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Abstract 7 

Acoustic telemetry studies often rely on the assumption that premature tag failure does not affect the validity 8 

of inferences. However, in some cases this assumption is possibly or likely invalid and it is necessary to 9 

apply a correction to estimation procedures. The question of which approaches and specific models are best 10 

suited to modeling acoustic tag failures has received little research attention. In this short communication, 11 

we present a meta-analysis of 42 acoustic tag-life studies, originally used to correct survival studies 12 

involving outmigrating juvenile salmonids in the Columbia/Snake river basin. We compare the performance 13 

of nine alternative parametric models including common failure-time/survival models and vitality models 14 

of Li and Anderson (2009 and 2013), which characterize demographic heterogeneity in the mortality of 15 

populations. The tag-life studies used acoustic tags from three different tag manufacturers, had expected 16 

lifetimes between 12 and 61 days, and had dry weights ranging from 0.22 to 1.65 grams. In 57% of the 17 

cases, the vitality models of Li and Anderson (2009 and 2013) fit the tag failure-times best. The vitality 18 

models were also the second-best choices in 17% of the cases. Together, the vitality models, log-logistic, 19 

(19%), and gamma models (14%) accounted for 90% of the models selected. Unlike more traditional 20 

failure-time models, the vitality models are capable of characterizing both the early onset of tag failure due 21 

to manufacturing errors and the anticipated battery life. We provide further guidance on appropriate sample 22 

sizes (50–100 tags) and procedures to be considered when applying precise tag-life corrections in release-23 

recapture survival studies. 24 
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Background 26 

Acoustic telemetry is a powerful tool for studying fish movement and survival (Jellyman 2009, Crossin et 27 

al. 2017). While many studies reasonably assume that tags do not fail during the study period (Melnychuk 28 

2010, Plumb et al. 2016), there are other studies with design limitations related to the size of the organism, 29 

duration of the study, and detection capability that make a degree of tag failure within a study unavoidable 30 

(Adams et al. 2012, Steig and Holbrook et al. 2009). Under these circumstances, it becomes necessary to 31 

correct for tag life expectancies in order to make reliable inferences (Cowen and Schwarz 2005, Townsend 32 

et al. 2006).  33 

Correcting for premature acoustic tag failures is particularly critical in estimating the survival of 34 

outmigrating juvenile salmonids at dams in major rivers (Harnish et al. 2012, Skalski et al. 2014, Skalski 35 

et al 2016a). Often in these studies, investigators apply single (Cormack 1964) and multistate (Buchanan et 36 

al. 2013, Perry et al. 2013) release-recapture models to estimate perceived survival, the joint probability of 37 

the fish and tag being alive from one detection point to another over time. These perceived estimates of 38 

survival are negatively biased in the presence of post-release tag failure (Arnason and Mills 1981), unless 39 

information on tag life or failure times is available for correction.  40 

The severity of bias from post-release tag failure is dictated by the temporal overlap between detections at 41 

the farthest interrogation site and the tag-failure distribution. However, even minor overlap may be 42 

consequential when estimates are required to meet specific standards. For example, federal hydropower 43 

operations in the Columbia River Basin must comply with minimum juvenile salmonid passage survival 44 

standards, which stipulate both a particular survival threshold and a minimum level of precision for 45 

estimates (Skalski et al. 2016b). The pattern of tag failure is known to vary across manufacturing lots, so it 46 

is advisable to conduct concurrent tag-life studies, in which a sample of tags is activated alongside active 47 

tags used in the survival study (Albert et al. 2010). These sampled tags are monitored by a hydrophone to 48 
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measure the time until failure, and a model is then fitted that represents the expected tag life and is used to 49 

correct survival estimates (Townsend et al. 2006).  50 

Some studies have modeled tag failure using nonparametric approaches (Cowen and Schwarz 2005, 51 

