMR models in terms of spa-

tial sampling occasions along migratory corridors, most typ-

ically with migratory fish (Skalski et al., 1998). These meth-

ods employ a sequence of fixed sampling locations such as

traps (Dubois et al., 1991), passage structures (Skalski et al.,
1998), or telemetry receivers (Perry et al., 2010) along a

migratory corridor of animals with unidirectional migration.

In these cases, captures take place in continuous time as

animals migrate past fixed sampling points in space. Thus,

rather than estimating survival over discrete temporal peri-

ods, these space-for-time MSMR models estimate the time-

integrated probability of surviving through a discrete reach of

river.

Disentangling temporal variation in survival from tem-

poral variation in detection probability under space-for-time

MSMR is difficult owing to unknown times of passage for

undetected individuals. Temporal stratification of the moni-

toring period is one strategy for time-varying capture proba-

bilities that has been used to estimate abundance for animals

passing one or two fixed sampling locations (Darroch, 1961).

For example, Schwarz and Dempson (1994) fitted a paramet-

ric distribution to the travel times of recaptured individuals

to jointly estimate temporally stratified capture and arrival

probabilities. This approach was later extended to accom-

modate a hierarchical Bayesian framework (Mäntyniemi and

Romakkaniemi, 2002) and to provide flexibility in the form of

arrival probabilities (Bonner and Schwarz, 2011). However,

these methods are restricted to no more than two sampling

locations and assume no mortality of marked individuals.

Recently, Perry et al. (2018) developed a model to simul-

taneously estimate temporally stratified survival rates, cap-

ture probabilities, and transition probabilities in relation to a

time-series of environmental covariates for migrating juve-

nile salmon. Their model used a complete data likelihood

approach to augment observed travel times with imputed

travel times of undetected individuals, similar to the approach

of Muthukumarana et al. (2008). Markov Chain Monte Carlo

techniques were used to numerically integrate over the miss-

ing travel time data. Although these approaches success-

fully extended space-for-time MSMR models to estimate tem-

porally stratified parameters, computational inefficiency of

commonly used Gibbs sampling software (eg, JAGS) limits

their application to relatively small data sets.

Analogous to these studies, we were interested in devel-

oping a space-for-time MSMR model to estimate daily sur-

vival probabilities of juvenile salmon emigrating to the ocean

in the Columbia River Basin. However, available models and

software for tackling this problem proved computationally

infeasible owing to the sheer magnitude of the available data.

Over two million juvenile salmon of four species have been

released each year of the last decade, each tagged with an indi-

vidually identifiable passive integrated transponder (PIT)—

a type of radio-frequency (RF) identification microchip that

can be detected when the fish passes through a monitoring

station (PTAGIS, 2018). The main use of this data is to esti-

mate survival of juvenile migrants through large dams on

the Columbia River and its main tributary, the Snake River

(Skalski et al., 1998). While relatively simple CJS-type mod-

els are routinely applied to these data, more realistic and com-

plex models can only be practically fitted to small subsets of

the available data if using the complete data likelihood.

In this article, we develop a space-for-time MSMR model

to estimate temporally stratified survival and capture proba-

bilities for migrating animals. We derive the observed data

likelihood by creating temporal strata and integrating over

unobserved arrival times. Here, the temporal strata consti-

tute the states of an MSMR model, which allows for stochas-

tic transitions among strata. Because researchers may have

multiple hypotheses about survival, capture, and travel-time

processes, we provide for flexibility in the functional form

of the model. To complement this flexibility, we incorporate

tools to assess the fit of a model and compare among models

based on predictive accuracy. Using the observed data like-

lihood allowed us to implement these methods using state-

of-the-art statistical computing software to efficiently fit and

compare among models using datasets containing hundreds

of thousands of individuals (Carpenter et al., 2017). While

our method is most applicable to migrating fish, it is appli-

cable to any animal with a unidirectional migration along a

defined corridor. We provide an example of fitting three com-

peting models to estimate the time-series of survival, cap-

ture probabilities, and travel-time distributions for over 200

000 individually tagged fall Chinook salmon, Oncorhynchus
tshawytscha, migrating past four hydroelectric projects on the

Snake River, USA, in the spring and summer of 2005.

2 TEMPORALLY-STRATIFIED
CJS MODEL

2.1 Study design, notations, and assumptions

Our method is applicable to any space-for-time study design

intended to estimate temporally stratified survival rates and

capture probabilities. Here, we focus on migratory fish in

a river corridor, and specifically in our applied example,
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juvenile salmon emigrating from natal tributaries to the ocean.

Our method is applicable to both telemetry-based marks

(eg, PIT or acoustic tags) as well as physical marks (eg, floy

tag), as long as marks are individually identifiable. As such,

we use the term “capture” to refer to both physical capture and

passive detection.

Consider a migratory population that can be captured at 𝐾

sequential fixed-location monitoring stations along the migra-

tory corridor. Each station is continuously monitored for a

period of time divided into 𝑇 equal duration strata, with 𝑡 ∈
(1,… , 𝑇 ) representing the same physical unit of time at each

station. Without loss of generality, we consider multiple dis-

tinct releases of one or more individuals occurring at a sin-

gle location above the first station where a release is defined

as occurring on a single stratum. We allow that individuals

captured at a monitoring station may be removed, becoming

ineligible for recapture at subsequent stations (Skalski et al.,
1998). If an individual is captured at a given station, the stra-

tum in which it was captured is recorded.

