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Abstract: Standard errors (SE) of trend lines arising from highly variable counts of animals are derived
analytically given the variability of the counts, the number of years of trend monitoring, the number of
replicate counts each year, and certain assumptions. Examples of the analytical solution’s use and graphs of
expected trend line variability are presented. When counts are highly variable, performing multiple counts
each year is shown to be the only way to achieve precision of a population trend estimate within a short
(112 years) time frame. Computer simulations to test the robustness of the analytical treatment under
assumption violations show that it never overestimates and sometimes underestimates the true variability of
trend lines. Accordingly, when count variability cannot be reduced, I suggest increasing the number of
replicate counts each year above that indicated by the analytical solution to ensure that confidence limits
(CL) about the trend line include the population’s true rate of growth.
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A common difficulty facing wildlife man-
agers  is  est imating populat ion s ize  with accept-
able precision. Population estimation is espe-
cially difficult for rare and/or secretive species
whose status may nevertheless be of concern.
Counts of  these species  often are imprecise,  and
confidence intervals on resulting estimates are
correspondingly broad. Eberhardt (1978) treats
this topic in detail, suggesting procedures for
determining adequate sample sizes and giving
rough ideas of the variability to be expected
from indirect indices as well as counts.

Where precise counts are difficult or impos-
sible, attempts are often made to monitor gen-
eral trends over time. A case in point is the
current effort to monitor trends of remnant
populations of grizzly bears (~rsus  arctos) in
the contiguous United States. Population mon-
itor ing  i s  ca l led  for  in  the  gr izz ly  bear  recovery
plan (U.S. Fish and Wildl. Serv., unpubl. rep.,
Denver, Colo., 1982), but grizzly populations
are notoriously difficult to census with reason-
able precision (Erickson and Siniff 1963). Little
attention has been paid to the precision re-
quired of counts used for year-to-year trend
monitoring. The implicit assumption often is

that data lacking the quality and quantity
needed for population estimation can at least
be used for trend monitoring. However, ob-
served trends themselves  may be misleading i f
based on data that are highly variable.

In this paper I use an analytical procedure to
calculate  the  variabi l i ty  of  observed trend l ines .
This procedure requires assumptions that may
not be met in field situations. Accordingly, I
also present simulation modeling experiments
that test the robustness of the calculation when
these assumptions are violated.  ( I  define a trend
line as the slope of the least squares regression
of  the  logar i thm of  observed numbers  over  t ime
[r , ]  and quant i fy  t rend l ine  re l iabi l i ty  by the  SE
of the slope [SE,]).

An earlier version of this paper appeared in
a report to the U.S. Fish and Wildl. Serv. on
the feasibility of a trend monitoring program
for grizzly bears in their remaining range in
the lower 48 states. I thank It.  M. Cormack for
suggesting the analytical solution. L. Metzgar
reviewed the manuscript and added greatly in
its development. Ft.  Hollister provided statisti-
cal  assistance.  Improvements  also were suggest-
ed by R.  Klaver, I. J. Ball, and W. Il.  Clark.
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DIRECT CALCULATION OF TREND LINE
ERROR: ANALYTICAL TREATMENT

Consider the following scenario-we wish to
obtain the trend of  a  wildl i fe  populat ion that  is
changing at a constant rate, such that taking
the natural logarithm (In)  of the number in the
population each year would result in the fa-
mil iar  equat ion producing a  s tra ight  l ine :

In N,  = ln N, + rt, (1)

where N = number, t = time, and r = yearly
instantaneous/capita rate of change. When a
population is  subjected each year to trend counts
(e.g., from aircraft) that are both incomplete
and variable,  N wil l  be unknown. If  trend counts
are  subst i tuted for  N,  the result ing s lope can be
considered r,,,  the observed rate  of  change.  Giv-
en the following assumptions: (1) population
change is exponential (i.e., the slope of r is lin-
ear); (2) counts are independent; (3) counts are
lognormal ly  dis tr ibuted ( they may take cont in-
uous, positive values or they may exceed the
actual population); and (4) the mean percent-
age of the population counted (mean sightabil-
i ty)  is  constant  at  a l l  populat ion levels ,  the value
r, wil l  be  normally  distr ibuted with an expected
value r and variance:

a*/lqt,  - ip, (2)

where 8 = the common variance of the loga-
rithm of  the counts  about  the trend l ine.  Taking
n counts each year over k years results in:

SE(r,)  = d12a2/nk(k2 - 1). (3)

Generat ing 8  may cause  problems.  Usual ly ,  f ie ld
biologists do not have this information at the
beginning of a study. However, Eberhardt
(1978)  gave est imates  of  coeff ic ients  of  variat ion
(CV = u/a)  to be expected from counts of ter-
restrial animals and noted that they generally
were constant within taxa  over a broad range
of population densities. CV’s  for counts of ter-
restrial mammals seem to vary from 30 to
>lOO%.  Goddard’s (1967) 18 replicate counts
of black rhinoceros (DCceros  bcornis)  have a
CV of 42%. A CV ~50% is not uncommon with
counts  of  rare  species ,  such as  grizzly bears ;  e .g . ,
Reynolds (1974) .  Assuming lognormali ty ,  the ti
required for equation (3) is:
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Fig. 1 . The standard error of the observed population trend
(SE[rJ)  as a functiin  of count coefficient of variation (CV) for
3, 5, 7, and 9 years of trend monitoring. A single aunt  each
year is assumed. Calculation is from equation (3).

dz  = ln(1  + CV*), (4)

where CV = the estimated coefficient of varia-
tion of counts. If within year replicate counts
are performed, they may be used to refine the
estimate of CV as the study progresses. With a
large enough sample, the CV based on the re-
sults of the experiment will be preferred over
that guessed a priori. However, if counts are
taken only once yearly, distinguishing count
variability from true population change may
not  be  poss ible .

Thus,  given the previous assumptions,  knowl-
edge of  the probable CV for trend counts leads
direct ly  to  es t imat ion of  the  error  associated with
r. and potential quantification of the observed
trend line’s reliability. The relationships be-
tween count CV, number of within year repli-
cate counts, number of years of population
monitoring, and the resultant SE(r,)  are illus-
trated in Figures 1, 2, and 3. Note that SE(r,)
increases with CV less  as  trend is  measured over
a longer time period (Fig. 1). A similar pattern
is seen in Figure 2, where the advantage of
taking repl icate  counts  each year  is  shown.  For
a given CV of counts, the decrease in SE(r,)
obtained by increasing the length of time the
trend is monitored is not linear (Fig. 3). For
example, increasing the number of years of
trend monitoring from 3 to  6  produces a  greater
reduction in the variability of r0  than does a
similar increase from 6 to 9 years.

For planning purposes, one might want to
know combinations of  count  CV,  years  of  trend
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Fig. 2. T h e  s t a n d a r d  e r r o r  o f  t h e  o b s e r v e d  p o p u l a t i o n  t r e n d
(SE[rJ)  as a function of count coefficient of variation (CV) for
1 ,  3, and 5 replicate counts each year. All calculations are for
a B-year monitoring period. Calculation is from equation (3).

monitoring, and number of within year repli-
cates that result in a prespecified precision of
the observed trend. Such a plot is presented in
Fig. 4, where SE(r,)  values of 0.05 are denoted
by curves for 1,3,  and 5 counts each year. The
fol lowing 2  hypothet ical  examples  i l lustrate  the
direct  calculat ion of  the  precis ion of  populat ion
trend est imates  from variable  counts .

Example 1: The Precision of a
Trend Estimate

An expanding ungulate herd has been mon-
itored for  the  past  9 years  by  counts  f rom year ly
aerial flights. The biologists involved estimate

Year.3 of trend  monitoring
I

Fig. 3. T h e  s t a n d a r d  e r r o r  o f  t h e  o b s e r v e d  p o p u l a t i o n  t r e n d
(SE[rJ)  as a function of trend monitoring time period for 1 ,  3.
a n d  5  r e p l i c a t e  c o u n t s  e a c h  y e a r .  A l l  c a l c u l a t i o n s  a r e  f o r  a
count coefficient of variation (CV) of 0.50. Calculation is from
equation (3).