Holbrook et al. 2013), while Townsend et al. (2006) recommended a parametric approach to modeling the 52 

failure-time data, because if a parametric model is found that fits the empirical data the precision of the tag-53 

life corrected survival estimates is improved. There is a suite of traditional failure-time distributions to 54 

select from when performing tag-life corrections including gamma, Gompertz (1825), log-logistic, 55 

lognormal (Elandt-Johnson and Johnson 1980: 62–63), and Weibull (1939). Alternative models vary in 56 

flexibility and how well they fit failure-time data based on the number of parameters and the assumption of 57 

how risk of failure changes through time.  58 

A seemingly unlikely source for further model consideration comes from the study of population 59 

demographics and animal survival. Li and Anderson (2009, 2013) modeled death times as a survival process 60 

that depends on two components, a vitality-dependent process intrinsic to the individual and a vitality-61 

independent process associated with accidental death. These two processes are analogous to the propensity 62 

of battery failure and accidental manufacturing errors in modeling tag life. Because tag lots often have a 63 

mixture of these two sources of failure, the 4-parameter versions of these models ( “Vitality (2009)” and 64 

“Vitality (2013)” hereafter) have the potential to better model tag-failure times where simpler models 65 

cannot capture the complexity of the survival process. 66 

Here, in this short communication, we took the opportunity to evaluate the fit of alternative failure-time 67 

models to 42 different acoustic-tag life studies all conducted using the same protocol between 2002–2018. 68 

Our purpose was to thoroughly examine the relative performance of these models so as to provide guidance 69 

to investigators on the best candidate models and strategies for incorporating tag-life corrections into 70 

release-recapture survival studies of fish. 71 
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Methods 72 

We first describe the nine alternative models, then our procedure for evaluating goodness-of-fit (GOF) and 73 

ranking the performance of models for each study. We have limited our model descriptions to their general 74 

characteristics and relationships. Additional details on the conventional failure-time/survival models that 75 

we evaluated may be found in Lee and Wang (2003). The structure and motivation of the two 4-parameter 76 

Vitality models is thoroughly outlined in the Li and Anderson (2009) and Li and Anderson (2013).  77 

Tag-Failure Models 78 

The survival function begins with a value of 1 (i.e., 100%) at t = 0 and declines as a function of time. A 79 

survival function 𝑆𝑆(𝑡𝑡) can be formed from any positive continuous probability distribution via its 80 

cumulative distribution function 81 

𝑆𝑆(𝑡𝑡) = 1 − 𝐹𝐹(𝑡𝑡) 

where F(t) is the cumulative distribution function where, 82 

𝐹𝐹(𝑡𝑡) = � 𝑓𝑓(𝑡𝑡)𝑑𝑑𝑡𝑡
∞

0

 
 

and where f(t) is the density function. For reference, the hazard function is defined as 83 

ℎ(𝑡𝑡) =
𝑓𝑓(𝑡𝑡)
𝑆𝑆(𝑡𝑡)

 
 

and is also known as the instantaneous failure rate and characterizes the risk of failure over time (Lee and 84 

Wang 2003). The shape of the hazard function is often useful in selecting a failure-time model to a specific 85 

failure-time process (Table 1).  86 
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Table 1. Brief description of hazard functions for the nine failure-time models fit to the 42 sets of tag-life 87 

data plus the exponential function. 88 

Failure-time functions Hazard Function Description 

Exponential Constant over time 

Weibull(2) 

 

Linear or log-linear monotonic increase/decrease  

Weibull(3) 

 

Linear or log-linear monotonic increase/decrease with a shift that 

represents a guaranteed (“failure free”) period 

Log-normal Monotonic decrease or dome-shaped 

Log−logistic  

 

Monotonic decrease or dome-shaped. Allows for steeper decrease 

from apex than the log-normal 

Gompertz Constant initial hazard, which can remain constant or then have a 

quadratic increase/decrease 

Gamma Monotonic increase or decrease to a hazard rate of 1 

Generalized Gamma Monotonic increase or decrease to a specific hazard rate of 𝛼𝛼 

Vitality 2009 Initial hazard rate followed by a shift in rate 

Vitality 2013 Initial hazard rate followed by a shift in rate 

 89 

Perhaps the simplest parametric failure-time model is the exponential model, with survival function 90 

