Exercises in Occupancy Estimation and Modeling; Donovan and Alldredge 2007

EXERCISE 7:  HUGGINS CLOSED CAPTURE MIXTURE MODELS
Please cite this work as:  Donovan, T. M. and M. Alldredge.  2007.  Exercises in estimating and monitoring abundance.   <http://www.uvm.edu/envnr/vtcfwru/spreadsheets/abundance/abundance.htm>
TABLE OF CONTENTS

2OBJECTIVES


2PREREQUISITE


2INTRODUCTION


5HUGGINS’ MIXTURE MODEL


7ENCOUNTER HISTORIES AND PARAMETERS


8BETAS AND MLE’S


9CONDITIONAL HISTORY PROBABILITIES


11CONDITIONAL PROBABILITY


11CONDITIONAL MULTINOMIAL LIKELIHOOD


12MODEL Mh





OBJECTIVES

· To learn and understand the Huggins’ closed capture mixture model, and how it fits into a multinomial maximum likelihood analysis.

· To use Solver to find the maximum likelihood estimates for the probability of capture and the probability of recapture for two groups, and N, the population size.

· To run models Mh, Mth, and Mbh, and understand the model outputs.
PREREQUISITE

· You must have completed Exercise 3, Closed Capture Models, and Exercise 4, Closed Capture Mixture Models, before starting this exercise.
INTRODUCTION

In this exercise, we build on the closed capture model introduced in Exercise 3 and also on the closed capture mixture model introduced in Exercise 4.  Remember, this e-book describes different methods for estimating population sizes of plants and animals.  Closed capture models is a set of methods that involve capturing animals, marking them, and releasing them in a sampling occasion. This process is repeated in different sampling occasions, where newly captured individuals are marked and released, and previously marked animals are “recaptured” and released.  The closed capture model estimates p, or the probability of capture, c, the probability of recapture, and the frequency of individuals that were never captured in the study.  This number, when added to the number of animals known to be alive, gives an estimate of N, the population size.  

Recall the major assumptions of the closed capture model:  1) the population is closed – meaning that the true N is constant over the course of sampling and that individuals cannot enter the population through birth or immigration, and cannot leave the population through death or emigration; 2) animals are captured independently of one another, and 3) no marks are lost.  

A notion behind the standard closed capture model is that pi and ci apply equally to all individuals in the population.  For a study with four capture occasions, there are estimates of p1, p2, p3, p4, c2, c3 and c4, and these probabilities (whatever their value may be) apply to all animals in the population.  Clearly there are times when this is not the case.  

The idea behind heterogeneity models is that each individual in the population being sampled is unique and is likely to have a unique capture probability.  Behavioral differences, social status, age, sex, and other innate differences can make an individual more or less likely to be captured.  So how do we deal with this?  First, we must decide whether heterogeneity is observable or not observable.  

Observable heterogeneity refers to situations when the factors causing the differences can be identified.  

Example 1:  Males and females have different capture probabilities.  Differences may occur because males are more active than females during the time of the survey, e.g., males are bringing food to offspring while the females brood offspring and so forth.  If we can determine the sex of individuals at capture then we can treat this situation by analyzing sex as a covariate (as you did in Exercise 6).  In other words, you run models where capture probabilities are estimated separately for males and females and then compare the results to models where capture probabilities are estimated jointly for males and females.  Using AICc methods, you can decide if a model that includes separate estimates for males and females is better supported by the data.  So, with this example, individuals can be placed in groups to account for potential differences in capture probabilities.  

Example 2:  Condition of individuals affects capture probability because animals in poor condition are more easily attracted to traps.  If we assume that weight is a reasonable measure of condition then we could collect this data when animals are captured and incorporate weight in the model as a covariate.  If we use covariates we must use the Huggins models, which we’ll cover in the future exercises.

Both of these examples describe observable heterogeneity.  Unobservable heterogeneity refers to situations when the factors causing differences in capture probability cannot be identified.  This could simply mean we have absolutely no clue what might cause differences but are willing to accept that (even though we are clueless) there might be differences that we cannot measure.  This could also be situations where we cannot observe the difference at the time of capture.  For example, in some cases we cannot identify the sex of individuals at the time of capture.  Age may also cause differences in capture probabilities but probably could not be determined in the field.  

