Classical Multi-level and Bayesian Approaches to Population Size Estimation Using Multiple Lists^∗

Stephen E. Fienberg, Matthew Johnson, and Brian W. Junker Department of Statistics Carnegie Mellon University Pittsburgh, PA 15213-3890, U.S.A.

October 20, 1998

Introduction

Let i = 1, . . . , N index the objects, and j = 1, . . . , J index the lists. Our basic model has N × J random variables, X_{ij}, such that X_{ij} = { 1, if object i appears on list j; 0, otherwise.

We let p_{ij} = P [X_{ij} = 1], and n be the number of objects that appear on at least one list. We wish to estimate the number of unobserved objects, M = N − n or, equivalently, to estimate N.

Darroch et al. (1993), Agresti (1994) and Biggeri et al. (1999) have pointed out the need for modeling methodology that accomodates:

1. The probabilities of appearing in the various lists, i.e., capture probabilities; 2. How the lists relate to one another, i.e., list dependencies; and 3. The ways in which these capture probabilities and list dependencies vary across individuals.

A simple model that accomodates 1. and 3. is the Rasch model (1960) from educational testing, log { p_{ij} 1 − p_{ij} } = θ_i + β_j, i = 1, . . . , N; j = 1, . . . , J, which has been used since Sanathanan (1972) for capture-recapture work.

Our goal is to develop ~exible modeling methodology based on the Rasch model, that also allows for list dependence and other features seen in epidemiological multiple-recapture problems.

�Handout to accompany paper presented at RSS Conference on Applications of random Effects/Multi-level Models to Categorical Data in Social Sciences and Medicine, October 20, 1998. Supported in part by Grants REC-9720374 and DMS-9705032 from the National Science Foundation to Carnegie Mellon University. We are indebted to Steve Lawrence and Lee Giles for providing us with unpublished data for analysis.

The classical capture-recapture estimates for N for pair of lists is:

N̂ =

⌊ n_{1+}n_{+1} n_{11} ⌋ , where n_{1+} is the number of objects in list 1, n_{+1} is the number of objects in list 2, n_{11} is the number of objects in both lists and ⌊x⌋ is the greatest integer contained in x.

This estimate assumes homogeneous objects (e.g. Darroch et al., 1993) and no dependence between lists (e.g. Biggeri et al, 1999), and will be used to illustrate under- and over-estimation due to not modeling dependence in the 2^J − 1 table cross-classifying lists.

Simulated Data

Using the basic Rasch model we randomly drew independent results for the presence of N = 2000 individuals from each of J = 6 lists. We simulated the values of the individual parameters θ_i, for N = 2000 subjects from a N(0, 4) distribution, and their presence or absence from each of six lists according to list parameters β = (−1, −.5, −.25, .25, .5, 1). The result was a 2000 × 6 array of ones and zeros.

We summarized this information according to the presence or absence of individuals in the 6 lists, yielding the 2^6 cross-classi^cation of Table 1. When we analyze these data we will treat the number of individuals falling into no lists as if it were unobserved and to be estimated.

Multiple Sources For Diabetes Ascertainment

Bruno, et al. (1994) used 4 sources to identify known cases of diabetes among the residents of the area of Casale Monferrato in northern Italy on October 1, 1988 (see Table 3):

Clinics: List of all patients with a previous diagnosis of insulin-dependent diabetes mellitus (IDDM) or non-insulin dependent mellitus (NIDDM), via diabetes clinic and/or family physicians;

Hospitals: List of all patients discharged with a primary or secondary diagnosis of diabetes in all public and private hospitals in the region;

Prescriptions: Computerized database list of insulin and oral hypoglycemic prescriptions for 1988;

Reimbursements: List of all residents of region who requested a reimbursement for insulin and reagent strips.

The Number of Pages on the World Wide Web

Lawrence and Giles (1998) studied the coverage and recency of six major and widely-available World Wide Web search engines by submitting 575 queries on various scienti^c topics. An extract of their data is in Table 7.

