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1. Introduction

Capture-recapture is a research methodology in which multiple instances of observation are gathered on the
identical individuals over a period of time. This technique is employed to estimate the size of a population and other
associated parameters by examining the proportions of marked and unmarked individuals (Wesson et al., 2023). When
the study population comprises a finite number of N elements, with N being unknown, capture-recapture methods can
be utilized to estimate the size of N (Koivuniemi ef al., 2019). The population under investigation is sampled on two
or more occasions, during which unmarked animals are uniquely marked (typically using numbered leg bands in avian
studies); previously marked animals are recorded upon recapture, and subsequently, all animals are released back into
the population (Wesson et al., 2017). At the conclusion of the study, the researcher possesses the complete capture
history of each handled animal. Capture-recapture methods are widely employed in animal population estimation, as
well as in other disciplines such as quality control and epidemiology (Akanda & Alpizar-Jara, 2017). Numerous models
and their corresponding inferential procedures have been proposed in the literature on capture-recapture to estimate
animal population size based on capture-recapture data (Chowdhury et al., 2019). There exist two categories of capture-
recapture models: (a) models that assume a constant population throughout the duration of the study (closed population
models), and (b) models that allow for the addition of individuals due to births, immigration, or reintroduction, as well
as the removal of individuals from the population due to deaths, emigration, or other causes (open population models).
Open population models can also be classified based on whether the recaptures pertain to observations of live animals
or deceased animals. The capture-recapture data collected on the same individuals across successive capture occasions
represent binary longitudinal or repeated measurements data (Akanda & Alpizar-Jara, 2014). The occurrence of these
repeated observations often exhibits a correlation that persists over time. This dependency or correlation structure can
be induced by incorporating individual heterogeneity. Failing to account for this dependency may result in estimates
that are biased (Chao ef al., 2021). The Generalized Estimating Equations (GEE) approach serves as a potent statistical
tool that expands the application of capture-recapture models to open populations, thereby enabling more precise
population estimates. The GEE approach addresses the limitations of closed population models by providing a
framework for estimating population size while considering the demographic changes. Worthington et al. (2018)
devised a multi-state model to estimate the size of a closed population based on capture-recapture studies. The

*Corresponding author. Tel.: +2347039321996
E-mail address: pkadaro@yahoo.com (Pascalis K Matthew)
https://doi.org/10.62054/ijdm/0203.16 © 2024 Department of Mathematics, Modibbo Adama University.



mailto:pkadaro@yahoo.com
https://doi.org/10.62054/ijdm/0203.16
https://ijdm.org.ng/index.php/Journals