The observed data consist of:

𝑦𝑖 = (𝑦𝑖,0,… , 𝑦𝑖,𝐾 ) the capture history for individual 𝑖, where,

𝑦𝑖,0 = 𝑡 if individual 𝑖 was released on stratum 𝑡, and 𝑦𝑖,𝑘 =
𝑡 if individual 𝑖 was captured at station 𝑘 on stratum 𝑡; 0
otherwise

𝑟𝑖 = 0 if individual 𝑖 was removed at its last capture; 1 other-

wise

These data are summarized as follows:

𝑚𝑗,𝑘,𝑠,𝑡 = the number of individuals (re-)released at station 𝑗

on stratum 𝑠 that were next captured at station 𝑘 on stratum

𝑡

𝑙𝑘,𝑡 = the number of individuals (re-)released (ie, excluding

those that were were removed) at station 𝑘 on stratum 𝑡 that

were never recaptured

We assume the following:

1. All individuals that departed station 𝑘 on stratum 𝑠 have the

same probability of surviving to station 𝑘 + 1, 𝜙𝑘,𝑠, where

0 ≤ 𝜙𝑘,𝑠 ≤ 1.

2. All surviving individuals that departed station 𝑘 on stra-

tum 𝑠 have the same probability of arriving at station 𝑘 + 1
on stratum 𝑡, 𝛼𝑘,𝑠,𝑡; where, 0 ≤ 𝛼𝑘,𝑠,𝑡,

∑𝑇

𝑡=𝑠 𝛼𝑘,𝑠,𝑡 = 1, and

𝛼𝑘,𝑠,𝑡 = 0 for 𝑠 > 𝑡 (note: we allow that individuals may

depart station 𝑘 and arrive at station 𝑘 + 1 on the same

stratum, ie, 𝑠 = 𝑡).

3. All individuals arriving at station 𝑘 on stratum 𝑡 have the

same probability of capture, 𝑝𝑘,𝑡, where 0 ≤ 𝑝𝑘,𝑡 ≤ 1.

4. Standard assumptions of CJS and MSMR models also

apply to our model, including that marks are not lost

and are identified correctly upon capture; that sampling

is instantaneous and individuals are released immediately

after sampling; that the survival/capture of individuals are

independent of one another; and that past capture does

not affect future capture/survival unless an individual was

removed (Seber, 2002).

2.2 Probability model

To develop the probability model, it is necessary to account

for all possible events that result in a given observation,

which requires integrating over unobserved time of passage

for uncaptured individuals. To accomplish this, we utilize a set

of recursive intermediary parameters. The first set of recur-

sive terms defines the probability of each possible pair of

captures between release and the last capture. We let 𝜆𝑗,𝑘,𝑠,𝑡
be the probability of an individual (re-)released at station 𝑗

on stratum 𝑠 surviving to station 𝑘 and arriving on stratum

𝑡, having passed each station prior to 𝑘 uncaptured. Setting

𝜆𝑗,𝑗+1,𝑠,𝑡 = 𝜙𝑗,𝑠𝛼𝑗,𝑠,𝑡, we define the recursion:

𝜆𝑗,𝑘,𝑠,𝑡 =
𝑡∑

𝑢=𝑠
𝜆𝑗,𝑘−1,𝑠,𝑢(1 − 𝑝𝑘−1,𝑢)𝜙𝑘−1,𝑢𝛼𝑘−1,𝑢,𝑡

for 0 ≤ 𝑗 < 𝑘 − 1 (1)

The product 𝜆𝑗,𝑘,𝑠,𝑡𝑝𝑘,𝑡 then defines the probability that an

individual released at station 𝑗 on stratum 𝑠 is next recaptured

at station 𝑘 on stratum 𝑡, where 𝜆𝑗,𝑘,𝑠,𝑡 represents the sum of all

possible mutually exclusive combinations of unobserved pas-

sage times at each station between stations 𝑗 and 𝑘. Thus, the

recursive 𝜆 terms can be used together with the 𝑝𝑘,𝑡 terms to

define the probability of any pair of a release (ie, initial release

or a subsequent release after a recapture) and the next recap-

ture.

The second recursive term represents the probability that

an individual (re-)released at station 𝑘 on stratum 𝑡 is never

observed again. Letting 𝜒𝐾,𝑡 = 1, we have

𝜒𝑘,𝑡 =(1 − 𝜙𝑘,𝑡) + 𝜙𝑘,𝑡

𝑇∑
𝑢=𝑡

𝛼𝑘,𝑡,𝑢(1 − 𝑝𝑘+1,𝑢)𝜒𝑘+1,𝑢

for 0 ≤ 𝑘 < 𝐾 (2)

Thus, 𝜒𝑘,𝑡 defines the probability that an individual is last cap-

tured at the station 𝑘 on stratum 𝑡, as the nested sums of mutu-

ally exclusive probabilities of dying prior to reaching the next

station or of surviving but passing the next station uncaptured

on a subsequent stratum.