HUGGINS’ MIXTURE MODEL
In this exercise, we will explore the Huggins mixture model, which allows one to model BOTH observable heterogeneity AND unobservable heterogeneity in one modeling framework.  If you’ve completed Exercise 6, you know how to add covariates to a model.  Our focus here, however, will be only on the unobservable heterogeneity, although keep in mind that the Huggins mixture model is the model to use if you plan on assessing both observable and unobservable sources of variation in capture rates among individuals in a population.  

Let’s start with a quick review of what mixtures are.  Remember that in the standard closed capture mixture model, the population is divided into two or more mixtures, each with unique sets of parameter estimates.  So, for the two-point[image: image20.wmf]N

total

N

2

N

1

π

1

-

π

N

total

N

2

N

1

π

1

-

π

N

total

N

2

N

1

π

1

-

π

 mixture model we are dividing it into two groups.  So we now have the population divided into group 1 and group 2 such that Ntotal = N1 + N2.  This makes sense.  So the first trick is to figure out the proportion of individuals in group 1 and the proportion in group 2.  We let π represent the proportion of animals in group 1 so now N1 = πNtotal and N2 = (1 – π) Ntotal because an animal must be in group 2 if it wasn’t in group 1.  This is the major part of the mixture models.  We estimate the proportion of the population that is in each group and then estimate the capture probabilities for each group separately, even though we do know for sure what constitutes group membership.

Now, why should you use the Huggins’ mixture model instead of the standard closed capture mixture model? Well, suppose that you DID have some information that you thought could explain differences in capture probabilities, such as weight, sex, age, social status, etc.  In that case, you could use these sources of observable heterogeneity to model the pi’s and ci’s.  However, this is not possible with the standard closed capture mixture models.  Why?  Gary White points out that individual covariates cannot be used with the standard Closed Capture Model because animals that were never captured are part of the likelihood function – i.e., animals never captured are included in the analysis in order to estimate the population size, N.  However, there is no opportunity to measure an individual covariate for animals that were never captured!  This is a shortcoming because in many situations we know that capture or recapture probability is associated with the state of an individual, such sex, age, body condition, etc.  In this exercise, we use Huggins’ solution to this problem (even though we won’t be analyzing observable covariates).  
Huggins’ solution was to use the likelihood conditional on the animal being observed at least once during the study.  (Huggins, R. M. 1991. Some practical aspects of a conditional likelihood approach to capture experiments. Biometrics 47:725-732).  What does this mean for a study with four sampling occasions?   Well, as before we have capture histories such as 1111, 1001, 0100, etc., but the focus is on the capture history 0000.  The 0000 history probability is estimated as (1-p1)(1-p2)(1-p3) (1-p4), which is the probability of being missed in all four occasions, or the probability of never being captured.  By definition, 1 minus this term is the probability that an animal is captured at any time during the study:  [1-(1-p1)(1-p2)(1-p3) (1-p4)], called p(capture) or p*.  Knowing this, we can obtain the probability of the remaining histories in the usual manner, but then we “condition” or “adjust” each probability (increase it) by dividing it by [1-(1-p1)(1-p2)(1-p3) (1-p4)], or p*.  In doing so, we can eliminate the multinomial coefficient (in brackets) and never directly consider f(000) or its probability.  In this way, we only analyze data for animals we have actually captured (and presumably have recorded covariate data for each one).  The estimate for N is then a derived parameter and is calculated as the total number of animals seen in the study divided by the probability that an animal is seen at least once during the study.

M( t + 1 ) / [(1 – ( 1 – p1 )( 1 – p2 )( 1 – p3 ) (1 - p4)] = M(t+1) / p*

The major advantage of the Huggins Closed Capture Mixture Model is that individual covariates can be analyzed because we only deal with captured individuals.  With that very brief overview, let’s run through the spreadsheet equations so you see exactly how things work.  