Fg.  4. Curves denoting combinations of trend-monitoring time
period, count coefficient of variation  (CV), and numbers of within
year replicates that result in standard error of observed pop-
ulation trends (SE[rJ)  of 0.05. For each curve, the area above
and to the left produces SE&) ~0.05; the area below and to
the right produces higher SE&)  values.

that they observe, on average, half the animals
present .  Based on previous studies and their  best
judgement,  they estimate the underlying CV of
counts to be about 25%. By regressing the In of
each year’s count against time, they have esti-
mated the herd’s instantaneous rate of increase
(r,) to be 0.05, corresponding to a finite rate of
increase  of  approximately  J.l%/year.  They now
wish to  calculate  the  precis ion of  their  est imate
of  yearly populat ion growth.

Assuming a CV of 0.25, the appropriate a*
term from equation (4) is 0.061. Substituting
this into equation (3),  where n = 1 (because a
single count was taken each year) and k = 9
years of trend monitoring, the SE of their esti-
mate of r is 0.032. Because r0  is normally dis-
tributed, the probability is approximately 0.68
that the actual value of r lies between 0.018
and 0.082 (0.05 zt  0.032 [SE]), corresponding to
finite rates of increase between 1.8 and 8.5%
yearly .

Example 2: Planning a Trend
Monitoring Effort

An agency wishes to monitor the trend of a
small  bear  populat ion from yearly  counts .  Pre-
vious experience has suggested that counts of
bears in this area are highly variable; even un-
der the best circumstances, a CV of 50% can
be expected. Further, the agency feels it nec-
essary to determine the population’s  trend over
a 5-year period and would like its estimate of
r to be precise to within 0.05 at the 68% con-
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Table 1. S u m m a r y  o f  t h e  s l o p e  o f  t h e  o b s e r v e d  p o p u l a t i o n
trend line, f.,  and its standard error, SE&),  as calculated by
3 , 0 0 0  s i m u l a t i o n s  t h a t  v i o l a t e d  a s s u m p t i o n s  o f  e q u a t i o n  (3)
c o m p a r e d  w i t h  v a l u e s  o b t a i n e d  f r o m  t h e  d i r e c t  s o l u t i o n  ( e q .
3).

Assumptions violated

None
Exponential growth
Independence of

counts
Counts log-normally

distributed

Simulated values compared
to equation (3)

ro SE@,)

No change No change
No change No change
No change Higher

No change Higher

Constant mean sightability
Techniques improve Biased No change

with time higher
Observability varies Greater in No change

positively with absolute
density value

Observability varies Lesser in No change
negatively with absolute
density value

fidence level. Can this precision be achieved,
and if so, at what cost?

Referring to Figure 4, the location corre-
sponding to a CV of 0.50 over 5 years is below
the 5 replicates/year contour. Equation (3) can
be rearranged to solve for n,  the number of
required within year replicate counts:

n = 12a*/k(k*  - l)(SE[r,])2, (5)
where all variables are as in equation (3),  and
SE(T,) is the desired level of precision. In this
case, with a CV of 0.50 (8  value of 0.223),  a
desired SE(r,)  of 0.05, and k = 5, 29 indepen-
dent replicate counts/year are required. If rep-
licate flights are considered too expensive, the
alternat ives  are  lengthening the trend-monitor-
ing period or reducing the desired precision of
the estimate of trend.

Note that precision of r to ~0.05  at the 68%
confidence level  reduces but  does not  el iminate
the probability of wrongly deciding the popu-
lation’s gross trend; i.e., up or down. Suppose
the bear population is decreasing at 5%/year.
With this intensity of sampling, there remains
a 16% probabi l i ty  ( i .e . ,  0.5[100-681%) that  counts
will indicate a stationary or increasing popula-
tion over  the 5  years .

SIMULATIONS TO EXAMINE THE
IMPORTANCE OF ASSUMPTIONS

Given the previous assumptions, the vari-
abi l i ty  in  observed trend l ines  can be calculated

Table 2. The standard error of population trend lines, SE&),
c o m p a r i n g  t h e  d i r e c t  m e t h o d  ( e q .  3 )  a n d  3 , 0 0 0  s i m u l a t i o n s
which did not violate 4 a priori statistical assumptions.

