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Abstract: Recent advances in the theory and applice-
tion of Cormack-Jolly-Seber capture—recapture mod-
elsinclude incorporating individual covariatesinto the
capture—recapture modeling process, and estimating
finite rates of population change (I ) from asingle cap-
ture-history matrix. Program MARK, a software
package, incorporates both of these features to alow
examination of ecological mechanisms affecting life
history traits and how populations change over time.
Individual covariates are variables associated with
individual capture histories and are modeled in MARK
using design matrices. The use of individual covari-
atesin MARK are described with an example examin-
ing the effects of physical condition and parasitism on
female survival in afictitious avian species. Individual
covariates also can be extended to habitat relation-
ships—at least for territorial species—where individ-
ual covariates are habitat variables associated with ter-
ritories where individuals reside. In program MARK,
population rates of change (I ) based on capture—recap-
ture data can be modeled with time-dependency, as a
function of external covariates (such as weather) or
with individual covariates.

Key words. capture-recapture, individual covariates,
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In addition to correct parameter estimation, the mech-
anisms behind variation in parameters over time and
space is important in understanding animal population
dynamics. Individual covariates are variables associ-
ated with individuas, such as indicators of physical
condition, size, genetics, and even habitat conditions
where individuals reside. They present an avenue for
investigating ecological mechanisms in population
dynamics, such as individual fitness, competition, and
habitat quality. Inthesimplest case, logistic regression
is afeasible tool for examining the effects of individ-
ual covariates on survival (White 1983), but only
where animals with measurable individua covariates
are tracked over time with complete detectability (e.g.,
through radiotelemetry). However, when detectability

of animalsisincomplete (e.g., in band recovery or cap-
ture-recapture studies), then nuisance parameters,
such as recapture probability, must be incorporated
into the analysis. The inclusion of nuisance parame-
ters complicates the estimation of parameters and their
sampling variances and covariances. Until recently
(see Smith et a. 1994), it was not feasible to examine
how individual covariates affected survival estimated
from band recovery or capture-recapture data. The
reasons behind this recent development were advances
in computing power and increased understanding of
maximum likelihood estimators. However, given the
ability to estimate population parameters with individ-
ual covariates, construction of likelihoods that includ-
ed individua covariates was extremely complicated
because of the need to embed logistic equations with-
in the cell probabilities of the likelihood formulation
(see White 1983).

In addition to understanding how ecological factors
affect life-history parameters, such as survival, a pri-
mary concern in understanding and managing animal
and plant populations is the estimation of population
trends over time and what factors may affect the vari-
ation in population growth rates. A useful measure of
interest is the finite rate of population change (I ) that
can be expressed in its simplest form as:

N, + 1
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t

where N is population size and t is the time period
when each N is measured. A general question of inter-
est here is whether populations are increasing (I > 1),
stationary (I = 1), or decreasing (I < 1) and at what
annual rate. Finiterates of population change havetra-
ditionally been estimated from estimates of age-spe-
cific survival and fecundity using a Ledlie projection
matrix (Caswell 1989, Noon and Sauer 1992, McDon-
ad and Caswell 1993). Estimates from this method
represent averages of | across some time period when
the survival and fecundity were estimated. Hence, this
approach has little utility in assessing factors that
directly affect | or in estimating temporal variation in
| . What was needed was an estimator that could esti-
mate | on a periodic basis (e.g., on an annua basis)
with appropriate estimates of sampling variances and
covariances. A simplistic approach to dealing with
this problem would be to count individuals within
some defined area (a census) each t period (e.g., each
year t), and estimate | | based on Equation (1). How-
ever, this approach isinvalid for a number of reasons.
First, Nichols (1992) provides the relevant philosophi-
cal and statistical arguments as to why a census is
rarely achieved in wild animal populations because of
incomplete detectability and variation in detectability
of animals over time. Thus, there are sampling vari-
ances associated with each estimate of population size
(N) in each period. Second, there are also sampling
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covariances between N's estimated for each sampling
period that reflect the inherent lack of independence
between N's (animals in 1 period are also present in
preceding and succeeding periods).

