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Abstract: A standard method for estimating aresource sel ection function (RSF) involvescollecting asampleof available
resource units, and a separate sample of used resource units. The RSF can then be estimated using astandard logistic
regression program, but with a constant term that is afunction of the sampling fractionsfor availableand used resource
units. Using logistic regression for estimation under these conditionsisjustified by Manly et al. (2002) using amodel
that assumes that sampl es of used and availableresource unitsaretakenin such away that thereisacertain probability
of aunit being sampled, and that the sample of available unitsis collected first without replacement. In this paper we
examine the performance of |ogistic regression estimation both with this sampling scheme and others. In particular, we
consider the question of when estimation isunbiased or nearly so, and how well variances are estimated using the usual
logistic regression methods.
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We briefly review the estimation of a resource selection function (RSF) under four different sampling methods.
First, a sample of resource units can be taken and it can be seen which of these are used and which are not used.
Second, a sample of available resource units can be taken, and a separate sample of used units also taken. Third, a
sample of available units can be taken, and aseparate sampl e of unused unitsalsotaken. Finally, asample of used units
can be taken and a separate sample of unused units.

These sampling methods and the required estimation procedures are discussed by Manly et al. (2002, Chapter 5).
In brief, the first sampling method involves using ordinary logistic regression, while the other methods use logistic
regression but the RSF isnot just equal to thelogistic regression function. Rather, with sampling methods two to four
the results from logistic regression have to be modified in special waysin order to obtain the RSF.

The most common sampling method in practice appears to be the one where a sample of available unitsis taken,
and also a separate sample of used units. For example, if the resource units being considered are blocks of land that
might be used by an animal then the sampl e of available units might be obtai ned from ageographical information system
(GIS) , with field sampling undertaken to find blocks used by the animal. It isthis sampling method that we considerin
the present paper. The questionsthat we examine are:

I |sthereany biasin the estimation of the RSF and variances, with sample sizes from small to large?

If the sampling scheme described by Manly et al. (2002, p. 99), with random sample sizes, is changed to one with
fixed sample sizes, then how does this effect estimation of the RSF?

If the size of the sampl e of available unitsiseffectively unlimited becauseit can bedrawn fromaGI S, then how large
should the sample size be to insure that there will be no improvement in estimation by making it larger?

The sampling scheme described by Manly et al. (2002, p. 99) involves selecting the sample of available units first
without replacement, so that none of the unitsin this sample can also appear in the sample of used units. How is
estimation of the RSF effected if the used unitsare chosen first without replacement, or if the problem of overlapping
samplesisjust ignored?

For some specific cases where the RSF is not an exponential function of the variablesthat describe resource units,
how well can the function be approximated by an exponential function?
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Thesequestionsare now considered inturn, following abrief description of thejustificationfor using logistic regression
with separate samples of available and used units.

THEORY OF ESTIMATION

The sampling scheme described by Manly et al. (2002, p. 99) involvestaking a sample of available unitsin such
away that every one of these unitsis selected with probability P,,independently of the selection of any other unit, and
taking a separate sample of used units in such a way that each of these units is selected with probability P,
independently of the selection of any other unit. In addition, the sample of available units is taken first, without
replacement, so that no unit in this sample can also appear in the sample of used units. Based on this sampling
procedure, Manly et al. argued that the probability that theith unitisin the used sample, given that it isin one of the
samplesis
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wherew", is the resource selection probability function (RSPF) for theith unit, i.e. the probability that the unit is used
as a function of variables x = (X, %, ..., X,) measured on the unit to describe it. Assuming that the RSPF takes the
particular form

W (X) = exp(By + Bx, + ... + B x), 2

then leads to the logistic regression equation
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for the probahility that the ith unit isin the used sample given that it isin one of the samples.
It isvery important to appreciate that the RSPF is given by equation (2) and not by the logistic regression equation
(3). Nevertheless, once thelogistic regression equation isfitted the values for 3, to 3, are estimated, so that the RSF

W(X) = exp(Bx, + ... + Bx)) @

can be estimated, wherethisis proportional tothe RSPF. Inaddition, if it happensthat the values of P, and P, areknown,
then 13, can be estimated as well, so that the RSPF of equation (2) can be estimated.

Obviously, the RSPF of equation (2) will not be valid if it returns probabilities greater than one. This can be
checked for if 3, can be estimated. Otherwise, a potential problem in thisrespect isindicated by alarge proportion of
units being used, with certain types of units apparently being alwaysused. Insuch casesit will be necessary to include
higher order polynomial terms in equation (2), or even modify the functional form of the RSPF and estimate it by
maximizing the likelihood of the data without using logistic regression.

