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Abstract.—A common assumption in acoustic or radio telemetry studies is that tag 
transmission strength is homogeneous for a particular tag type, which in turn sup-
ports the assumption that detection ranges or mark–recapture detection probabili-
ties are homogenous among tagged fish. Variation among tags in acoustic intensity 
could reduce precision in detection probability estimates that do not account for it, 
and therefore possibly in the precision of survival or abundance estimates. Simple 
methods are suggested for quantifying variation in tag strength prior to tagging fish 
and incorporating these measurements into mark–recapture models. At little extra 
effort to the researcher, these measurements could explain part of the variation in 
detection probability estimates and therefore could increase the precision of survival 
or abundance estimates of migrating fish. This potential source of variation in detec-
tion probabilities was investigated in a case study with migrating salmon smolts. An 
index of tag strength was quantified while coded acoustic tags were activated prior 
to tagging fish. Detection and survival probabilities were estimated with standard 
mark–recapture methods for the downstream and early ocean migration. A model 
that included the tag strength index as an additive covariate of detection probabili-
ties had a reasonable level of support compared to a model without the index, sug-
gesting that this source of variation should not be ignored.

 
Introduction

Tagging studies are often used to estimate 
the abundance and/or important demographic 
parameters of a population such as survival 
rates. Estimates of these quantities of inter-
est must account for various nuisance param-
eters, the most common of which are capture 
or detection probabilities (p; the proportion 
of live, tagged animals that are captured or 

detected in a sampling period or location). 
Mark–recapture or tag-recovery models of-
ten make the simplifying assumption that in 
a given capture period or at a detection loca-
tion, tagged animals have the same probabil-
ity of being captured or detected (i.e., homo-
geneity in p).

In capture-mark–recapture studies that 
take place over time periods, animal behav-
ior often plays a role in capture probabili-
ties. The chance of being captured may vary 
among individual animals. Further, the prob-
ability of capture may change for a particular 
individual animal contingent upon previous 
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captures. Biases caused by such heterogene-
ity or behavioral change in capture probabili-
ties on survival or abundance estimates have 
long been recognized and methods have been 
developed to deal with them (e.g., Pollock 
1982; Pledger et al. 2003).

In capture-tag-detection studies for mi-
grating animals that take place over detection 
locations, which are similar from a statisti-
cal point of view (e.g., Burnham et al. 1987; 
Melnychuk 2009), animals are not re-cap-
tured following the initial tagging period. 
Instead, they are detected as they pass telem-
etry receiver stations (e.g., acoustic, radio, or 
PIT-tag detectors) deployed along migration 
routes. It is commonly assumed that hetero-
geneity in p at each station can be ignored in 
these cases as long as tag types, swimming 
speeds, and specific travel routes are similar 
among tagged animals. Also, since previous 
detection is not expected to affect the chance 
of detection at a particular station, ‘trap-de-
pendent’ behavior can be ignored.

Contrary to these commonly held assump-
tions, the acoustic intensity of tags might vary 
among the tagged animals of a population. 
A tag with a stronger output will transmit its 
signal further through water than one with a 
weaker output. For example, the maximum 
variation among VEMCO acoustic tags is 
about ± 4 dB around the average power output 
for a particular tag type, which could lead to 
about a 15–20% gain or reduction in expected 
detection range under normal ocean condi-
tions (Doug Pincock, VEMCO/Amirix, per-
sonal communication). If such variation exists 
and does affect range, stronger tags might be 
more likely to be detected by acoustic receiv-
ers. If this variation is consistent over time, 
with stronger tags consistently transmitting 
signals of greater intensity throughout their 
lifespan, they should consistently be detected 
with greater chance at detection stations along 
a migration route. Variation in tag strength 
could be due to variation in battery strength or 
electronic components of tags.

Here, I describe simple methods for quan-
tifying variation in acoustic intensity of trans-
mitters before they are implanted into study 
animals. I show how this information can later 
be incorporated as a covariate of detection 
probabilities in capture-tag-detection (hereaf-
ter, mark–recapture) analyses, which may lead 
to less biased and/or more precise estimates of 
survival and detection probabilities. In a case 
study, I tested the assumption of homogeneity 
in p among tagged fish that migrated past suc-
cessive receiver stations. Prior to tagging fish, 
I measured a relative index of tag strength. Af-
ter fish migrated through the study area and 
detection data were downloaded, I used mark–
recapture models to estimate survival. In some 
models, I used the tag strength index as a co-
variate of p, and evaluated the relative support 
for models with and without this covariate.