In this paper, | present 2 features of program
MARK (White and Burnham 1999) that allow (1) the
incorporation of individual covariates into estimation
of life-history parameters, and (2) a recent method
(Predel 1996) for estimating period-specific | directly
from capture—recapture data. Both these features
allow for more meaningful examination of ecological
mechanisms that affect life-history traits, how popula-
tions change over time, and the underlying factors that
may be responsible for those changes.

INDIVIDUAL COVARIATES

Individual covariates are variables associated with
individual capture histories (termed “encounter histo-
ries’ in program MARK). For example, a 6-year study
is conducted to examine the effects of physical condi-
tion and parasitism on femae survival in an avian
species. Each year, individual females were captured,
weighed, a feather sample taken, checked for parasite
loads, color-marked, and then released. Physical con-
dition in terms of nutritional stress was assessed using
stable nitrogen isotope ratios (d°N ratios) from feath-
er samples (Mizutani et a. 1990, Hobson et al. 1993),
while parasite loads were estimated as the number of
hippoboscid flies (a blood-sucking parasitic fly) found
during 10 minutes of combing through the feathers
(Young et a. 1993). In subsequent years (encounter
occasions), females were re-encountered by resighting
their color marks. These are capture-recapture data
(the “Recaptures Only” data type in MARK) and the
input file for program MARK might look like:

1111011 7.80;
1010011 6.3 1,
1010001 6.6 O,
001001 15.9 3,
00101016.81;
00110017.01;
0011001 6.2 4;
010001 17.30;
010010 1 6.0 6;
01010017.6 1,
1000001 7.1 G,
0011001 5.8 5;

00001017.20;

where the first 6 digits represent the individua’s
encounter history, the next digit represents the frequency
of that encounter history (in this case, frequency is
aways 1), and the following 2 sets of numbers represent
the individua’s stable nitrogen isotope value and the

number of hippobscid flies found. When this file was
entered into MARK, the number of individua covariates
was specified as 2 and the names NITRO, and FLIES
were specified asthe individual covariate namesin the
“Enter Specifications for MARK Analysis’ window.
Both group effects on individuals and individual
covariates can be modeled together in MARK. Although
categorical variables (e.g., sex) can be used as individ-
ual covariates, they are generaly better considered as
group effects on individuas (i.e., male and females sep-
arated as groups in the input file). Although all the
same analyses can be performed with the group effect
treated as an individual covariate, individual covariates
are much less efficient of computer time than the group
approach. In general, categorical groups are better han-
dled as such rather than as discrete individual covariates.
In addition, individual covariates that are continuous
should be used asindividual covariates and not binned
into multiple groups because of the loss in efficiency.

Modeling Individual Covariatesin MARK

From the previous example of female condition and
parasite loads, the Parameter Index Matrices (White
and Burnham 1999) for this particular analysis in
MARK are structured as time-dependent for both f
and constant for p (merely for the sake of simplicity).
Thus, there are 6 parametersin al (5 for f and 1 for
p). The simplest structure on N that included 1 of
the individual covariates (say, NITRO) would be
{f (NITRO), p(.)}, where surviva of individuals is a
linear function of their stable nitrogen isotope values.
Inthe“Design Matrix” of MARK, such amodel would
be constructed as:

NITRO

NITRO

NITRO

NITRO

NITRO
0

ORRRRE
rooooo

From this model, f for an individual i with a given
stable nitrogen isotope value can be estimated (using a
logit link function) as:

logit(f) = 60+ 61' NITRO )

or dternatively as:
f 1

i — ©)
1+expl— (b +b ~ NITRO)]

where the estimates of b can be obtained from the out-
put of MARK for this particular model. [f b1 iS posi-
tive, then a graph of Equation (2) might appear asin
Fig. 1a; individual survival is asimple linear function
of its stable nitrogen isotope value at initial capture.
The manner in which MARK computes the log-likeli-
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A B. and Burnham 1999). When individual covariates are
' o incorporated into such amodel, Equation (3) is substi-
T tuted in for each f , in the cell probabilitiesin Equation
/I/ % (5). For example, the cell probability for the first ex-
; i et ample encounter history, 111101, can be rewritten as:
- I_l.---'
.-"_:__.- - 1
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Fig. 1. Alternative models coded in progran MARK for examining
the effects of a covariate (value of stable nitrogen isotope ratios) on
individual apparent survival (represented as logit(f )).

hood (log,£) for such a model begins with the funda-
mental equation (White and Burnham 1999):

log.L = %Ioge[Pr(h)] " (No. animalswith h) (4)

where H is the number of unique encounter histories,
and h isaunique encounter history. Pr(h) is computed
as the cell probability for a given encounter history, h
(see Burnham 1993). For example, Pr(h) for the first
encounter history in our example data, 111101, would
be expressed as:

Pr(f 1 pf ,pf 5pf 4(1—P)f 5P)

under the model {f (t), p(.)} where f is time-specific
and p is constant over time. Similarly under model
{f (), p(.)}, the second encounter history in our exam-
ple data set, 101001, would be expressed as:

Pr(f ,(1 - p)f ,pf 5(1 - P)f 4(1 - P)f 5P).

Thus, thelog-likelihood for model {f (t), p(.)} showing
the first 2 encounter histories would be written as:

logeL = {log [Pr(f 1 pf ,pf 5pf 4,(L —P)f 5p)] * 1}
+{log[Pr(f 1(1 - p)f opPf 5(1 - P)f 4
1-pfsp)] " 1} + .. ©)

Numerical optimization is then used to maximize the
likelihood by iteratively solving for f, and p (see White

1
1+exp[—(by+b; " NITRO)]|  p’ )

In addition to the simple model represented by
Equations (2) and (3), more complex models can be
constructed with individual covariates and time
effects. For example, model {f (t + NITRO), p(.)} that
has separate intercepts for each year but a common
slope for NITRO (Fig. 1b) would have the following
design matrix in MARK:

1 1 0 0 0 NITRO 0
1 0 1 0 0 NITRO 0
1 0 0 1 0 NITRO 0
1 0 0 0 1 NITRO 0
1 0 0 0 0 NITRO 0
0 0 0 0 0 0 1

that correspondsto amodel that estimatesf for an indi-

vidual i with a given stable nitrogen isotope value as:

f= 1 )

' l+expl-(b+h” (yri)+b " (yr2)
+..+b" (yr4)+b " NITRO). (6)

If there was a common intercept for all years but
different slopes for NITRO within each year (Fig. 1c),
then the design matrix in MARK would be;

POOOOO

where f for individualsis estimated as:

f.= — 1

Y1+ expl- (l% + b1 " (NITRO for birds from yr 1)
+...+b." (NITRO for birdsfromyr 5))].  (7)

Finally, if there were separate intercepts and slopes for
NITRO each year (Fig. 1d), then the design matrix in
MARK would be:

INITRO1 000 NITRO O 0 0 O
INITRO0O100 O NITRO O 0 O
INITROOO10 O 0O NTRO 0 O
INITROOOO1 O 0 0 NITROO
INITROOOOO O 0 0 0 O
0 0 0000 O 0 0 0 1
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and f for individuals would be estimated using Equa-
tion (6) except that it aso would include the interac-
tion terms between year and NITRO.

