
FW663 -- Laboratory Exercise

Program MARK to Analyze Designed Experiments

Stromborg et al. (1988) studied postfledgling survival of European starlings (Sturnus vulgaris)
deliberately exposed to an organophosphate pesticide.  This novel study of the effect of a
pesticide under field conditions represents an example of types of experiments that fall under the
general capture-recapture methodology.  In the starling experiment, relatively small numbers of
birds were released (Rt1 = 60; Rc1 = 61), but capture probabilities were high (~0.78).  The study
was conducted on about 2,000 hectares of the Patuxent Wildlife Research Center near Laurel,
Maryland.  The experiment is also discussed by Burnham et al. (1987:343-348).

During summer 1984, investigators set out nest boxes to attract starlings.  Boxes were checked
frequently during the nesting period to determine the date of hatching.  All nestlings were banded
16 days after hatching, and half the birds, chosen at random, were given an oral dosage of
organophosphate pesticide mixed in corn oil.  Control birds were given pure corn oil under
similar conditions.  Two days later, the surviving birds were tagged with individually numbered
wing tags (dead birds were tallied as "direct" mortality).  The tags were made of orange or red
vinyl-like material, cut in a pear shape and measuring approximately 35  40 mm.  Letters or×
numerals about 20 mm high were painted on each tag with flat black paint.  Tagged birds were
sighted and their tag numbers were recorded over six sampling periods (giving five re-encounter
occasions).  The type of data is thus live recaptures.  Group 1 are treatment birds, group 2 are
control birds.

On the CNR microcomputer network is an encounter histories file for Program MARK named
J:\CLASSES\FW663\EXERCISE.09\STARLING.INP.  

You should run this example through Program RELEASE to become familiar with that
program.  Program RELEASE has been added as a menu option under Tests to Program MARK
for the live encounters model.  Thus, you can get RELEASE output directly from MARK. 
Program RELEASE does not allow models with constant survival or recapture probabilities
across time.  As discussed by Burnham et al. (1987), the analysis from RELEASE does not
suggest any effect from the treatment.  Today, we want to explore this data set further with
Program MARK.  The emphasis is to build more parsimonious models than those available in
RELEASE.  Further, we want to build more realistic biological models.  You all see starlings
almost every day, so you should have some knowledge of starling biology!

First, write out your list of candidate models that you want to consider.  To compare MARK
with RELEASE, you'll probably want to run some of the RELEASE models in MARK.  You'll
probably also want to consider models with constant survival and recapture probabilities across
time, in an attempt to find more parsimonious models than are available from RELEASE. 
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Further, can you think of biological reasons why either survival or recapture rates might change
in a logit-linear fashion across time, i.e., T models?  For instance, as birds become more mobile
(i.e., develop better flight capabilities after fledging, would the probability of resighting increase
or decrease?  Try the same sort of thinking with survival.

Questions for Discussion

1. Can you find any evidence of a treatment effect?  Are you willing to conclude that the
pesticide has no effect on survival?  Are your inferences to direct or indirect effects?  Chronic
or acute effects?

2. What is your estimate of the effect of the pesticide on the survival during the first interval? 
What is your estimate of the effect of the pesticide across all intervals?  Build models that
explicitly incorporate these parameters (using the design matrix capability of MARK), and
develop inferences from the confidence intervals on these parameters.

3. Is there evidence of over-dispersion in these data?   Is your conclusion from Program MARK
about over-dispersion the same as you would get with Program RELEASE?  How should
over-dispersion be incorporated into your inference process?

4. Some of the survival estimates using link functions that constrain estimates to the [0, 1]
interval are on the boundary.  The identity link does not make such a constraint.  What
happens with the AIC and deviance values when you run these models with the identity link? 
Note that the identity link makes numerical optimization extremely unstable, so the algorithm
will often not converge properly.  Be sure to check the numerical gradient to see if
convergence was obtained before using the results from the model.
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WARNING -- Behavior of Sin Link Function
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This data set provides a very interesting example of the misbehavior of the sin link function. 
If you fit the model {Phi(t+g) p(T)} with a sin link (which you can no longer do in MARK!), and
were to examine the parameter estimates, you would see that the survival of the treatment and
control groups are not consistent, i.e., compare the survival estimates from the sin link function
in the following table.  The control group is not consistently larger than the treatment group, or
vice versa.  Note how this constraint is enforced with the logit link function, i.e., the control
estimate is always greater than the treatment estimate.  The survival rates are parallel on the logit
scale, but not on the sin scale.  How can this be?

