Exercises in Estimating and Monitoring Abundance; Donovan and Alldredge 2007

EXERCISE 12:  POINT COUNT REMOVAL MODELS (FARNSWORTH)
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>
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OBJECTIVES

· To learn and understand the Farnsworth et al. removal 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 before starting this exercise.
BACKGROUND

OK, bird people!  This exercise is for you.  A very common way that ornithologists estimate abundance is through the use of point count surveys.  In these surveys, an observer goes to a particular place (a point) and then counts all the birds heard or seen in a given about of time.  Usually surveys are done at the peak of breeding season when males sing frequently to defend territories or to attract mates.  Typically, these counts last 10 minutes.  When the survey begins, the observer hears a bird singing or sees a bird, records the species, and then tries not to count that bird again in the survey. But the duration varies among studies, and the data are recorded differently among studies, creating challenges for interpreting the status of birds in terms of changing abundance. For instance, the Breeding Bird Survey consists of a large number of routes across Canada and the U.S., where volunteers monitor a “route” that consists of XX stations, each surveyed with a 3 minute point count.  Other studies require observers to count birds for 10 minutes, and ask that observers note whether a particular bird was detected in the first three minutes (so it can be compared to BBS data), in minutes 4 or 5, or in the last five minutes.  This presumably allows researchers to collapse the data in a number of different ways to allow comparisons among studies (where 3 minute, 5 minute, and 10 minute counts historically have been used).  
Suppose a study consisted of 100 point count locations, where each count lasted 14 minutes and observers recorded observations in 5, uneven time intervals.  A typical dataset for a single species might look like this, where the data are collapsed over all 100 counts.  These data indicate that 141 individuals of this species were detected in the first interval (which lasted 3 minutes), 29 individuals were detected in interval 2 (which lasted 2 minutes), 39 individuals were detected in interval 3 (which lasted 5 minutes), 15 individuals were detected in interval 4 (which lasted 2 minutes), and 12 individuals were detected in interval 5 (which lasted 2 minutes).  

[image: image1.emf]Interval Minutes Freq

1 3 141

2 2 29

3 5 39
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Remember that once a particular individual is observed and recorded, the observer tries not to re-count that bird.  In this way, individuals are “removed” from the sample, much like fish are removed when fisheries scientists count fish, although in this case birds are removed figuratively and not literally.

But, as you’re probably well aware of by now, these raw counts (indices) may not provide a good estimate of population size or trend because they don’t take detection probability into account. If a bird is present at a point count location, but fails to sing, it may be unlikely that the bird is recorded by a field observer.  Some argue that this “problem” is randomly spread throughout all point counts, so that indices are OK to use as a rough measure of population status.  However, a large number of studies now show that the detection issue is not random – detection of a bird that is present at the survey location is dependent on a large number of non-random factors, such as the observer, the time of day in which the survey is being conducted, the date in which the survey is being conducted, weather conditions, and the stage of the breeding cycle of individual birds. Even the color of clothing that the observer wears can affect a bird’s singing rate!  

How on earth can we begin to make headway on this dataset?  Well, a very creative removal model was developed by George Farnsworth and colleagues, and this approach is widely used.  The model is described in Farnsworth, G., K. Pollack, J. D. Nichols, T. R. Simons, J. Hines, and J. Sauer. 2002. A removal model for estimating detection probabilities from point count surveys.  Auk 119:414-425.  We encourage you to read this paper (either before or after you complete this exercise).  The major difference between this method and the Huggins Closed Capture Removal Model (Exercise 10) is that the time intervals for sampling are not constant.  
THE FARNSWORTH ET AL. MODEL OVERVIEW

A major assumption of the point count removal model is succinctly stated by the authors as follows:

In point count surveys where birds are primarily detected by song, probability that a bird will be recorded during a count can be thought of as the product of two probabilities: (1) the probability the bird sings during the count, and (2) the probability the bird is detected given that it sings. We propose that if counts are separated into time intervals, we can estimate the product of both components of detection probability using the approach of a removal experiment (Moran 1951, Seber 1982). A removal experiment typically traps and removes animals from a population in discrete time periods (trap sessions). As animals are removed from the population, fewer will be available for capture in the subsequent trap sessions. The decline in numbers caught through time can then be used to estimate the initial population size.