The Rasch Model and Quasi-Symmetric Log-Linear Models

Let X_1, . . . , X_J be the variables cross-classi^ed in 2^J − 1 tables such as Tables 1 and 7. The Rasch model is a multivariate mixed-effects logistic regression model

P_j(θ_i) = P [X_j = 1|θ_i] = exp λ_j(θ_i) 1 + exp λ_j(θ_i) where λ_j(θ_i) = θ_i + β_j incorporates random object catchability effects θ_i and ^xed list effects β_j. Assuming that the lists are independent given θ, we obtain the marginal log-linear form

log π_{k1...kJ} = log P [X_1 = k_1, . . . , X_J = k_J ] = log ∫ J∏ j−1 P_j(t)^{kj} [1 − P_j(t)]^{1−kj} dF_Θ(t)

= log ∫ exp J∑ j=1 k_j(t + β_j) J∏ j=1 1 1 + e^{t+βj} dF_Θ(t) = α + k_1β_1 + · · · + k_J β_K + γ(k_+)

where k_+ = ∑J j=1 k_j and γ(s) = log E [ e^{sθ}|k = 0 ] . With an additional Şno J-way interactionŤ assumption, we may estimate N̂ = n + exp α̂ (e.g. Darroch et al., 1993).

Hierarchical Bayes Formulation of the Rasch Model

By adding priors G_β(·) for the β_j’s and ν(N) for N, we convert the mixed effects model to a hierarchical Bayes model. This allows for ~exible model expansion, and also allows us to trade Şno J-way interactionsŤ for the proper moment constraints, which seems to help. We have extended Basu’s (1998) Gibbs sampler to accomodate these models, and also implemented a version of Green’s (1995) reversible-jump MCMC algorithm to select N. In principle any proper prior on N can be used but we have found that restricting N to have ^nite support on the integers, say [n, N_{max}] for some value N_{max}, is helpful in the MCMC simulation. For the examples we present below we have typically taken N_{max} to be 10,000.

List and Latent Variable Interactions

Conditional on θ, the Rasch model is an independence model log π_{k1···kJ |θ} = α(θ) + ∑ j λ_j(θ)k_j. Adding terms λ_{j1j2} (θ)k_{j1} k_{j2} to represent conditional interactions between lists leads to the marginal log-linear form

log(π_{k1...kJ} ) = α + k_1β_1 + · · · + k_J β_K + γ(k_+) + ∑ ∑ j1≠j2 β_{j1j2} k_{j1} k_{j2} + ∑ ℓ γ^′(k_ℓ, k_+).

The latter terms γ^′(k_ℓ, k_+) can also be interpreted as manifestations of multidimensional catchability effects for the objects. Analogous expansions of the Bayesian model are under development.

Table 1: 2^6 Table of 2000 Individuals Simulated From a Rasch Model. x6 x1 x2 x3 x4 x5 0 1 0 0 0 0 0 304 108 0 0 0 0 1 70 55 0 0 0 1 0 37 42 0 0 0 1 1 37 50 0 0 1 0 0 30 26 0 0 1 0 1 16 24 0 0 1 1 0 16 25 0 0 1 1 1 17 46 0 1 0 0 0 21 21 0 1 0 0 1 15 37 0 1 0 1 0 9 20 0 1 0 1 1 10 52 0 1 1 0 0 10 10 0 1 1 0 1 8 28 0 1 1 1 0 8 23 0 1 1 1 1 15 97 1 0 0 0 0 11 10 1 0 0 0 1 6 12 1 0 0 1 0 8 11 1 0 0 1 1 7 28 1 0 1 0 0 5 4 1 0 1 0 1 9 18 1 0 1 1 0 1 12 1 0 1 1 1 6 58 1 1 0 0 0 1 4 1 1 0 0 1 6 12 1 1 0 1 0 1 7 1 1 0 1 1 6 58 1 1 1 0 0 2 3 1 1 1 0 1 3 30 1 1 1 1 0 4 25 1 1 1 1 1 14 331

Table 2: Traditional capture-recapture estimates for N using pairs of lists from Table 1.

Lists N̂ x1 x2 1253 x1 x3 1254 x1 x4 1335 x1 x5 1394 x1 x6 1472 x2 x3 1347 x2 x4 1416 x2 x5 1457 x2 x6 1512 x3 x4 1431 x3 x5 1515 x3 x6 1564 x4 x5 1534 x4 x6 1572 x5 x6 1623

Table 3: Data from prevalent cases of known diabetes melitus for residents of Casale Monferrato, Italy, on October 1, 1988, according to four sources of ascertainment.