The preceding examples of models that incorporate
individual covariates are analogous to an analysis of
covariance (ANCOVA) approach. Models aso can be
viewed in the framework of multiple regression where
multiple continuous variables are examined. For
example, the following design matrix in MARK:

1 NITRO FLIES O
1 NITRO FLIES O
1 NITRO FLIES 0
1 NITRO FLIES 0
1 NITRO FLIES 0
0 O 0 1

denotes model {f (NITRO + FLIES), p(.)} wheref is
estimated as:

fAA = _ _ 1 =
1+exp[-(+b " NITRO+h," FLIES) (8)

Currently, interactions between individual covariates
cannot be directly constructed in the Design Matrix by
multiplying columns together but must be entered as
individua covariates with theinput file. For example, if
the interaction between NITRO and FLIES was includ-
ed in a potential model, then this variable must be
included in theinput file as a separate individual covari-
ate and named when the input file is first incorporated
into MARK. Thus, interaction terms have to be created
and included in the encounter histories file and cannot
be created in the Design Matrix from existing individual
covariates. Another limitationin MARK isthat interac-
tions between continuous cohort-level (i.e., year- or
age-specific) covariates—such as weather, effort,
etc.—cannot be constructed with individual covariates.

The idea of individual covariates also can be
extended to habitats that individuals occupy. Franklin
et a. (2000) used habitat covariates on 95 territories
occupied by northern spotted owls (Strix occidentalis
caurina) to examine multiple hypotheses about the
effects of landscape habitat configuration on apparent
survival (f). In this case, territory-specific covariates
were attached to encounter histories for individuals
occupying those territories. Thus, more than 1 indi-
vidual shared the same covariate values. Thisanaysis
in MARK also could have been constructed with terri-
tories as groups (rather than individual covariates)
with the territory-specific covariates used as con-
straints in the design matrix. However, this would
have been unwieldy and inefficient because of the
large (95~ 95) size of the design matrix.

Scaling Issues
When the mean value of individua covariates is very
large or small or the range of the covariate is over sev-

eral orders of magnitude, the numerical optimization
algorithm in MARK may fail to find the correct para-
meter estimates. To prevent this, the values of individ-
ual covariates can be scaled, or standardized. This can
be done to each covariate in the input file by dividing
each covariate by some number (e.g., 10, 100, etc.) to
reduce the magnitude of the covariate before bringing
the input file into MARK. Alternatively, the “ Stan-
dardize Covariate” option can be used in the “Setup
Numerical Estimation Run” window in MARK. This
option is set as the default and computes the mean (X)
and standard deviation (SD) of the individual covariate.
Then, each value is standardized by the transformation:

X=X

standardized covariate =

The mean of the standardized covariate is now 0,
and therangeisroughly from -3 to +3. Therangesize
for the standardized covariates also can be used as a
rough rule of thumb when scaling the covariates man-
ually prior to bringing the input file into MARK. One
advantage of manually scaling the individual covari-
ates, rather than using the Standardize Covariate op-
tion, is that the resulting bs and sebs can be easily
back-transformed to make predictions from the result-
ing equation. When the “Standardize Covariate” op-
tion is used, back-transformation of the sebs requires
additional calculations based on the delta method.

RATES OF POPULATION CHANGE AND
RECRUITMENT

Pradel (1996) introduced a reparameterization of the
Jolly-Seber model (Jolly 1965, Seber 1965) that per-
mitted estimation of | ;, the annual finite rate of popu-
lation change at timet in addition to local apparent sur-
vival (f,), recapture probability (p,), and seniority
probability (g; the probability that an animal at time t
had not entered the popul ation between timet and t — 1).
These parameters can be estimated for demographical-
ly open populations; thus, immigration, emigration,
births, and deaths are allowed. In addition to the above
parameters, athird parameter of interest is recruitment
rate (f,; the number of new animalsin the population at
time t per animal in the population at timet —1). The
full birth and death model for population change can
be accounted for by estimating f and f using the Pradel
models. The basic birth and death model for a single
age-class that explains changes in a population from 1
time period to another can be written as:

Nep 1 =SN+BN+iN-&N ©)

where sis true survival probability, b is birth rate, i is
immigration rate, and e is emigration rate. Equation
(9) can be rewritten in terms of Equation (1) as:

ly=g+b+i—eg.
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Because the reciprocal of apparent surviva (f) in-
cludes both mortality and emigration, and recruitment
rate (f) includes both birth and immigration, | ; can be
expressed in terms of these 2 parameters:

| =f +f,.