Within ;:;dvf
year moni-

replicates toring
cv of
counts

Wr.)
Direct Simulated

1 5 0.15 0.0472 0.0468
0.75 0.2113 0.2137

9 0.15 0.0193 0.0188
0.75 0.0862 0.0884

3 5 0.15 0.0272 0.0281
0.75 0.1220 0.1268

9 0.15 0.0111 0.0108
0.75 0.0498 0.0497

directly as in the 2 examples. However, biolo-
gists  may not  be  comfortable  with many of  the
assumptions.  Managed populat ions rarely grow
exponentially, counts may not be truly inde-
pendent of each other, sightability may vary,
and the underlying distribution of counts may
be unknown. Therefore, it is instructive to ex-
amine the validity of equation (3) under a va-
riety  of  assumption violat ions  that  might  occur
in the f ie ld.

I  developed stochastic  computer models  that
s imulated variable  counts  f rom hypothet ical  b ig
game populat ions.  All  s imulat ions contained an
identical core routine in which counts were
randomly obtained from a population of 100
“animals” according to a  chosen frequency dis-
tribution with a prespecified mean and vari-
ance. Up to 5 replicate counts were made each
model year, and runs included trend-monitor-
ing periods of 3-12 years. Simulated CV’s  of
counts  varied from 5 to  100%.  Most  s imulat ions
assumed a mean sightability of 0.50, a typical
proport ion of  large  mammals  observed during

Table 3. The standard error of population trend lines, SE&),
comparing the direct method (eq. 3) and 3,000 simulations in
which the total variance of counts was partitioned into within
a n d  b e t w e e n  y e a r s  s e g m e n t s .  D a t a  a r e  f r o m  r u n s  i n  w h i c h
the between year variance was 2 x the within year variance.
Trend line periods are 5 years.

Within
year

replicates
cv of Wo)
MlU”t.9 Direct Simulated

3 0.15 0.0272 0.0291
0.30 0.0536 0.0572
0.45 0.0784 0.0873

5 0.15 0.0211 0.0294
0.30 0.0415 0.0576
0.45 0.0607 0.0881
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Table 4. The standard error of population trend lines, SE(r,),
comparing the direct method (eq. 3) and 3,000 simulations in
which counts were distributed normally. A single count/year is
assumed throughout.

Years of
trend

monitoring

SW,)
cv of Direct Simulated
counts (lognormal) (normal)

5 0.15 0.0472 0.0492
0.35 0.1075 0.1393

7 0.15 0.0282 0.0288
0.35 0.0642 0.0870

9 0.15 0.0193 0.0200
0.35 0.0439 0.0605

aerial surveys; e.g., Erickson and Siniff (1965),
Caughley (1977), Floyd et al. (1979). However,
when simulating large CV’s  of counts (>50%),
mean sightabilities of 0.10 were used to avoid
substantial truncation of log-normal distribu-
tions. Exponential growth was modeled in the
ini t ia l  s imulat ions  by applying the  constant  rate
eT = h  to the population at the end of each
simulation year, where r took values from -0.2
to 0.2 and included zero. After the completion
of each modeled trend-monitoring period, the
In’s  of the counts were regressed against time,
yielding rO.  For each parameter combination,
the entire process was repeated 3,000 t imes,  and
the mean and SE of the 3,000 r0  values calcu-
lated. Results from the simulations are sum-
marized and compared with those from the di-
rect solution in Table 1.

The initial simulations met all the necessary
assumptions for the direct solution except that
counts were not distributed strictly lognormal-
ly; because only whole animals were assumed
to be counted, counts took only integer values.
Var iabi l i ty  of  observed t rend l ines  over  a l l  s im-
ulated parameter combinations essentially was
identical to that calculated by equation (3) (Ta-
ble 2). Having thus validated the general mod-
el ,  the  previous assumptions were systematical -
ly altered and changes in r, and SE(r,)  examined.

Assumption 1. Exponential Growth of
Monitored Population

I deliberately violated the assumption of ex-
ponentia l  growth by s imulat ing growth in  which
a constant proportion of the initial population
was added (or subtracted) each year; e.g., pop-
ulation sizes of 100, 95, 90, 85, . . . etc., in years
1, 2, 3, 4, . . . etc. Under this scenario, T  is not
strictly appropriate as a predictor of future
population growth, but r0  satisfactorily approx-

imated  the expected r prevailing over simulat-
ed trend-monitoring periods. Similarly, there
were no discernible  di f ferences  in  the  var iabi l -
ity of rQ  between simulations with additive
growth and that expected under equation (3).
Thus the direct  solut ion appeared robust  to  this
kind of  violat ion in  the assumption of  exponen-
t ia l  growth.