Clinics yes no Hospitals Hospitals Prescriptions Reimbursements yes no yes no yes yes 58 46 14 8 yes no 157 650 20 182 no yes 18 12 7 10 no no 104 709 74 ?

Table 4: Traditional capture-recapture estimates for N using pairs of sources from Table 3.

Lists N̂ Clinics, Hospitals 2,351 Clinics, Prescriptions 2,185 Clinics, Reimbursements 2,262 Hospitals, Prescriptions 2,052 Hospitals, Reimbursements 803 Prescriptions, Reimbursements 1,555

Table 5: Six major search engines and their estimated coverages within the sample of ca. 190 × 10^6 pages found by 575 web search queries. Source: Lawrence and Giles (1998).

Search Coverage 95% CI Engine (%) (%) HotBot (HB) 57.5 ±1.3 AltaVista (AV) 46.5 ±1.3 NorthernLight (NL) 32.9 ±1.1 Excite (Ex) 23.1 ±0.86 InfoSeek (Is) 16.5 ±1.0 Lycos (Ly) 4.41 ±0.42

Table 6: Estimates of indexable web, from pairs of search engines, from the pair with the two smallest coverages relative to the total observed pages n to pair with the two largest coverages. Source: Lawrence and Giles (1998).

N̂ indexable Engines pages (×10^6) 95% CI Lycos and InfoSeek 90 ± 6 Infoseek and Excite 220 ± 16 Excite and NorthernLight 230 ± 15 NorthernLight and AltaVista 230 ± 13 AltaVista and HotBot 320 ± 34 Actual number of unique hits n = 190 Ů

Table 7: Multiple list data for Query 535, obtained from Lawrence and Giles (priv. comm.).

Northern Light Alta Vista Infoseek Excite Hot Bot Lycos 0 1 0 0 0 0 0 Ű 35 0 0 0 0 1 2 2 0 0 0 1 0 79 13 0 0 0 1 1 0 3 0 0 1 0 0 21 5 0 0 1 0 1 0 1 0 0 1 1 0 3 2 0 0 1 1 1 0 1 0 1 0 0 0 8 0 0 1 0 1 0 11 5 0 1 0 1 1 1 0 0 1 1 0 0 4 2 0 1 1 0 1 1 0 0 1 1 1 0 2 2 0 1 1 1 1 1 0 1 0 0 0 0 33 7 1 0 0 0 1 1 0 1 0 0 1 0 14 7 1 0 0 1 1 1 4 1 0 1 0 0 6 1 1 0 1 1 0 0 2 1 0 1 1 1 0 1 1 1 0 0 0 0 2 1 1 0 0 1 1 2 1 1 0 1 0 5 5 1 1 0 1 1 0 1 1 1 1 1 0 2 5 1 1 1 1 1 1 0

Table 8: Traditional capture-recapture estimates for total N web pages matching Query 535, using pairs of search engines.

WWW Search Engines N̂ AltaVista Infoseek 256 AltaVista HotBot 359 AltaVista NorthernLight 294 AltaVista Excite 353 AltaVista Lycos 202 Infoseek HotBot 254 Infoseek NorthernLight 274 Infoseek Excite 192 Infoseek Lycos 183 HotBot NorthernLight 362 HotBot Excite 489 HotBot Lycos 293 NorthernLight Excite 309 NorthernLight Lycos 172 Excite Lycos 252 Total observed in 2^6 − 1 table: n = 305

Table 9: Estimates of the population size for 2000 objects and six lists; data simulated from a Rasch model.

Model df Deviance Point Estimate 95% Interval Independence: 56 1335.44 1701 [1698,1707] QS with no 3-way or higher 55 50.16 1974 [1914,2047] QS with no 4-way or higher 54 42.05 1859 [1799,1950] QS with no 5-way or higher 53 41.46 1932 [1779,2362] QS with no 6-way 41.45 52 1904 [1701,9500] Bayesian Rasch model Median 2019 [1939,2128] Observed: n = 1696

Table 10: MCMC estimated posterior mean and and quantiles for the list parameters, {β_j}, and prior standard deviation σ on the random catchability effects, {θ_i}, based on 2000 objects simulated from the Rasch model. Actual parameters used in the simulation of the data are given in the rightmost column.

