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What do we-mean by a trend? Underlying

Abundanc

model of population growth:
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Trrend estimation methods in present
study

Regression: Take log of redd count data and
fit aline with time as independent variable
—dopeis estimate of intrinsic rate of

increase (‘r’); confidenceinterval from
standard error of slope estimate

Dennis model approach: Calculate mean
and variance of Ln(R,,,/R,) to get mean and
Cl of r (ak.a ‘i)
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What use is trend analysis?

Determine whether given unit istending to
increase or decrease in abundance-=trend
influences probability of extinction

Estimation of current trends useful in determining
improvement in overall life stage survival needed
to reverse declines

Determine whether status has improved or
deteriorated at some point(s) in future, and which,
if any, management actions are responsible
Estimate monitoring effort needed: With current
methods, how long will it take to reliably detect
increasing or decreasing trend?
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Previous work on making inferences
about trends from redd data

Rank Correlation / Randomi zation method of
Rieman and Myers (1997)

Doesn't estimate magnitude of trend, only
direction and statistical significance
Concluded that variation in redd counts makes the
detection of declining trendsin individual streams
unlikely with “limited data sets”.

Pooled counts within basin--concluded that
declining trends are apparent in the Flathead and
Pend Oreille basins.
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Two kinds of variability (“errer”) which

obscure signal in the data

“Process error” — variation in annual, abundance
due to random variation in vital rates (i.e;survival,
fecundity) caused by varying environmental
conditions, or other factors. Affectsactual
probability distribution of trend

“Measurement” or “observation’ error - due to
the fact that redd counts are not perfectly accurate
representation of number of females or redds
Affects precision of estimates of trend.
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Existing data fior trend estimation:
Flathead core area pooled data Why build simulated populatio

Natural log of Redd # Estimates, Pooled Middle and North Can try to reproduce aspects Of ||fe hiStOI’y
specific to population of interest

Can explicitly include mechanisms that may.
influence population behavior, such as density

Fork Flathead River index stocks

dependence and correlation in vital rates

May allow inferences about magnitude of specific
vital rates, and estimation of how much survival
improvement necessary at different ages/stages to
reverse declining trends

Ln (Redd # estimate)
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Matrix projection models Model life cycle of female bull trout
Used to model an age- (or stage-.or size-) in Elathead R

structured population. Project future population

trends and numbers in each age class P
Average expected growth rate of the population ° \
represented by | (analogous to growth rate

estimates from Dennis model and regression

approach)

Requires estimates of vital rates over at least two

to three life stages to estimate average population

behavior. Can be determinstic or stochastic

Matrix elements (probabilities of transition from

one stage to another) determine population fate
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Model calibration (deterministic) Model output (stochastic)

Transition probabilities varied to match:
A time series of numbers at any lifestage

Mean trend estimated from redd counts (r) Time series repeated many times, with randomly
varying vital rates, to develop distributions of

From Fraley and Shepard (1989):
numbers (e.g. spawners)

Estimated age structure of juveniles migrating Trends estimated by same methods applied to
from tribs (becoming sub-adults) actual data . g

Estimated age structure of spawners Can output ‘actual’ spawners (redds), and

‘observed’ redds
Assumes exactly one redd produced by each
(female) spawner

Estimated fraction of adults which spawn
each year
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Adding variation in simulated
populatien numbers

Vital rates drawn from probability distributions —
creates process error

A unigue projection matrix is created for eachiyear
within areplicate

Lognormal observation error added as multiplier
to actual number spawning in index area

Actual number of redds falling in index areas
modeled as binomial process with p = .45 (% of
spawning area surveyed on average); observed
redd counts expanded to represent all redds by
dividing by .45.
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Resulits: Power ofi two, tests ofi H
given tr =-0.053, a = .05

Power to detectm < 0: one-tailed a = .05, true m=-.053
120%
—&- Slope —— Annual Transition
T |fewormormrmrnemomemerrram @
80%

40%
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Why: use suchia complicated model
to estimate trends in redds?

Can also look at ability of juvenileabundance
indices to predict trend in spawners

Can look at using both redd counts and juvenile

data to predict adult trends — Bayesian approach

Can look at effect of more realistic variation in
vital rates, e.g. correlation among rates or
correlations between annual values of asingle
vital rate

Appears to agree with results of simpler analyses
(e.g. Maxell 1999)
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Moedel calibration (stochastic)

Iterative process — matching observed trend from
regression and variance in In(R,,;/R)—~removes
effect of population size and trend on variance

CV of vital rates varied at each of several different
values of standard deviation of observation error

Total variance “observed” (~ 0.11) is composed of
approximately equal amounts of process and
observation error (process only var = 0.056)
Observation error used results in “absolute relative
bias’ (asin Dunham et al. 2001) of 12%,; D et al.
found 30 —54% for individual streams
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Sample Size vs. Detectable Difference in Mu, N
Fork Flathead

Power = .8, alpha =.05
—m—Power = .9, alpha = .1

0.3 0.35 0.4

Detectable difference
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Using juvenile trend and/or; redd
count output to predict adult trend

Calibrate to observed variance in In(Ny1 / Ny) for
both redd counts and juvenile indices.

Use CI’s of juvenile indices as estimates of
observation error to allocate total juvenile variance
Look at ahility of juvenile data alone to predict
trends in spawners

Evaluate ability of using both kinds of data to
estimate trends in spawners, by using Bayes' Rule
to get posterior distribution of r using both methods

Figure 18



Conclusions

Reason for good performance of aggregate, relative to
individual stocks: variancein In(R_;(R) for
individual stocks ranges from 0.28 to 0:65;,mean 0.46.
This compares to variance for aggregate of 0.11

Suggests pooling results in observation errors

canceling out, to some extent, and that power to detect
trends is much greater with pooled streams

Dennis et al. annual transition method is useless for
reliably detecting trendsin bull trout. Modified
Dennis model may be much better, and could also he
used to estimate extinction probability
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Additional Applications

Estimate power to detect declines of different
magnitudes

Estimate power to detect increases of different levels
Estimate effects on these tests of decreasing
observation error

Present information on trends as probability
distributions. Make inferences from posterior
distribution (e.g. frame resultsin terms of probability
of finding biologically significant decline or increase).
Can be used with multiple decision possibilities and
loss functions (cost of making wrong decisions)
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