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Abstract:  In capture-recapture experiments, if individualst ltheir tags, the observed recaptures will be lem#éian
expected. This phenomenon results in overestimatfaine population under consideration. Drugs addic
are usually referred for treatment or/and rehatitih, on the process of these, they are likelghtange their
identity hence losing their tags. Tags loss metiead therefore incorporated in the estimation ofdize of
elusive population. The simulation studies revedfest the proposed coverage probability tag losseho
(CPTLM) is statistically consistent with small arstde population sizes. The proposed model wasexpfui
addicts’ data collected from Northeast, Nigeria.
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Introduction and (4) individuals are matched correctly, that is,
Capture-recapture (C-R) methods were originally @&gpli individuals will not change their identity, in the
to animal populations in which sequence of samplee  terminology of C-R, no tags loss. Assumption (1)disaif
taken from a well-defined population; animals foundthe experiment is conducted within a reasonablyrtsho
without a tag in a particular sample were givennaque  period of time. For (2) the listing systems may et
tag before returning that sample to the populatiorthat  independent, since addicts can be referred acystenss
way, estimate of the population size and othervegle  for rehabilitation or treatment; the NDLEA usualigfer
parameters are obtained. These methods have naw beaddicts to Psychiatric centres for treatment, likew
applied extensively to epidemiological and publealth  Psychiatric centres can also refer psychoactiviemat to
events with the aim of estimating the incidence andthe NDLEA for rehabilitation. We assumed that atklic
prevalence of such events (Sebar al., 2000). The have similar behaviours, hence assumption (3) hols
technique has also been adopted for other aredsamjc is, addicts have the same probability of being agiven
the evaluation of census undercount (Ericksen andist. Assumption (4) will completely be false; miaitag
Kandame, 1985; Darrochkt al., 1993), software testing will depend on the quality of records, the truthieds of
and reliability (Wohlin et al., 1995; Ebrahimi, 1997; the information and the uniqueness of the tags .used
Briand et al., 2000; Yipet al., 2003), to mention a few. Addicted individuals are likely to give false infoation
When there are only two samples, the method isddlie  about their identity deliberately to avoid stigraation or
Petersen method (or the Lincoln index), Jibaset 10 arrest, or even unconsciously under the effect of
This work is concerned with estimating the numbér o intoxicant. This leads to tag loss. According tolldtk
drugs addicts within a given location; a case stofly (1991), the loss or overlooked of marks (tags) ban
North eastern states of Nigeria, consisting of stixtes  serious, he suggests that one way to estimatosagsd to
namely; Adamawa, Bauchi, Borno, Gombe, Taraba andise double marks. Polloak al. (1990) stated that, if tag
Yobe States. The primary sources of data on drddt  loss is likely to occur, an attempt should be maoe
in these States are from the National Drug Lawestimate rate of loss and that if individuals |tser tags,
Enforcement Agency (NDLEA) State command N will be overestimated; this situation is referred as
headquarters and the Psychiatric centres of theid@jsts  positive biased (IWGFDMF, 1995).

Hospital in these States. Patients are takingeoQntres  The paper is organized as follows: the tag loshatkebf
for treatment and are also to the NDLEA for rehgddibn. Seber (1982) is presented in section 2, followedthsy
NDLEA also makes direct arrest of barons and drugsoverage probability model (CPM) for estimating elas
users. events of Jibasen (2011), where tag los was incated.
In practice, C-R methods can be applied to any tsitaian In section (3), the incorporated tag loss metholleada
which records of individuals from the same popolataire  coverage probability tag loss model (CPTLM) wasliapp
kept in at least two different but incomplete listhus to a set of simulated data and compared to therdeste
“being on list i” can be equated to “being on sanl method and the CPM. Finally, in section 4, the pesul
The problem is to estimate those missing from bists. CPTLM was applied to data set obtained from the NBLE
These lists can come from different units or deparits of and Psychiatric centres in the north eastern Stafes
the same agency (e.g. Doctors’ and Pharmacisterdc  Nigeria.

