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1. Introduction
1.1. General Overview of the Program Coleraine

Coleraine is a user-friendly, general age-structured model for fisheries stock
assessment. It combines a familiar Excel environment with a general and powerful AD
Model Builder (Otter Research Ltd. 1999) application.

Coleraine has a statistical age- and sex-structured model with a very general
structure. It allows for several fisheries to be modeled at once and can be
simultaneously fitted to many different sources of information, like catch-at-age and/or -
size data from the fishing fleet, and surveys and several indices of abundance
(commercial fishery and survey). The estimation is performed using maximum likelihood
theory in a first step and a Bayesian approach in a second.

Prior information on model parameters may be incorporated, given the Bayesian
framework of this statistical approach. Uncertainty around the estimates of the derived
parameters of interest can be assessed directly from the bayesian posteriors.

Once the model is fitted, Coleraine allows the user to do policy evaluation by
assessing the consequences of different harvest strategies (harvest rates or catch
levels) on certain statistics of interest (e.g., predicted vulnerable biomass), which are
reported as Bayesian posteriors.

Other salient features of this model are as follows:

- Temporal changes in the selectivity of the fishing fleet.

- Temporal changes in the catchability of the fishing fleet.

- Survey selectivity Eo eled as age-or size-based.

- The model simultér=ously fitted to length and age data.

- Robust normal likelihood function for proportions

- Automated process for saving condensed information on different runs.

1.2. General Overview of the Estimation Model
A general description of the different components of the estimation model
(Colera20.exe) is presented in the following sections of this manual. The following
notation is used throughout Section 1:
Subscripts: a Age
/ Length
t

Time

Superscripts: g Gear (Fishery or Survey)
S Sex

1.2.1. Abundance dynamics by sex

Abundance at age and sex is propagated according to the following difference
equation
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a+l,t+1 :N:,teiMs (1 _u;,t) fOI' a= 19‘ ) A

where M is the instantaneous rate of natural mortality, age A is a “plus group”, and u,, is
an age-specific exploitation rate for all gears combined, which is obtained by summing
over all gear types

s 5.8
ua,t - zua,t
g

The exploitation rate for each gear is a product of its age-specific selectivity, s*¥, and the

a,t ’

exploitation rate of fully selected fish at a specific time

s,8 __ 5,8 g
ua,z _Sa,z ut

Formulations below are identical whether g refers to a fishery component or to a
survey, except that the mortality induced by the surveys is negligible and can be ignored.
The alternative approaches used for the selectivity function are explained in a later
section.

Assuming that total commercial catches in biomass for each gear C? are known
without error, and that fishing takes place in a short time interval in the middle of the year,
the annual exploitation rate by gear is given by

g:

Cg
¢
t -0.5M% 5,8 ATS K
2. 2N
s a

u

which is equal to the ratio of total catch to vulnerable biomass in the middle of the year.

1.2.2. Initial conditions

The initial condition assumptions built into the model allow for the estimation of
three parameters: R, (virgin recruitment), @ (fraction of R, in the first year), and u,

(exploitation rate for the first year). The initial vulnerability-at-age pattern by sex has to be
incorporated by the user in the "Fixed Parameter Section" (item 13). Also the fraction of

N,, and more generally N, ; (j = year) that recruits to each sex is represented by a user-
defined constant (A ). Thus the initial population age structure is represented by
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where, C' = 1;C* =(1- A1)

i=a—1
S,
N;J:Nl“JG MG 1)1_[(1—,\/'511,[3 fora=2,---A-1
i=1

The plus group for the initial year is given by

a=A4-1

(1 _ VS u?)
1%al
s _ Ars o—MS(4-1) a=1

NA,l - Nl,l ©

1- aa (1= v ,u)

Uncertainty in the initial age structure is incorporated by using log-normal error:

2
10

(&5
Ng =N, e 2" where ,&,~N(0,,5%); for a=2,--A-1

The plus group has an independent error component ,&, (with its own variance),
where P stands for plus group and / for initial.

1.2.3. Stock—recruitment

Recruitment follows a Beverton—Holt stock-recruitment relationship with log-
normal error structure

S & —po?
lstJrl :CS t e(R t™R /2)
’ a+ S,
where ¢, is the recruitment residual for year t (,&, ~ N(0,,0°)), and S; is the

spawning biomass in year t computed as

at

S, => w @ N,

where @ (maturity ogive) is the fraction of females that have reached maturity at age a

a

and waf,, is female weight at age and time.

Recruitment at equilibrium in the absence of fishing equals (Mace 1994)

S

PR—a
BSpR

WhereSpR:gz Wj;tq)a e(—M/ (a-1))

where SpR is the spawning biomass per recruit (a function of the surviving proportion,
weight at age, and maturity ogive of females). The model was re-parameterized with a
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steepness parameter z, the proportion of the virgin recruitment that is realized at a
spawning biomass level of 20% of the virgin spawning biomass (Francis 1992).