𝑆𝑆(𝑡𝑡) = 𝑒𝑒(−λ𝑡𝑡)  

where the hazard rate is constant and defined by λ. Acoustic tag-failure rate is not uniform over time; thus, 91 

the exponential model is a generally a poor choice for this application. We excluded the exponential model 92 

from our analysis for this reason. Nonetheless, the exponential model is an appropriate starting point as it 93 
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forms the basis of more complex failure-time models. The exponential distribution is a special case of the 94 

2-parameter Weibull distribution, with survival function 95 

𝑆𝑆(𝑡𝑡) = 𝑒𝑒−(λ𝑡𝑡)γ (1) 

which in turn is a special case of the 3-parameter Weibull distribution with survival function (Weibull 1939, 96 

Elandt-Johnson and Johnson 1980: 62) 97 

𝑆𝑆(𝑡𝑡) = 𝑒𝑒−�
𝑡𝑡−γ
λ �

β

 (2) 

with shape (β), scale (λ), and shift (γ) parameters. The shift parameter describes the endpoint of an initial 98 

“failure free” portion of the curve.  99 

Other common survival models that we considered were the 2-parameter gamma 100 

𝑆𝑆(𝑡𝑡) = �
λ

Γ(γ)
(λ𝑡𝑡)γ−1𝑒𝑒−λ𝑡𝑡𝑑𝑑𝑡𝑡

∞

𝑡𝑡
 (3) 

with γ shape and λ scale parameters and the 3-parameter generalized gamma (Stacy 1962, Khodabin and 101 

Ahmadabadi 2010) 102 

𝑆𝑆(𝑡𝑡) = �
αλαγ

Γ(γ)
𝑡𝑡αγ−1𝑒𝑒⌊−(λ𝑡𝑡)α⌋𝑑𝑑𝑡𝑡

∞

𝑡𝑡
 (4) 

which includes α, an intercept parameter. The hazard function of the 2-parameter gamma decreases or 103 

increases to 1, whereas the generalized gamma approaches the value of α. The exponential, gamma, and 104 

Weibull distributions are special cases of the generalized gamma distribution.  105 

The fifth distribution that we evaluated was the 2-parameter Gompertz distribution (Gompertz 1825), which 106 

is an extension of the exponential model that assumes the hazard rate increases exponentially with time or 107 

age. The survival function for the Gompertz model is 108 
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𝑆𝑆(𝑡𝑡) = 𝑒𝑒
�−𝑒𝑒

λ

γ (𝑒𝑒γ𝑡𝑡−1)�
 (5) 

where parameters λ and γ describe the intercept and slope of a log-linear regression equation for the hazard 109 

rate, respectively. 110 

We considered the 2-parameter lognormal survival model that has a dome-shaped hazard function  111 

𝑆𝑆(𝑡𝑡) = 1
σ√2𝜋𝜋

∫ 1
𝑥𝑥
𝑒𝑒�−

1
2σ2

⌈log(𝑡𝑡)−μ⌉2�𝑑𝑑𝑑𝑑∞
𝑡𝑡 , (6) 

with σ shape and μ scale parameters. The 2-parameter log-logistic has a similar shaped hazard function to 112 

the lognormal but allows for steeper declines from the apex 113 

𝑆𝑆(𝑡𝑡) =
1

1 + γ𝑡𝑡λ
 (7) 

with γ shape and λ scale parameters. 114 

The final two survival functions we examined were the 4-parameter vitality models. The Vitality (2009) 115 

model assumes a normal distribution of initial vitality across a batch of tags and a stochastic decline toward 116 