BIASAND VARIANCE ESTIMATION

For inferences concerning regression coefficients based on maximum likelihood theory it is necessary to assume
that the estimated coefficientsare normally distributed, with variancesthat are well approximated by thevaluesthat this
theory provides (Collett, 1991, p. 49). Thiswill be the case providing that the statistics
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have distributions that are close to the standard normal, where by, is the estimated constant termand b; isthe estimated
value of 3 from the fitted logistic regression, with the estimated standard error SE(b;). Herethetermlog,[(1-P,) P,/P,]



isinvolved with the constant term becausethe constant inthelogistic regression estimateslog[(1-P,) P,/ P,] + 3, rather
than just 13,

To examine how thisworksin practice, Simulation Experiment 1 was conducted. Thisinvolved setting up amodel
popul ation of 10,000 resource units described by two variables, X, and X,. Thevaluesfor both of thesevariableswere
generated as independent random values from the normal distribution with a mean of 1.0 and a standard deviation of
0.135, and the RSF was set equal to

W(x) = exp(X,), )

i.e. the coefficient of X, isone, and the coefficient of X, is zero.

The model population was used to simulate situations with 5%, 10%, 20%, 50% and 80% of the units expected to
be used, with expected sample sizes of 1,000 available units and 300 used units. For example, with 5% of units expected
to be used the RSF of equation (7) was scaled to the RSPF

W (X) = exp(B, +X,), )

with 3, chosen to make the mean value of w"(x) equal tow" = 0.05 for all 10,000 unitsin themodel population. Each unit
was then determined to be used with a probability equal toitsvalue from equation (8), resulting in about 5% of the units
being considered to be used. Each unit in the model population (used or unused) was then included in the sample of
available units with probability P,=0.1, resulting in asample size of about 1,000 units. Each of the remaining used units
(about 450 of them) wasthen included in the sample of used unitswith aprobability of 0.667, to give aused samplesize
of about 300. The datawere then used to fit alogistic regression model, and the statisticst,, t, and t, calculated. This
simulation process was then repeated 4,999 timesto obtain atotal of 5,000 t-statisticsfor the situation with 5% of units
expected to beused. Thesamethen donefor 10%, 20%, 50% and 80% of unitsexpected to beused, with 5,000 t-statistics
being obtained for each of these scenarios.

The results of this simulation study are summarizedin Table 1, interms of the mean, standard deviation, skewness
and kurtosis of the distributions of the t-statistics. The means, standard deviations, skewness values and kurtosis
valuesareall closeto what isrequired for astandard normal distribution (0, 1, 0 and 3, respectively), except when 80%
of the unitsare expected to be used. With 80% expected use the mean valuesfor t ;andt, aresignificantly different from
zero and t, has significant skewness.

The reason for the non-normal distribution of t, and t, with 80% expected use is apparently the result of the
exponential model being an inadequate approximation for the RSPF in this case because equation (8) then allows
probabilities of use greater than one. These probabilities were reduced to one in the simulations when they occurred,
and this modification has presumably introduced the bias. Thelast columnin Table 1 showsthe percentage of unitsin
the model population for which equation (8) gives aprobability of morethan one. Thisiszero for 5% to 50% expected
use, but is 4.3% for 80% expected use.

A Simulation Experiment 2 was run with the two X variables used to describe the 10,000 resource units in the
population randomly selected from the exponential distributionwithamean of 1.0 and astandard deviation of 0.135. The
RSPF was till given by equation (8), but in this case the highly skewed distribution of X, means that even with 50% of
units expected to be used there are some units in the population for which equation (8) gives values greater than one.
Table 2 shows a summary of the results obtained fromthissimulation, inthesameformat asfor Table 1. Thebiasisvery
large when 80% of units are expected to be used, in which case 6.7% of the units in the population had values from
eguation (8) above one.

Although the two simulation experiments only cover some very specific situations, with moderately large sample
sizes, they do suggest that a biasin the estimation of the coefficientsin aRSF (showing up ast-statistics having means
different from zero) will not be aproblem unlessthe proportion of used unitsisso high that the exponential model implies
that some units have probabilities of use of more than one. In such cases it is not really appropriate to use the
exponential model, and it would be better to replace the exponential model of equation (2) with another model for usein
equation (1).

Some simulationswere also carried out with the small expected sample sizes of 50 available unitsand 25 used units.
These indicated that both for normally distributed and exponentially distributed X variables, with the same conditions
as for Simulation Experiments 1 and 2, thet-statisticsstill had distributions quite closeto standard normal, but theresults



were if anything less affected by the RSPF giving values greater than one for some unitsin the population. Basically,
therefore, it appearsthat the logistic estimation method works well even with small expected sample sizes.

In al the simulation results the coefficient of X, was significantly different from zero at about the correct 5% of
timesforatest using a5% level of significance. Consequently, therewasnever any indication that avariablethat should
not be in the RSF will be found to be significant more or |ess often than expected based on statistical theory.