ENCOUNTER HISTORIES AND PARAMETERS
The form of the spreadsheet is almost identical to the Closed Full Mixture spreadsheet.  We are using a two-point mixture here just like before, and our sampling consists of four capture periods in order to avoid model over-parameterization.  The encounter histories are given in cells C4:C19, and the frequencies are given in cells D4:D19.  Cell D19 is derived (calculated), so you don’t enter anything there (you don’t observe 0000 histories).  The parameters are listed in cells E4:E18.  In addition to , the parameters are p1, p2, p3, p4, c2, c3, and c4 for each group.  Thus, each group has its own set of unique set of capture probabilities.
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1111 58 pi 1 0.50000

1110 20 p1(group 1) 1 0.50000

1101 36 p2(group 1) 1 0.50000

1011 21 p3(group 1) 1 0.50000

0111 25 p4(group 1) 1 0.50000

0011 11 c2 (group 1) 1 0.50000

1010 9 c3 (group1) 1 0.50000

1100 12 c4 (group1) 1 0.50000

1001 7 p1(group 2) 1 0.50000

0101 14 p2(group 2) 1 0.50000

0110 11 p3(group 2) 1 0.50000

0001 6 p4(group 2) 1 0.50000

0010 7 c2 (group 2) 1 0.50000

0100 6 c3 (group2) 1 0.50000

1000 5 c4 (group2) 1 0.50000

0000 17


Remember that in the Huggins model we don’t estimate f(0000).  This is because the animals that are not seen in the study are conditioned out of the likelihood and N is a derived parameter from the capture probability estimates and observed captures.  Getting rid of the f(0000) parameter allows us to omit the multinomial coefficient from the likelihood.  

BETAS AND MLE’S 
As we’ve done in the past, we enter a 1 in cells F4:F18 to designate our model; i.e., to establish which parameters we will uniquely estimate and which parameters we’ll force to be constrained to equal other parameters.  The betas for each parameter are “found” in cells G4:G18. Remember, you don’t know what these are and Solver will find them for you.  The betas are then converted to probabilities with a logit link (cells H4:H18).  If you haven’t seen this link before, it has the form exp(beta)/(1+exp(beta)).  It is the most appropriate link for analyzing data with covariates, which is why you use the Huggins model in the first place.  A graph of beta values and their corresponding logit-link probabilities is shown below.  This logit link function is said to be monotonically increasing – for every beta value there is a single probability.  This graph highlights the fact that betas less than -4 correspond to a probability near 0, and betas greater than +4 correspond to a probability near 1.   In contrast to the logit link, several different beta values correspond to the same probability value when the sin link function is used.  
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CONDITIONAL HISTORY PROBABILITIES

As we’ve done before, we now enter equations for each history for group 1 and group 2 separately, based on the betas and MLE’s.   
Cell I4 gives the probability of getting a 1111 history for group 1 (based on group 1 parameters), cell J4 gives the probability of getting a 1111 history for group 2 (based on group 2 parameters), and cell K4 adds the two together to give the combined probability of getting a 1111 history.  Check out the formulas in these cells:

I4 =H4*H5*H9*H10*H11 = *p11*c21*c31*c41 (where the second subscript indicated the group number).   For an individual in group 1 to get this history, it must first be in group 1 (pi), been captured in the first occasion (p11), and recaptured on every occasion thereafter (c21*c31*c41)
J4 =(1-H4)*H12*H16*H17*H18 = (1-)* p12*c22*c32*c42.  For an individual in group 2 to get a history of 1111, it must first be in group 2 (1-pi), been captured in the first occasion (p12), and recaptured on every occasion thereafter (c22*c32*c42)
K4 =I4+J4 = probability of 11111 + probability of 11112.

The same kind of logic is applied to the other histories.  In a nutshell, for group 1, just use group 1’s capture and recapture probabilities as you did in the standard closed capture model, but then multiply the result by .  For group 2, just use group 2’s capture and recapture probabilities as you did in the standard closed capture model, but then multiply the result by 1-.

Note that we enter a history probability for all histories, even 0000, and that the sum of the all history probabilities (cell K20) is 1.

CONDITIONAL PROBABILITY 

Now what? Well, you might remember that our next task is to condition these history probabilities by the probability that an animal is captured at least once during the study, called p(capture) or p*.  Remember, the probability of being missed on all four occasions is (1-p1)*(1-p2)*(1-p3)*(1—p4), so 1 minus this term is the probability of being captured at least once.  