Methods

Acoustic tags sold by VEMCO often 
come with a small magnet attached which 
acts on a reed switch inside the tag. When the 
magnet is removed the tag begins to transmit 
pulse trains, which each consist of 6–8 pulses 
(typically, 16 pulse trains are transmitted in 
rapid succession, after which pulse train in-
tervals fall into a programmed delay period, 
e.g., 30–90 s between pulse trains). Tags are 
generally left deactivated until immediately 
before tagging fish in order to prolong bat-
tery life. As these individually-coded tags are 
activated, researchers will often verify that 
tag IDs are properly decoded using either a 
receiver with display panel (e.g., VEMCO 
VR-100) or a data-logging receiver (e.g., 
VEMCO VR-2).

Measuring a tag strength index prior to 
tagging

Even if a batch of tags are all of the same 
model, manufactured at the same time, and 
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contain the same components, the acoustic in-
tensity of transmissions can still vary among 
individual tags. This variation can be quanti-
fied while activating tags, prior to attaching 
or implanting them into fish. Two types of tag 
strength indices may be quantified:

(1) a continuous index of tag strength 
can be assessed by directly measuring the 
acoustic intensity of tag pulses with a high-
frequency oscilloscope. At some fixed dis-
tance from tag to hydrophone or probe, the 
voltage or decibel level (dB) of pulses can be 
measured. If an oscilloscope is not available, 
a VR-100 receiver has a signal strength meter 
that can provide relative voltage levels of tag 
pulses.

(2) A discrete index of tag strength can 
be assessed by quantifying the proportion of 
pulse train transmissions that are success-
fully decoded by a VR-100 or VR-2 receiver. 
A known number of pulse trains is transmit-
ted from a single tag over some period (e.g., 
the 16 initial pulse trains in rapid succession), 
and at some fixed distance from tag to hy-
drophone, some proportion of these will be 
decoded.

In both cases, tags with a greater record-
ed voltage (or dB) or a higher proportion of 
transmissions successfully decoded represent 
a greater acoustic output. The distance from 
tag to hydrophone and the gain setting on 
the oscilloscope or receiver should be deter-
mined so as to provide a high level of contrast 
in strength index values among tags. For the 
continuous index, as wide a range as possible 
of voltage or dB levels is desirable. For the 
discrete index, a wide range of proportions of 
decoding success is desirable.

When quantifying tag strength indices, 
several factors should be taken into account; 
many of the following recommendations 
were suggested by Dale Webber (VEMCO/
Amirix, personal communication). Most im-

portantly, the above measurements should 
be taken in water in a controlled environ-
ment (e.g., a tank in a laboratory setting). 
This ensures that the proper ambient pres-
sure is placed on the tag transducer so it 
transmits at the proper resonance. The tag 
should be consistently aligned and placed in 
the same position on a cradle, designed to 
keep the tag vertical with its transducer end 
as free as possible from the cradle. The same 
hydrophone should be used for all tags in 
a batch. The hydrophone can be suspended 
from the ceiling and the water tank can be 
placed on sponge foam or other insulation, 
both of which can minimize physical trans-
mission of background noise. Neither the 
cradle nor the hydrophone should be moved 
during the period when all tags in a batch 
are measured.

Maintaining a consistent level of back-
ground noise among activated tags is crucial, 
and reducing the level of background noise 
is better still. Fluorescent lights and electro-
magnetic interference can both create noise at 
the frequencies at which acoustic tags oper-
ate (often 69 kHz for VEMCO tags). Sound-
absorbing walls in the water tank are impor-
tant for reducing echoes, thereby isolating the 
intensity of each tag pulse.

The discrete tag strength index that re-
lies on decoding success may not be possible 
to assess with a VR-2 in water, since nearly 
all transmissions would likely be decoded in 
typical tank sizes (a water tank several hun-
dreds of meters long would be necessary to 
provide enough contrast in detection suc-
cess). If an oscilloscope or VR-100 are not 
available for measuring tag strength, then 
in-air measurements with a VR-2 may be 
taken (see case study below). It is important 
to note, however, that in-air measurements 
are not necessarily correlated with in-water 
measurements due to the medium affecting 
electromechanical aspects of the transducer 
and its mounting; it is even possible that they 
are completely uncorrelated (Doug Pincock, 
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VEMCO/Amirix, personal communication). 
In-water measurements should thus be taken 
whenever possible.