Letting 𝐲 denote the entire set of observed capture histories

and 𝜃 the entire set of parameters, the observed data likelihood

can then be expressed as follows:

𝑃 𝑟(𝐲|𝜃) ∝ 𝐾−1∏
𝑗=0

𝐾∏
𝑘=𝑗+1

𝑇∏
𝑠=1

𝑇∏
𝑡=𝑠

(𝜆𝑗,𝑘,𝑠,𝑡𝑝𝑘,𝑡)𝑚𝑗,𝑘,𝑠,𝑡 ×
𝐾∏
𝑘=0

𝑇∏
𝑡=1

𝜒
𝑙𝑘,𝑡

𝑘,𝑡

(3)
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2.3 Parameter functional form

The model as written in (3) can be fitted to data by assuming

complete independence of all fundamental parameters subject

only to the constraints defined in Section 2.1. However, such

a model is likely to contain unidentifiable parameters. Even

if all parameters are identifiable, such completely unpooled

estimates will be unbiased but have high variance, espe-

cially for strata in which few individuals are captured. At the

other extreme, the model could be fitted by completely pool-

ing survival and capture probability estimates across strata

(eg, 𝜙𝑘,𝑡 = 𝜙𝑘, 𝑝𝑘,𝑡 = 𝑝𝑘 ∀𝑡). This completely pooled model

is equivalent to the standard space-for-time CJS model with an

ancillary travel time model (Appendix A in Supporting Infor-

mation). In between these two extremes, numerous reduced

parameter models can be explored with more or less pooling

of estimates. In particular, relationships between temporally

stratified survival, capture, and/or arrival probabilities, and a

set of temporally stratified covariates can be evaluated by sub-

stituting the appropriate terms of (1) and (2) with regression

formulae. Many model structures are possible; in this section,

we briefly highlight a handful of potential forms.

First, we outline a hierarchical logistic regression equation

as a common and flexible form for modeling survival and cap-

ture probabilities as a function of strata-specific covariates,

while accounting for extra variance among strata. That is:

log
(

𝜃𝑘,𝑡

1 − 𝜃𝑘,𝑡

)
= 𝛽𝜃𝑘,0 + 𝛽𝜃𝑘,1𝑍𝑘,𝑡,1 +⋯ + 𝛽𝜃𝑘,𝑝𝑍𝑘,𝑡,𝑝 + 𝜖𝜃𝑘,𝑡

(4)

where 𝜃𝑘,𝑡 is either the survival (𝜙) or capture probability

(𝑝) of station 𝑘 on stratum 𝑡, 𝛽𝜃𝑘 ’s are generic regression

coefficients specific to either 𝜙 or 𝑝 at station 𝑘, and 𝑍𝑘,𝑡’s

are generic temporally-stratified covariates specific to sta-

tion 𝑘 at time 𝑡 (eg, daily streamflow, temperature, etc.), and

𝜖𝜃𝑘,𝑡 ∼ 𝑁(0, 𝜎2
𝜃𝑘
) are unexplained deviations from the regres-

sion mean. This formulation results in a partial pooling of esti-

mates toward the mean determined by the covariate data while

allowing for some dispersion from that mean. A single-level

regression formulation can be obtained by omitting the 𝜖𝜃𝑘’s

which will result in a greater pooling of survival or capture

probabilities, as these will be determined only by the covari-

ate relationships.

Second, arrival probabilities may be obtained by modeling

the travel time between the departure station and the arrival

station. For example, Schwarz and Dempson (1994) assumed

travel times between stations follow a discretized truncated

log-normal distribution, where the parameters of the travel

time distribution can be related to covariates at release or the

next most upstream station. However, the arrival distribution

of migrating animals is unlikely to exactly follow any single

parametric distribution. Therefore, we consider including

process error in the arrival probabilities to allow for devia-

tions from the log-normal form (Sethi and Bradley, 2016).

For example, arrival probabilities can be flexibly modeled

using a log-normal kernel evaluated at the midpoint of each

strata with log-normally distributed process error:

𝛼𝑘,𝑠,𝑡 =
1

𝑡−𝑠+0.5𝑒

(
−(𝑙𝑜𝑔(𝑡−𝑠+0.5)−𝜇𝑘,𝑠)2

2𝜓2
𝑘

+𝜖𝑘,𝑠,𝑡

)

∑𝑇

𝑡=𝑠
1

𝑡−𝑠+0.5𝑒

(
−(𝑙𝑜𝑔(𝑡−𝑠+0.5)−𝜇𝑘,𝑠)2

2𝜓2
𝑘

+𝜖𝑘,𝑠,𝑡

) (5)

where 𝜇𝑘,𝑠 is the log mean and 𝜓𝑘 is the log standard

deviation of travel time between location 𝑘 and 𝑘 + 1 for

individuals departing on stratum 𝑠, and 𝜖𝑘,𝑠,𝑡 ∼ 𝑁(0, 𝜎2
𝛼𝑘
) are

random effects that allow the arrival probabilities to deviate

from the log-normal kernel. This formulation assumes that

the log standard deviation of travel time and the standard

deviation of the random effects are shared among departure

strata at the same location, but that the log mean travel

time differs. Information on the log mean travel time can

be shared among departure strata through partial pooling

in a hierarchical linear regression of the form similar to the

hierarchical logistic regression of (4).

2.4 Implementation and simulation study

We implemented the probability model in the Stan probabilis-

tic programming language (Carpenter et al., 2017). Stan uti-

lizes an adaptive form of Hamiltonian Monte Carlo (Neal,

2011) to more efficiently perform Bayesian inference than

earlier software (eg, BUGS). Stan is under active development

with a growing user base, increasingly including researchers

in ecology and fisheries (Monnahan et al., 2017). Efficien-

cies in Stan are gained through vectorization, thus we stored

parameters as a series of vectors and matrices and used matrix

multiplication to calculate the terms of the log-likelihood

(Fujiwara and Caswell, 2002).