There are several ways to compute p(capture) or p*.  One method is to simply sum up the history probabilities for all histories that include a 1 in it, as in cell H24, which has the equation =SUM(K4:K18).   Another way is to compute 1 minus the probability of history 1111 – you’ll get the same answer.  

To condition the history probabilities, we simply divide each history probability by p*, which is done in cells L4:L18.  In doing so, we essentially ignore history 0000 from now on.  Note that the sum of the conditional probabilities (cell L20) is now 1, as it should be.  Pretty slick.
CONDITIONAL MULTINOMIAL LIKELIHOOD

Now, given the conditional history probabilities, the only thing left to do is enter an equation to compute the multinomial likelihood equation, which is entered in cell E24.  
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Click on this cell and you’ll see the formula:

=D4*LN(L4)+D5*LN(L5)+D6*LN(L6)+D7*LN(L7)+D8*LN(L8)+D9*LN(L9)+D10*LN(L10)+D11*LN(L11)+D12*LN(L12)+D13*LN(L13)+D14*LN(L14)+D15*LN(L15)+D16*LN(L16)+D17*LN(L17)+D18*LN(L18) 
which is the (now) familiar frequency1111 * ln(probability of history1111) + frequency1110 * ln(probability of history1110) + …….

But now our equation has only 15 terms because we don’t include the 0000 history, and we use the conditional probabilities instead of the unconditional probabilities.
Make sense? Let’s run some models.  (MAT – these models don’t run correctly!)
MODEL Mh

The general model built in the spreadsheet is the two-point mixture model Mtbh, which of course cannot be run because the last p must be constrained in some way.  As before, we just add constraints to get models Mh, Mth, and Mbh.  Let’s use the same logic that we worked with before.  All of these models have heterogeneity in them, which means we divide the total population into our two mixtures.  Ok, so we need the parameter  in all the models.  Once we have our population divided into two mixtures then all we are doing is parameterizing the remaining part of the model for each of the mixtures.  Start with model Mh, which is a model with heterogeneity in capture probability only, and put a 1 in the estimate column for parameter pi.  Now we know that within each mixture there is no variation in capture probabilities among capture occasions or associated with recapture.  So we need to estimate p1(group 1) and p1(group 2) and set all other parameters within a group equal to the p1 for that group.  So, we have three parameters in the model.  
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Parameter Estimate? Betas

pi 1

p1(group 1) 1

p2(group 1) 0 =G5

p3(group 1) 0 =G5

p4(group 1) 0 =G5

c2 (group 1) 0 =G5

c3 (group1) 0 =G5

c4 (group1) 0 =G5

p1(group 2) 1

p2(group 2) 0 =G12

p3(group 2) 0 =G12

p4(group 2) 0 =G12

c2 (group 2) 0 =G12

c3 (group2) 0 =G12

c4 (group2) 0 =G12


Now, go to Solver and maximize the likelihood by changing these betas (cells G4:G5,G12).  You should get the following results:
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pi 1 -2.2767652 0.09307

p1(group 1) 1 0.84661755 0.69986

p2(group 1) 0 0.84661755 0.69986

p3(group 1) 0 0.84661755 0.69986

p4(group 1) 0 0.84661755 0.69986

c2 (group 1) 0 0.84661755 0.69986

c3 (group1) 0 0.84661755 0.69986

c4 (group1) 0 0.84661755 0.69986

p1(group 2) 1 -7.4589762 0.00058

p2(group 2) 0 -7.4589762 0.00058

p3(group 2) 0 -7.4589762 0.00058

p4(group 2) 0 -7.4589762 0.00058

c2 (group 2) 0 -7.4589762 0.00058

c3 (group2) 0 -7.4589762 0.00058

c4 (group2) 0 -7.4589762 0.00058


The outputs from this model are (hopefully) self-explanatory by now:
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MODEL Mth