zero vitality. The survival function of the Vitality (2009) is defined as 117 

𝑆𝑆(𝑡𝑡) = 1 − �Φ�
1− 𝑟𝑟𝑡𝑡

√𝑢𝑢2 + 𝑠𝑠2𝑡𝑡
� − 𝑒𝑒�

2𝑢𝑢2𝑟𝑟2
𝑠𝑠4  + 2𝑟𝑟𝑠𝑠2�Φ�

2𝑢𝑢2𝑟𝑟 + 𝑟𝑟𝑡𝑡 + 1
√𝑢𝑢2 + 𝑠𝑠2𝑡𝑡

��

𝑒𝑒−𝑘𝑘𝑡𝑡

 (8) 

where  Φ = cumulative normal distribution 118 

𝑟𝑟 = wear rate, 119 

𝑠𝑠 = standard deviation in wear rate, 120 

𝑘𝑘 = rate of accidental failure, 121 

𝑢𝑢 = standard deviation in quality of original components. 122 
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The Vitality (2013) model has a slightly different parameterization that assumes the same stochastic decline 123 

in tag vitality but combined with a Poisson process of challenge events of varying difficulty across a tag’s 124 

lifetime. The survival function is 125 

𝑆𝑆(𝑡𝑡) =
𝑡𝑡−3 2⁄ 𝑒𝑒(1−𝑟𝑟𝑡𝑡)2/2𝑠𝑠2𝑡𝑡

𝑠𝑠√2𝜋𝜋 �Φ�1 − 𝑟𝑟𝑡𝑡
𝑠𝑠√𝑡𝑡

� − 𝑒𝑒2𝑟𝑟/𝑠𝑠2Φ �−1 + 𝑟𝑟𝑡𝑡
𝑠𝑠√𝑡𝑡

��
+ λ𝑒𝑒−(1−𝑟𝑟𝑡𝑡)/β (9) 

where  126 

𝑟𝑟 = rate of vitality loss (intrinsic), 127 

𝑠𝑠 = spread of initial and evolving vitalities (intrinsic), 128 

λ = frequency of challenges during life (extrinsic), 129 

β = magnitude of challenges (extrinsic). 130 

We hypothesized that one or both vitality models would tend to fit acoustic-tag failure times well, as they 131 

allow for early onset of random tag failure due to manufacturing as well as systemic battery failure later 132 

on. The random failure component, in addition to battery discharge, gives the vitality model additional 133 

flexibility to fit data not found in other models.  134 

Tag-Life Studies 135 

The 42 different tag life studies were all performed with the same study procedures. Tags were 136 

systematically sampled from the tag lots used in salmon smolt survival studies conducted within the 137 

Columbia River Basin, 2002–2018. Within each test, tags were activated and monitored with hydrophones 138 

continuously until complete failure of all tags. The tags were submerged in ambient water the same 139 

temperature as the tagged fish encountered during the survival studies. Failure times were recorded to the 140 

minute. The failure time analyses used the time-to-failure measured in days and fractions of days. 141 
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The various acoustic tags analyzed were manufactured by Advanced Telemetry Systems, Hydroacoustic 142 

Technology Incorporated, and Lotek, with 16, 25, and 5 separate tag-life evaluations, respectively. Mean 143 

tag lives ranged from 12 to 61 days and sample sizes ranged from 38 to 125 tags per study. Tag sizes ranged 144 

from 0.22 to 1.65 grams dry weight. Tags were set to emit acoustic pulses between 1 and 6 times per minute, 145 

depending on the specific needs of the study. 146 

Model Fitting and Comparison 147 

The failure time data from the different tag-life studies conducted between 2002–2018 were fit to the nine 148 

alternative failure-time models within the R programming language and free software environment 149 

(https://www.r-project.org). For the more conventional survival analysis models (1–7), we used model-150 

fitting routines in the “FAdist” and “flexsurv” R packages (Aucoin 2015, Jackson 2016). We fitted the two 151 

vitality models using routines available in the “Vitality” R package (Passolt et al. 2018). 152 