Incorporating tag strength measurements 
into mark–recapture analyses

Variation in signal strength among tags is 
expected to result in variation in the probabil-
ity of detecting a tag in a tracking study. In 
migrating fish especially, implanted tags may 
not be within detection range of a receiver for 
much time, so only a few transmissions while 
within range may be expected. If tag strength 
is measured prior to tagging fish, then since 
tags are individually-coded, this information 
can be used retrospectively to potentially ex-
plain variation among tags in detection prob-
abilities at receiver stations.

A commonly-used mark–recapture mod-
el for migrating fish is the open-population 
Cormack-Jolly–Seber model (CJS; Cormack 
1964; Jolly 1965; Seber 1965), which allows 
survival probabilities (ф) in each segment of 
the migration (with segments delimited by 
receiver stations) and detection probabilities 
(p) at each station to be estimated simultane-
ously. Optimization routines of mark–recap-
ture models are often run in a “link-space” 
for numerical estimation purposes; one com-
monly used is the logit-link. Detection prob-
abilities are typically modeled as being sepa-
rate for each station i, and shared among all 
tags of some release group of migrating fish:

(1) logit(pi) = β0 + βi × stationi .

This is the classic CJS sub-model for p, 
where “stationi” terms are simply dummy 
variables. Coefficients represent an overall 
intercept (β0, which is not necessary to rep-
resent explicitly), and station-specific terms 
(βi) that allow for independence among sta-
tions in p estimates, p.

The tag strength index can be incorpo-
rated as an individual covariate of p, which 

ˆ

constrains p for a given tag j to be a function 
of its index value:

(2) logit(pi,j) = β0 + βi × stationi + βS × 
strength indexj .

As formulated in equation (2), the 
strength index is an additive covariate (rather 
than multiplicative, or interacting with station 
i), assuming that its effect on p is consistent 
across all stations. The coefficient βS repre-
sents this effect, i.e., the slope of the relation-
ship between p and the tag strength index in 
logit space. As with any time-invariant indi-
vidual covariate in a mark–recapture model, 
it is also assumed that relative tag strength 
measured during activation has a lasting ef-
fect throughout the migration. That is, the 
louder tags at activation are still the louder 
ones as tags pass receiver stations. Either of 
these assumptions could be invalid if minor 
variation in tag pulses is random over time 
or if the ranking among tags of measured 
strength at activation changes at some time 
after activation.

Measured variation in tag signal strength 
may or may not directly relate to variation in 
p. Different hypothesized models like equa-
tions (1) and (2) can be compared in an infor-
mation-theoretic framework (e.g., Akaike’s 
Information Criterion, AIC), using the detec-
tion data to arbitrate between which model(s) 
have a better balance between goodness of fit 
to the data and the number of parameters re-
quired to achieve that fit. Such comparisons 
may reveal that the tag strength index is an 
important source of variation in p, so should 
be accounted for when estimating p and ф for 
fish release groups.

Case study: tag strength index

In 2007, prior to tagging coho salmon 
smolts from Tenderfoot Creek Hatchery in 
British Columbia, I quantified a simple index 
of in-air tag strength while VEMCO V7–2 L 

ˆ
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tags (136 dB re 1µPa at 1 m) were being acti-
vated. In-water measurements of tag strength 
were not feasible in this study, and neither 
an oscilloscope nor a VR-100 was available. 
Although in-air indices are sub-optimal, they 
were measured in hopes of revealing at least 
some correlation with what the tag strength 
would be in water, as evidenced by detection 
patterns in the field.

A small cradle was built from electrical 
tape to ensure that orientation was consistent 
among tags. One tag at a time was placed 
in the cradle with the transducer end of the 
tag always facing the same way. A VEMCO 
VR-2 receiver was placed flat on a folded 
towel, with the hydrophone tip on the same 
level vertically and at a consistent distance 
from the tag (80 cm), perpendicular to the 
long axis of the tag. The hydrophone tip was 
aligned so it was tilted towards the cradle 
about 15° away from parallel with the tag.

A tag was placed adjacent to the hydro-
phone tip to ensure proper decoding, and the 
magnet was removed. Immediately after the 
first pulse train was transmitted and received 
by the VR-2, the tag was placed in the cradle 
for the remaining 15 rapid-succession pulse 
trains. After these 16 pulse trains were trans-
mitted the tag was moved out of range of 
the receiver. The number of decoded trans-
missions out of the last 15 for each tag was 
counted after downloading the VR-2. This in-
dex ranged from 0 to 15, with higher values 
representing more frequent detection.