Name mean 2.5%ile median 97.5%ile actual List 1 -1.03 -1.27 -1.02 -0.81 -1.00 List 2 -0.40 -0.64 -0.40 -0.19 -0.50 List 3 -0.29 -0.53 -0.29 -0.08 -0.25 List 4 0.24 0.00 0.24 0.45 0.25 List 5 0.58 0.33 0.58 0.79 0.50 List 6 0.95 0.70 0.94 1.17 1.0 σ 2.10 1.90 2.10 2.32 2.00 N (m = 1696) 2022 1939 2019 2128 2000

Figure 1: Posterior Distribution for Unknown Sample Size for Simulated Data (Actual=2000).

9

Table 11: Estimates for the number of diabetes melitus cases in Casale Monferarato, Italy, on October 1, 1988 using various methods.

Model df Deviance Point Estimate 95% Interval Independence 10 217.48 2251 [2217,2289] All 1st-order interactions, except

Reimbursements × Clinics 5 7.62 2771 [2536,3119] QS no 3-way or higher 9 105.63 2669 [2527,2848] QS no 4-way 8 93.95 2239 [2145,2437] Saturated 0 0 5367

Bayesian Rasch model

Median 2697 Mode 2664 Mean 2705

[2560,2917]

Observed: n = 2069

Figure 2: Posterior distribution of the number of individuals with diabetes in Casale Monferrato, Italy.

10

Table 12: Estimates of the number of world wide web pages on the topic ŞQuery #535Ť using various estimation methods.

Model df Deviance Point Estimate 95% Interval Independence 56 148.73 373 [352,400] BIC-based log-linear model 46 65.62 602 [484,797] QS no 3-way or higher 55 88.61 614 [501,783] QS no 4-way or higher 54 83.33 1266 [634,3337] QS no 5-way or higher 53 82.43 508 [309,5778] QS no 6-way 52 81.71 861882 [306,∞]

Bayesian Rasch model

Median 773 Mode 671 Mean 876

[528,2005]

Observed: n = 305

Figure 3: Histogram of the posterior distribution of the number of web pages of corresponding to query # 535.

11

Table 13: Estimates of the number of diabetes melitus cases in Casale Monferarato, Italy with list-by-list and list-by-total interactions.

Model df Deviance Point Estimate 95% Interval BIC^1 5 7.62 2771 [2536, 3119] QS2^2 9 105.64 2669 [2527, 2848] QS3 8 93.95 2239 [2145, 2437] QS2 + BIC^3 6 8.32 2752 [2552, 3031] QS3 + BIC^4 5 2.04 4152 [2950, 7032] QS2+k_+×Prescriptions^5 8 103.76 2699 [2599, 2877] QS2+k_+×Clinic 8 102.70 2548 [2413, 2737] QS2+k_+×Reimbursements 8 84.68 2476 [2373, 2610] QS2+k_+×Hospitals 8 90.09 2861 [2673, 3056] QS2+k_+×Hospitals +k_+×Reimburse 7 80.72 2591 [2432, 2817] QS3+k_+×Prescriptions 7 88.09 2211 [2137, 2361] QS3+k_+×Clinic 7 92.01 2216 [2196, 2373] QS3+k_+×Reimbursements 7 83.24 2327 [2192, 2604] QS3+k_+×Hospitals 7 80.61 2319 [2190, 2582] Bayesian Rasch Ů Ů 2664^6 [2560, 2917]

1Stepwise BIC selects: independence + reimburse:hospitals + presc:reimburse + presc:clinic + presc:hospitals + clinic:hospitals.

2QS2 indicates the Rasch quasi-symmetry model with no 3- or higher-way interactions. Similarly QS3 indicates Rasch quasi-symmetry with no 4- or higher-way interactions.

3Stepwise BIC starts with QS2 and adds presc:reimburse + presc:clinic + reimburse:hospitals.

4Stepwise BIC starts with QS3 and adds presc:reimburse + presc:clinic + reimburse:hospitals.