Thus both parameters can be formulated as a function of z, R, and SpR,

o 1=z
"4z R,
5z-1
F= 4zR,
S, =R, SpR

o

L ——
Ro High Steepnes

0.9 Ro

Low Steepness

0.5Ro

Recruits

0.2 So So
Spawning Biomass

This graph shows the Beverton—Holt relationship, formulated as a function of the
steepness and virgin recruitment. This parameterization is very convenient because z is
clearly defined between [0.2, 1].

Note: If the total catch (landings) and weight-at-age data are in the same units, then
R, is going to be in numbers. In other situations, R, should be multiplied by the ratio of

the units of the catch to the weight-at-age in order to scale it to the correct units (this is
not a necessary task, but is important for understanding the meaning of the units of the
virgin recruitment).

1.2.4. Growth

Fish growth is modeled according to a von Bertalanfy model with mean size at age
given by
Ly = L, (1-exp(=k"(a~1,)))
We assume that the distribution of size at age is log-normal with standard deviation sd,

which is a linear function of mean size at age
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s s | L% L9 S 48
sd,=, o +{ Li —Lf J(La -L))
This is basically a linear interpolation between the standard deviation of the

mean length at the first (Lf ) and last (L‘Z) age. The distribution of log(L) at age (length—

age relationship) by sex is symbolized byqp(log(L)l,u,f O'Sa), and has mean y and

standard deviation o, , respectively equal to

K =log (Lsa )—

2
52 (Sdf)
Ga = S
LIJ

The length proportions at age can be approximated as

2
O

2

1 = nfo(long | 4, ,GSZ)AI

s s2
Z(o(logl‘l |/Llaﬂo-a )Al
=1

where A, is the width of the interval in log scale. This relation can be visualized in the
following graph:

Log(Length)

The proportions of length at age are used in many sections of the model,
depending on the nature of available data. They are used to compute the predicted size
compositions, to convert a length-based selectivity into a selectivity-at-age, and to
compute the mean weight at age, when the selectivity function of the survey is a function
of length.
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1.2.5. Weight at age relationship

Weight at age is a vital piece of information in the assessment, because it is
involved in the vulnerable biomass calculations. It can be directly incorporated into the
model as observed data (design-based estimators) or by using a model-based approach
(parameters of the von Bertalanffy growth curve and the weight—length power function).

By default the program uses the observed data. The rest of the temporal weight-
at-age information arises from the following calculations:

a. If selectivity is a function of age, mean weight at age is predicted from the following

equation
bi}s O'iz.z !bl% _1 )
2

: S rS\b;
W;,t :bi (La) €

where the exponential is a correction for the variance of the log-normal distribution of
size at age. If the survey selectivity is based on age, than the weight at age for the
commercial fleet is the same as the one for the surveys.

However, selectivity can be modeled as a function of fish size (only for surveys),

in which case the mean weight at age for the surveys is affected by selectivity at size
and the length—age relationship according to

S bS s,
DB SE L
S~g: /
N s, X
‘ 28
!

w

Note: If you do not have model-based weight-at-age estimates, you will need to input
observed data for each year. The vulnerable biomass computation for the last year + 1 is
based by default on model-based estimates of weight-at-age, so if you do not have
those be sure to add one more line of observed weight-at-age data. If your model is in
numbers (catch, biomass, etc), you should enter ny,,+1 vectors of weight-at-age data
filled out with values 1.

1.2.6. Selectivity

Selectivity is a process that can be modeled based on age or size. This model
supports an age-based selectivity for the fishing fleet and a size- or age-based selectivity
for the surveys. In this model the only sex-specific variation in the selectivity function
arises from the difference between ages of full recruitment.

1.2.6.1 Selectivity as a function of age

The selectivity function implemented in the model is a double half-Gaussian function of
age:
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—(a -S s,g)
i1 o
— M for a<S *F
g Sull
LV

exp
8 _

a,t ( S 5.g 2
—\a =9 )
exp —fg” for a>S,,™*
RY ‘

Sun " =S +(1=)) As,,)

where j is a dummy variable with value 7 for females and 0 for males, and Agsf"”

is the sex specific difference in age of full recruitment for each gear.

The next graph shows some of the shapes that this three-parameter model can
adopt. The thick line represents an asymptotic right-hand side curve (very high right-
hand variance), as opposed to the thinner line, which has a declining right-hand limb

(smaller right hand variance).

Selectivity

S Sfull “ Age

Survey selectivities are assumed to be constant over time while commercial
selectivities are allowed to change over time. Residuals are estimated for the periods

when we do have catch at age data

S:g S»g Sﬁu/‘grg g g2
Sfuu, =S, € where S &1 ~N(0, S O )

.8i 2
g _ ,& ,ivh g g
jvt+1_jvt+le /.vgt N(O,/_VG )

where j is the right or left side variance.
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Trends in selectivity have been associated with changes in spatial allocation of
fishing effort (Jacobson et al. 1997), and the variation considered in this approach is

independent of sex.

The following figure shows a declining pattern in the right side of the selectivity
curve over time. It also shows a decrease in age of full selectivity between the first and
the last time period.