Here we present a more general model that allows for the count intervals to have variable length (i.e. the detection probabilities in the different intervals need not be the same). 
The authors go on to explain that their model is a generalized model Mb, as described by Otis et al. 1978.  If you’ve finished Chapter 3, standard closed capture models, you already know what model Mb is.  If you haven’t done Chapter 3, we’ll try to build your understanding from scratch by walking you through the spreadsheet.
SPREADSHEET INPUTS

The data required to run the point count removal model are fairly straight-forward.  In this example, we consider a study in which the point count lasts 14 minutes and birds are recorded in 3, 5, 5, 2, and 2 minute time intervals.  Remember that this analysis is conducted on a single species across a certain number of point count stations.  
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1 3 141

2 2 29

3 5 39
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Total = 14 236

Area  = 80 hectares


The data are entered in the spreadsheet in cells C3:E7.  The intervals are listed 1 through 5 in cells C3:C7.  (Note:  you can evaluate fewer than 5 intervals - just enter 0's for non-existent intervals, but you'll have to change the log-likelihood equation in cell D12).  The total number of minutes in each survey is computed in cell D8.  The benefit of this particular model is that the intervals don’t have to be equal.  (However, if you were to begin a new study, you would just have each observer record the time in which they detected each bird, and you would have the freedom to collapse intervals in many different ways).  The corresponding duration of each interval is given in cells D3:D7.  The number of unique birds counted in each interval is then recorded in cells E3:E7.  Following the notation used by the model authors, these cells are named x1_, x2_,  x3_, x4_, and x5_. (Click on a cell and you should see the name appear in the box to the left of the formula bar).  Typically, fewer unique birds are detected as the intervals advance.  

[image: image18.wmf]5

5

4

4

3

3

2

2

1

1

ln

ln

ln

ln

ln

)

,

|

(

p

y

p

y

p

y

p

y

p

y

y

n

y

n

p

LnL

i

i

i

i

+

+

+

+

÷

÷

ø

ö

ç

ç

è

æ

µ

[image: image3.png]E3 Microsoft Excel
Type 3 question for help

| B-o-a-

] He ot Vew Dset Fomst ods Poploos Dsta Window b
DEHRISQVE|§B- 0|8 58] %)
AR AT R 0] YRy it changes., Exdreven I

El=Es % #:3

0%+ @!:(arwciansMS 12 -|B I U

voutable s | =E 03 ) 0 G 0 O
x_ - A 141
A B

1

2 Interval | Minutes Parameters ) Ratio | In (Ratio)
El 236.000 1 0.59746 | -72.6251 a
4 0.000 0 [#DIV/0l[ #DIV/0l q

5 0.000 0 [#DIv/0l[ #DIv/0l Cutputs

5 0.000 0 [#DIv/0l[ #DIv/0l

7 0.000 0 [#DIv/0l[ #DIV/0l

8 Area = 236.000 1 InL=  #bIV/0l

9 Units = 6= [ #oIv/ol

10|

1"

2 Likelihood ATCc = Density =

13

1 Variance: Detected in Int
15 2 3

16 o o

17 o o

18 o 1

19 o o
20 o o

21 Steps: 0 0
2 10 0 0
3 2 0 0
2 3 0 0
W« » WhPtCt Removal { Mol Compare/ Groups : 1« o 2 >Jz
ioaws s s N NO Ol A @l &-L-A-===ad@]

v

Ready





 Importantly, birds are not counted more than once.  So, 141 individuals were detected during the first three minutes. In the second three minutes, 29 new individuals were detected that were present but either did not sing or were not detected.  In the third interval, which lasted 5 minutes, 39 new individuals were detected that were present but not detected in either interval 1 or interval 2, and so on.  A critical assumption is that birds counted after interval 1 were present and available to be counted in interval 1, but for some reason or other were not counted.  The total number of individuals detected across all surveys is given in cell E8.  This cell is named n.  The total area (e.g., across all point counts) in which birds are surveyed is entered in cell D9.  This cell is named area.  The units (cell F9) can be anything that you want, but should reflect the actual area in which birds were counted.  This number is important to enter if you want to estimate density rather than relative abundance.  That's it as far as data entry goes!