5k_+�Prescriptions indicates one list-by-total interaction involving the prescriptions list. Similarly for the other k_+�List interaction models shown.

6Posterior mode.

Table 14: Estimates of the number of web pages of type ŞQuery #535Ť using quasi-symmetry models with list-by-list and list-by-total interactions.

Model df Deviance Point Estimate 95% Interval BIC^1 46 65.62 602 [484, 797] QS2^2 55 88.61 614 [501, 783] QS3 54 83.33 1266 [634, 3337] QS4 53 82.43 508 [309, 5778] QS5 52 81.71 861,882 [306, 1] QS2 + Dep^3 41 59.14 598 [475, 804] QS3 + Dep 40 52.94 1328 [635, 3701] QS4 + Dep 39 51.91 499 [307, 8396] QS2 + BIC^4 44 60.69 588 [470, 782] QS3 + BIC^5 44 55.99 1370 [650, 3829] QS4 + BIC^6 43 55.09 526 [309, 6570] QS2^1 + k_+�AltaVista^7 54 88.53 613 [500, 782] QS2 + k_+�Infoseek 54 82.98 583 [478, 741] QS2 + k_+�Excite 54 82.72 636 [514, 820] QS2 + k_+�HotBot 54 88.19 595 [482, 773] QS2 + k_+�Lycos 54 87.87 595 [484, 765] QS2 + k_+�NorthernLight 54 88.42 617 [502, 790] QS2 + k_+�Infoseek + k_+�Excite 53 79.20 604 [499, 758] QS3 + k_+�AltaVista 53 83.13 1276 [637, 3371] QS3 + k_+�Infoseek 53 77.88 1169 [594, 3074] QS3 + k_+�Excite 53 78.21 1251 [628, 3289] QS3 + k_+�HotBot 53 82.60 1225 [617, 3224] QS3 + k_+�Lycos 53 81.05 1332 [656, 3540] QS3 + k_+�NorthernLight 53 83.30 1261 [631, 3327] QS4 + k_+�AltaVista 52 82.21 508 [309, 5806] QS4 + k_+�Infoseek 52 77.19 524 [309, 6254] QS4 + k_+�Excite 52 77.28 501 [308, 5588] QS4 + k_+�HotBot 52 81.71 502 [308, 5633] QS4 + k_+�Lycos 52 80.04 504 [308, 5692] QS4 + k_+�NorthernLight 52 82.39 507 [309, 5757] Bayesian Rasch Ů Ů 671^8 [528, 2005]

1Stepwise BIC selects: (AV:Is) + (AV:HB) + (AV:Ly) + (AV:NL) + (Is:Ex) + (Is:HB) + (Ex:NL) + (Ly:NL).

2QS2 indicates the Rasch quasi-symmetry model with no 3- or higher-way interactions. Similarly QS3 indicates Rasch quasi-symmetry with no 4- or higher-way interactions, etc.

3Dep indicates that all two-way interactions were also �tted, in addition to the quasi-symmetry model.

4Stepwise BIC starts with QS2 and adds AltaVista:Infoseek + AltaVista:Excite + AltaVista:HotBot + AltaVista:NorthernLight + Infoseek:Lycos + Infoseek:NorthernLight + Excite:HotBot + Excite:Lycos+ Excite:NorthernLight + HotBot:Lycos + HotBot:NorthernLight.

5Stepwise BIC starts with QS3 and adds AltaVista:Infoseek + AltaVista:Excite + AltaVista:HotBot + AltaVista:NorthernLight + Infoseek:NorthernLight + Excite:HotBot + Excite:Lycos + Excite: NorthernLight + HotBot:Lycos + HotBot:NorthernLight.

6Stepwsie BIC starts with QS4 and adds AltaVista:Infoseek + AltaVista:Excite + AltaVista:HotBot + AltaVista:NorthernLight + Infoseek:NorthernLight + Excite:HotBot + Excite:Lycos + Excite:NorthernLight + HotBot:Lycos + HotBot:NorthernLight. 7k +�AltaVista indicates one list-by-total interaction involving the AltaVista list. Similarly for the other k+�List interaction models shown.

8Posterior mode.

References

Agresti, A. (1994). Simple capture-recapture models permitting unequal catchability and variable sampling effort.