238 Matthew et al. (2025) International Journal of Development Mathematics Vol 2 Issue 3 | 237 - 248

simulation results demonstrate that the estimation of population size may become biased if the movement between
states is not taken into account. Mamadou et al. (2019) put forth a novel algorithm for estimating the parameters of a
robust design with a substantial number of capture occasions and a simple parametric bootstrap variance estimator.
Kevin ef al. (2017) employed capture-recapture techniques to estimate the number of men who engage in sexual
activities with men and female sex workers in 11 selected towns in Uganda. The study utilized the conventional 2-
source capture-recapture (CRC) method to estimate the population of female sex workers and men who engage in
sexual activities with men. You et al. (2021) introduced a modern approach to estimate population size based on
capture-recapture designs of k-samples. The study encompasses models that assume a single constraint (identification
assumption) on the k-dimensional distribution, ensuring the identification of the target quantity and the unrestricted
nature of the statistical model. The study presents solutions for linear and non-linear constraints commonly assumed
to identify capture-recapture models, including the absence of k-way interaction in linear and log-linear models, as
well as independence or conditional independence. Kreshpaj ef al. (2021) employed capture-recapture methods to
estimate the extent of under-reporting of occupational injuries (OlIs) among precarious and non-precarious workers in
Sweden in 2013. The study empirically demonstrated that under-reporting of Ols is 50% higher among precariously
employed workers in Sweden. Capture-recapture studies were conducted to estimate the population of female sex
workers in Ghana (Guure ef al., 2021), in Bhutan (Khandu et al., 2021), in Juba (Okiria ef al., 2019), and in Hai Phong
province (Nguyen et al., 2021). Wesson et al. (2023) utilized capture-recapture methods to estimate the size of hidden
populations by leveraging the proportion of overlap in the population across independent lists. The study employed
simulations to model scenarios where capture-recapture methods yield biased or unbiased estimates and compared
various model selection criteria. The study concluded that conventional capture-recapture model selection fails when
dealing with sparse cell counts. This simplistic approach to model selection should be replaced with the implementation
of multiple different models in order to triangulate the truth in real-world applications. Huang and Pan (2021) proposed
an innovative method that simultaneously models the mean and within-subject correlation coefficients for longitudinal
binary data, while taking into account the constraints imposed by upper bounds. A joint GEE technique was formulated
for the specific purpose, and the resulting correlation coefficients were demonstrated to satisfy the imposed constraints.
The parameter estimators were proven to possess asymptotic normality, and simulation studies were conducted under
various scenarios. These studies indicate that the suggested joint GEE method performs remarkably well even when
the working covariance structures are not accurately specified. Zhuoran ef al. (2023) employed GEE in order to
examine the relationship between exposures and hearing loss due to its robustness against the misspecification of the
correlation matrix. The study proposed to model the correlation coefficients and employ second-order GEE for
estimating the correlation parameters. Through simulation studies, it was observed that the proposed method achieves
a higher level of efficiency for the coefficients of the covariates related to within-cluster variation compared to the
coefficients of cluster-level covariates. Asep et al. (2020) utilized GEE as one of the longitudinal data regression
methods for composite index data on children's welfare (CWCI) in the province of West Java. The research concluded
that this approach is significant as an alternative method for analyzing longitudinal data when a correlation issue arises
in the observed data. Nasrin et al. (2021) put forth a method for analyzing spatially clustered real data based on GEE,
which was originally designed for analyzing longitudinal data. A simulation study was conducted, and the proposed
GEE approach yielded superior results in terms of parameter estimation and capturing spatial processes compared to
the widely used conditional auto-regressive model. Goldenberg et al. (2023) employed bivariate and multivariate
logistic regression with GEE to model the association between unstable housing exposure and evictions with intimate
partner violence (IPV) and workplace violence among a community-based longitudinal cohort of cisgender and
transgender women sex workers in Vancouver, Canada, from 2010 to 2019. The study concludes that women sex
workers face a considerable burden of unstable housing and evictions, which are connected to higher odds of
experiencing intimate partner and workplace violence. Thus, there is an urgent need for improved access to safe,
women-centered, and non-discriminatory housing. The applications of the GEE approach by Zhang (2012), Akanda
and Alpizar-Jara (2014a, 2017), and Chao et al. (2021) were all focused on closed population capture-recapture models.
The objective of this paper is to propose a GEE approach for estimating the captured-probability of an open population
capture-recapture data while considering individual heterogeneity, behavioral effects, and environmental covariates.
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2. Model Formulation
2.1. Linking GEE to Capture-Recapture
Let N be the total number of individuals in the population of study, and let m be the possible number of capture

occasions, (M > 2).Let Y;; the indicator of the i™ individual being caught in the j™ occasion, that is, Y; =1if i

individual is captured in the jth occasion, aninj =0, otherwise. Let T, be the number of samples that the i"

m

o T

individual belongs to, then let T, = ZY"— Let Y; = (yil, ceor Yim ) be the M x 1 random vector to record the capture
j=1

history of the i™ individual for the m occasions. Covariates Z; and X;; are associated with the i"™ individual and the

jth occasion, fori =1,..., N, j=1,...,m. Let Z, be an individual measurable covariate, such as age, sex or weight,

etc. Let X;; be a measurable occasion related covariate for the i™ individual at jth occasion, and let

1 1 ... 17
28 L Z,
e 0 0
Xi=10 Xiy 0
&y O~

be the covariance matrix.

2.1.1 Individual heterogeneity covariates model (M n)

Zhang (2012) proposed the probability F’ij that the i" individual is captured on jth occasion is given by

P = Pr(Yij =1|z, Xj): h(B, + Bz + B Xij €]
: . O o’
fori=1,...,N, j=1..,m, where h(u)=1 —=(1+(e™)) 'is the logistic function. However if
+€
Xij = X;; = X; for I, #1,, this condition give rise to model (2) below
Pij =Pr(Yij =1|Zi’Xj)=h(ﬂ0+ﬂlZi +/Bj+1xj) (2)

fori=1,...,N,j=1..m.