Now let’s try model Mth.  We already have the h part of the model built so we just need to make capture probabilities vary by capture occasion within each group.  In other words, we need to get rid of the behavioral response to first capture for each group.  We do this by setting the recapture probability for a given occasion equal to the capture probability for that occasion within groups.  For example, set c2(group 1) equal to p2(group 1).  Go through and make these changes.  You should end up with 9 parameters being estimates (pi, p1(group 1), … p4(group 1), p1(group 2), …, p4(group 2). 
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Parameter Estimate? Betas

pi 1

p1(group 1) 1

p2(group 1) 1

p3(group 1) 1

p4(group 1) 1

c2 (group 1) 0 =G6

c3 (group1) 0 =G7

c4 (group1) 0 =G8

p1(group 2) 1

p2(group 2) 1

p3(group 2) 1

p4(group 2) 1

c2 (group 2) 0 =G13

c3 (group2) 0 =G14

c4 (group2) 0 =G15


Go ahead and maximize the likelihood for model Mth by changing cells G4:G8,G12:G15.
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pi 1 0.78383 0.85300 0.21978 0.008891

p1(group 1) 1 0.52005 0.74846 0.08297 0.005193

p2(group 1) 1 -0.70576 0.83161 0.12836 0.002945

p3(group 1) 1 0.72512 0.17570 0.07280 0.003357

p4(group 1) 1 -0.29406 0.35508 0.08177 0.020403

c2 (group 1) 0 -0.70576 0.75117 0.00461 0.041027

c3 (group1) 0 0.72512 0.63129 0.02749 0.001960

c4 (group1) 0 -0.29406 0.72594 0.04846 0.001720

p1(group 2) 1 1.72322 0.17570 0.04252 0.001112

p2(group 2) 1 0.5263 0.35508 0.04776 0.006759

p3(group 2) 1 0.46887 0.83161 0.03087 0.011917

p4(group 2) 1 0.26569 0.99420 0.01057 0.013083

c2 (group 2) 0 0.5263 0.72594 0.00174 0.023962

c3 (group2) 0 0.46887 0.75117 0.01803 0.003948

c4 (group2) 0 0.26569 0.63129 0.01605 0.000649

0.019206811 7.62875E-05

K 9 p(capture) 0.98072

Log

e

L -603.88 AIC 1225.75

 -2Log

e
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MODEL Mbh

Ok, last one, model Mbh.  Now we need to keep the heterogeneity and behavior effects but get rid of the time effect.  So, we keep pi and then build the behavior model for each group.  We do this by setting all of the p’s for group 1 equal to p1(group 1), all the p’s for group 2 equal to p1(group 2), all of the c’s for group 1 equal to c2(group 1) and all of the c’s for group 2 equal to c2(group 2).  We should have 5 parameters for this model (pi, p1(group 1), p1(group 2), c2(group 1), and c2(group 2).  
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pi 1

p1(group 1) 1

p2(group 1) 0 =G5

p3(group 1) 0 =G5

p4(group 1) 0 =G5

c2 (group 1) 1

c3 (group1) 0 =G9
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p3(group 2) 0 =G12

p4(group 2) 0 =G12
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Now maximize the likelihood by changing cells G4:G5,G9,G12, and G16.
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Probability Probability