Other relationships between the parameters estimated
in the Pradel models are shown in Teble 1.

Four parameterizations of capture—recapture data
are available in program MARK: Pradel Recruitment
Only, Pradel Survival and Seniority, Pradel Survival
and Lambda, and Pradel Survival and Recruitment. In
addition to the ability to obtain time-specific estimates
of f, g f, and | , the models implemented in MARK
aso alowed for constraints by time—such as linear or
nonlinear time parameterizations of | —and by exter-
nal covariates, such asweather. Thiscan be done with
proper consideration of the sampling variances and
covariances because estimates of the parameters are
included directly in the likelihood rather than through
derived parameters, such as recruitment or f .

Underlying Model Assumptions

The 2 parameters obtainable from the Pradel models
that have the most interest for population biologists are
recruitment rate (f) and | . A number of design and sta-
tistical considerations need to be accounted for before
estimation of these parameters can be valid.

First, these models require that the study area size
and boundary configurations remain unchanged
through time. A common situation is that study areas
expand or contract either asinvestigators become more
skilled and experienced in trapping and marking ani-
mals or as funding levels increase and decrease. In
such cases, the results from the Pradel modelsin terms
of fand | make no biological sense because the popu-
lation to which the inferences are being made also is
expanding or contracting. Thus, to obtain valid esti-
mates of recruitment or rate of population change, the
population must not be altered by adjusting the config-

Table 1. Interrelationship of parameters (g |, and f from
models developed by Pradel (1996) and estimated in program
MARK.

Parameter  Alternative relationships with other parameters

G+1 f
Iy

uration of the study area. Even if study area configu-
ration remains constant, animals can be missed in the
first years of the study when observerswerefirst learn-
ing their respective study areas. In this case, | esti-
mates for those initial years will be biased high. If
there is a learning curve in the first years of a study,
then it would be appropriate to eliminate those years
before conducting the analysis.

Second, all animalswithin the study area must have
some probability of being recaptured throughout the
study. Consider a study area that has some inaccessi-
ble portion where trapping does not occur in thefirst 2
years but then funding levels allow access for trapping
in subsequent years. Individuals captured in the inac-
cessible portion of the study area will suddenly
become new recruits to the population even though
they had been present—but not available for sam-
pling—in previous years. This situation is analogous
to an internal expansion of the study area.

The sampling situations presented here do not pro-
duce hias, in the sense that the estimator of | is not
performing as it was intended. Instead, the area being
sampled is increasing, so the estimated population
change is the result of 2 conceptually distinct process-
es. The first process involves expansion of the study
area and the increase in number of animals exposed to
sampling that result from this expansion. The second
process involves changes in the number of animals on
the sampled area; thisis the change of interest and the
1 to which we would like estimates of | to apply.

Third, permanent trap response in capture probabil-
ity can bias estimates of | (see Appendix D by J. D.
Nicholsand J. E. Hines in Franklin et al. 1999). Trap
response occurs when animals respond positively or
negatively to being captured (Seber 1982) and reflects
a difference in capture probability between animals
that have, and have not, been captured previously and
marked. Permanent trap responsein the standard Cor-
mack-Jolly-Seber models induces no bias in survival
estimates (Pollock et al. 1990) because survival esti-
mates are conditional on animals that are captured, so
al modeled capture probabilities correspond to marked
animals. Estimates of population size under the Jolly-
Seber model, however, are biased in the face of per-
manent trap response, as the difference in capture
probability between marked and unmarked animals
causes predictable problems (Nichols and Hines 1984).
This same bias also applies to estimates of | . Nichols
and Hines (Appendix D in Franklin et al. 1999) found
that bias was positive in the presence of a trap-happy
response and negative in the presence of trap-shy
responses. This bias was not substantial for small lev-
els of trap responses but could be substantial if levels
of trap response were high. If trap response changed
over time, then misleading trendsin | could result.