                         Sin Link                           Logit Link             
                Treatment     Control         Treatment     Control  
Interval     Estimate      Estimate         Estimate      Estimate  
      1        0.693804     0.809271        0.723796     0.786824
      2        0.966087     0.901265        0.913274     0.936837
      3        0.902766     0.966995        0.921747     0.943152
      4        0.908336     0.817021        0.846637     0.886047
      5        0.684043     0.800919        0.700348     0.767003

The answer lies in the fact that the logit function is monotonic, whereas the sin function is not. 
Multiple values of the sin function will produce exactly the same transformation.  For example,
sin(x), sin(x + 2B), and sin(x + 4B) all produce the same transformation.  Such is not the case for
the logit function.  Thus, the message is clear -- beware when using the sin function in Program
MARK for design matrices other than an identity matrix.  You can get burned badly, as this
example shows.  The biological interpretation of the sin model is nonsense, yet, interestingly, this
model  provides the minimum AIC by 3 units of any I have been able to find.  Further, the
treatment effect would appear to be significant with this model.

Because of the non-monotonic relationship provided by the sin link function, the sin link
function is not available in Program MARK for design matrices where a row in the matrix has
non-zero values in more than 1 column.

Results from Program MARK for Starling/Pesticide Dosing Experiment

Model AICc Delta AICc AICc Weights Num. Par Deviance

{Phi(T+T^2) p(T)} 617.488 0 0.39868 5 58.579 

{Phi(g+T+T^2) p(T)} 617.926 0.438 0.32027 6 56.95 

{Phi(t) p(T)} 620.939 3.451 0.071 7 57.885 

{Phi(g+t) p(T)} 621.399 3.911 0.05641 8 56.255 
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{Phi(t1Treat, t1Control, t) p(T)} 622.279 4.791 0.03633 8 57.134 

{Phi(t) p(t) PIM coding} 622.371 4.883 0.0347 9 55.124 

{Phi(t) p(g+T)} 622.732 5.244 0.02897 8 57.588 

{H1Phi} 623.733 6.245 0.01756 10 54.373 

{Phi(.) p(t) PIM coding} 623.746 6.258 0.01745 6 62.771 

{Phi(g) p(t) PIM coding} 624.674 7.186 0.01097 7 61.62 

{Phi(g*t) p(t) PIM coding} 627.038 9.55 0.00336 14 49.102 

{Phi(g+T) p(T)} 628.078 10.59 0.002 5 69.169 

{Phi(t) p(g*t) PIM coding} 629.015 11.527 0.00125 14 51.079 

{Phi(.) p(g*t) PIM coding} 630.484 12.996 0.0006 11 58.998 

{Phi(g) p(g*t) PIM coding} 632.027 14.539 0.00028 12 58.403 

{Phi(g*t) p(g*t) PIM coding} 633.025 15.537 0.00017 18 46.317 

{Phi(t) p(.) PIM coding} 678.861 61.373 0 6 117.885 

{Phi(t) p(g) PIM coding} 680.93 63.442 0 7 117.875 

{Phi(g*t) p(.) PIM coding} 683.512 66.024 0 11 112.026 

{Phi(g*t) p(g) PIM coding} 685.551 68.063 0 12 111.927 

{Phi(.) p(.) PIM coding} 693.519 76.031 0 2 140.744 

{Phi(g) p(.) PIM coding} 694.386 76.898 0 3 139.577 

{Phi(.) p(g) PIM coding} 695.535 78.047 0 3 140.727 

{Phi(g) p(g) PIM coding} 696.426 78.938 0 4 139.573 