Parameter Estimate? Betas MLE mixture 1 mixture 2

pi 1 -1.5708 0.00000 0.00000 0.232557

p1(group 1) 1 0.35651 0.67450 0.00000 0.110391

p2(group 1) 0 0.35651 0.67450 0.00000 0.110391

p3(group 1) 0 0.35651 0.69103 0.00000 0.077604

p4(group 1) 0 0.35651 0.69103 0.00000 0.100956

c2 (group 1) 1 0.39203 0.74980 0.00000 0.049647

c3 (group1) 0 0.39203 0.74980 0.00000 0.036837

c4 (group1) 0 0.39203 0.67811 0.00000 0.052401

p1(group 2) 1 0.52313 0.67450 0.00000 0.036837

p2(group 2) 0 0.52313 0.67450 0.00000 0.047922

p3(group 2) 0 0.52313 0.69103 0.00000 0.047922

p4(group 2) 0 0.52313 0.74980 0.00000 0.024544

c2 (group 2) 1 0.36422 0.74980 0.00000 0.023567

c3 (group2) 0 0.36422 0.67811 0.00000 0.022748

c4 (group2) 0 0.36422 0.67811 0.00000 0.017486

4.8328E-15 0.008190289

K 5 p(capture) 0.99181

Log

e

L -605.58 AIC 1221.15

 -2Log

e

L  1211.154 N 250.0

OUTPUTS


Although we were able to obtain parameter estimates, Paul Lukacs notes “This formulation of model Mbh is a bit inefficient.  You only really need 4 parameters for this model.  When c is estimated separately from p, c provides no information for estimating N.  It simply reduces bias in p which in turn reduces bias in N.  Therefore, you could set c(group 1)=c(group 2).  Another way to build Mbh with only 4 parameters is to use a common offset for the two groups in the design matrix.  This is a slightly different model because it uses information from the c’s to help estimate the p’s.”

SIMULATING DATA

As in other spreadsheets, there is a section for simulating data (columns O:AP).  In cells P4:P11, enter the parameters for pi, p1, p2, p3, p4, c2, c3, and c4 for group 1.  Since there are only two groups, cell R4 is computed as 1-.  Then enter parameters for group 2: p1, p2, p3, p4, c2, c3, and c4.  Finally, enter the total population size in cell S12 (shaded orange). The number of individuals in group 1 (cell P12) and in group 2 (cell R12) is computed as the N* or N*(1-).  
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pi 0.4 pi 0.6

p1 0.8 p1 0.6

p2 0.8 p2 0.6

p3 0.8 p3 0.6

p4 0.8 p4 0.6

c2 0.8 c2 0.6

c3 0.8 c3 0.6

c4 0.8 c4 0.6

N1 100 N2 150 250

INPUT

Group 1 Group 2


The data are simulated in two ways. The first way is by expectation, and the second way involves some stochasticity. We’ve done this many times in the past, and the method is identical to the standard closed capture mixture model we ran previously.  So, we’ll spare you the gory details and simply point out that the frequencies based on expectation are provided in cells Y3:AB10, and the frequencies based on stochasticity are provided in cells T3:W10.  But that doesn’t get you off the hook!  You should spend some time double-checking our formulas…..it’s certainly easy to make a simple mistake!
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1111 54 1001 10 1111 60.4 1001 11.2

1110 26 0101 6 1110 23.2 0101 11.2

1101 26 0110 15 1101 23.2 0110 11.2

1011 24 0001 9 1011 23.2 0001 6.4

0111 27 0010 9 0111 23.2 0010 6.4

0011 5 0100 5 0011 11.2 0100 6.4

1010 13 1000 6 1010 11.2 1000 6.4

1100 10 0000 5 1100 11.2 0000 4

Total 250 Total 250

OUTPUT - Expectation OUTPUT - Stochastic


CREATING MARK INPUT FILES

That should do it for the spreadsheet examples of closed-population capture-recapture modeling.  There is a section on this worksheet for simulating data, and by now you should be able to follow what’s going on in the formulae to see how the data were simulated.   If you haven’t done so, copy cells M4:M18 into NotePad, and save as “Huggins Heterogeneity.inp” – this is the file you’ll import into MARK.
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MARK Instructions for Huggins Mixture Models
GETTING STARTED

The following instructions accompany the spreadsheet “Huggins Full Mixture.”  If you have not worked through the spreadsheet exercises, do so now.  If you haven’t already done so, copy cells M4:M18 in the Huggins Full Mix. spreadsheet and paste it into NotePad.  Then save the file as Hugginsmix.txt.  Next, change the extension to .inp (Hugginsmix.inp).  Alternatively, put quotes around the file name when you save it in notepad with the inp extension, “Hugginsmix.inp” and you won’t have to change the extension.  This is the file you will import into MARK. 

As we said with the Closed Full Mixture instructions, in an actual analysis of closed capture-recapture data you would run a suite of a priori models.  This would include models without heterogeneity.  In this case you would probably run those models first and then switch data types in the PIMS drop down to get to the Huggins mixture model.

If you haven’t run the other Huggins models on this data set and just want to do the heterogeneity models then, Open MARK and select File | New.  Then select the “Closed Captures” data type and then “Huggins Heterogeneity” in the pop-up screen.