Because of the diversity of models that we examined and the fact that many of the distributions involved 153 

were non-nested, we had to devise new metrics for assessing GOF and ranking model performance. The 154 

exponential 2- and 3-parameter Weibull models and gamma and generalized gamma models are nested and 155 

as such can be compared using likelihood ratio tests (Kotz, Johnson, and Read 1983: 647–650). However, 156 

the Gompertz, log-normal, log-logistic, and vitality models are not nested among themselves or the others. 157 

Also, in this situation, Akaike information criterion (Burnham and Anderson 2002: 61–64) cannot be used 158 

because the approach requires the alternative models share the same distribution. 159 

Instead, we compared the various model fits to the empirical survival function using the nonparametric 160 

Kaplan-Meier (1958) product-limit method. The Kaplan-Meier (K-M) method estimates the survival 161 

function as 162 
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�̂�𝑆(𝑡𝑡) = � �
𝑛𝑛 − 𝑖𝑖

𝑛𝑛 − 𝑖𝑖 + 1
�

𝑡𝑡(𝑖𝑖)<𝑡𝑡

  
(10) 

where  163 

𝑛𝑛 = sample size, 164 

𝑖𝑖 = number of failures before time t.  165 

Relative GOF of the alternative parametric models was measured by the average squared deviation between 166 

the empirical K-M and the fitted model values (Figure 1) of S(t) across the n observed failure times, i.e.,  167 

 168 

𝐺𝐺𝐺𝐺𝐹𝐹 =
∑ ��̂�𝑆(𝑡𝑡𝑖𝑖) − 𝑆𝑆(𝑡𝑡𝑖𝑖)�

2𝑛𝑛
𝑖𝑖=1

(𝑛𝑛 − 𝑝𝑝 − 1)
  

(11) 

where  169 

 �̂�𝑆(𝑡𝑡𝑖𝑖) = survival value for parametric model at time t for the ith failure (𝑖𝑖 = 1,∙∙∙,𝑛𝑛),  170 

𝑆𝑆(𝑡𝑡𝑖𝑖) = K-M survival value at time t for the ith tag failure (𝑖𝑖 = 1,∙∙∙,𝑛𝑛),  171 

𝑝𝑝 = number of fitted model parameters.  172 

The number of parameters (p) serves as a penalty function for the number of estimated model parameters. 173 

The GOF was modeled after the mean square error for regression. The tag-failure model with the smallest 174 

GOF value was selected as the most appropriated. 175 

We also performed lack-of-fit tests as characterized by the K-M nonparametric curve (10). The test statistic 176 

for the Kolmogorov-Smirnov (K-S) test is the absolute value of the largest discrepancy between �̂�𝑆(𝑡𝑡𝑖𝑖) and 177 

𝑆𝑆(𝑡𝑡𝑖𝑖) anywhere along the fitted curve, i.e., 178 

𝐷𝐷 = MAX
𝑖𝑖=1,⋅⋅⋅,𝑛𝑛 ��̂�𝑆(𝑡𝑡𝑖𝑖) − 𝑆𝑆(𝑡𝑡𝑖𝑖)� . (12) 
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Whereas the traditional K-S test assumes the theoretical distribution being tested and its parameters are a 179 

priori specified, in our case, they were estimated from the data. Therefore, we used the approach of 180 

Lilliefors (1967), where the test distribution under the null hypothesis was simulated from the fitted model 181 

via parametric bootstrap. For each test performed, a random sample size n was drawn from the fitted 182 

survival functions and the value D calculated. This simulation process was replicated 50,000 times to create 183 

a distribution (Dsim) under the null hypothesis to which the observed statistic (D0) was compared. This 184 

number of simulations was selected to guarantee a precision of ± 0.004 in the estimated P-values 185 

(�𝑧𝑧0.975
2 ∙ 0.5 ∙ 0.5 50000⁄ ). Estimated P-values for the Lilliefors tests are reported in the supporting 186 

information, based on a α = 0.05 rejection criterion. Whereas GOF provided a measure of relative goodness-187 

of-fit to compare alternative models, the K-S test assessed whether there is a significant lack-of-fit of the 188 

selected model (i.e., Ho: model fits vs. Ha: model does not fit). By construct, the GOF and the D0 of the K-189 