Selectivity

1.2.6.2 Selectivity as a function of size

Only the selectivity of the survey is allowed to be size-based. A double-Gaussian
function of size, with time invariant parameters, is used. The selectivity at age is
computed by integrating the selectivity at size over the size proportions at age. Thus

suf = TS? ’g(L)(p(log L| ﬂj,azi) dlogL

The integral above can be approximated by discretizing the size distribution into n;, size
classes, denoted as /, as

ny
5.8 __ 5.8 S
Sa,t _zsl,t fl‘|a
=1

where s,°%is the size-selectivity function evaluated at L, the length at the mid-point of

t
interval / . For converting the size-based selectivity into an age-based selectivity, we
weight the selectivity at size by the size proportion at the respective age. If we do not
rescale the “new” selectivities at age, very likely no age has been fully selected. This
would not affect the estimation procedure but would be reflected in the catchability

coefficient.
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1.3. Data

1.3.1. Predicted abundance indices

Commercial CPUE and survey indices, here denoted as /2, are assumed to be directly
proportional to the vulnerable biomass in the middle of the year

Ig:% (Ze o3 ZssgNagt atj

where ¢fis the gear-specific catchability. The temporal index for the catchability

coefficients is incorporated only for the commercial CPUE (catchability coefficients of the
surveys are not allowed to have a temporal variation).

A random walk model is used to model the temporal changes, thus

CPUE

log(qfil) log(qt )

CPUE; 2

where ¢, ~ N(O, . o). The parameter s~ O is used to control the amount of year-

to-year variation allowed ing? .

1.3.2. Predicted age and size composition

The predicted age composition (in proportions) of the catch at time t by sex and gear, is
represented by the following equation

?ng

\ g Tht T lat poolQS

at ZZSSgNS AxA

where Q° represents a matrix of age misclassification and M #*”, pools the age

frequencies for ages a > A,qq into a plus group.
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The above figure shows how to set up the misclassification matrix. If no information on age
misclassification is available, an identity matrix (i.e. diagonal of 1) has to be used.

Similarly, size compositions are predicted as
S, g S S
Sl,t Zﬁ\aNa,t
P = <
Lt s, g s s
22552 S Ve,
! a

N

when selectivity is a function of fish size, or as
S, {8 s
zsa,tﬁ\aNa,t
Pssg _ a
Lt = s, g s s
Z zsu,t z ﬁla Na,t
K a 1

when selectivity is a function of mean length at age.

The range of values of the predicted proportions-at-age, are determined by the
dimensioning parameters specified in the input form (same for length) and do not need
to match with the ones specified for the dynamics.

1.4. Objective Function

Different sources of information contribute to the overall objective function. This
can be summarized as follows:

e Survey index: Relative or absolute index of abundance for each index type.

o CPUE: Fishery related index of abundance (by commercial fishing gear index).
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e Catch-at-length: Survey (by gear, length, time, sex, + undetermined sex);
Commercial fleet (by sex, gear, length, time)

e Catch-at-age: Survey (by sex, gear, age, time); Commercial fleet (by sex, gear, age,
time)

The objective function includes likelihood components for the different data types,
and penalties on the variability of the stochastic parameters as specified by their bayesian
prior distributions.

1.4.1. Robust normal likelihood for proportions:

We use the robust likelihood formulation proposed by Fournier et al (1998) for the

age-sex and size-sex catch compositions. The observed frequency data is incorporated to
the likelihood function as proportions at age and sex, 1'3;;g , or at length, 13,;‘,@ . The robust-
normal model was selected instead of the more traditional multinomial error model
because it is more robust to outliers (Fournier et al 1990):

Nyears Aplus ~ 5.8 ~ 5.8
InZf, =-05Y > > logl| Pou(1-Pai)+.1/4
t=1

s a=Apiq

Nyears Aplus _ (ES;S _ P;'stg 2
+ log| ex . . +0.01
22 2 8 P s py e

N

where A and 7# are respectively the number of classes and the inverse of the assumed
sample sizes. Aplus, Aiiias @nd N,ears are the age of the plus group, the initial age observed
in the samples and the number of available age-composition samples, respectively. A
similar formulation is used for the size-sex compositions and is applicable for survey or
commercial data.

1.4.2. Abundance indices

Different likelihood functions can be used for the commercial and survey indices.
These are normal, log-normal, robust normal and robust log-normal distributions.

The robust log-normal likelihood function has the following representation:

2
log L = Zlog[exp(— O.SL&ZJ+O.OI}
t

V& O-[

In all the cases the variances are entries specified by the user (not estimated
within the model) and residuals the difference between the observed and expected values
(logarithm of the observed and predicted values, for the previous).