Add a title (e.g., Huggins Mixture), and then click on the button to Select File and browse to your .inp file.  You can double check the data by clicking on the View File button.  
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Select the number of time intervals used for the survey.  In our example this is 4.  There is 1 attribute group and 0 covariates in this example.  Also, you see at the bottom of the screen it asks you for the number of mixtures.  For our example we will just use 2.  Later, if you want, you could go to the PIM’s, change data types to the Huggins Heterogeneity, and add more mixtures.  Hit “OK.”  MARK will pop-up a message telling you that a DBF file has been created.  Hit “OK” and you will be taken to a screen with the Parameter Index Matrix, PIM, for the “Probability of Mixture (pi) Group 1 of Huggins’ Closed Captures with Heterogeneity.”  

Open up the rest of the PIMS, and go to window and tile so you can see them all.  There should be 2; one for the mixture probability, and one for captures.  The data type we selected only allows for heterogeneity so there are no PIMs for recaptures and you can’t add time effects with this data type.  This is model Mh.
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MODEL Mh

Let’s start with the mixture PIM.  We have two mixtures so we have one parameter (one beta) for this.  The estimate is the probability that an individual is in the first mixture.  Since there are only two mixtures all the rest have to be in the other mixture (1 - pi).  So we will leave this indexed as 1.

Now for the capture probabilities (PIM labeled “p group 1 of Huggins’ Closed Captures with Heterogeneity”).  For Model Mh we have constant capture probability for each mixture (2 more parameters).  The top row is the parameter index for the beta estimating capture probabilities for group 1.  The bottom row of course represents the other mixture.  So we can leave these indexed as 2 and 3.

Now we can run model Mh.  Go to the “Run” drop down menu and select “Current Model.”  The “Setup Numerical Estimation” screen appears.  You can type in a title for the analysis and give the current model a name, such as Mh.  Click the “OK to Run” button.  Click YES to use the identity matrix and Yes to append the results to the browser.  
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Here are MARK’s parameter estimates:

Index
Label
Estimate
SE

LCI

UCI

1
pi
0.0222614
0.0242500
0.0025577
 0.1681648

2
p
0.0000063
0.0012251
0.0000000
 0.9999978

3
p
0.6999891
0.0189151
0.6616617
 0.7357089

Here are MARK’s beta estimates:

Index
Label
Estimate
SE

LCI

UCI

1
pi
-3.7823904
1.1141327
-5.9660905
-1.5986902

2
p
-11.9677730
193.0666700
-390.3784400
 366.4429000

3
p
0.8472458
0.0900701
0.6707083
 1.0237833
7.  Now for models Mth, and Mbh.  To do this we have to change data types.  Go to the PIM drop down menu and select “Change Data Type.”  You will see the “Select New Data Type” screen.  Now select the “Huggins’ Full Closed Captures with Heterogeneity” data type and select 2 mixtures at the next screen that appears.  You are right back at the results browser but the PIMs have changed.  

8. Let’s work on model Mth.  Open up all the PIM’s again and tile them so you can see them.  We want to parameterize model Mt for each mixture right?

So, take care of the mixture probability first.  We will index this probability with a 1.  Ok, now that is done so move on to the parameters for the first mixture (the top rows in the p’s and c’s).  If we want a time effect then we know we want the p’s for each occasion to be different.  So we use parameter indices 2, 3, 4, and 5.  We don’t have a behavior effect in this model so we need to set the recapture probabilities for the first mixture equal to the capture probabilities.  So change the recapture indices for the first mixture to 3, 4, and 5 (remember there isn’t one for the first occasion).  Index the p’s and c’s for the second mixture similarly using indices 6, 7, 8, and 9.

9.  Ok, run model Mth.  

10.  Just one model to go, model Mbh.  Follow the same logic we used for model Mth and you should be fine.

First, use parameter index 1 to specify the mixture probabilities.  Then build the behavior model for each mixture and we are set.  Start with the capture probabilities for the first mixture.  There is no time effect so these are all indexed as 2.  Then do the recapture probabilities for the first mixture.  These are different than the capture probabilities so these are indexed with a 3.  Do the same thing for the second mixture using parameters 4 and 

11.  Go ahead and run this one.   
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