or different agencies (e.g. The Police Force aedPtison

Services’ records). When applied to list, the Peter Materialsand Methods

method is known by the nomenclature; Dual SystemThe Petersen estimator is well-known; if we assuthed
Methods (DSM); Dual System Estimation (DSE) or Dual proportion on list 1,1/, for the whole population is

z_e’cfé%s;)gtii?seéDaii)é;\éV;E!\ﬂlg’Sg%’ El-khorazetty roughly the same as it is on Iistrﬁ?/nz. then,
The assumptions required for this estimate to liel zan nl/N = mz/n2

be spelt out in a number of ways. However, the keyand, solving folN yields the Petersen estimator:
ingredients are: (1) the population is closed, ikatthe N = Mtz (1)
population has a constant size for the entire peoiothe m2

study, (2) the lists are independent, (3) each neerobthe
population has the same chance of being on a disgn
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where, N, m,, n; andn, are the population size, the s NN,
numbers of individuals on both lists, on list 1 amdlist 2, - iy
respectively. my = M, (1 — fiy)fty
According to IWGDMF (1995), if we exploit the mp = My (1 — fig)ft,
mathematical statistics result, (1) can be writien myp = My(1—,)(1 - 7p)
( Uj _E(n)E(n,) With the solutions,
E| N |=—2H—= P
E(mz) Ty = mg/(mp + myp)
=Np,p,/ p ) Tp = my/(my + myp)
1h2 M2 My = (My + myp)(Mp + Mmyp) /Myp (4)
=NR Providedm, # 0 for at least one. If at least onen,, = 0,

Where: N, m,, n; andn, and as defined earliep,, p, the model collapsed to the classical model.
andp,, are probabilities of being on list 1, list 2, amatth M. Coverage probability model (CPM)
list 1and 2, respectivelyhere, R >1, if being on list 1 Huggins (1991) used a form of a Hurwitz- Thompshbia (
tends to decrease the chance of being on lidt &jll be ~ T) method to model heterogeneity of individual aalsn
overestimated, this is negative dependence(or ipesit Where animals were assigned probabilities, follgnihis
biased) which can be credited to the fact thatividdals  idea, Jibasen (2011) introduced a model for estigat
‘elusified’ by losing their tags. It is thereforgigent that, ~ elusive events for two lists (called, coverage piulity
with elusive events, tags loss is therefore appamtwich ~ model (CPM)) based on the H-T method; this model was
leads to negative dependence between lists. Iliscovered to give better results than the Petersgthod,
epidemiological studies, tag loss has receivedelitt in the presence of low recaptures. The modelésgnted
attention (Sebest al., 2000). below incorporating the method of estimating tegs|(4).
This paper assumed that addicts are referred acrosde joint probability density function for the coage
agencies and that on reference, they are likelghange  Probability model is given as;
their information identification making it diffictil for L f(nl,nz,nll): (:11)(;;[&% gl)p”ﬁ"z A-p)¥™ (5
m_atchlng. This will thus imply that being on thesflllit (see Jibasen, 2011: Jibaseal., 2012)
will decrease the chance of being on the second, The ML estimator op is # = n
will lead to over estimation of N. ] P=5 o ) )
Addicts on a list are considered as having an itjémg T_he tv_vo sample estimator for estimating elusivenevés
string of information, these are; first name, suneaage, divenin (6) as; ,
religion, address and type of substance abusedseThe N, =£= % (6)
|nforr_nat|on were group into two, fo_rml.ng two tagagrA Where, r = n, +n, — i,
consists of name, age, and religion; tag B congi$ts where.n,, has been replaced b,
individuals’address and type of substance abuse. Hence 11 2
Tag loss method of Seber (1982) ’
Each individual on a list has a string of identifyi Nyy =
information subdivided into tag A and tag B. Tag A
consists of name, age, and religion; these aresitem
assume individuals are likely to be truthful abotag B 4 : .
consist of address and type of substance abusesk tire  Simulation studies ,
items addicts are likely to lie about. If eitheibstring is ~ 1he Simulated data was thus based on the hypergeome
correct the individual is identified uniquely. Wesame  Settings, the marginal totals,(andn,) were fixed as well
further that these tags are independent. This gssmms  as the assumed population siewhile the recaptures,;
and assertion are in line with Seleeal. (2000). were randomly generated. The variaieg; mz andm,p
Let, . ) ) were simulated from,,, from wherefi, was estimated to
m,,= the probability that a tag x is lost on the setbst (x . . . .
replacen,;. Series of simulations were carried out for

=AB . .
Tap = zhe probability that both tags are lost n, =50, n; =10 and the assumed population size
m, = number of tagged individuals on the second list,N =90, as showed in Tables 1 to 5. Simulation for other
with tag x only (x = A, B) values ofn,, n, and N are summarized in Tables 6 to7.
m,p = number of tagged individuals on the second listThe Petersen estimatd¥, the coverage probability model
with both tags (CPM) estimatoiV,, and the coverage probability tag loss

m, =those on both lists . o .
As2 earlier stated that, the tags are assumed to b@()del (CPTLM) estimatoN,,.,, were compared using the

independent, that isz,s = mump, according to Seber Akaike information criterion (AIC), while mean abste
(1982), the joint probability function ofi,, mgz, muz and  deviation (MAD) was used to checked for the overall

s(ny +n, —My)?