1.4.3. Total likelihood
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The total log-likelihood is the result of the sum of the individual log-likelihood components

2 4 2 4 2 Surveyr g Surveyr g z Commy g Con 4
log L: log L% + log L%PUE + log L}Lige+ : \, log "’ ”L(lgength + log ‘ nLige—i_ log ’ 1mL(lgength
Comm y
n Nage length

ny ncpuE Nyge length

1.4.4. Penalties

Several penalties might be affecting the overall objective function, depending on
different model assumptions. In general the penalties correspond with prior assumptions
made about some of the stochastic processes involved—specifically, recruitment
variability and variability in the initial age structure

82
PSS, =0.5) £

t rO

52
PSS,;=0.5) =<
t 10

time-series trends in catchability by gear

2
g[
2

PSS$=0.5 "
t

qO'

and time-series trends in the parameters of the age-selectivity functions for the different
commercial fisheries,

et £’ &<’
PSSg= 0_52%_;2’ PSS?, =O.5Z% and PSS¢ = O.SZ%
1 o P o

L stan LV RV

Hence the overall penalty would be the sum of the individual components

penalties = PSS+ PSS, + >_ PSS+ PSS%,+ > PSS4+>_PSS%,
g g g g

1.4.5. Prior

Prior information on main parameters of the model can be incorporated by using
three different density functions (uniform, normal and lognormal). If the parameter is being
estimated (active) and has a pre-specified prior, the natural logarithm of this density will be
added to the global objective function.

1.4.6. Global objective function

Parameter estimates are obtained by minimizing the overall objective function

f=—log L+penalties+ prior
1.5. Policy evaluation

Coleraine can also be used to evaluate alternative management policies by
simulating future stock trajectories n years into the future. A Bayesian approach is
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implemented to carry out this task. The Monte Carlo Markov Chain (MCMC) technique is
used to generate samples from the joint posterior probability distribution, and the marginal
distribution of any model and derived parameter can be readily approximated from it. We
use the AD Model Builder's (Otter Research Ltd. 1999) implementation of MCMC, which is
based on the Hasting-Metropolis algorithm (Gelman et al 1995).

Two types of harvest strategies are implemented in Coleraine, namely constant
catch and constant harvest rate strategies. Details on the entries can be found in section
6.1.

The projections are carried out using one selectivity ogive (s>"). This selectivity

pattern is computed as an average selectivity at age for the different fishing fleets,
weighted according to the gear-specific exploitation rates in the final year covered by the
assessment:

E $.84,8
Sa,t u[
s,proj _ _g
Ky =
a
ug

g

t

The user can also specify other weights to compute the average selectivity (Section 6.1).
There is a constraint on the total exploitation rate to be less than 0.99 during the entire
projection.

Two sources of uncertainty are incorporated in the projections: (1) uncertainty in
current population size and (2) process uncertainty. The uncertainty in the current
population size is determined during the MCMC simulation and is a function of all the
uncertainty associated to the main parameters of the model. Process uncertainty, on the
other hand, is simulated during the execution of mceval by allowing for

i. Variability in recruitment, which is modeled as

Ns _ St e(REI_RO-Z/Z)

L+l _ﬁ'
’ a+ S,

ii. Implementation error due to errors in future assessments (only for harvest rate
strategy).

We assume that future estimates of exploitable biomass, 1§,wou|d be log-normally
distributed around the true value, so that

D _ -0.5M° S,proj_ . 8 ATS ass €1
Bt—[Ze T waNa,t}e
) a

and . ¢&, represents the log of the assessment error in year t. The

ass

g, are assumed to

ass

be normally distributed with variance o and serial autocorrelation p, such that
ass gt+1 =p ass gt + ‘é:H—l ‘é:t ~ N(O’ ass 62 (1 - p2 ))
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2. Getting Started
2.1. Hardware Requirements

This program should run on almost any Pentium machine with at least 16 Mb of
RAM. More memory will improve the performance of the program. The program requires
about 1.6 Mb of hard-disk space. We recommend the use of Excel 2000 because of
some well-documented problems with the memory handling that existed with previous
versions when a large number of graphs were created.

2.2. Software Requirements

Windows 95/98/2000/NT and Excel 97/2000 are the only software required. Our
program’s user interface consists of macros written in VBA for Excel 97/2000, a scaled-
down version of Visual Basic included with Microsoft Excel 97/2000. In some cases, the
user may have to load this part of the program into Excel by using the "Add-Ins" menu.

2.3. Outline of Working Environment

This package consists of two parts: (1) an estimation program (Colera20.exe)
written with an application called “AD Model Builder’ (Otter Research Ltd. 1999) that
does all the model parameter estimation and policy evaluation, and (2) a user-friendly
Excel 97/2000 interface for entering data and viewing the model outputs. The estimation
program was described in Section 1.2. and comes to you as a compiled and unalterable
file.

The Excel user interface is controlled by macros written in Visual Basic for
Applications (VBA). Our objective was to allow the user to work with Excel’s full
capabilities, while automating some complicated and time consuming procedures such
as setting up a correctly dimensioned input file for the estimation program or graphing
output data. Therefore, the user interacts directly only with regular Excel files, and Excel
operates normally most of the time. The only exception is that it pauses while macros
are running, and a new menu is added to the command bar that allows the user to call
macros more easily. This menu is active as long as the Excel file (Maincode.xlIs)
containing the macros is open.

2.4. Necessary Files
Five files are critical to running this program:

1. Colera20.exe. A compiled version of the ADMB estimation program. Your
“Path” statement in Aufoexec.bat must include the directory where this program resides.