S test are positively correlated. 190 

In addition to testing and comparing the fit of models with the procedures described above, we also judged 191 

the most competitive models based on how well they appeared to fit empirical data in the initial portion of 192 

the curve preceding the primary decline in tag-life associated with battery failure, which we term the 193 

“shoulder” of the curve. Evaluating fit in this portion of the curve was valuable because it represented the 194 

portion of the function most likely to overlap with the last few detections in the survival studies. 195 

Results 196 

In 24 of the 42 cases (57%), a vitality model (2009 or 2013) was selected as the best fit among the nine 197 

alternative parametric failure-time models evaluated. The log-logistic model was the second most common 198 

(19%) choice, followed by the gamma or generalized gamma (17%), Gompertz (5%), 3-parameter Weibull 199 

(2%), and log-normal (2%). In numerous cases there were little differences in GOF between first, second, 200 

or even third choices of survival models. The two versions of the vitality model (2009 and 2013) were 201 

found to be top-ranking with equal frequency (12 data sets each), suggesting that no one version was clearly 202 
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superior from the standpoint of model fit. Both version of the gamma model also performed equally well 203 

(3 data sets each). 204 

The vitality models often outperformed other candidates because they could account for both early failures 205 

defining the shoulder of the function and the later precipitous decline, presumably due to battery failure. 206 

The log-logistic model fit these initial failures better than the remaining candidate models, although their 207 

survival functions were almost always positioned above those of the vitality models in the shoulder of the 208 

curve. 209 

In all cases, the top-ranking survival model according to GOF was not rejected by the K-S test of lack-of-210 

fit (P < 0.05). However, we found the K-S test to be insensitive to lack-of-fit. The K-S test rejected a fitted 211 

model only 60 times out of 378 (15.9% = 42 data sets x 9 candidate models) despite visually obvious cases 212 

of lack-of-fit. Therefore, non-rejection of a K-S test should not be the sole criterion for model selection. 213 

Nevertheless, we found a strong inverse relationship between the natural log of GOF value and the P-value 214 

of the K-S tests (r = -0.79, P < 0.001). With P-values ranging from 0 to 1, P-values near 1 indicated smaller 215 

discrepancy between observed and fitted values of the failure-time data. Using the K-S maximum P-value 216 

as a criterion for model selection, the vitality models were again selected in 57% of the cases studied, 217 

followed again by the log-logistic model at 19%. 218 

In addition to being most frequently top-ranking, the vitality models also demonstrated considerable 219 

flexibility in the shape of the survival curves. We found that many of the tag-life datasets could be 220 

categorized as having a particular shape to which one of the conventional failure model was best suited. 221 

For example, gamma models tended to be top-ranking for data sets with survival curves resembling a half-222 

normal distribution. Although vitality models were not always top-ranking for these cases, they consistently 223 

provided a fit that was competitive with the top-ranking model (Figure 2).  224 

Discussion 225 
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Tagging studies with the objectives of describing fish movement and life history often do not include tag 226 

life studies as part of the investigation. Such studies are designed based on the anticipated life expectancy 227 

of the tags and the temporal requirements of the investigation (Adams et al. 2012). On the other hand, fish 228 

survival studies based on regulatory requirements with mandated survival thresholds will generally need to 229 

include formal tag-life studies (Skalski et al 2016a). Without the ancillary tag-life information, perceived 230 

survival estimates calculated by classic release-recapture models will be negatively biased by the presence 231 

of tag failure (Townsend et al. 2006, Holbrook et al. 2009). When actual fish survival is close to the 232 

regulatory thresholds, even small bias corrections can be consequential. For example, the compliance 233 

threshold for yearling Chinook salmon (Oncorhynchus tshawytscha) smolt survival through a hydroelectric 234 

project (i.e., reservoir plus dam) in the mid-Columbia River is typically ≥ 93%, with a 95% confidence 235 

interval on the survival estimate of ± 3% (Skalski and Bickford 2014, Skalski et al. 2012, Skalski et al. 236 