We verified our model code by first running models on sim-

ulated data with known parameter values. For computational

efficiency, we chose to simulate a relatively small dataset

using logistic and linear regression formulas to relate the strat-

ified probabilities to arbitrary covariate data. Full details of

the simulation and explanation of the model code are avail-

able in Appendix C in Supporting Information, but we briefly

describe our approach here. We simulated a release of 20 000

individuals spread among 20 release groups that could be cap-

tured on 100 strata at four monitoring stations after releases.

Release groups were assigned a release stratum within the first

30 strata. Time-series covariate data were simulated using the

arima.sim function in R with various levels of autocorrela-

tion. Survival probability (𝜙𝑘,𝑡), log mean travel time (𝜇𝑘,𝑡),
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and capture probabilities (𝑝𝑘,𝑡) were determined by logistic

and linear relationships to the covariate data resulting in 31

total parameters. The coefficient values were chosen arbitrar-

ily, but we did impose an inverse relationship between sur-

vival probability and log mean travel time by relating each

parameter to the same covariates but choosing coefficients

of an opposite sign. This reflects the biological reality that

when fish take more time to migrate, their risk of preda-

tion increases which decreases survival. Arrival probabilities

(𝛼𝑘,𝑠,𝑡) were simulated using a truncated log-normal distri-

bution with a constant log standard deviation shared among

strata (𝜓𝑘).

Posterior intervals of regression parameters were compared

to the supplied simulation values to assess whether the model

approximated the nominal frequentist confidence coverage

rate. For each instance of simulated data and each parame-

ter, we checked whether the true value of the parameter was

within the 80% posterior interval, that is, greater than the

10th percentile and less than the 90th percentile of the pos-

terior sample. We then compared the number of simulation

instances where this was true to the total number of instances.

We used the 80% posterior interval, rather than 90% or 95%,

due to the greater accuracy of estimates of posterior probabil-

ities nearer to 0.5 with a small number of posterior samples

(Gelman et al., 2014).

For all parameters, the nominal coverage rate was achieved.

Across 500 simulation instances, the true value was within

the 80% posterior interval between 75% and 85% of the

time for all 31 parameters. We note that this was true even

for the regression parameters for survival to and capture

at the last station. Thus, our simulation demonstrates that,

unlike in the standard CJS model, in our temporally stratified

model survival and capture at the last occasion can be

separately identifiable.

3 APPLIED EXAMPLE

3.1 Study design and data

The Chinook salmon, Oncorhynchus tshawytscha, is a

migratory fish native to rivers and streams draining into the

Northern Pacific Ocean. This culturally and commercially

important fish begins life in freshwater rivers and streams

where the young of year emerge from egg nests (“redds”) in

early spring. These fish exhibit at least two distinct juvenile

life histories: rearing in natal waters either for a few months

(subyearling) or over a year (yearling) before migrating to

the ocean where they spend several years before returning to

their natal waters to spawn. In the Snake River—a tributary

of the Columbia River draining watersheds in the US States

of Wyoming, Nevada, Idaho, Oregon, and Washington—the

development of the Federal Columbia River Power System

has impacted the habitat and altered the migration dynamics

of this species. During their migration, Snake River Chinook

salmon encounter four hydroelectric dams on the Snake

River—Lower Granite, Little Goose, Lower Monumental,

and Ice Harbor—and another four on the mainstem Columbia

River—McNary, John Day, The Dalles, and Bonneville. After

the listing of the spring and fall runs under the Endangered

Species Act in 1992, enormous resources were devoted to the

study, management, and recovery of Snake River Chinook

salmon with a large focus on dam passage.

To aid in recovery efforts, management agencies adopted

PIT technology to monitor survival and migration timing with

large-scale mark–recapture studies. PIT-tags can be inserted

in juvenile Chinook salmon as small as 60 mm with minimal

impact on growth and survival. Seven of the eight dams listed

above are equipped with PIT detection capability as part of

their juvenile fish passage systems. The passage systems are

operated beginning in the early spring of each of year through

the late fall. Only fish that enter the passage systems can be

detected, but fish may also pass each dam over the spillways

(only when water is being spilled) or through the turbines. A

portion of fish that enter the passage systems of Lower Gran-

ite, Little Goose, Lower Monumental, and McNary may be

removed and diverted to barges or trucks to be transported

past Bonneville Dam—the furthest downstream dam on the

Columbia River.

We applied our model to data from subyearling fall Chi-

nook salmon released upstream of Lower Granite in the Snake

River in the early spring and summer of 2005. We chose

this year because of the large number of PIT-tagged fish

released (𝑁 = 202, 672) and because of wide variation in

dam operations, most notably in the amount of water passed

over spillways. PIT-tagged fish released upstream of Lower

Granite consisted of both natural-origin and hatchery-origin

individuals spanning several release site and dates. Natural-

origin fish were initially captured with a beach seine in

the Snake and Clearwater Rivers and any fish larger than

60 mm was PIT tagged and released. Release groups were

formed by grouping fish by release site and day with ear-

liest release occurring on April 19, 2005, and the last on

August 3 resulting in 75 distinct release groups ranging in

size from 1 to 1024 individuals (median: 44) for a total

of 10 514 natural-origin fish. Hatchery-origin fish were also

grouped by release site and day, but because hatchery fish

can easily be tagged and released en masse, the number of

release groups was smaller, each with larger numbers of fish.