It may be easiest for you just to put it in the working directory.

2. Maincode.xlIs. Excel file that contains all the macros; it must be open for the
macros to function. It can be anywhere Excel can find it and it should not be modified.

3. InputTemplate.xls. Needed to create new input sheets. It is invoked from
maincode.xls.
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4. Tracker.xls. Excel file that stores vital information (e.g., path information, file
names, parameter values, likelihoods) for each run.

5. Newgraph.xls. Used to create new output files. It is automatically called from
maincode.xls.

2.5. File Management
The use of an Excel interface for data entry and graphing adds an extra step to

file management, since Colera20.exe requires text-format input, and produces text-
format output. In brief, the process of working with a dataset runs as follows:

Excel

Maincode.xls, InputTemplate.xls, Tracker.xls, Newgraph.xls

DATA INPUT GRAPHICAL
OUPUT
Create input file Create output
file (Viewer)
Creates
text file

i Colera20.exe
Text input > ; Tex]Ei I(;l;tput

file (ADMB application)

Therefore, each run of the model has four data files associated with it: two input
files (one in Excel format, and one in text format), and two output files (again: Excel and
text formats).

Note: Excel format input and output files may remain open while the model runs, and the
Excel file named “Maincode.xls”, which contains the macros controlling the user
interface, must remain open for the user interface to work.
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3. Getting Your Data into Coleraine
3.1. General Issues

Colera20.exe reads in all data from a file before running, and is very discriminating
about data structure. A single missing value will shift all the following arrays to the left
and, if you are lucky, cause the program to crash. Therefore, most arrays must be filled
with dummy data even if they are not used in the calculations. We have designed the
following procedure to minimize problems:

a. Enter into a template the small set of numbers that define the dimensions of the rest
of the data arrays (e.g., number of years of data, maximum age and length of fish,
number of sexes)

b. Use the filled-in template to create an input form in the proper dimension

c. Enter the rest of the data into the form

d. Check for blanks and other common problems

3.2. Default Values

Entering the required priors is tedious and can be confusing, so our program pastes
in default values to the prior section. Our intention is to help you remember what type of
values should go in each cell; however, each value should be carefully checked before
running the model. On the other, the results of the estimation might be sensitive to the
initial parameter values; therefore, a menu option allows you to quickly do a deterministic
run of the model to ensure that the estimation model starts at reasonable values.

3.3. Two Warnings

Do not attempt to enter dummy data yourself. We have designed the program to
do it for you where data are missing.

You will notice that the input form has several sheets. They should not be deleted
or renamed. The sheet called “NameList” defines the sizes of each data range in the
input sheet, and the sheet called “Defaults” shows the defaults used. “Output” is used in
creating a text output file and is cleared each time the main program runs. “Graphs” is
used by the parameter checking routine. Note that many cells contain formulas and
many are named. Generally speaking, loss or change of names on ranges or sheets will
cause the Excel macros to crash. If you want to change default values, try changing the
numbers in “Defaults”, but always check the name and formula boxes to makes sure you
are not changing names or formulas. Both “Defaults” and “NameList” are protected, but
may be unprotected using the Excel menu Tools - Protection - Unprotect sheet.

3.4.The “Main Menu’.
The following figure describes all the different components of the Main Menu that

are added to the principal Excel toolbar. Each component will be explained in later
sections of this manual.
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Create Mew Input File

Open Existing Excel Format Input File

Reconstitute Excel input file From ket File

MAIN MEMLU Check Format Before Running Maodel

Check Parameter Values Before Running Model ®

Create or Modify Input File ¥

Fun Model P F--——5 Update graphs
Wig Oukpuk P r--m i Redraw graphs
MCMC b |- i

Run This File

Text File
harksheet [, xls] File

fm———— e ————

Wiew Mew Oukput File
Wiew Re-run of Open File
Wiew Cither Cukput File

- Run FCHC
Run me_ewval
MCMIC ko CODA

The three main procedures in the Main Menu are related to the creation or

modification of files, running of the estimation program, and viewing the model outputs.

3.5. Step-By-Step Procedure for Entering Data:

Adhering to the following procedure will minimize problems:

Open MainCode.xls. You will notice a new menu item is added to the toolbar at the
top of your file, called “MAIN MENU”. It will disappear when you close Excel. (Note:
the menu becomes inactive when an embedded object such as a chart is activated. If
the menu suddenly disappears, simply click on any non-object, such as a cell on the
sheet.)

To start working with a new dataset, choose Main Menu > Create or Modify Input
File = Create New Input File.

This opens a template.

C.

Fill in the appropriate dimensioning data. See Appendix 2 for clarification of the
meanings of each value. Every dimension is critical, so make sure you understand
the distinctions made.

When done, push the button labeled "Create the Rest of the Form".
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This will create the rest of the form, using the dimensions you entered. Beware that

pushing this button again would erase any information on the page below the button,
and redraw the form.

e.