Biometrics, 50, 494Ű500.

Agresti, A. and Lang, J. B. (1993) Quasi-symmetric latent class models, with application to rater agreement. Biometrics, 49, 131Ű139.

Basu, S. (1998). Bayesian estimation of the number of undetected errors when both reviewers and errors are heterogeneous. Unpublished manuscript.

Biggeri, A., Stanghellini, E., Merletti, M. and Marchi, M. (1999). Latent class models for varying catchability and correlation among sources in Capture-Recapture estimation of the size of a human population. Statistica Applicata (to appear).

Bishop, Y. M. M., Fienberg, S. E. and Holland, P. (1975). Discrete Multivariate Analysis: Theory and Practice. MIT Press, Cambridge, Mass.

Bruno, G., Laporte, R., Merletti, E., Biggieri, A., McCarty, D. and Pagano, C. (1994). National diabetes programs:

Application of capture-recapture to ŞcountŤ diabetes. Diabetes Care, 17, 548Ű556.

Burnham, B. K. and Overton, W.S. (1978). Estimation of the size of a closed population when capture probabilities vary among animals. Biometrika, 65, 625Ű633.

Carriquiry, A. and Fienberg, S. E. (1998). Rasch models. In Encyclopedia of Biostatistics, 5, Wiley, New York, 3724Ű3730.

Castledine, B. J. (1981). A Bayesian analysis of multiple-recapture sampling for a closed population. Biometrika, 67, 197-210.

Chao, A. (1987). Estimating the population size for capture-recapture data with unequal catchability. Biometrics, 43, 783Ű791.

Chao, A. (1989). Estimating population size for sparse data in capture-recapture experiments. Biometrics, 45, 427Ű 438.

Chao, A., Lee, S.-M. and Jeng, S.-L. (1992). Estimating population size for capture-recapture data when capture probabilities vary by time and individual animal. Biometrics, 48, 201Ű216.

Cressie, N. and Holland, P. W. (1983). Characterizing the manifest probabilities of latent trait models. Psychometrika, 48, 129Ű141.

Cormack, R. (1989). Log-linear models for capture-recapture. Biometrics, 45, 395Ű413. Cormack, R. (1992). Interval estimates for mark-recapture studies of closed populations. Biometrics, 48, 567-576. Coull, B. A., and Agresti, A. (1998). The use of mixed logit models to re~ect heterogeneity in capture-recapture studies. Biometrics, to appear.

Darroch, J. N. and Fienberg, S. E., and Glonek, G. F. V. and Junker, B. W. (1993). A three-sample multiple-recapture approach to census population estimation with heterogeneous catchability. Journal of the American Statistical Association, 88, 1137Ű1148.

Darroch, J. N. and McCloud, P. I. (1990). Separating two sources of dependence in repeated in~uenza outbreaks.

Biometrika, 77, 237Ű243.

Fienberg, S. E. (1972). Multiple-recapture census for closed populations and incomplete contingency tables. Biometrika, 59, 591Ű603.

Fienberg, S. E. (1992). Bibliography on capture-recapture modelling with application to census undercount adjustment. Survey Methodology, 18, 143Ű154.

Fienberg, S. E. and Meyer, M. M. (1983). Loglinear models and categorical data analysis with psychometric and econometric applications. Journal of Econometrics, 22, 191Ű214.

Freedman, P. R. (1972). Sequential estimation of the size of a population. Biometrika, 59, 9Ű18. Freedman, P. R. (1973). A numerical comparison between sequential tagging and sequential recapture. Biometrika, 60, 499Ű508.

Garthwaite, P. H., and Yu, K. and Hope, P. B. (1995). Bayesian analysis of a multiple-recapture model. Communications in Statistics, Part AŰTheory and Methods, 24, 2229Ű2247., Geiger, H., and Werner, A. (1924). Die zahl der ion radium ausgesandsena-teilchen. Zeitschrift fťur Physik, 21, 187Ű 201.

George, E. I. and Robert, C. P. (1992). Capture-recapture estimation via Gibbs sampling. Biometrika, 79, 677-683. Gilks, W. R. and Wild, P. (1992). Adaptive rejection sampling for Gibbs sampling. Applied Statistics, 41, 337Ű348.