n
Thus, s =the number of lists (samples) involved in the
experiment, here, = 2

m, is given by; model performance for each set of simulated data. A

f (M mg, Mg M, [0y, 0,) = £ (my,my, myg [m,)f (m, [n,n,) (3 simulated data were from Jibasen (2011).

where ' Table 1 shows no tag lossp,; = my + my + myp the

f(ma, mg, myp| my) = '7?;'[(1—71;4)713]7"!'[1[‘4(1 analyses thus showed that the CPTLM performs well
"f‘;,;”ﬁ;n?“'m"’ compared with the CPM, but both performs better

X [(1 = 1) (1 — w5) ™48 [myms] ™o compared to the Petersen method. This revealsthieat

- —_ _ _ CPTLM performs well even when there is no tag loss.

my = My — My — Mg — My, . . N

and, Table 2 shows a situation where one individualdessne
my(N—-ng N tag. The result in Table 2 shows that if an indintloss

f(m2|”1'n2):(m2) (nz_mz) (nz) both tags the CPTLM performs better than both the

While, maximum-likelihood estimates ®f, m,, =, and  Petersen and the CPM. But if up to two individuaist |
g are given by both tags the CPM performs better.
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Table 4: Simulated data for n;=50, n, =10and N = 90
Tablel: Simulated data for n;=50, n,=10and N =90 with onetag loss from substring A

AlIC - AIC AlC - AIC . AIC AlC
= N, 5\ Nuo & —~ —~ =
(N) (Nc) 2 (Nmz) SN nqq MA MB MAB Mz N (N) N,_. (Nc) m2 (Nmz)

SIN ny; My My My, i, N

1 7 1 3 3 8 634.36694 4.272 90 4.010 1 7 0 3 3 6 634.36694 4272 95 4.361
2 7 2 1 4 8 674.36694 4272 92 4.140 2 7 1 1 4 6 674.36694 4272 97 4.543
3 6 2 1 3 7 75349097 4543 95 4.361 3 6 1 1 3 5 753.49097 4543101 4.824
4 8 2 1 5 8 60511290 4.010 89 4.092 4 8 1 1 5 7 60511290 4.010 94 4.272
5 8 2 3 3 1050 5.112 90 4.010 83 4.490 5 8 1 3 3 8 50511290 4.010 89 4.076
6 8 1 2 5 8 60511290 4.010 89 4.092 6 8 0 2 5 7 60511290 4.010 93 4.219
7 10 3 3 4 1241 - 83 4.490 76 5.025 7 10 2 3 4 1141 - 834.490 82 4611
8 7 1 4 2 9 564.36694 4.272 87 4.244 8 7 0 4 2 6 564.36694 4.272 92 4.140
9 8 2 2 4 9 56511290 4.010 87 4.244 9 8 1 2 4 8 565.112 90 4.010 92 4.140
10 5 0 1 4 5 10B.7591014.824101 4.824 10 5 0 1 4 5 10@.7591014.824 105 5.115
MAD 29 4 5 MAD 29 4 6

Table2: Simulated data for ny=50,n, =10and N =90 1apje5: Simulated data for ny= 50, n, =10 and N = 90

with onetag loss with one tag loss from substring B
- - AIC - AIC 5 AIC - o AIC - AIC . AIC

SN nyq MA MB MAB MZ N (N) Nc (NC) Nmz (ﬁmz) SIN nqyy MA MB MAB MZ N (N) Nc (Nc) NmZ (Nmz)
1 7 1 2 3 7 63436694 4272 95 4.361 1 7 1 2 3 7 634.36694 4.272 95 4.361
2 7 1 1 4 6 67436694 4272 96 4.474 2 7 2 0 4 6 674.36694 4.272 97 4.543
3 6 2 1 3 7 75349097 4.543 95 4.361 3 6 2 0 3 5 753.49097 4543101 4.824
4 8 2 1 4 8 60511290 4.010 92 4.140 4 8 2 0 5 7 60511290 4.010 94 4.272
5 8 1 2 4 8 50511290 4.010 92 4.140 5 8 2 2 3 8 50511290 4.010 89 4.076
6 8 1 1 5 7 60511290 4.010 93 4.219 6 8 1 1 5 7 60511290 4.010 93 4.219
7 101 2 6 9 41 - 83449086 4.327 7 10 3 2 4 1141 - 834490 82 4.611
8 7 1 2 3 7 56436694 4.272 95 4.361 8 7 1 3 2 8 564.36694 4.272 92 4.140
9 8 2 1 4 8 565.11290 4.010 92 4.140 9 8 2 1 4 8 565.11290 4.010 92 4.140
10 5 1 1 2 5 103.7591014.824103 4.968 10 5 0 0 4 4 10B.7591014.824 105 5.115