REMOVAL MODEL PARAMETERS

OK, now what?  First, we describe the parameters that will be estimated in the [image: image19.wmf]6
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removal model.  These are listed in cells F3:G4, where parameter “c” is listed in cell F3 and its estimate will be provided in cell G3, and where parameter “q” is listed in cell F4 and its estimate will be provided in cell G4.  Naturally, these cells are named c_ and q_.  
There are two parameters to be estimated with the removal method:  c and q, which are "found" by maximum likelihood procedures.  The definitions of c and q rest on the assumption that there are two "kinds" of individuals in the sample:  those that are easily detected (singing their hearts out) and therefore always detected in the first interval (Group 1), and those that are harder to detect (Group 2).  Group 1 birds are ALWAYS detected in interval 1 without exception.  
Now we can define c as the probability that a randomly selected bird belongs to Group 2, and q as the probability that a bird in Group 2 is missed (not counted) for each minute in an interval.  So 1-q is the probability a member of Group 2 would be detected in a 1 minute period.  For now, enter some guesses of c and q in cells G3:G4.  Remember that these are probabilities and must be between 0 and 1.
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q 0.4


EXPECTED COUNTS

The rest of the spreadsheet is computed from these entries.  E(xi) are the expected number of individuals that should be detected in each interval, given c, q, and n, and are computed in cells H3:H7.  For example, E(x1) is computed in cell H3, and is the expected number of birds that should be counted in interval 1, based on c, q, and n.  E(x2) is computer in cell H4, and is the expected number of birds that should be counted in interval 2, based on c, q, and n.  

Let's figure out E(x1) in cell H3 by examining each group separately.  Since all members of Group 1 are counted in interval 1 with no missed individuals, the total number of Group 1 that should be counted in interval 1 is n(1-c)*1.  
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) Ratio ln (Ratio)

c 0.5 228.448 0.9680013 0.617208 -68.03937

q 0.4 6.344 0.02688 22.22685 437.28342

1.196 0.0050676 117.8982 672.54486

0.010 4.404E-05 13566.19 9.515336

0.002 7.046E-06 84788.69 11.347917

236.000 1 lnL = 1062.6522

G =  2125.3043


This is the proportion of the total birds counted (n) that are not in Group 2 (1-c), and we assume that they have a detection probability of 1.  So that takes care of the Group 1 individuals…these individuals won’t appear in any other interval.  To that we must add the number counted from Group 2 in interval 1, which is nc*(1-q^D3).  Let's work through this formula:  nc is the total number of birds that were surveyed that belonged to Group 2.  Of those birds, we need to estimate how many were detected in interval 1.  Remember that q is the chance of NOT being detected in one minute, so q raised to the number of minutes in the first interval (cell D3) will be the total chance that a Group 2 bird will be MISSED in interval 1, and 1-q raised to the number of minutes in the first interval will be the probability that a bird in Group 2 WILL be detected.   Adding the Group 1 and Group 2 detections gives us n*(1-c_)*1+n*c_*(1-q_^D3), which is entered in cell H3.

Now let's consider E(x2), computed in cell H4.  In interval 2, we don't need to worry about Group 1 individuals since they were all counted in interval 1.  The expected number of birds counted in interval 2 is ncq^d3*(1-q^ d4).  All right, let's break this apart:  nc is the number of individuals in Group 2, and q^d3 is the probability that a Group 2 individual was missed in the first interval.  So ncq^d3 gives us the pool of potential individuals that were missed in interval 1 and that could be counted in interval 2.  How many of those individuals were actually counted?  Since q^d4 is the chance of a Group 2 member being missed during the second interval, (1-q^d4) gives the chance that an individual in Group 2 was NOT missed.  Putting it all together, the expected number of birds counted in interval 2 is ncq^d3*(1-q^ d4).  

The number of birds expected to be counted in the third interval is E(x3), given in cell H5.  This equation is ncq^(d3+d4)*(1-q^d5). See if you can work through the logic behind this equation, and the equations for E(x4) and E(x5) in cells H6:H7.  Remember, the results for these cells will change if you change the estimate of c or q, or both.  
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Given E(x1), E(x2), E(x3), E(x4), and E(x5), the total number of birds that we expect to count over the full survey is just the sum of those numbers, computed in cell H8.  This can also be calculated as n(1-c)+nc(1-q^d8).    Compare this number (cell H8) with the number actually counted (cell E8)…just by sheer coincidence they match, but change c and q and you’ll get a smaller number.  You can probably guess by now that the goal of the analysis is to find values of c and q that provide expected values (cells H3:H7) that most closely match observed field data (cells E3:E7).  The c and q values we entered (0.5 and 0.4, respectively) don’t appear to be a great fit.