Green, P. J. (1995). Reversible jump Markov chain Monte Carlo computation and Bayesian model determination.

Biometrika, 82, 711Ű732.

Hay, G. (1997). The selection from multiple data sources in epidemiological capture recapture studies. The Statistician, 46, 515Ű520.

Holland, P. W. (1990). On the sampling theory foundations of item response theory models. Psychometrika, 55, 577Ű601.

Holland, P. W. and Rosenbaum, P. R. (1986). Conditional association and unidimensionality in monotone latent variable models. The Annals of Statistics, 14,1523Ű1543.

International Working Group for Disease Monitoring and Forecasting (1995a). Capture-recapture and multiplerecord systems estimation, I: History and theoretical development. American Journal of Epidemiology, 141, 1047Ű1058.

International Working Group for Disease Monitoring and Forecasting (1995b). Capture-recapture and multiplerecord systems estimation, II: Applications in human diseases. American Journal of Epidemiology, 141, 1059Ű 1088.

Jannarone, R. J. (1986). Conjunctive item response theory kernels. Psychometrika, 51, 357Ű373. Jannarone, R. J., Yu, K. F. and Laughlin, J. E. (1990). Easy Bayes estimation for Rasch-type models. Psychometrika, 55, 449Ű460.

Johnson, M. S., Cohen, W. M., and Junker, B. W. (1998). Measuring appropriability in research and development with item response models. Advanced Data Analysis Paper, Department of Statistics, Carnegie Mellon University, Pittsburgh PA.

Kadane, J. B., Meyer, M. M., and Tukey, J. W. (1999). Yule’s association paradox and ignored stratum heterogeneity in capture-recapture studies. Journal of the American Statistical Association, to appear. [Carnegie Mellon University Technical Report No. 682].

Kass, R. E. and Wasserman, L. (1995). A reference Bayesian test for nested hypotheses and its relationship to the Schwarz criterion. Journal of the American Statistical Association, 90, 928Ű934.

Kelderman, H. (1984). Loglinear Rasch model tests. Psychometrika, 49, 223Ű245. Lawrence, S. and Giles, C. L. (1998). Searching the world wide web. Science, 280, 98Ű100. Madigan, D. and York, J. (1995). Bayesian graphical models for discrete data. International Statistical Review, 63, 215Ű232.

Madigan, D. and York, J. (1997) Bayesian methods for estimating the size of a closed population. Biometrika, 84, 19-31.

Patz, R. J. and Junker, B. W. (1997). A straightforward approach to Markov chain Monte Carlo methods for item response models, Journal of Educational and Behavioral Statistics, to appear. [Carnegie Mellon University Technical Report No. 658.]

Petersen, C. (1896). The yearly immigration of young plaice into the Limfjord from the German Sea. Report of the Danish Biological Station to the Ministry of Fisheries, 6, 1Ű48.

Pollock, K. H. (1991). Modeling capture, recapture, and removal statistics for estimation of demographic parameters for ^sh and wildlife populations: Past, present, and future. Journal of the American Statistical Association, 86, 225Ű238.

Rasch, G. (1960). Probabilistic Models for Some Intelligence and Attainment Tests. Niesen and Lydiche, Copenhagen. [expanded English edition (1980). University of Chicago Press.]

Roberts, H. V. (1967). Informative stopping rules and inferences about population size. Journal of the American Statistical Association, 62, 763Ű775.

Sanathanan, L. (1972). Models and methods in visual scanning experiments. Technometrics, 14, 813Ű830. Sanathanan, L. (1973). A comparison of some models in visual scanning experiments. Technometrics, 15, 67Ű78. Schnabel, Z. (1938). The estimation of the total ^sh population of a lake. American Mathematical Monthly, 45, 348Ű352.

Smith, P. J. (1988). Bayesian methods for multiple capture-recapture surveys. Biometrics, 44, 1177Ű1189. Smith, P. J. (1991). Bayesian analyses for a multiple capture-recapture model. Biometrika, 78, 399Ű407. Wu, M. L., Adams, R. J., and Wilson, M. R., (1997). ConQuest: Generalized item response modeling software.

Australian Council on Educational Reasearch.