2016b). Here even small tag life corrections of less than a percentage point can be important.  237 

We found clear evidence to support the use of the vitality models for tag-life correction on the basis that 238 

these models were top-ranking in terms of GOF for the majority of data sets and exhibited a variety of 239 

survival function shapes that matched empirical tag-life data sets. The vitality models even tended to 240 

perform well when applied to the minority of tag-life data sets, which were discontinuous or had other 241 

aberrant characteristics. We do not recommend that model selection be based solely on the non-rejection 242 

of the K-S lack-of-fit test, as the test is rather conservative in the range of sample sizes (38 to 125) we 243 

evaluated. We instead recommend that investigators evaluate the GOF of their tag-life data to a suite of 244 

alternative survivorship models using both ocular and numerical evaluations of model fit. Among these, the 245 

alternative models should include vitality, log-logistic, and the gamma families of models. 246 

We found the Vitality (2009) model to be preferable to the Vitality (2013) model. The GOF measure did 247 

not suggest clear dominance of one version of the vitality model over another, our determination is instead 248 

based on what we viewed as a stronger theoretical foundation for Vitality (2009) as well as post hoc 249 

comparisons of the two models across all datasets. We found the tag-failure process to be more analogous 250 
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to the Vitality (2009) model, which assumes early failures as a result of a variability in initial vitalities in 251 

the population followed by a stochastic decline. While the Vitality (2013) has some similar properties, it 252 

further assumes that individuals encounter challenges of varying magnitude over a lifetime, which is not 253 

particularly representative of the process that acoustic tags undergo. Our second reason for favoring the 254 

Vitality (2009) model was that the survival curve for this model was less frequently above the K-M 255 

estimates in the shoulder of the curve than its counterpart.  256 

In our experience, the shoulder of the survivorship curve is where most of the tag-life correction occurs and 257 

therefore should be estimated with greatest accuracy. A common reason for the poor fit of many models 258 

was that the curve descended too early, “cutting off” the shoulder present in the empirical data. Proceeding 259 

with a model misspecified in this manner would result in an overcorrection of survival estimates. Poor fit 260 

in the shoulder of some the tag-life data was partly what motivated our experimentation with the vitality 261 

class of models. This shortcoming was common for all models that we compared with the exception of the 262 

vitality models and to a lesser extent the log-logistic model. In fact, Weibull, lognormal, and gamma models 263 

only properly fit tag-life datasets without any early outlying failures. The Gompertz model was somewhat 264 

exceptional in that it was competitive with the vitality models for 6 out of 42 (14%) in which the initial 265 

decline in tag-life was relatively steep.  266 

While providing tag-life corrected survival estimates are within the reach of all investigators, it remains the 267 

responsibility of individual studies to determine the appropriateness of collecting this expensive auxiliary 268 

information. It must be acknowledged that tag-life studies are costly and it is important that we discuss 269 

some of tradeoffs involved in choosing tag-life studies. Cost considerations occur at two levels. First, there 270 

is a question of a whether unique a tag-life study is warranted for a particular survival study. Second, there 271 

is a question of the number of tags that should be used. There are situations in which a single tag-life study 272 

may be applied to multiple survival studies, however, it may be necessary to adjust the tag-life correction 273 

protocol if the studies to which they are applied have dissimilar release schedules. We discuss this situation 274 

in greater detail below. With respect to the second consideration, tags cost approximately $200 each, 275 
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resulting in a total expenditure of between $10,000–$20,000, if 50–100 tags are used. In our experience 276 

with juvenile salmonid acoustic-tag studies, sample sizes for tag-life studies should range between 50–100 277 

tags. With 50 tags, the standard errors of the survival estimates are typically increased at the second and 278 

third decimal place. With 100 tags, the standard errors are changed at the third or fourth decimal place with 279 