CONDITIONAL PROBABILITIES
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141 c 0.5 228.448

29 q 0.4 6.344

39 1.196

15 0.010

12 0.002

236 236.000

The next step is to simply convert the expected counts to conditional probabilities, which is done in cells I3:I7.  These cells are named p_1, p_2, p_3, p_4, and p_5.  Remember the expected counts are determined by the values entered for c and q, and that the total expected counts is exactly equal to the total number of birds counted across the study.  The conditional probability that a bird will be detected in a given interval, given it was detected during the entire 14 minute survey, is simply the E(xi) divided by the total number of expected birds.  For example, the formula in cell I3 is =H3/$H$8, which gives the expected proportion of birds out of the total to be counted in interval 1.  Note that these conditional probabilities sum to 1 (cell I8).
PROBABILITY OF DETECTION OVER THE SURVEY

From here, we can also compute p*, the probability that a bird will be detected over the course of the entire survey.  The formula p = 1-cq^d8 is entered in cell H14.  To be missed a bird has to be in Group 2 (c) and it has to missed each minute of the 14 minute survey (q^D8), which is cq^D8.  One minus the probability of being missed in the entire survey is the probability of being detected in the survey.  
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-608.383 1216.766 2 1220.7662 0.9999987 236.00 2.950004

Outputs


ESTIMATING N

Once you have the detection probability computed, you can estimate N (or N hat), which is given in cell I14 by simply dividing the total birds counted by the detection probability (n/G12).   

THE REMOVAL MODEL MULTINOMIAL LOG LIKELIHOOD
OK, hopefully you have a sense about where we are headed. We have the observed frequencies of the number of birds detected in each interval.  Given c and q, we also have the conditional probability that a bird will be detected in each interval.  Now, how can find the most likely values of c and q – ones that will result in conditional probabilities that result in expected frequencies by interval that most closely match our observed frequencies by interval?  We’ll use maximum likelihood analysis, with the multinomial probability model as a basis.
Although we KNOW you’ve mastered Exercises 1 and 2, a very quick summary of the multinomial probability function is in order.  The classic example of a multinomial problem is to consider the roll of a single die [image: image7.wmf] - there are 6 possible outcomes.  Let's say you roll a die 100 times and come up with 30 rolls of 1, 10 rolls of 2, 10 rolls of 3, 10 rolls of 4, 10 rolls of 5, and 30 rolls of 6 (n = 100, y1 = 30, y2 = 10, y3 = 10, y4 = 10, y5 = 10, y6 = 30).  If the die were fair, each of the rolls would have a 1/6 or 0.1667 chance of being realized.  What is the probability of realizing the results (30 rolls of 1, 10 rolls of 2, 10 rolls of 3, 10 rolls of 4, 10 rolls of 5, and 30 rolls of 6) you observed?  How would you compute this chance?  You'd use the multinomial probability distribution:
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If we assume that the die is fair, p1 = p2 = p3 = p4 = p5 = p6 = 0.1667, n is 100 or the total number of trials or rolls, and yi is the frequency (or number of times) that a 1 was realized, a 2 was realized and so on.  Working through the formula will give you the multinomial probability of observing the data yi, given p and n.   Let's work through it for our example.  The first part in brackets (the multinomial coefficient, with the n over the yi) can be computed as n! / (y1!*y2!*Y3!*y4!*y5!*y6!).  In our example, it is 100! / (30!*10!*10!*10!*10!*30!).  This is an ENORMOUS number:  7.649E+66!  To that number, we multiply everything to the right of the bracket, or 0.1667^30*0.1167^10*0.1667^10*0.1667^10*0.1667^10*0.1667^30, which is a very SMALL number (1.56 E-78).  The end result, for this example, is something around 1.19 E-11.  Therefore, if we assume that our die is fair, then we would have a very, very small chance (probability = 1.19 E-11) of realizing the results we did:  30 1's, 10 2's, 10 3's, 10 4's, 10 5's, and 30 6's.  In other words, it’s not very likely to get the results we did if the die was fair.  This particular die appears to be weighted such that 1's and 6's are realized more than you'd expect.  