Ambient noise wherever tag activation 
occurs will affect signal:noise ratios of tag 
transmissions and thus decoding success. 
Some tags were activated at a hatchery im-
mediately prior to tagging fish rather than the 
day before in a quieter environment. At the 
hatchery, separation distances were reduced.

It is important that measurements are con-
sistent among tags, but the particular distanc-
es or angles between hydrophone tip and tag 
used in this case study are not meaningful in 
themselves. The distance from tag to hydro-

phone was set to achieve a reasonable level of 
contrast in the index. If separation distances 
are too short or too far, decoding success will 
be too high or too low, respectively, so con-
trast would be poor. Of the 199 tags tested, 97 
were not decoded (Figure 1). The remaining 
102 tags were spread across the index values, 
with fairly frequent occurrence at high index 
values. Note that if a continuous measure of 
tag strength had been taken rather than the 
relative, discrete measure used, the distribu-
tion of tag strength index values would more 
likely be normal in shape.

Case study: mark–recapture models

Tagged fish were released at a hatchery 
and migrated past seven VR-2 receiver sta-
tions in rivers and reliably past three stations 
arranged in listening lines of multiple VR-2 
receivers after ocean entry. Detection on up 
to two more ocean lines was possible, but this 
coho salmon population exhibited consistent 
migration behavior only past the first three 
(Melnychuk et al. 2010). Ocean lines were de-
ployed under the Pacific Ocean Shelf Tracking 
Project (POST; Welch et al. 2003, in press).

Variants of the CJS model were fit to 
detection data to estimate survival (ф) and 
detection (p) probabilities. In all models, 
the survival sub-model was “time-varying,” 
with ф estimated separately for each segment 
of the migration, i.e., [фSeg]. Detection sub-
models varied, the simplest also being “time-
varying,” with p estimated separately for each 
detection station, i.e., [pStation], as in equation 
(1). Three other models were fit that involved 
the tag strength index as an additive individ-
ual covariate, i.e., p was constrained to be a 
linear function (in logit space) of the strength 
index. The first model involved station-spe-
cific p and a common covariate across all 
stations, [pStation + tag strength], as in equation (2). 
A second model involved station-specific p, 
where the slope of the covariate was permit-
ted to vary among river and ocean habitats, 
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[pStation + habitat × tag strength]. The third model was 
more constrained: it replaced station-specific 
variation in p with habitat-specific variation, 
where a common p was assumed for all sta-
tions within the same habitat, [phabitat + tag strength].

Models were fit to detection data using 
Program MARK (White and Burnham 1999) 
implemented through RMark (Laake and 
Rexstad 2009). AIC scores were used to com-
pare candidate models (Burnham and Ander-
son 2002). First, a variance inflation factor 
(ĉ) was estimated to compensate for extra-
binomial variation in estimated parameters 
(Burnham et al. 1987). I estimated ĉ assum-
ing the general CJS model, [фSeg, pStation], us-
ing the deviance ratio bootstrapping method 
in Program MARK (ĉ = 1.239). This ĉ esti-
mate was used for model comparison, with 
computed QAICc values corrected for both 
extra-binomial variation and small sample 
sizes.

After comparing candidate models, a p 
sub-model with reasonable support and in-
volving the strength index covariate was com-
pared to the model not involving the index as 
a covariate. First, the estimate and confidence 
limits of the coefficient for the strength index 
(βS in equation (2) was extracted to assess 
whether slopes of logit(p) versus the strength 
index differed from zero.

Second, predicted fits of p across the 
range of the index covariate were calculated 
for each receiver station. Third, estimates and 
SEs of ф and p were compared to assess how 
inclusion of the strength index covariate af-
fected the precision of model parameters.

Results

Case study: model selection results

Maintaining a common ф sub-model 
across candidate models allowed the effect 
of each p sub-model to be isolated. The most 
parsimonious p sub-model was the simple sta-
tion-varying (CJS) model that did not involve 
the tag strength covariate (Table 1). Howev-
er, the sub-model that involved the additive 
covariate as well as station-specific p also 
had a reasonable level of support (ΔQAICc = 
0.6). Including the strength index as a covari-
ate reduced twice the negative log-likelihood 
by nearly 2, indicating an overall improve-
ment in goodness-of-fit (even if the gain in fit 
was not fully compensated for by including 
the extra parameter, in terms of AIC scores). 
The other two p sub-models had little support 
within the model set (Table 1).