Now enter your data. We recommend pasting in data from other spreadsheets,
although cells must contain numbers and not formulae (Use “Paste
Special’>Values). It is critical to avoid renaming cells by mistake (if you do not use
paste special all the time, this might happen). Note before pasting:

- All outlined areas must be filled with numbers. See Appendix 2 for clarification of
the data types and formats required.

- Some arrays are filled with dummy data. Do not change them.

- Some arrays may already have zeros in some positions: e.g., if your catch-at-age
data begin at age 6, ages 1 through 5 will appear as columns of zeros in the
catch-at-age data section. This is the required format.

- Priors and other default data can and should be overwritten.

Go to Main Menu > Create or Modify Input File - Check Format Before Running
Model

This calls a macro that will search for blanks and color them yellow. It will also

check the format of years, which must have 4 digits (they are colored red). It can be run
repeatedly with no ill effects.

g.

Then go to Main Menu > Create or Modify Input File - Check Parameter Values
Before Running Model.

This calls a macro that runs population projections, using the given initial parameter

values (i.e., the values in column 7 of the prior section). It graphs the results in a sheet
called “graphs.” You can go back and change the default values and run this macro
again until you have reasonable starting parameter values.

h.

At this point you are ready to run the estimation program. If you are going to run the
file immediately, there is no need to save the file or to close it—just go to Main Menu
- Run Model > Run This File. The invoked macro does three things: (1) creates a
slightly modified text-only version of the file you just made, 2) saves both the Excel
and text versions (you will be prompted for names), and (3) calls the kernel AD
Model Builder program, passing it the text file. The Excel format input file you created
will stay open so that you can go back to it when you have seen the output. But if you
want to save it for later, use the regular Excel “Save” menu and save it as an Excel
workbook (.xls). Later, you can check or modify it using Main Menu > Create or
Modify Input File -2 Open Existing Input File, Main Menu - Create or Modify Input
File 2 Reconstitute Excel input file from text file, or run it directly from Main Menu >
Run Model - Run Other File -2 Workbook (.xIs) file.
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4. Running Coleraine
4.1. General Issues

Once you have entered all your data, you may want to fit the model to the
available information. The instructions for running an open or another file were given in
the section 3.5 g-h of this manual. When you choose any of these options, the VB
macros internally call the estimation executable program (Colera20.exe) for you. Always
remember that the estimation results are a function of the fixed parameter value, input
data, likelihood type and priors. For some entries, Maincode.xls gives you default values.
This was done to help you input the correct type of data, but we strongly advise you to
ensure all values are related to your own stock or match your assumptions about the
dynamics.

4.2. Parameter Estimation

The statistical model used in the parameter estimation process uses a formal
maximum likelihood approach. Given the complexity and non-linear structure of the
model, non-linear estimation procedures (using a Quasi-Newton minimization algorithm)
are used to fit the model to the available data. It has been recognized (Seber and Wild
1989) that the final parameter estimates might be a function of the initial parameter
values in the non-linear search. This is generally true for situations with a very flat, joint
likelihood surface and where it is likely that the minimizer gets stacked at different local
minima. Therefore, we strongly recommend that you try different sets of starting values.

4.3. Phases in the Estimation

Trying to estimate all the model parameters simultaneously in a non-linear model
situation may not be advisable. It is convenient to keep some of the parameters fixed
during the initial part of the minimization process and carry out the minimization over a
subset of parameters. The other parameters are included in the minimization process in
a number of phases until all of the parameters have been included (ADMB-Otter
Research Ltd.).

The first entry (first column) of each prior (in the Prior Section) controls the phase
in which the parameter will enter the minimization process. A negative number implies
that the parameter will not be estimated and the value of a positive number determines
the phase in which a particular parameter enters the minimization process.

A suggested phase order would be the following (read Appendix C):

Phase 1: g to fit the index data.

Phase 2: R,to adjust the trajectory.
Phase 3: Selectivity parameters.
Phase 4: Recruitment residuals.
Phase 5: Changes in selectivity.
Phase 6: Deviation in initial conditions.

4.4. Obtain Bayesian Posteriors

Bayesian posteriors for the derived parameters of interest are obtained by using
the Markov Chain Monte Carlo (MCMC) method (Otter Research Ltd. 1999). To run
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MCMC go to MCMC > Run MCMC (Figure Section 3.4). The program will start by fitting
the model to the data using maximum likelihood. To continue with the bayesian part, the
variance—covariance matrix must be available. An example on how to use the MCMC
and Mceval routines is shown in Appendix 1.

4.5. Policy Evaluation

After the estimation is completed, different policies can be evaluated. The
necessary parameters for running the projection under different assumptions are
incorporated in the Projection Parameter section during the input of the data. Once
MCMC is executed, the colera20.psv should be in your directory. It contains important
information on the uncertainty of the current year biomass, which is used in policy
evaluation. One nice feature of Colera20.exe is that the user can modify at any time the
projection conditions without having to rerun MCMC. To run Mceval go to MCMC =2 Run
mc_eval. You can do this immediately after running MCMC or at any time in the future.