Now, what if all we had was the data at hand (30 1's, 10 2's, 10 3's, 10 4's, 10 5's, and 30 6's), and had no idea if the die was fair or not?  We could use maximum likelihood procedures to find the most likely estimates of p1, p2, p3, p4, p5, and p6 separately, instead of assuming that they all equal 0.1667.  This is the case at hand with the point count removal models. 
In point count dataset with 5 intervals, we are dealing with a 5-faced die.  We roll this die for each individual in the population, and need to determine the probability that it will be detected in interval 1, 2, 3, 4, or 5.  The probability associated with each outcome is the conditional probability (pi), which is determined ultimately by three parameters: c, q, and n.  But unlike our die example where we assumed the die was fair, in this case we don't know the value of pi, and we have to estimate it.  So we use likelihood approaches to estimate the pi, as shown in the blue box.  Take a good look at the formulae in the pink and blue box – the pink box shows the multinomial probability function, while the blue box shows the multinomial likelihood function.  Note that the right side of the equation is identical, but the left side is slightly different, indicating that different pieces of information are known. 

[image: image8]
 
[image: image9]
For multinomial probability (pink, or top box), we estimate the probability of getting the yi's (histories) given n and pi.  For multinomial likelihood (blue, or bottom box), we are estimating pi, given n and the yi's.   
In this exercise, we will be working with natural log likelihoods rather than likelihoods to make the calculations computationally easier.  Here’s the Loge Likelihood Multinomial Function for our point count removal data:

[image: image23.wmf]6

6

5

5

4

4

3

3

2

2

1

1

)

,

|

(

y

y

y

y

y

y

i

i

p

p

p

p

p

p

y

n

pi

n

y

f

÷

÷

ø

ö

ç

ç

è

æ

=


In the point count removal context, this equation says that the Log Likelihood of the conditional interval probabilities, pi, given the total population size, ni and the frequency of the number of animals counted in each interval, yi, is proportional to the frequency of each history multiplied by the log of its probability, added across all histories.  This works because ln(p1^y1, p2^y2, p3^y3.......p5^y5) =y1ln(p1)+y2ln(p2)+y3ln(p3)+...+y5ln(p5) by the law of logarithms.   This formula is exactly what is depicted in cell C14, where the equation is =x1_*LN(I3)+x2_*LN(I4)+x3_*LN(I5)+x4_*LN(I6)+x5_*LN(I7).  Click on this cell, and then click on the equation depicted in the formula bar and you will see the equation “light up”, showing the pattern of the equation.  

MAXIMIZING THE LOG LIKELIHOOD
Remember, three parameters go into estimating the conditional probabilities, pi:  c, q, and n.  We can’t fiddle with n, but we can fiddle with c and q.   When we change c and q, we change the E(xi), which changes the conditional probabilities (pi), which changes the LogeL value. So, our goal is now to find values of c and q which maximize the log likelihood.   This can be done with Solver.  Go to Tools | Solver and dialogue box should appear.  (If Solver is not installed, go to Tools | Add-Ins, and select the Solver option).  
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You will want to maximize cell C14 by changing cells G3:G4. Press Solve and Solver will run through various combinations of c and q until the log likelihood is maximized.  Keep the Solver solution.   Now the spreadsheet reflects your maximum likelihood estimates of c and q, and the corresponding detection probability, p.
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1 3 141 c 0.677641 114.875 0.5974575

2 2 29 q 0.911537 20.482 0.1065273

3 5 39 37.306 0.194028

4 2 15 10.710 0.0557033

5 2 12 8.899 0.0462839

Total = 14 236 192.273 1


So, for the data at hand, the maximum likelihood estimate of c is 0.677, indicating that 67.7% of the birds were in group 2, and 100-67.7% = 32.3% were in group 1.  Additionally, the maximum likelihood estimate of q is 0.911, which is the probability of failing to detect member of group 2 per minute.  That’s quite high!  That means that the probability of detecting a member of group 2 in one minute is 1-0.911 = 0.088, or 8.8%.  