There were 27 distinct hatchery release groups ranging in

size from 1687 to 17 995 individuals (median: 4500) with

release dates ranging from April 28 to July 8 for a total of 192

158 hatchery-origin fish. Capture and recapture information

were downloaded from PTAGIS (2018). Daily dam operations

of discharge and spill at each dam were downloaded from

DART (2018).
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3.2 Model construction

We focused on the estimation of daily capture and survival

probabilities at the Snake River dams. Therefore, we modeled

capture histories between release and McNary—the first dam

these fish encounter in Columbia River. Fish passage facilities

at each dam were operated for slightly different but overlap-

ping time periods in 2005. Lower Granite was operated from

March 25 to October 31, Little Goose from April 1 to Octo-

ber 31, Lower Monumental from April 1 to October 1, and

McNary from March 28 to December 4. Prior to and after

these periods, capture probability was zero at each dam. We

used a common time frame of April 19 (date of first release)

to October 31 at the first three dams, and to December 4 at

McNary, divided into daily strata. Fish captured and removed

for transport at Lower Granite, Little Goose, or Lower Mon-

umental were identified based on the location of the last PIT

detection within each fish passage facility (PTAGIS, 2018).

We fitted three models of increasing complexity to the

observed data. We refer to these models as A “Complete

Pooling”, B “Single Level Regression”, and C “Hierarchi-

cal Regression” based on the model structure for daily sur-

vival and capture probabilities and log mean travel times

at each dam. Our focus here is on the temporally strati-

fied process of capture, survival, and arrival timing for each

dam rather than the parameters from release to first recap-

ture. However, because we combine data from natural and

hatchery-origin fish with different life histories and released

at widely dispersed locations, it is necessary to minimally

account for differences among groups in survival and travel

time to Lower Granite (see Appendix B in Supporting Infor-

mation for changes to the likelihood necessary to accommo-

date release group indexing). Thus, for all models, including

the “complete pooling” model, separate regression models for

survival and log mean travel time from release to Lower Gran-

ite were fitted to natural and hatchery releases. For models A
and B, survival and log mean travel time were each related

to release site and release day of year and their interaction

for natural-origin release groups using a logistic and linear

regression, respectively. For hatchery-origin release groups,

survival and log mean travel time were related to hatchery

facility and release site (combined into a single categorical

variable) and the release day of year. To reflect the varying

distances of release sites from the dam, separate log standard

deviations for arrival probabilities at Lower Granite were esti-

mated for each release site, but shared among groups with the

same release site. Model C modified the regressions of mod-

els A and B by adding a normally distributed random effect to

survival and log mean travel time regressions for each release

group with common variance of the random effect among all

groups, as in Equation (4). Arrival probabilities were modi-

fied by adding process error to the log-normal kernel, as in

Equation (5).

Model A assumed that survival and capture probabilities,

and log mean travel times were constant among strata at each

dam, but differed among dams (ie, 𝑝𝑘,𝑡 = 𝑝𝑘, 𝜙𝑘,𝑡 = 𝜙𝑘, 𝜇𝑘,𝑡 =
𝜇𝑘 ∀𝑡). This model is equivalent to a standard CJS model with

a jointly estimated travel time model. Model B consisted of

a series of logistic and linear regressions relating 𝑝𝑘,𝑡, 𝜙𝑘,𝑡,

and 𝜇𝑘,𝑡 to daily discharge and spill and their interaction at

dam 𝑘. Model C extended the regressions of the model B to a

hierarchical framework for each component of the model as in

Equation (4) with flexible arrival probabilities as in Equation

(5). For all three models, the log standard deviation of travel

time was estimated separately for each dam, but shared among

strata at each dam. Detailed model specification is presented

in Appendix E in Supporting Information.

We used prior predictive checks to select priors for all

parameters. Priors were chosen to be consistent across mod-

els and to encompass a wide range of reasonable parameter

values (Appendix E in Supporting Information). The prior

for the intercept term of logit(𝜙) and logit(𝑝) was Student’s

𝑡-distribution with 𝑑.𝑓 . = 7, 𝜎2 = 2 for all models, where

model 𝐴 was parameterized using an intercept-only logistic

regression form. Normal priors for 𝜇 (mean = 2 to 3, sd = 1)

and half-normal for 𝜓 (mean = 0, sd = 1) were chosen. These

relatively compact priors ensured prior arrival probabilities

encompassed all possible strata, but avoided large numbers

of fish arriving at the end of the monitoring period in the

prior predictive check. Covariates of release day, discharge,

and spill were standardized and priors for regression covari-

ates for 𝜙, 𝜇, and 𝑝 were a mixture of standard normal and

Student’s 𝑡-distribution (𝑑.𝑓 . = 7). Half-normal priors were

used for random effect standard deviations. For all three mod-

els, capture probability at Lower Monumental was set to zero

after October 1 (strata 167 to 196).

We assessed the adequacy of each fitted model using pos-

terior predictive checks. Posterior predictive checks simu-

late the entire data-generating process and compare replicated

data simulated under the model to the observed data to evalu-

ate lack of fit in one or more dimensions (Gelman et al., 2014).

We replicated capture histories for each individual released

and each draw from the posterior simulation. We compared

the total number of individuals captured over all strata at each

station and the number of individuals captured at each station

on each stratum between replicated and observed data.