Fourth, heterogeneous capture probabilities can
cause bias in estimates of | . Heterogeneous capture
probabilities occur when individuals, or classes of indi-
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viduals, have different capture probabilities. Hetero-
geneity in capture probabilities results in a negative
biasin N (Nicholsand Hines 1984). Assuch, somebias
in estimates of | can be expected because of the inher-
ent relationship with N (see Equation 1), although trest-
ing Nsasaratio in Equation (1) should remove some of
the bias. However, Nichols and Hines (Appendix D in
Franklin et al. 1999) found that heterogeneous capture
probabilities did not bias estimates of | when a single
estimate of | was modeled over agiven time period (a
{1 .} model). Small bias (from-0.05 to 0.05) did occur
when estimating time-specific | (a {I,)} model).
However, this bias was not as substantial a problem as
that resulting from permanent trap response.

Additional Considerations

The Pradel models implemented in MARK do not
alow for age effects because the likelihood is condi-
tioned on the entire encounter history, not just the por-
tion following first capture as when estimating f under
the Cormack-Jolly-Seber model. For example, MARK
conditions on the full encounter history “001101" to
estimate f and |, whereas it conditions on only the
“1101" portion to estimate f and p. Therefore, age
cannot be included because age cannot be estimated
back to the initial zeros of the encounter history. If
age-specific likelihoods are desired, groups of animals
can be created based on age.

Another consideration is that of confounded esti-
mates under the full model where all parameters are
time-dependent. For example, under model {f,, p,, | ;}
the first and last | are unestimable because f ; is con-
founded with p; and f _, is confound with p, _, (for
k encounter occasions). However, when constraints
are placed on either f or p, some of the variation in
these parametersistakenup by |, g or f. Becausel ,
g and f are the parameters of biological interest in the
Pradel models, it is often best to model f and p as com-
pletely time-dependent (e.g., asf, p,) and apply con-
straints of interest on |, g, or f.

DISCUSSION

While program MARK provides the capabilities to
explore ecological relationships by incorporating
individual covariates into estimates of demographic
parameters, inferences to those relationships are still
limited by the original design of the study. For exam-
ple, inferences from a study that is observational in
nature are more limited than a study that was
designed as a true experiment. Program MARK can
analyze data from both designs, but the inferences
made from the analysis still depends on the original
design of the study.

The Pradel models are powerful for analyzing
rates of population change solely from a single cap-
ture— recapture data set. Combined with the ability to
include individual covariates into such an analysis,
the Pradel modelsin MARK form a starting point for

unifying the analysis of demographic parameters (f
and f) from an individual standpoint and examining
the factors affecting those individual characteristics
from a population standpoint in terms of rates of pop-
ulation change. Thus, MARK provides an analytical
bridge between individual processes and population
processes.

A limitation of the current Pradel modelsin MARK
isthat recruitment from in situ reproduction cannot be
distinguished from immigration. Thus, changesin re-
cruitment are afunction of either fecundity, surviva of
young to the age when they can be first sampled in the
population, immigration, or a combination of all 3.
Study areas with estimates of | = 1 could reflect self-
sustaining stationary populations, populations requir-
ing substantial immigration to maintain stability (the
“rescue” effect; Gotelli 1991), or a combination of
both. For the same reason, source and sink popula
tions (Pulliam 1988) cannot be distinguished based on
| aone as estimated from the Pradel models; other
information—such as fecundity, immigration, and
emigration rates—needs to be considered as well.
Thus, | estimated from matrix models using age-spe-
cific survival probabilities and fecundities address the
question: “were the individuals in the population re-
placing themselves?” However, | estimated from the
Pradel models addresses the question: “ had the indi-
viduals in the population been replaced?” The latter
estimate becomes similar to the first only when immi-
gration and emigration become negligible.
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