What do these results mean? Well, given that 68% of the population is in the elusive group 2, and that the probability of detecting a group 2 individual in a one minute period is only 0.088, it means that our raw count of 236 birds in underestimated.  
REMOVAL MODEL OUTPUT

You’ve already seen how the Likelihood is computed.  Cell D14 simply multiplies the log likelihood by -2. AIC is computed as -2*log likelihood + 2K.  In this example, k = 2 because we estimate two parameters:  c and q.  Of particular interest is p*, the probability of detecting an animal at all over the entire survey period (cell H14).  In this example, it’s 0.8147, which is decent. This is computed as =1-c_*q_^D8, or 1-c*q^14.  The term c*q^14 is the probability that a group 2 individual is missed in each minute of the 14 minute survey (remember group 1 animals are always detected). One minus this term is the probability that a group 2 individual is detected in the survey. (Makes me wonder if this should be higher because p* also includes group 1, no?)  N-hat is then estimated as the raw count divided by p*, and this is converted to density (number of animals per unit area) in cell J14. N hat is estimated at 289 individuals, whereas only 236 animals were counted.
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Click on the button labeled “2 Groups” to store these results.

THE HOMOGENEOUS MODEL

Now that you have a handle on how the removal method works, the next step is to compare different models.  Before comparing whether detection varies with time of day, observer, date, etc, you should compare a model where there individuals are heterogeneous in their detection (meaning that there are actually two kinds of individuals - group 1 and group 2) versus a model in which all individuals are homogeneous in their detection probability.  The difference between the models is that the heterogeneous model estimates 2 parameters (c and q, so K = 2) while the homogeneous model only estimates q and sets c to 1 (all members are in group 2, so K = 1).  Farnsworth et al. call the heterogeneous model their most general model, and the homogeneous model a reduced model.
The goal is to compare these two models to determine which one is best supported by the data.  We will follow the model selection procedures outlined in Burnham and Anderson.  In this model, first enter a 1 in cell E14 so that we count the number of parameters correctly.  You might need to enter random numbers in cells G3:G4 to give Solver something to start working on.  To do this, enter =RAND() in those cells.  Then run Solver again.  Set cell C14 to a maximum by changing cells G3:G4, but this time click on the button labeled “Options” in the Solver dialogue box and add the following constraint:  cell G3 = 1.  
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Then run Solver and keep the solution.  Here are our results:
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Interval Minutes Freq Parameters MLE E(x
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) p(x
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) Ratio ln (Ratio)

1 3 141 c 1 116.729 0.5159718 1.207924 26.635332

2 2 29 q 0.79654 43.596 0.1927069 3.234211 165.50367

3 5 39 51.409 0.2272407 2.742707 142.26128

4 2 15 8.870 0.0392057 15.89706 2.7661341

5 2 12 5.628 0.024875 25.05544 3.221091

Total = 14 236 226.232 1 lnL = 340.3875

Area  = 80 hectares G =  680.77501

Inputs


Click on the button labeled "1 Group", and your model results will be pasted into cells C18:I18.
COMPARING MODELS
Now we are ready to compare our models.  The basic idea is to compare the AIC scores among the models.  You probably know by now that in many cases you can fit models better by estimating more parameters.   But the model selection paradigm (presented by Ken Burnham and David Anderson in their book, Model Selection and Multimodel Inference) uses AICc as a measure of parsimony – it consists of a measure of fit of the data (-2LogeL) and the number of parameters (K):  AIC = -2LogeL + 2K.  (AICc is a second order correction of AIC).  In the words of Cooch and White, “AICc is a good, well-justified criterion for selecting the most parsimonious model, i.e., the model which best explains the variation in the data while using the fewest parameters.”  For two models, the one with the lower AICc value is considered a more parsimonious model.  As you add parameters to a certain model, the -2LogeL may get larger (the model fit may be better), but the number of parameters is increased.  As a result, as you add parameters to a model, its bias is reduced but the variance in each parameter is increased, such that precision is lost.  So there is a trade-off in how well the model fits the observed field data and the number of parameters that need to be estimated.  Also, from a practical perspective, in many cases estimating the value of an additional parameter is a costly enterprise, so we want a model that explains the data well while at the same time keeps the number of parameters that need to be estimated at a minimum. The model selection paradigm provides a method for comparing model AICc scores as a means for weighing the evidence of competing models. 