We used leave-one-out cross validation with Pareto-

smoothed importance sampling (PSIS-LOO) to rank mod-

els based on pointwise out-of-sample prediction accuracy

(Vehtari et al., 2017). Recently developed, PSIS-LOO is a

robust alternative to more familiar information criteria statis-

tics (eg, AIC or DIC) and PSIS-LOO has a number of advan-

tages over other methods. For example, AIC does not work

well with hierarchical models or with strongly informative pri-

ors. DIC does not work well when the posterior mean sub-

stantially differs from the posterior mode, but the primary
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T A B L E 1 Expected log pointwise predictive density (ELPPD), standard error (SE) of ELPPD, difference in ELPPD from the top model, and

standard error of the difference using approximate leave-one-out cross-validation with Pareto smoothed importance sampling

Model ELPPD SE ELPPD ELPPD Difference SE Difference
Hierarchical regression −313950.7 1299.1 0.0

Single-level regression −330464.7 1371.6 −16514.0 209.1

Complete pooling −340501.8 1420.6 −26551.1 272.7

advantage is that PSIS-LOO uses the entire posterior distri-

bution rather than a point estimate (Gelman et al., 2014). We

retained the log likelihood for each individual capture history

for each draw of the posterior simulation to calculate PSIS-

LOO.

We used five chains per model each with a warmup of

1000 iterations, followed by sampling for 1000 iterations for

a total of 5000 posterior draws. Each model took between 12

and 40 h to fit on a desktop computer (Intel Core i7-6920,

64 GB RAM). Stan provides a robust set of diagnostics to

assess model convergence. We checked that no chain con-

tained divergent transitions and monitored the Gelman–Rubin

statistic (�̂�) as well as traceplots to ensure convergence with

a target �̂� < 1.05. The effective sample size varied among

models and parameters within models; the average number

of effective samples for the main parameters was 3109, 5446,

and 1168 for models 𝐴, 𝐵, and 𝐶 , respectively.

4 RESULTS

Posterior predictive checks demonstrated lack of fit for two of

the three models we considered. Although, all three models

adequately replicated the total number of individuals captured

overall at each dam, the complete pooling model and single-

level regression model failed to replicate the daily number of

fish captured, providing evidence for lack of fit to the time-

stratified capture data. For example, the posterior predictive𝑃

value for the total number of individuals captured at each dam

took extreme values for only McNary Dam in the complete

pooling model (posterior 𝑃 value = 0.98) and for only Lower

Granite dam in the single-level regression model (posterior 𝑃

value= 0.038). However, in the replicated data, the daily num-

ber captured under both the complete pooling model and the

single-level regression model tended to over- or under-predict

the observed number with only a small proportion of days hav-

ing a posterior P value between 0.05 and 0.95 (Appendix F in

Supporting Information). In contrast, under the hierarchical

model, the 90% posterior interval for the replicated daily num-

ber captured contained the observed data for all daily strata

at all dams. Model comparison using PSIS-LOO comported

with the posterior predictive checks; the hierarchical regres-

sion model had the highest expected log pointwise predictive

density and the difference between models was larger than the

standard error of the difference (Table 1). Thus, we selected

the hierarchical regression model over the complete pooling

and single- level regression models as a basis for inference.

The model’s structure allows us to draw inference about

temporal variation in a wide set of parameters. We present

here only the parameters related to daily capture and survival

probabilities and log mean travel time at each of the four

dams (Table 2, Figures 1–4). Parameter estimates and fig-

ures describing survival and travel time distributions for each

release group from release to Lower Granite dam are available

in Appendix H in Supporting Information.

Estimates of regression coefficients indicated that cap-

ture probability decreased in response to both decreasing dis-

charge and increasing spill at all four dams (Table 2). The

coefficient for the interaction of discharge and spill was neg-

ative at all four dams, indicating that the increase in capture

probability associated with increased discharge is muted dur-

ing times of spill (Appendix H in Supporting Information).

These effects are clearly demonstrated with the steep drop in

capture probability at Lower Granite, Little Goose, and Lower

Monumental with the increase of spill in mid-June (Figures 1–

3). At Little Goose, Lower Monumental, and McNary dams,

capture probability estimates increased with the cessation of

spill after September, but remained depressed at Lower Gran-

ite. Estimates of the standard deviation of daily random effects

for capture probabilities at all four dams indicate that capture

probabilities are more variable than can be explained by the

covariates alone (Table 2).

Survival probabilities were less clearly affected by changes

in discharge and spill. Discharge had a positive effect on sur-

vival at Lower Granite and Little Goose. At Lower Granite,

the effect of spill was also positive, while the interaction of

spill and discharge was negative (Table 2). This implies that

the survival benefit of increased spill decreases as discharge

increases at Lower Granite. Figure 1 depicts the daily esti-

mates of survival including the random effect terms and shows

increased survival with onset of spill in mid-June, but the ear-

lier period of spill under higher discharges in mid-May coin-

cided with a period of lower survival. At Little Goose, the

90% credible interval for both the effect of spill and its inter-

action with discharge contained zero (Table 2). Daily esti-

mates of survival from Little Goose to Lower Monumental

were consistently high with the highest survival estimates

coinciding with the period of high discharge, but a slight

increase in survival occurred with the onset of summer spill

(Figure 2). Finally, estimates of survival from Lower
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T A B L E 2 Posterior mean [90% credible interval] for temporally stratified parameters of survival (𝜙), capture probability (𝑝), and arrival

probabilities (𝛼) at Lower Granite, Little Goose, Lower Monumental, and McNary dams for the hierarchical regression MSMR fitted to subyearling

fall Chinook salmon released upstream of Lower Granite Dam in 2005. 𝛽’s are logistic and linear regression coefficients for the respective parameter

at each dam, and 𝜎’s are the standard deviation of the random effect. 𝜓 is the log standard deviation of travel time between dam 𝑘 and 𝑘 + 1. (Int) is

the intercept of the logistic or linear regression, (Q) is centered and scaled daily discharge at the respective dam, (% Spill) is the percentage of

discharge passing through the spillways, and (Q × Sp.) is the interaction of spill and discharge