2.1.2. Individual heterogenceity and behavioural covariates model (M bh/)
Akanda and Alpizar-Jara (2014) Models introduced Vi into the model (2) which is an indicator that, the i™ individual
is captured prior to jth occasion, and which depends on occasions as well as the individual i.e
1, caught
Vi ={ 3)
0, otherwise
The probability Pij that the i™ individual is captured on jth occasion is given by

P =Pr(Yij =1 Zi'Xj!Vij)zh(ﬂO + B2 + BiaX, +ﬁbhvij) “)
fori=1,..,N,j=1..,m.
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2.1.3. Individual heterogenceity, behavioural and environmental covariates model (M bhe/

Matthew et al. (2023) introduced fi i into the (4) which denote the environmental covariates such as mean temperature,

humidity or rainfall recorded for i™ individual at jth occasions.

Therefore, the probability Pij that the i™ individual is captured on jth occasion is given by

P; =Pr(Y; =1{z;,x;,vy, T;)=h(By + Biz; + B X; + BonViy + Be Tis) ®)
fori =1,...,N, j=1,...,m. In this case the covariance matrix Xi now becomes
- T
ld (1 1
Z; 1 Z;
X, =| % X e ®)
Vi Vi o Vi
L fo fi fin i
The assumptions of the model are:
1. Capture probabilities vary according to environmental characteristics.
il. Capture probabilities vary according to individual heterogeneity and environment.

iii. probabilities of capture vary according to an individual’s prior capture history and the environmental

covariates.

The mean vector of Y; is specified as

E(Yy) | | P
E(Y, P

f= (:le) _ :2 — P. (7)
E(Yim) I:)im

Pij =My = F’I’(Yij =1/z, Xij fij,Vij); fori =1,...,N; j=1,...,m. The probability of not capturing the i"
individual on the j" occasion is given by (1— P, ), and the variance of Y; is B;(1—P;) = 24;(L— 1),

Therefore, the M x M variance-covariance matrix of Y, is given by

Var(Yil) COV(Yil ’ Yiz) o COV(Yil ' Yim)
Cov(Y,,Y, Var(Y, = Cov(Y,,,Y,,
Var(Yi): V(Y:Il |2) ( |2) N OV( ;2 i ) (8)
Cov(Yyy,Yim) Cov(Y;,,Yim) - Var(Y,,)

Let R (o) denote the working correlation matrix, which is an approximation of the actual correlation matrix of Y, .

The working correlation matrix can be expressed in the form:

Vi = AR (@)A ©)
Where, A = dlag [V&I’(Yil), ...,Var(Yim)] isa Mxm diagonal matrix with
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Var(Y,) 0 0
A 3
0 0 - Var(Y,,)

T . . . .
where ff = (,30 B ,32) is the vector of parameters and M x M working correlation structure among Y, ..., Y, is
R () =Corr(Y,), which describes the average dependency of individuals being captured from occasion to

occasion, then the R, () has the form: R, (ar) =1 , where | isa mxm identity matrix.

Thus, Yij is conditional on the captured individuals n (i.e., Ti >1) as in (Zhang, 2012; Akanda & Alpizar-Jara, 2014;
Matthew et al., 2023) . If Y;;,Y,,,...,Y;,, are independent, given that the i™ individual is captured at least in one

occasion, the probability that, the i™ individual is captured on jth occasion is given by

Ry
P(Y, =1|T, 1) = (10)

du.
By adopting the notation in Matthew et al. (2023), Let Di be the matrix of derivatives q 'T . Since Z;, Xij ,Vij , fij
are observable covariates for each captured individual, then the vector of parameters 5= (f,, B, B>, Bons ﬂe\,)T

for model (5) can be estimated by solving the following generalized estimation equations
N
Ty -1
h(B)=>_D/Vi*(Y; = ) =0 (1n
i1