Another form of tag strength index 
was also evaluated. The X/15 discrete tag 
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Figure 1. Frequency distribution of tag strength index values, defined as the number of detections out 
of 15 transmissions. Tag indices were assessed prior to tagging fish.
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strength index was reduced to a binary index 
of whether the tag was heard 0 or 1+ times 
out of the 15 transmissions. This binary index 
was used as a group covariate of p similar to 
the p sub-models involving individual cova-
riates. In general it did not perform as well as 
the X/15 discrete covariate and is not shown 
in Table 1.

Case study: effect of tag strength index 
on detection probability

In the second model listed in Table 1, p 
was specified as in equation (2). If there was 
no effect of the tag strength index on p, the val-
ue of βS would be zero. Estimated βS and 95% 
confidence limits were 0.020 (–0.009–0.050). 
Confidence intervals included zero, although 
about 5/6 of the interval was positive.

After models are fit to data, p and its 
standard error can be estimated for a speci-
fied value of a covariate. These predicted val-
ues of p over the range of covariate values 
(again, for the second model listed in Table 
1) are shown in Figure 2. There was consider-
able variation in p among successive receiver 
stations, attributable to site-specific depth, 
receiver array geometry, and environmental 
noise conditions. At each station, there was at 
least some effect of the tag strength index on 
predicted p. Since the modeled covariate was 
additive, the same effect was assumed for all 

stations (slopes are equal in logit-space, but 
were back-transformed to a probability scale 
so appear to vary among stations). Predicted 
p differed by about 0.05–0.08 between low 
and high values of the index. In some cases 
when overall p was low (e.g., station 4), this 
difference in percentage points amounts to a 
~25% increase in p from low to high values 
of the strength index.

For the two candidate models with rea-
sonable levels of support, estimates p and ф 
were compared. These models differed by 
only one parameter (the tag strength index, 
as an individual covariate), so the effect of 
incorporating the strength index on values of 
p and ф and their precision can be assessed. 
Estimates of p and ф at each receiver station 
or in each segment were very similar between 
models, with <1% difference in all estimates 
(Figure 3). The small differences that did oc-
cur were not consistent in direction, so it ap-
pears that the relative bias of incorporating 
(or perhaps not incorporating) the tag strength 
index is negligible. Similarly, the precision of 
p and ф was similar between the two mod-
els. For all paired estimates, differences in 
coefficients of variation were <0.003. With 
the exception of lower precision of ф for the 
[pStation + tag strength] model at one station (8, Fig-
ure 3), differences between models in 95% 
confidence limit widths were <0.006 for all 
estimates.

ˆ

ˆ

ˆ

 Model   ka	 –2•ln(L)  QAICc b  ΔQAICc  Akaike 
          weight

ф
Seg,

  p
Station

  24 1613.8  1351.7      0.0  0.55
ф

Seg, 
 p

Station	+	tag	strength
 25 1612.0  1352.3      0.6  0.40

ф
Seg,

  p
Station	+	habitat	×	tag	strength

 27 1611.8  1356.4      4.7  0.05
ф

Seg,
  p

habitat	+	tag	strength
 15 1967.3  1618.3  266.5  0.00

a		The	parameter	count	is	adjusted	to	include	the	number	of	potentially	estimated	parameters	
			including	those	at	boundaries	of	0	or	1.	
b		QAICc	values	are	adjusted	for	small	sample	sizes	and	extra-binomial	variation	with	ĉ = 1.239.

Table 1. Model selection results for detection probability (p) models.

ˆ
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ˆ
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Discussion

Effect of tag strength variation on  
detection probability

When conducting tagging studies, re-
searchers usually assume that tags of the 
same type will have the same transmission 
range and probability of being detected. This 
assumption of homogeneity in p is crucial for 
mark–recapture models where inferences are 
made about abundance or survival (especially 

if individual covariates are used to constrain 
survival estimates). While heterogeneity in p 
is unlikely to cause bias in ф when survival is 
homogeneous (Pollock and Raveling 1982), 
it could affect the precision. The model selec-
tion results from the case study suggest some 
degree of variation in p as a result of varia-
tion in acoustic strength among tags of the 
same type. The effect was not large, as the 
95% confidence limits of βS did not exclude 
zero, and predicted fits of p over the covariate 
range showed only a slight positive trend. The 
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show 95% confidence bands around the best predicted fits.
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covariate did, however, have some explana-
tory power and improved the goodness-of-fit 
to the data, just not enough in terms of AIC 
scores to compensate for the extra parameter. 
The effect was perhaps large enough that the 
assumption of homogeneity in p should not 
be taken for granted in tagging studies. That 
is not to say that such a strength index should 
replace station-dependence in p, but that it 
could be used in addition to station-depen-
dent model specifications.