After running Mceval, some new text files will be generated in your working
directory:

project.out: Contains the posteriors of the virgin vulnerable biomass, virgin
spawning biomass, projected time series of spawning biomass,
and vulnerable biomass for each chosen harvest strategy level.

vbio.pst: Posteriors of the time series of estimated vulnerable biomass for
the first fishing gear.

mbio.pst: Posteriors of the time series of estimated spawning biomass.

recs.pst: Posteriors of the time series of estimated recruiments.

explrate.pst: Posteriors of the time series of estimated exploitation rates for the
first fishing gear.

params.pst: Posterior probability of the virgin spawning biomass, virgin
recruitment, recruitment steepness, natural mortality by sex,
catchability coefficient per fleet, and catchability coefficient of each
survey index.
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5. Processing Output
5.1. Overview

The estimation program produces about 20 files each time the program is run.
Only a few of the files generated are relevant to the user, and none need be opened,
since our viewer macros copy the main results directly into Excel. The benefit of using
the Viewer is that it takes the estimation output file, which is usually large (800 lines or
more), sparsely labeled, and dense, and makes it easy to find and display information
from it. The process of viewing output is entirely independent, as far as the macros go,
of the process of creating input files and running the model. Essentially all the viewer
does is to copy the “Results.dat’ file into an Excel worksheet, and then add 11 more
worksheets to the Excel file, including a graph-making template to make it easy to graph
the data and manipulate the graphs in blocks.

Memory problems: Graphs take up an enormous amount of memory, and for
some undetermined reason, Excel does not reallocate RAM after a graph is deleted.
Therefore, after you have created and deleted a number of graphs (e.g., 50 on a laptop),
Excel may run out of memory, even if no graphs are currently visible. This typically
happens when you are trying to make more graphs. The solution is to end the macro
(just choose “End”), and close the file. The memory is released and you can then reopen
the file (this problem seems to be fixed for Excel 2000). Closing Excel itself seems
unnecessary.

5.2. Text Output Files Produced by Colera20.exe

The relevant output files are in text format, and among them only one is used by
the viewer: Results.dat.

Results.dat contains an exhaustive listing of the maximum likelihood estimates
for the model and derived parameters, a re-listing of some of the data and fixed
parameters, and a listing of most of the prediction made. This includes numbers at age,
fecundity, vulnerable biomass, survey trajectories, and so on. It is always placed in the
same directory as the text input file. If there is an existing Results.dat file in that
directory, it will be overwritten.

Other output files generated during the parameter estimation process include
Colerain.par (contains the maximum likelihood estimates of the free parameters),
Colerain.cor (shows standard deviation and correlations between the estimated
parameters), and Colerain.std (standard deviation of the estimated parameters).

5.3. Using the Viewer, Part 1: Create or Open a Results File

A. Viewing the results of a file you just ran: Choosing Main Menu - View Output - View
New Output File will run a macro that opens a Results.dat file and creates an Excel
workbook with 11 sheets in it. If the model just ran, the program should still have the
name of the input file in its memory. In this case, it will take Results.dat from the same
directory, since any older Results.dat would have been overwritten. Otherwise it will ask
you to define the Input File used.
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B. Viewing a different Excel output file: The option Main Menu - View Output > View
Other Output File will open an existing 12-sheet Excel workbook that was previously
created using the View New Output File option.

C. Viewing the results of a re-run open file. We wanted to make it possible to quickly
modify parameter values, run the model, and look at the output without going through
the process of creating a new Excel output workbook, and without losing modifications
that might have been made to the graphs. The menu option called Main Menu > View
Output > View ReRun of Open File is designed to be used when a model has been re-
run, and a 12-sheet Excel viewer file is currently open. It simply pastes a new
Results.dat file into the sheet called Master. It is important to realize that any change to
a parameter that would change the dimensions of a data array would distort the viewer
badly.

5.4. Using the Viewer, Part Il: Making Graphs

Once a Viewer file is open, you are in a regular Excel file, with the only exception
being that the buttons appearing on the sheets are linked to macros in the MainCode.xls
workbook (which must also be open for them to work). The graphs can be customized
individually as you would do with any Excel graph, but the viewer macros also make it
easy to manipulate them in blocks.

A. Making changes to one sheet: Anything highlighted in blue can be changed by the
user. The changes will go into effect when you press the Make Graphs button again. In
rows 1-8 there are a few parameters that control all the graphs on the sheet (height,
width, etc.). In the block of data starting in row 12, the options affect each graph
individually. Typing “Y” in the blue cells below columns marked Female or Male will
activate that graph; anything else will cause the graph to be skipped. It is possible to
delete all the graphs on a sheet using the Delete Graphs button, but it is not normally
necessary since existing graphs on a sheet are removed each time you press the Make
Graphs button.

B. Making changes to all of the sheets at once: The sheet called Graphmaster is
essentially a template for all other sheets. Options such as graph height or width, pool
length or age, or names of survey indices or commercial fishing methods can be
changed for all sheets by changing them on the Graphmaster sheet, and then pressing
the yellow button called Remake all Graph Masters. This will cause the other sheets to
be re-written and you will lose any changes you have made to individual graphs.