Therefore, (11) is a transformed GEE for capture-recapture models. Thus given the following GEE model
1. Model for Individual Heterogeneity Covariates (M )
Pj; . .
logl —— =,80+/3ihzi;(|:1,...,n;J=1,...,m) (12)
ij
This model assumes that the probabilities of capture vary according to individual covariates.
Let Py =h(By + BonVyy + BinZ;) sthen,
n m n m
=22y =)+ 2D — gy e =0 (13)
i=L j=1 i=1 j=1

2. Model for behavioural and heterogeneity covariates M bh

Pij . .
log) —— =By + BunVij + BinZi ;(I =1..,nj=1..m) (14)
ij
This model assumes that the probabilities of capture vary according to an individual’s heterogeneity covariates and
prior capture history.
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Let p;; = h(5, + BonVi; + '1hZ; ) sthen,

:ii(Yu _:“ij)+ Zn:i(Yij M )Zi + ii(Yu —Hy )"ij =0 (13)

=L j=1 i=1 j=1 i=1 j=1

3. Model for behavioural, heterogeneity and environmental covariates (M bhe )

pu

Iog = Bo + BonVij + BinZi + B f i N j=1..,m) (16)
This model assumes that the probabilities of capture vary according to an individual’s heterogeneity covariates, prior
capture history and the environmental covariates.

Let Py =h(s, +ﬁbhvij + BinZi + Be IJ) then,

‘ii( ij ,u”) ;Zm;,( ij ,u”)z +ZZ( ij 'uu)‘/quZn:Zm:( ,u”) =0 (17

i=1 j=1 i=1l j=1 i=1 j=1

2.2 Fitting Generalized Estimating Equation Models
The following steps was used in fitting the proposed GEE models as suggested (Wentao,2019):
1. Linear predictor and best link function: A link transformation function is specified that allows the response
variable to be expressed as a function of parameter estimate § of an additive model, with the model expected

value of the marginal response for the population £ = E(Y;) to a linear combination of the covariates. The

choice of link function depends primarily on the distribution specified.

2. Distribution of the response variable: The GEE allows the specifications of the distribution from the
exponential family of distributions, including Normal, inverse Normal, Poisson, Binomial, Gamma
distribution and negative Binomial. Prior knowledge of the distribution of the response variable is important.

3. Structure of the correlation within the response variable: Although GEE is robust when it comes to
misspecification of the correlation structure, it is important to take precaution when it comes to specifying the
structure. The working correlation employed are as follows: (a) Independent Structure(b)Exchangeable
Structure (c) Autoregressive Structure (d) Unstructured Structure

2.3 Model Selection of Generalized Estimating Equations

A modification of AIC known as the Quasi-Likelihood Information Criterion (QIC) was introduced by Pan
(2001). The QIC is constructed on the basis of independence of the working correlation assumption. The QIC can be
used to select the appropriate working correlation structure that is nearest to the true model from a set of potential
models in GEE analyses.
Then the simplified version of QIC given by Pan (2001) as cited by Wang et al. (2015) is denoted by

QIC=-2Q(&;1)+2p (18)

Therefore, QIC is used to select an optimal correlation structure. The model with the smallest QIC will be chosen as
the best parsimonious model with the best correlation structure (Pan, 2001).

2.4 Capture-Probability Estimator and the Standard Error
Let p; (i=1,..,n;j=1...,m) represent the probability of capture for the i" individual during the " capture

occasion. The open-population capture—recapture models employed here relate a differentiable function of the p; to

a linear function of external covariates (Matthew et al., 2023). These covariates include sex, weight, behavioural effect
and mean temperature. Individual capture probabilities were modeled with a logistic regression, so that,
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e ﬂO +/Hsex SeX; +ﬂvvl Wti

ij = 1+ eﬁ0+ﬁsexsexi+ﬂWIth (19)
for M, covariates.
e Bo+ PsexSX;i +Bug Wt + BonVij
i = 1+ eﬂo‘*‘ﬂsexsexi +Pan Whi + BonVij (20)
for M pn covariates and
eﬁo + BsexSeXi + Baa Wi +SonVij + Fon T
(21

U7 1 o ot PO B

for M, covariates.
The estimates for the parameters /3 are obtained by the method of maximum likelihood. Given a set of observed

captured histories, |ij , where |ij =1 ifthe i" individual was seen at the jth occasion and |ij =0 otherwise.