So, let’s compare our two models.  The RANK function in cells J17:J18 simply ranks the AIC scores, where the model with the lowest AIC score is ranked #1.  The Delta column computes the difference in AIC scores between the best model (rank = 1) and the other models.  This is done by subtracting a model’s AIC score from the model with the lowest AIC score (MIN).  So the best ranked model will always have Delta = 0.  If the delta values of any other model are within 2 AICc units of the best ranking model, there is strong evidence of support for both that model and for the best ranked model.   See Burnham and Anderson for a much more thorough discussion of this topic.
[image: image16.emf]16

17

18

19

B C D E F G H I J

c q p AIC Rank

Delta (

D

) Exp (-.5 

D

)

Weight

2 groups 0.677641 0.911537 0.81472 567.41613 1 0.00 1 0.999882

1 group 1 0.79654 0.95861 585.49981 2 18.08 0.0001184 0.000118

Model Comparison


The weight of evidence for each model is computed with two steps.  First, we take the exponent of -1/2 times the delta value for each model (cells I17:I18).  Then these scores are added (cell I19).  Then the Akaike weights are computed as the model's EXP (-1/2 * delta) score divided by the sum (cell I19).  These weights are interpreted as probability of being the best K-L model in the model set.  From these weights, you can see if one model has most of the support, or if several models are supported by the data.  If several models are supported by the data, model-averaging can be used to get unbiased estimators of c, q, and p.  In our example, however, model averaging isn’t really necessary because the model with 2 groups is much more strongly supported by the data. This model has over 99.99% of the weight, and thus you would use the parameter estimates from this model in your reports.
SIMULATING DATA
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In columns O:U, you can simulate new datasets very quickly. In cell P3 enter a probability value for c, and in cell P4 enter a probability value for q.  Then enter the duration of each interval in cells P7:P11.  That’s all there is to it!  The spreadsheet will do the rest. Up to 200 animals can be counted, but you can expand this if needed.  

The data are simulated on an individual by individual basis.  
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Indivdual Group 1 2 3 4 5

1 2 0 1 0 0 0

2 1 1 0 0 0 0

3 2 0 0 0 0 0

4 2 0 0 0 0 0

5 2 0 0 1 0 0

Detected in Interval


Let’s start with individual 1.  First, we assign a group to this individual. The formula in cell P2 is =IF(RAND()<$P$3,2,1), which says, “if a random number is less than c entered in cell P3, the animal belongs to group 2, otherwise it belongs to group 1.”  Now that we know what group each animal is in, we can determine if it gets counted, and if so, what interval is it counted in.  

For the first interval, cell Q16 has the formula =IF(P16=1,1,IF(RAND()<(1-$P$4^$P$7),1,0)).  This formula has two IF functions. First, if the animal is in group 1, then it is detected in interval 1. This was a key assumption of our model.  If the animal is not in group 1, then the second IF function is carried out.  This one says “if a random number is less than 1-q^interval 1 length, then the animal was detected.  Remember, q^interval length is the probability of being missed for the entire interval, so 1 minus this term is the probability of being detected.  If the random number is less than this criterion, a 1 is returned and the animal from group 2 was detected.  
For interval 2, the formula in cell R16 is =IF(Q16=1,0,IF(RAND()<(1-$P$4^$P$8),1,0)). The remaining intervals use the same logic, so we’ll only explain interval 2.  Basically, if an animal was detected in interval 1, it can’t be detected in interval 2 because it was removed, so a 0 would be returned.  If the animal was not detected in interval 1, the second IF function is invoked.  This function is identical to that used in interval 1 for group 2 animals; its 1-q^duration of interval 2.  See if you can work through these formula and follow their logic.  
MAT – CAN YOU ADD THE SECTIONS FOR HOW TO CODE AND RUN THIS MODEL IN CAPTURE?
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1 2 80

2 2 25

3 2 17

4 2 12

5 2 11

Total = 10 134

Simulate Data

Outputs

Inputs

[image: image27.wmf]5

5

4

4

3

3

2

2

1

1

ln

ln

ln

ln

ln

)

,

|

(

p

y

p

y

p

y

p

y

p

y

y

n

y

n

p

LnL

i

i

i

i

+

+

+

+

÷

÷

ø

ö

ç

ç

è

æ

µ

_1247249210.unknown

_1180272940.unknown