Parameter Lower Granite Little Goose Monumental McNary
𝛽𝑝𝑘,0 (Int) −1.59 [−2.0, −1.2] −0.35 [−0.7, 0.0] −0.80 [−1.3, −0.3] 0.75 [0.2, 1.4]

𝛽𝑝𝑘,1 (Q) 1.54 [1.2, 1.9] 0.51 [0.3, 0.7] 0.33 [0.1, 0.6] 1.74 [1.2, 2.3]

𝛽𝑝𝑘,2 (% Spill) −4.15 [−5.1, −3.3] −3.56 [−4.6, −2.5] −4.58 [−5.5, −3.7] −5.90 [−7.4, −4.4]

𝛽𝑝𝑘,3 (Q × Sp.) −0.87 [−2.0, 0.2] −1.68 [−2.9, −0.6] −0.61 [−1.6, 0.3] −1.11 [−2.0, −0.3]

𝜎𝑝𝑘 1.82 [1.6, 2.0] 0.89 [0.8, 1.0] 0.82 [0.7, 1.0] 0.46 [0.2, 0.7]

𝛽𝜙𝑘,0 (Int) −2.20 [−2.7, −1.7] 0.66 [0, 1.4] 1.32 [0.3, 2.4]

𝛽𝜙𝑘,1 (Q) 1.47 [1.1, 1.8] 0.79 [0.3, 1.4] −0.45 [−1.0, 0.1]

𝛽𝜙𝑘,2 (% Spill) 0.44 [−0.6, 1.5] 0.12 [−1.3, 1.6] −0.97 [−3.2, 1.0]

𝛽𝜙𝑘,3 (Q × Sp.) −0.03 [−1.2, 1.1] 1.95 [0.0, 4.3] 0.18 [−1.2, 1.6]

𝜎𝜙𝑘
2.23 [1.9, 2.6] 0.39 [0.1, 0.8] 1.25 [0.7, 2.0]

𝛽𝜇𝑘,0 (Int) 2.87 [2.6, 3.1] 1.91 [1.7, 2.1] 2.59 [2.4, 2.8]

𝛽𝜇𝑘,1 (Q) −0.23 [−0.4, −0.1] −0.16 [−0.3, −0.1] −0.36 [−0.5, −0.2]

𝛽𝜇𝑘,2 (% Spill) −1.86 [−2.4, −1.3] −0.61 [−1.2, 0.0] −1.41 [−2.1, −0.8]

𝛽𝜇𝑘,3 (Q × Sp.) 0.35 [−0.1, 0.8] 0.26 [−0.4, 0.9] 0.95 [0.2, 1.7]

𝜎𝜇𝑘 0.57 [0.5, 0.7] 0.25 [0.2, 0.3] 0.56 [0.5, 0.7]

Monumental to McNary had wide posterior intervals, perhaps

due to weak identifiability of survival to and detection at the

final monitoring station (Figure 3).

5 DISCUSSION

In this article, we introduced a new MSMR model that extends

the space-for-time CJS model for migratory fish to include

temporally stratified capture and survival probabilities that

can be related to a matching time-series of covariates and sup-

ports inclusion of random effects in a Bayesian framework. By

modeling the arrival timing of individuals on each strata with

a discretized travel time distribution, we were able to inte-

grate over unobserved travel times to construct the observed

data likelihood. The observed data likelihood allowed us to

use Stan, a modern statistical programming language for effi-

cient Bayesian inference to fit, critique, and compare models

with hundreds of thousands of individuals and thousands of

random effects.

Understanding drivers of temporal variation in demo-

graphic parameters is a central goal of mark–recapture analy-

sis (Lebreton et al., 1992). In the standard CJS model, tempo-

ral sampling occasions naturally allow such variation because

all individuals are sampled at the same point in time and

experience the same factors affecting survival. In contrast, in

space-for-time CJS, individuals pass through a given spatial

region at different points in time and experience different con-

ditions likely to affect capture probability or survival. Thus,

the space-for-time CJS framework is unable to quantify tem-

poral variation because parameters are implicitly integrated

over time. One strategy to overcome this limitation is to exam-

ine variation in survival among groups released at different

points in time (Smith et al., 2003). However, such an approach

requires environmental covariates to be averaged over time

for each release group (days to weeks), which could obscure

underlying patterns of variation operating at finer time scales

(eg, daily). Our model overcomes these limitations by explic-

itly modeling the migration process simultaneously with sur-

vival and detection processes, thereby allowing parameters to

be temporally stratified at a resolution appropriate for evalu-

ating key biological hypotheses.