USING FIXED SAMPLE SZES

Justifying the use of logistic regressionwith fixed samplesizesfor available and used unitsisdifficult theoretically
because the probability of aunit being in the sample of used units, giventhat it is sampled, isnot independent of which
other units are used. Nevertheless, sample sizes are often fixed in practice, particularly if the sample of available units
isdrawn using aGIS. Thisraisesthe question of whether using fixed sample sizes mattersin practice.

Thiswas checked by running Simulation Experiment 3, which was similar to Simulation Experiment 1, but with the
sample sizesfixed at 1,000 availableunitsand 300 used units. Overall, theresultswerevery similar for therandom sample
size design of Manly et al. (2002) with the same expected sample sizes. Apparently, therefore, using fixed samplesizes
is asatisfactory procedure, at |east for moderately large sample sizes.

Table 1. Results from Simulation Experiment 1 on a model population with 10,000 resource units, a RSF that isa
function of one of the two variables measured for which the values are normally distributed with amean of 1.0 and
astandard deviation of 0.135. The expected size of the sample of available unitswas 1,000 units, and the expected
size of the sample of used units was 300 units.

t, t, t,

w P, P,Mean SD Skew Kut Mean SD Skew Kurt Mean SD Skew Kurt %>1°
005 010 0667 001 100 002 303 -001 099 -001 299 -001 101 -005 305 00
010 010 0333 -001 100 -002 295 000 102 -002 29% 002 099 -003 307 00
020 010 0167 001 099 002 307 -001 100 001 295 000 099 -006 294 00
050 010 0067 -001 098 002 307 002 098 001 308 000 099 000 306 00
080 010 0042 005 099 007 29 -010 098 -002 322 002 101 -001 301 43

#The mean, standard deviation (SD), skewness (Skew) and kurtosis (Kurt) values are for 5,000 values of the t-
statistics defined by equations (5) and (6). Underlined values in the table indicate values that are significantly
different at the 5% level from what is expected from a standard normal distribution, based on the standard error
estimated using the 5000 replicate valuesfor the mean and standard deviation, and Table 34 of Pearson and Hartley
(1970) for the skewness and kurtosis.

5T he percentage of unitsin the model population where the probability of use had to be reduced to one.

Table 2. Results from Simulation Experiment 2 on a model population with 10,000 resource units, a RSF that is a
function of one of the two variables measured for which the values are exponentially distributed with a mean and
standard deviation of one. The expected size of the sample of available unitswas 1,000 units, and the expected size
of the sampl e of used units was 300 units. Seethe noteswith Table 1.

ty t, t,
w P, P, Mean SD Skew Kut Mea SD Skew Kurt Mea SD Skew Kurt 9%>1

005 010 0667 003 100 001 297 -001 099 003 29 -002 101 006 297 00
010 010 0333 000 100 -007 29 003 099 004 303 000 100 010 291 0O
020 010 0167 002 099 -008 305 000 099 002 29 -001 099 013 297 00
050 010 0067 005 099 -003 292 005 099 010 300 001 100 003 294 02
080 010 0042 039 101 000 29 -058 099 010 288 002 099 005 302 67




EFFECT OF CHANGING THE AVAILABLE SAMPLE SIZE

Intuitively it scemslikely that if the sample of available units size isincreased more and more thentherewill come
apoint wheretheavailable population of resource unitsisdefined sowell that thereislittle point inincreasing the sample
sizeany further. Thiswas examined by Simulation Experiment 4, in which a population of 100,000 resource units was
generated, with an average probability of use of 0.05 from equation (8). The random sample size strategy of Manly et
al. (2000, p. 99) wasthen used to sampl e the popul ation, with expected si zes of 500, 1000, 10000, 20000, 40000, 60000, and
80000 for the sampl e of available units, and an expected size of 300 units for the sample of used units. Table 3 shows
the mean of the estimated standard error of the coefficient of X, for each of the available sample sizes. It appears that
increasing the expected size of the sample of available units beyond 10,000 leads to little improvement in the accuracy
of estimation. Thisis consistent with what was found by Erickson et al. (1998) for a GI S study on moose, and may be
areasonable rule of thumb for studies where the available sampl e size can be made as large as necessary.

ALTERNATIVE WAYSTO HANDLE SAMPLE OVERLAP

The sampling scheme proposed by Manly et al. (2002, p. 99) requires that the sample of available unitsis first
selected, without replacement, followed by the selection of the sample of used units. Thisapproach, whichwill becalled
Plan 1 here, assures that no overlap exists in the used and available samples, and gives every resource unit (used or
unused) an equal chance to be in the sample of available units. Two alternative methods for sampling have been
examined to see how they effect the estimation of the RSF. Plan 2 reversesthe procedure of Plan 1, and callsfor the used
units to be sampled first, without replacement, followed by the sasmpling of available units. This sampling plan also
ensures no overlap between available and used samples. Finaly, Plan 3ignores any potential overlap in the available
and used samples, and simply callsfor two independent samples of the available unitsand used units. Asthisstrategy
involvestaking the first sample with replacement, it makes no difference which sampleisdrawn first.