The estimated capture probability and standard error for the i"™ individual at jth occasion is labelled as f)ij and 7 B

1}

respectively. So that, E [ P; ] = p;;and E [ﬁﬁu } =7y, -

3. Results
3.1 Simulation 1
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

population data was simulated using R with the following parameters; N =500, ¢ = 0.7, A= 1.1, p= 0.3, and
M =4 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(500,0.5). The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5)and N(30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 1 shows the
Capture-Probability estimates for open population Capture-Recapture models when m=4, N=500.

Table 1: Capture-Probability estimates for open population Capture-Recapture models m=4, N=500

Model P, ﬂﬁij RMSE

M h 0.261 10.900 99.3244
M bh 0.250 14.086 99.3287
M bhe 0.279 12.991 99.2484

3.2 Simulation 2
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

population data was simulated using R with the following parameters; N =500, ¢ = 0.7, A=1.1, p = 0.3, and
M =5 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(500,0.5) . The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5) and N (30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 2 shows the
Capture-Probability Estimates for open population Capture-Recapture models when m=5, N=500
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Table 2: Capture-Probability Estimates for open population Capture-Recapture models m=5, N=500

Model P, ﬂpij RMSE

M h 0.245 12.2181 99.2453
M bh 0.341 11.7584 09.2081
M bhe 0.352 11.7320 99.2060

3.3 Simulation 3
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

population data was simulated using R with the following parameters; N =500, ¢= 0.7, A= 1.1, p= 0.3, and
M =6 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(500,0.5). The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5)and N(30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 3 shows the
Capture-Probability Estimates for open population Capture-Recapture models when m=6, N=500.

Table 3: Capture-Probability Estimates for open population Capture-Recapture models m=6, N=500

Model P, ﬂﬁij RMSE

M h 0.285 13.544 99.2960
M bh 0.294 12.569 99.2874
M bhe 0.230 12.536 99.2156

3.4 Simulation 4
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

population data was simulated using R with the following parameters; N =1000, ¢ = 0.8, A = 1.2, p= 0.4, and
M =4 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(1000,0.5). The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5) and N (30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 4 shows the
Capture-Probability estimates for open population Capture-Recapture models when m=4, N=1000

Table 4: Capture-Probability estimates for open population Capture-Recapture models m=4, N=1000

Model P, ﬂ.ﬁij RMSE

M h 0.285 13.544 99.2960
M bh 0.320 17.893 99.2874
M bhe 0.335 17.432 99.2156

3.5 Simulation 5
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

© 2025 Department of Mathematics, Modibbo Adama University.



245 Matthew et al. (2025) International Journal of Development Mathematics Vol 2 Issue 3 | 237 - 248

population data was simulated using R with the following parameters; N =1000, ¢ = 0.8, A = 1.2, p= 0.4, and
M =35 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(1000,0.5). The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5)and N(30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 5 shows the
Capture-Probability estimates for open population Capture-Recapture models m=35, N=1000.

Table 5: Capture-Probability estimates for open population Capture-Recapture models m=5, N=1000

Model P, ”ﬁij RMSE

M h 0.309 18.432 199.3017
M bh 0.328 17.625 199.2573
M bhe 0.358 17.608 199.2252

3.6 Simulation 6
In order to illustrate the GEE approach on open population capture-recapture data, a non-spatial open

population data was simulated using R with the following parameters; N =1000, ¢ = 0.8, A = 1.2, p= 0.4, and
M =6 trapping occasions was used to simulate the recapture history. The individual discrete covariate, sex, was
simulated based on the Binomial distribution BIN(1000,0.5). The individual continuous covariate, weight,
environmental covariate, temperature, were simulated based on the Normal distribution N (15,5) and N (30,10)

respectively. The indicator variable, behavioural effect was generated from the captured history. Table 6 shows the
Capture-Probability estimates for open population Capture-Recapture models when m=6, N=1000

Table 6: Capture-Probability estimates for open population Capture-Recapture models m=6, N=1000

Model P, ﬂﬁij RMSE

M h 0.222 17.243 1193.2409
M bh 0.251 17.246 1193.2222
M bhe 0.263 17.206 1193.2053