Given the flexibility of our model, the analytical work-

flow is correspondingly complex. Even our relatively mod-

est example contained over a dozen submodels, each with

a choice of functional form (eg, logistic and linear regres-

sion), covariates, and distributional assumptions (eg, normal

random effects, lognormal travel-time kernel). Thus, in any

applied analysis, the set of potential models that can be con-

sidered is enormous, while the set of models that can be prac-

tically explored is much smaller. Implementing our model in

Stan allowed us to efficiently fit three models to a dataset con-

taining over 200 000 individuals, but model run times for the

applied example were still on the order of 12 to 40 h. Thus,

applying our model requires even more emphasis than usual

on the statistical practices of exploratory data analysis, a priori
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F I G U R E 1 Observed data and parameters for Lower Granite dam (station 𝑘 = 1). Top panel is the observed number of fish captured per day at

Lower Granite. Second panel is the posterior mean of daily capture probability (𝑝1,𝑡) and 90% credible interval. Middle panel is the posterior mean of

daily probability of survival (90% credible interval) to Little Goose dam for fish passing Lower Granite on each day (𝜙1,𝑡). Fourth panel is posterior

mean of the daily log mean travel time to Little Goose dam (90% credible interval) for fish passing Lower Granite dam on each day (𝜇1,𝑡). Bottom

panel is daily discharge at Lower Granite with shaded area representing the amount of discharge passing through the spillways

specification of detailed research questions, and experimental

design. Additionally, the model can be expanded to incorpo-

rate auxiliary data. For example, daily capture probabilities

can be used to expand daily sample counts of fish captured in

a dam’s bypass system to estimate daily passage abundance.

Our model assumes that all individuals arriving at a moni-

toring station on a given stratum have the same capture prob-

ability, survival probability, and travel-time distribution to

the next monitoring station. This assumption may be vio-

lated if individuals behave differently because of measurable

differences between individuals (eg, capture probabilities for

smaller fish differ from larger fish). A potential consequence

of this violation is that strata-specific capture or survival prob-

abilities may be overdispersed and the corresponding estimate

for a particular stratum too precise. It is possible to restructure

the likelihood of Section 2.2 to incorporate individual-level
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F I G U R E 2 Observed data and parameters for Little Goose dam (station 𝑘 = 2). Top panel is the observed number of fish captured per day at

Little Goose. Second panel is the posterior mean of daily capture probability (𝑝2,𝑡) and 90% credible interval. Middle panel is the posterior mean of

daily probability of survival (90% credible interval) to Lower Monumental dam for fish passing Little Goose on each day (𝜙2,𝑡). Fourth panel is

posterior mean of the daily log mean travel time to Lower Monumental dam (90% credible interval) for fish passing Lower Granite dam on each day

(𝜇2,𝑡). Bottom panel is daily discharge at Lower Monumental with shaded area representing the amount of discharge passing through the spillways

covariates. However, the computational cost of fitting such a

model may be too great for practical inference for even mod-

erately large datasets. Thus, improving the efficiency of the

algorithm for calculating the observed data likelihood remains

an important avenue of future work.

As in the standard CJS model, survival probability in our

model should be interpreted as apparent survival in that it

represents the joint probability of surviving and migrating

within the time-period during which the monitoring stations

are active. Some fish may survive but migrate after the mon-

itoring period. For example, a small portion of Snake River

Fall Chinook express a “yearling” life-history, wherein they

overwinter in their natal tributaries or the Snake River and

migrate the following spring. For simplicity in demonstrating

our applied example, we did not extend our monitoring period

to the following spring because of the large gap in monitoring
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F I G U R E 3 Observed data and parameters for Lower Monumental dam (station 𝑘 = 3). Top panel is the observed number of fish captured per

day at Lower Monumental. Second panel is the posterior mean of daily capture probability (𝑝3,𝑡) and 90% credible interval. Middle panel is the

posterior mean of daily probability of survival (90% credible interval) to McNary dam for fish passing Monumental on each day (𝜙3,𝑡). Fourth panel is

posterior mean of the daily log mean travel time to Lower Monumental dam (90% credible interval) for fish passing Lower Monumental on each day

(𝜇3,𝑡). Bottom panel is daily discharge at Lower Monumental with shaded area representing the amount of discharge passing through the spillways

(from October 31 to March 26 of the following year) at the

Snake River dams. However, it is possible to specify a model

spanning 2 years (or any longer time period) to estimate true

survival by fitting an appropriate shape to the distribution of

arrival probabilities.

Our temporally stratified CJS model will allow researchers

to better explore and understand factors driving variation in

survival in space-for-time study designs. Although we demon-

strated an applied example with only four monitoring stations

with all fish released upstream of the first monitoring sta-

tion, the model can be extended to any number of monitor-

ing stations, strata, and release locations. Thus, our model

can be used to assess the effects of dam operations (eg, pass-

ing water over spillways) on survival of juvenile salmonids in

the context of entire river systems. Our method is applicable

to many regulated rivers where operational strategies can be
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F I G U R E 4 Observed data and parameters for McNary dam (station 𝑘 = 4). Top panel is the observed number of fish captured per day at

McNary dam. Middle panel is the posterior mean of daily capture probability (𝑝4,𝑡) and 90% credible interval. Bottom panel is daily discharge at

McNary with shaded area representing the amount of discharge passing through the spillways

contentious because they seek to minimize negative effects on

migratory fish while also providing water for power genera-

tion, transport, agriculture, and recreation.
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