Table 3. How the standard error of the estimated coefficient of X, changed as the expected size of the sample of
available unitsincreased from 300 to 80,000 resource units, in a population of 100,000 resource units.

Available sample size 300 5,000 10,000 20,000 40,000 60,000 80,000

Standard error 0.450 0.440 0434 0432 0430 0428 0428

Toexaminethe potential effectson estimation that can result from these three competing sampling plans, Simulation
Experiment 5 was conducted. A population was simulated with 100,000 resource units, with 40% of these expected to
be used. Three scenarios, each representing a different degree of potential overlap in the available and used samples
if sampling Plan 3was used. Inthefirst scenario there were an expected 8,000 unitsin the sample of available unitsand
an expected 4,000 units in the sample of used units. This represented an average of 2.67% overlap in the two samples
when Plan 3 was used. Scenario 2 called for 15,000 units expected in each of the two samples, and represented an
expected 7.5% overlap in the two samples when Plan 3 was used to draw the samples. The third scenario had a 10%
overlap in the two samples for Plan 3, with an expected avail able sampl e size of 20,000 and an expected used samplesize
of 20,000. Therelative biasin model coefficients, along with the significance of this statistic was used to compare the
three sampling plans. There were 1,000 sets of data generated for each scenario-by-sampling plan combination.

The result obtained from this simulation was that there was no significant bias for any of the three methods for
sampling the data. Consequently, no evidence was found suggesting that the use of sampling Plan 2 or sampling Plan
3 introduces any major biases, although obviously they may under other circumstances.



APPROXIMATING A NON-EXPONENTIAL RESOURCE SELECTION FUNCTION

There may be some question about the ability of the RSF modeling procedure described in Manly et al. (2002) to
estimate a RSF that has something other than an exponential form. Simulation Experiment 6 wastherefore carried out to
examine the ability of the procedure in this area. The simulated population consisted of 100,000 resource units, with
every unit assigned values for a single variable X, which was normally distributed with a mean of 16 and a standard
deviation of 5. Any values of X lessthan zero were set equal to zero. The relative probability of use of a unit with X
=X was then set equal to

w(X) = x¢ exp(-x/4) / 16, ©)

and therelative probabilitieswere scal ed so that the probabilities of usewereall between zero and one, with the average
of the probabilities giving the required expected number of used units. Situationswith 1%, 5%, 10%, 20%, 50% and 80%
of the population expected to be used were considered.

Figure 1 shows the relative bias in the estimated probability of selection when equation (9) is approximated by
quadratic, cubic and quartic exponential resource selection functions. To producethese figurestherelative probability
of selection was predicted for units in the popul ation having true probabilities of selection falling onthe 5th, 10th, 20th,
30th, ..., 90th, 95th, and 99th percentil es of thedistribution of true probabilitiesfor theentiresimulated population. These
predicted relative probabilities and the true probabilities were scaled so the probability of selection (both true and
relative) was equal to one for aunit withthemeanvaluefor X. Thebiaswasthen calculated by taking thescaled relative
probability of selection minus the scaled true relative probability of selection.

It appearsthat a quartic function gives areasonablefit to equation (9), although there is some overestimation of
relative probabilities of use for units with moderately low probabilities of use and units with high probabilities of use.

DISCUSSION

The main pointsto emerge from the simulation studies considered here are that (a) care needsto betakento ensure
that the assumption of an exponential RSF combined with ahigh overall probability of use for resource units does not
imply that there are probabilities of use greater than onefor some units, (b) changing the sampling procedureto onewith
fixed sampl e sizes has had minimal effectsfor the situations considered, (c) in general there may belittle point in having
available samplesizes of morethan 10,000 units, (d) changing the order of the selection of theavailable and used sample,
or just selecting them independently ignoring any problems of overlap has had minimal effects for the situations
considered, and (e) non-exponential RSF functions can be approximated using the exponential RSF, although this may
involve somerelatively small bias.

Clearly theseare only preliminary findings, and more simul ations covering afar wider range of situationsare needed
to confirm the extent to which they apply in general. We plan to carry out these more extensive simulations at a later
date.
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Figure 1. Thebiasin the estimated relative probability of selection when equation (9) is approximated by exponentials
of second degree (quadratic) to fourth degree (quartic) functions. Curvesareonly shownfor 1%, 20% and 80% of units
used because the curves for the other percentages considered (5%, 10% and 50%) are so similar.
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