Assumption 2: Independence of
Counts

The assumption of independence of counts
can be violated in several ways. I considered it
most  l ike ly  that  counts  c loses t  in  t ime are  most
similar to each other, either because replicate
counts  are  conducted temporal ly  so c lose to  each
other  that  the animals  are  in  approximately the
same locat ions ,  or  because  s ightabi l i ty  var ies  less
within each year than between years.  Examples
of the latter scenario are counts where the
amount of yearly snow cover affects the num-
ber of animals seen or where prolonged sum-
mer drought  forces  animals  into areas  of  dense
vegetation where they cannot be seen.  In either
case counts within each year may be considered
as coming from a distribution with a smaller
variance than the overall variance. This was
simulated by subdividing the total count vari-
ance into within and between year segments.
The SE’s  of  trend l ines  obtained from these s im-
ulat ions  were greater  than in  the  direct  solut ion
(Table 3) .  The discrepancies were greatest  when
between year  variances were larger  than within
year variances, and when 5 replicate counts
were made rather than 3.  In effect ,  taking more
within year  counts  s imply a l lowed ful l  expres-
s ion of  between year  di f ferences  in  s ightabi l i ty .

Assumption 3: Log-normal
Distribution of Counts

Counts of large animals can be expected to
be log-normally  distr ibuted i f  independent  fac-
tors affect the number counted in a multipli-
cative way (Pielou  1975, Eberhardt 1978).
However, if independent factors influence
counts in an additive way,a  normal  d is t r ibut ion
of counts can be expected. Studies reporting
replicate counts of black rhinoceros (Goddard
1967) and grizzly bears (Erickson and Siniff
1965)  do not  resolve the issue;  both data sets  are
cons is tent  wi th  e i ther  normal  or  log-normal  d is -
tributions. Therefore, I simulated the SE(r,,)  un-
der  the  a l ternat ive  assumption of  normally  dis-
tr ibuted counts .  When counts  are  log-normally
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the logarithm of counts are, of
mally distributed. But when counts
lly distributed, their logarithms are

Id  their variance greater than uZ, even
2 untransformed distributions have

tiariances.  Not  surpr is ingly ,  s imulated
:s  obta ined from normal ly  dis tr ibuted
Id  greater variability than those ob-
rom counts distributed lognormally

stion  4: Constant Mean
hity
rtions  of assumptions I-3 did not affect
?ected  slope of the trend line, rO,  only
However, when mean sightability var-

,tematically,  the expected observed trend
,vas  biased. The response of trend lines to
y scenarios  of  systematic  var iat ion in  mean
ibility  was not surprising. First, when the
y of field personnel to locate and count

.als  improves with experience, the expect-
aunt  increases with time. Therefore, a sta-
population may appear to increase simply
mse  counting techniques have improved.
simulated r0  values paral leled the simulated
ceases in mean sightability through time.
:ond,  when the behavior or  habitat  use of  the
imals  in question varies with their density,
;htability  is a function of density. For exam-
e,  i f  animals  at  low densit ies  occupy preferred
sbitats  in which they are seen easily, whereas
rcreasing  density forces surplus animals into
ubopt imal  habi ta ts  where  s ightabi l i ty  i s  lower ,
:xpected  counts will be a decreasing function
If density. Conversely, if optimal habitat is
thickly vegetated,  and increasing density forces
some animals into areas where they are ob-
served more easily, expected counts will in-’
crease with density. When mean sightability is
a decreasing function of density, r. underesti-
mated the magnitude of r in both directions.
The observed trend overestimated the magni-
tude of population change when mean sighta-
bility  was modeled as an increasing function of
density.