4. Discussion
Table 1 shows the estimated capture probability |5ij =0.261 with a standard error 7 5. —10.900 and RMSE
ij

=99.3244 when M, is considered. The estimated captured-probability F3ij =0.250 with a standard error 77 b, =14.086
and RMSE =99.3287 when M ph 18 considered. The estimated captured-probability |'3ij =0.279 with a standard error
T b, =12.991 and RMSE =99.2484 when M phe Covariates model is considered. In comparison among M b M ph -and
M phe Table 1 reveals that, the M phe Performs better in estimating the captured-probability because of the smallest
value of RMSE =99.2484. Table 2 shows the estimated captured-probability F3ij =0.245 with a standard error 7 b,
=12.2181 and RMSE =99.2453 when M n is considered. The estimated captured-probability |'3ij =0.341 with a standard
error 77 By =11.7584 and RMSE =99.2081 when M bh 18 considered. The estimated captured-probability |5ij =0.352 with
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a standard error 77 b, =11.7320 and RMSE =99.2060 when M, covariates model is considered. In comparison among

M, .M,, .and M, Table 2 reveals that, the M, performs better in estimating the captured-probability because
of the smallest value of RMSE =99.2060. Table 3 shows the estimated captured-probability |5ij =0.285 with a standard

error 77 b, =13.544 and RMSE =99.2960 when M n is considered .The estimated captured-probability |'3ij =0.294 with
a standard error 77 b, =12.569 and RMSE =99.2874 when M, is considered. The estimated captured-probability F3ij
=0.230 with a standard error 7 b, =12.536 and RMSE =99.2156 when M bhe 1S considered. In comparison among M h
,M,, .and M, Table 3 reveals that, the M, performs better in estimating the captured-probability because of the
smallest value of RMSE =99.2156. Table 4 shows the estimated captured-probability |5ij =0.285 with a standard error
T b, =13.544 and RMSE =99.2960 when M p is considered .The estimated captured-probability |5ij =0.320 with a
standard error 77 b, =17.893 and RMSE =99.2874 when M, is considered. The estimated captured-probability F3ij
=0.335 with a standard error 77 b, =17.432 and RMSE =99.2156 when M bhe 18 considered. In comparison among M h
,M,, ,and M, Table 4 reveals that, the M, performs better in estimating the captured-probability because of the
smallest value of RMSE =99.2156. Table 5 shows the estimated captured-probability FA>”. =0.309 with a standard error
T b, =18.432 and RMSE =199.3017 when M, is considered .The estimated captured-probability FAI'”. =0.328 with a
standard error 77 b, =17.625 and RMSE =199.2573 when M b is considered. The estimated captured-probability |5ij

=0.358 with a standard error 7 b, =17.608 and RMSE =199.2252 when M, is considered. In comparison among

M ho M ph -and M bhe 1able 5 reveals that, the M phe Performs better in estimating the captured-probability because
of the smallest value of RMSE =199.2252. Table 6 shows the estimated captured-probability |'3ij =0.222 with a standard

error 77 5. —17.243 and RMSE =1193.2409 when M n is considered .The estimated captured-probability |'3ij =0.251
ij
with a standard error 7 b, =17.246 and RMSE =1193.2222 when M, is considered. The estimated captured-
probability Isij =0.63 with a standard error 7 5. =17.206 and RMSE =1193.2053 when Mbhe is considered. In
ij

comparison among M, , M, ,and M, Table 6 reveals that, the M, performs better in estimating the captured-
probability because of the smallest value of RMSE =1193.2053.

5. Conclusion

In this study, a Generalized Estimating Equation (GEE) approach accounting for heterogeneity, behavioural
effects and environmental effects to estimate the capture-probabilities for open population capture-recapture
experiment was employed. An open population capture-recapture data was simulated using three different trapping
occasions (M = 4,5,6) with population sizes (N = 500,1000) .The results of the simulations, show that, the

comparison among M, , M, ,and M, shows that, the M, performs better in estimating the capture probability

because of the smallest value of RMSE across the different simulations. The study concludes that; environmental
covariates plays important role when estimating the captured-probabilities of open population capture-recapture
experiments.
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