the incorporation of the variability in tag-life data. Admittedly, not all studies warrant the degree of 280 

precision in survival estimates that the tag-life data sets in this study were intended to inform. However, it 281 

is worth noting that the lower the sample size the greater the chance that none of tags sampled for the tag-282 

life study will possess defects that are actually present in tag population, in which case the early-failure 283 

process will not be incorporated into the correction.  284 

Another important consideration when applying tag-life corrections is whether it is appropriate to perform 285 

a censored analysis of the tag-life data. There are at least two scenarios where a right-censored tag-life 286 

analysis may be useful and appropriate. The first scenario occurs when the tag-life study is 287 

stopped/truncated before the last tag failure. In this case, a right-truncated failure-time analysis is essential. 288 

Let T be the time of truncation, then the maximum likelihood estimates of the truncated model are based 289 

on the likelihood 290 

𝐿𝐿 ∝�𝑓𝑓(𝑡𝑡𝑖𝑖) ∙ 𝑆𝑆(𝑇𝑇)𝑛𝑛−𝑟𝑟
𝑟𝑟

𝑖𝑖=1

 
 

where r is the number of tags that failed on or before the truncation time T. A second truncation scenario 291 

can occur when observed fish travel times are relatively short compared to observed tag-failure times and 292 

it is more accurate and easier to model tag-failure times to some truncation point beyond the longest travel 293 

time. This truncation strategy is when traditional failure-time distributions have difficulty fitting both the 294 

shoulder and tail of the failure-time curve. When inferences near the tail of the failure-time distributions 295 

are unnecessary, a truncated right-tailed analysis may do a better job fitting the shoulder of the survivorship 296 

curve where travel times are likely more relevant. 297 
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Ideally, the duration of the survival studies should be timed to be completed while still in the left-hand 298 

shoulder of the tag-life curves. Should the duration of the survival study coincide with the right-hand 299 

cascade of tag failures, tag life corrections will be greater and consequences to precision more profound. In 300 

the case where the duration of the survival study exceeds the tag-life curve, tag life corrections will be 301 

underestimated and the survival estimates will remain negatively biased to an unknown extent. 302 

Consequently, despite the mathematical ability to account for tag failure, it remains important to coordinate 303 

duration of the field study with tag selection and function. Harnish et al. (2012) discussed an issue of tag-304 

life correction, unforeseen by Townsend et al. (2006). In their case, tag failures occurred so immediately 305 

and severely that it caused apparent negative bias in the distribution of arrival times. As a result, the 306 

recommended procedure for tag life correction applied too conservative of a correction.  307 

This paper describes a meta-analysis of the performance of various models in fitting tag-life data sets and 308 

draws on extensive experience related to the application of tag-life correction to juvenile salmonid 309 

survival studies. We direct investigators to the freeware Program ATLAS (Active Tag Life Adjusted 310 

Survival), which can be used to interactively examine alterative tag-life models (i.e., vitality, Weibull), 311 

perform truncated tag-life analyses, and obtain tag-life corrected fish survival estimates 312 

(http://www.cbr.washington.edu/analysis/apps/atlas).  313 

 314 
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GOF goodness-of-fit 

K-M Kaplan-Meir product limit method 

K-S Kolmogorov-Smirnov test of lack-of-fit 
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Figure 1. Illustration of Kaplan-Meier (K-M) nonparametric and a fitted parametric survival function and 479 

an observed deviation in survival values at the time of a failure event. The deviation in survival values is 480 

calculated at each time step in the K-M curve used in the GOF assessment (11)  481 

 482 

Figure 2. Four examples of tag failure datasets with curves representing top-ranking survival models based 483 

on our GOF measure versus the Vitality 2009 model. Each panel describes an example with the Kaplan-484 

Meier empirical estimates, the fit from the 2009 Vitality model and the top-ranked model according to our 485 

GOF measure (a) log-logistic (b) 3-parameter Gamma (c) Gompertz (d) and 2-parameter Gamma. 486 
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