The effect of tag strength variation on 
p is likely minor compared with effects of 
spacing of receivers in an array, tag type, and 
river or oceanographic conditions that affect 
background noise and therefore signal:noise 
ratios. Tag types are generally identical 

within a study population, and station-depen-
dence (which incorporates receiver spacing) 
is generally accounted for in mark–recapture 
models, so these factors are already often 
used to explain much of the total variation 
in observed detection data. A minor effect of 
tag strength was observed here despite tag 
strength measurements being sub-optimal; it 
is unknown how often such variation occurs 
and how large it may be. Simple measure-
ments of tag strength prior to tagging fish, 
preferably in water, may help to explain some 
additional part of the variation in p within a 
population.

A trade-off in bias and precision is often 
inherent in mark–recapture models. Incor-
porating additional parameters into models 
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often improves the accuracy of parameter 
estimates, but may reduce the precision of 
parameter estimates because an additional 
source(s) of uncertainty (i.e., way of explain-
ing variation in the data) is admitted. On the 
other hand, precision may increase when an 
important source of variation in p is account-
ed for. In this study, incorporating the discrete 
tag strength index as an individual covariate 
of p slightly improved the goodness-of-fit 
of the model to data (ΔQAICc <2, Table 1), 
but this was not associated with much of a 
reduction in precision in estimates of either 
p or ф (Figure 3). There was very little and 
no consistent difference between models in p 
or ф, suggesting that negligible relative bias 
exists from incorporating (or perhaps failing 
to incorporate) the strength index as a cova-
riate. Under a more optimal measure of tag 
strength, reduction in bias and/or increase in 
precision of p and ф may be greater.

The small effect of the strength index on 
p was in the expected direction. Tags that 
were detected more frequently out of 15 
transmissions after activation (high covari-
ate values) tended to be the ones more likely 
to be detected by acoustic receivers. The 
variation in values of the index was likely 
attributable to variation in acoustic output of 
the tag, with some tags transmitting signals 
slightly louder than others, possibly as a re-
sult of subtle differences in battery strength, 
electrical components, or mounting of the 
transducer.

Further recommendations for measuring 
tag strength

The experimental set-up used for mea-
suring the discrete tag strength index in the 
case study was rudimentary. Some tags were 
activated at a hatchery and others were acti-
vated in a quieter room the day before tag-
ging fish. The distance between the tag cradle 
and hydrophone was decided after only a few 
tags were measured; spending more time as-

sessing an appropriate distance would have 
likely provided better contrast in the index, 
with relatively more large values (Figure 1). 
Most importantly, the measurements were 
performed in air. Since these are not neces-
sarily correlated with in-water measurements 
of tag strength, hypothetically there could be 
no discernable effect of an in-air index on p 
even if there was variation in tag strength in 
water. A ‘cleaner’ set-up and a tag strength 
index measured in water, as described ear-
lier, could potentially have more explanatory 
power for p.

Whatever index of tag strength is used, 
it is important that it involves as much con-
trast as possible across its range. A 50:50 
split of tags falling into the lowest and 
highest tag strength values is statistically 
optimal in terms of precision, while a dis-
tribution closer to uniform would allow the 
form of the relationship between p and the 
index to be investigated. A larger number 
of programmed rapid-pulse intervals when 
tags are first activated could be requested 
by the user so that proportions of transmis-
sions detected for a discrete index are based 
on a larger sample, thereby improving ac-
curacy. All tags within a group should be 
activated in the same location with the same 
set-up over as short a time period as pos-
sible so as to maximize consistency. Sev-
eral indices (e.g., both a continuous and a 
discrete index) can be assessed for each tag 
to find a statistically preferable covariate, 
and the same index can be measured more 
than once on each tag to quantify random 
variation in the index value of each tag, to 
ensure consistency.

The time cost of quantifying a tag strength 
index prior to tagging is not overly prohibi-
tive. Depending on the index used, measure-
ments may take about two or three minutes 
per tag. Indices measured in water are highly 
preferable, and would create little further 
time cost. Some manufacturers may routinely 
perform tag strength measurements as part of 

ˆ
ˆ

ˆ ˆ
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their quality control, and the researcher could 
also ask whether this information is available. 
Considering that such an index may help to 
explain some of the variation in estimated 
detection probabilities in tagging studies, it 
may be worthwhile to spend the time assess-
ing this potential source of variation before 
tagging fish.
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