MAD 29 4 5 MAD 29 4 6

When individuals loss 2 tags, one from each stif@le  pqr |ack of space, simulation for various valuesrgf 1,
3 shows that the CPM is better model. Table 4 shags ;4 y are summarized in Tables 6 and 7. The simulated
loss by substring A, while Table 5 shows tag logs b \oqt5 in Table 6 revealed that the CPTLM perfowet!
substring B. _Each shows that the CPTLM performs We”when the elusiveness is high, that is, when more
but the CPM is better. individuals ‘elusifies’. The results further shohat, even

i when all the recaptures are lost CPTLM performsebett
Table3: Smulated datafor ny=50,n, =10and N =90 {hap the Petersen but not the CPM. When the pdpalat

with two tag loss size is large, Table 7 shows that CPTLM performsebet
SN nyy M, My Myp M, N AlC W, AlC N, AlC with smaller number of the tag loss compare to@RM
() (N, (Nmp) and far better than the classical method, the Seter
1 7 1 2 2 6 634.36694 4.272 97 4.543
2 7 1 1 3 5 674.366 94 4.272100 4.729
3 6 2 0 3 5 753490097 4.543101 4.824 Table 6: Simulated results for various values of ny, n,
4 8 2 1 3 7 60511290 4.010 95 4.361 and N
5 8 1 2 3 7 50511290 4.010 95 4.361 Nmz Nmz Nmz
6 8 0 1 5 6 60511290 4.010 97 4.543 N n, mnp, ngy with3 with10 withlo N, N
7 101 2 5 8 41 - 83 4.490 89 4.092 loss loss loss
8 7 0 2 3 5 564.36694 4.272101 4.824 200 100 10 10 193 220 200 18200
9 8 2 1 3 7 565.11290 4.010 95 4.361 100 10 8 200 220 208 18425
10 5 1 1 1 4 108.7591014.824 105 5.115 100 10 6 208 220 216 19767
MAD 29 4 8 MAD A5 A20 A8 11 69
NmZ Nmz NmZ
with 10 with 20 with 25
loss loss loss
200 100 40 24 227 264 284 19267
100 40 25 223 260 280 18960
100 40 27 216 253 272 18248
MAD 22 59 79 12 42
NmZ Nm2 NmZ
with 25 with 30 with 40
loss loss loss
200 90 70 46 242 259 177 16237
90 70 43 252 270 186 17147
90 70 42 256 274 189 17450
MAD 50 68 16 31 56
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Table 7: Simulated results for various values of nq, n,

with largevaluesof N

NmZ Nm2 NmZ . .
N n, n, ny; withl with2 with5 N, N
loss loss loss
300 150 10 7 296 300 312 293 214
150 10 6 300 304 316 296 250
150 10 8 293 296 308 289 188
MAD 4 3 12 7 83
1000 500 80 57 947 950 961 943 702
500 80 51 969 972 983 965 784
500 80 49 976 980 991 972 816
MAD 36 33 22 40 233
2000 900 80 49 1773 1777 1788 174969
900 80 48 1777 1780 1792 172500
900 80 57 1742 1746 1758 173263
MAD 236 232 221 240 589
NmZ Nm2 NmZ N N
N n; n, ng; with 100 with 150 with5 N, N
loss loss loss
3000 1500 300 195 3230 3422 2880 2862308
1500 300 207 3185 3376 2837 282Q@174
1500 300 194 3234 3426 2884 286@320
MAD 216 408 133 151 733

Estimation of the number of addicts from Northeast

Nigeria using CPTLM

The CPTLM was used to estimate the population of
addicts in the north east alongside the CPM. A 95%

performs better when the population size is lavgeereas
CPM performs better with smaller population sizésvds
also discovered that CPTLM performs well when thisre
no tag loss and as the number of loss tags rediR&&M
performs better. The proposed tag loss model wpbeap
to addicts’ data, where a 95% confidence intervaivs
that all the estimates fall within the acceptareggan.

Conclusion

The robustness of CPM was established by JibagHri {2
this is really, the first attempt at improving (ewven
disapproving) on the performance of CPM. With this
work, it has been established that CPM is a robeshod

of estimating elusive events from two sources, evban
tag loss is inevitable.
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