MANAGEMENT IMPLICATIONS
Simulations showed that, under conditions

typically confronting the field biologist, direct
calculat ion by equation (3)  never  overest imates
SE(r,)  and may underestimate it. If the esti-
mated CV used to calculate SE@,)  is in reality

--*nosite  of between and within year vari-

ability (exclusive of the variability caused by
actual population change), the reduction in
SE(r,)  achieved by taking multiple counts each
year may be less than indicated by equation
(3) .  Addit ional ly ,  i f  the  underlying distr ibut ion
of counts is normal rather than lognormal, the
calculated SE(r,)  will be underestimated.

Notwithstanding these slight discrepancies,
the direct calculation appears generally robust
and is useful in a variety of situations. It can
generate confidence limits on a point estimate
of population growth (as in Example 1) or sug-
gest  sample s izes  necessary to  achieve specif ied
goals  of  precis ion (as  in Example 2) .  Given that
usually not much is known about the distribu-
tion or variance of counts, I suggest increasing
the length of  monitor ing periods or  the  number
of replicate counts taken each year over that
indicated by equation (3) to ensure that the
variability of the resultant r. is not underesti-
mated.

Some big game biologists may feel uncom-
fortable with the use of r, preferring instead
the finite rate of growth h, from which the cal-
culation of percent change/year is simply (X  -
1) x 100%. However, r is more appropriate
when the  prec is ion of  the  s tat is t ic  i s  of  interest ,
because its variance is independent of its mag-
nitude; i.e., the calculated SE is applicable at
any value of r. Hence, equation (3) is equally
valid for  populat ions that  are  changing rapidly
in ei ther  direct ion,  as  well  as  those that  are  sta-
tionary. Note, however, that when back trans-
formed to finite rates, the variability in the re-
sultant A is dependent on the value of X.  For
example, when r0  = 0.20 and SE(r,)  = 0.05, the
transformed 68% CL’s around er  = X are 1.162-
1.284,  giving increases of between 16 and 28%/
year (range = 12%). When r = -0.20, the iden-
tical SE(r.)  results in declines of 14-22%/year
(range = 8%). In the latter case, the precision
of the back-transformed estimate is greater al-
though the variabi l i ty  about  the untransformed
est imate  is  the same in both cases .

Managers using trend information obtained
from variable counts should know something
about the accuracy and precision of their trend
estimate.  This  invest igat ion has shown that  trend
estimates based on highly variable counts re-
quire multiple counts for high precision, by
either taking replicate counts each year or cal-
culat ing trend only af ter  a  suff ic ient ly  long pe-
r iod of  t ime.

Proper survey design and strict standardiza-
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tion of procedures can reduce count variability
but seldom sufficiently to eliminate the con-
cerns raised here.  Invest igators  can lengthen the
monitoring period but not without cost. By in-
sist ing on wait ing unti l  enough years  have passed
that the apparent trend is considered reliable,
smaller fluctuations in population size may be
obscured. Additionally, as the time period in-
creases, the consequences of erring in inter-
preting trends become greater. In Example 1,
the 68% CL’s around the annual estimate of
5.1% yearly growth (r  = 0.05),  as calculated
after 9 years of monitoring, were 1.8 and 8.5%.
In year 9, these limits implied population sizes
of from 115 to 193% of the population in year
0, calculated as exp(r,  f [SE(r,)(t  - l)]). If the
same SE(r,)  could have been achieved within
5 years ,  equivalent  l imits  around the est imated
population size in year 5 would have been 107-
139% of  the original  populat ion,  a  much small -
er range. When counts are highly variable and
time-frame l imited,  taking repl icate  counts  each
year  is  the  only  method that  can return re l iable
trend information. The time between such rep-
licate counts should be short enough to mini-
mize changes in the size of the sampled popu-
lation but long enough to ensure the
independence of each count.

Finally, it must be remembered that preci-
sion of a trend estimator is of little value if the
est imate  i tse l f  i s  b iased.  Changing s ightabi l i ty ,
either with time or population density, biases
rO,  so calculated CL’s may not include the pop-
ulation’s actual rate of growth. It behooves

managers using trend data from partial counts
to determine if the animals seen during trend
counts  are  a  constant  fract ion of  the target  pop-
ulation. If sightability is constant the informa-
tion presented here provides a method for de-
termining the precision of the estimate of
population trend. If sightability varies the re-
lationships between observer experience, pop-
ulat ion s ize ,  and resultant  s ightabi l i ty  should be
elucidated before trend lines can have much
meaning.
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