C. The worksheets, one by one: The different worksheets pasted into the viewer are as
follows:

General: graphs of vulnerable biomass vs. catch, exploitation rate, spawning
biomass vs. recruits and spawning biomass vs recruits. Note that the graphs with
two series each have two Y axes.

The following sheets all graph predicted against observed data:

SurvNoSexCL: catch-at-length survey data in which gender is undetermined, by
survey index and year.



Coleraine Users Manual / 23

SurvC@L: survey catch at length data, by survey index, year, and gender.
ComC@L: commercial catch-at-length data by method, year, and gender.
SurvC@A: survey catch-at-age data by survey index, year, and gender.
ComC@A: commercial catch-at-age by method, year, and gender.

Surveys: surveys by survey index and gender. It compares predictions with
observed data.

SurvSel: survey selectivity. There is a graph for each gender and method, and a
different series for each year. The survey years are shown in row 12, extending
to the right of column 9. To make the graph more readable, one can delete series
by replacing years in row 12 with any text, which will cause that year to be
omitted from the graph.

CommSel: commercial selectivity, by method, year and gender. Uses the same
method as SurvSel for deleting series. Cc

CPUE: catch per unit effort. Graphs the observed CPUE against CPUE index
trajectories.

Master: a direct copy of the results file, Results.dat, but the viewer program has
located and named each data range so the graph sheets can find the data to
graph.

GraphMaster: a template, as explained in the 5.4B.
5.5. Storing important information of different runs in one file (Tracker.xls)

A useful feature of Coleraine is the way vital information of different runs gets
summarized. Whenever the estimation model has been run and the information has
been transferred to the viewer, then the file Tracker.xls gets updated with relevant
information such as likelihoods, parameter values, phases, file path information. This file
is automatically open after you open maincode.xIs.

The next figure shows the different parts of Tracker (using the Northern Cod
example). If a likelihood component is not used during the estimation it will be colored
gray. Parameters that are estimated will be in color (red = phase 1; yellow = phase 2;
green = phase 3, etc).
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APPENDIX A

The Northern Cod case study

Introduction

The motivation for doing this exercise is not to present the best available
explanation of the stock dynamics for this particular population, but to familiarize the
reader with the use of this software. This section comprises seven parts:

Creating the Input Sheet

Inputting the Data

Running the Estimation Program

Creating an Output Viewer

Updating Re-run Information on Outputs

Forward Projections under Different Harvest Policies
Organizing the Projection Outputs

Noakwd =~

About the data

The data used in this exercise corresponds with a cod population (Gadus
morhua) of the North Atlantic. The exercise consists of a time series of landings (in
hundreds of metric tons) starting in 1962 and ending in 1991. The catch-at-age data
cover this entire time range and are represented by individuals from age 2 to 20. Other
sources of available information, to which the model will be fit to, are a CPUE index
(1978 to 1988) coming from the fishing fleet and relative index of abundance (1981 to
1991) originating from a series of Research Trawl Surveys. Some biological information
such as weight-at-age and natural mortality is available or assumed known for this stock.

1. Creating the Input Sheet

The first step is to unzip the file Coleraine.zip in a directory on your hard drive.
We recommend using a folder with a short path sequence (e.g. C:\Coleraine\Cod\),
which will prevent some potential problems with the interface. You should have, by now,
four Excel files in your directory (maincode, InputTemplate, newgraph and tracker) and
one executable (colera20.exe).

Open maincode.xls and enable the macro option. Go to the new created menu
button (MAIN MENU) and select the Create New Input File option (Figure A.1.1).

MATR MERL =17

Create or Madify Input File » Create Mew Input File
Fun Model » Open Existing Excel format Input File
‘Wi Dukput » Reconstitute Excel input: file From text File
MCRC k Check Format Before Running Model

| r | L2 |

Check Parameter Yalues Before Running Model
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Figure A.1.1. Menu option for creating an Input sheet.

This command creates a new Excel sheet that contains spaces for dimensioning
parameters. These entries will structure the rest of the Input sheet in a future step. Start
typing in the entries as specified by Figure A.1.2.

A [ B [ © A [ EBE [ © | A | B [ © [ o | E
1 | INPUT FORM FOR GEMERA | 26 | 4. End Wear /% oligits) B0 JMumber ff commercial catch atlength data set
2| A o the mere o sections| | 27 1931] a1
3 28 [ 5. Matimum age B2 | Mumber of weight at age data sets
4 |Debugger [1 = on: 0 = of | 23 20] 53 1|
5 |1 | 30 [E. Age at which pooling occurg 54 | Mumber of surveys - allindeces
| & | H 0] 55 11]
7 |Run Options 32 [ 7. First age for catch-at-age dd 96 | Mumber ':l'F survey catch at age data sets
5 33 7] &7 0
3 | 1. Use Weight at age data [0=n| | 34 [First Length for catch-at-lengtf 58 | Mumber of survey catch at length data setz
10 0] 5 EH| 53 il
11 |2 Use pinfile instead of .datfi| | 36 [Length increment for C@L dat] BO | Mumber Elil: survey no-sex cateh at length data s
12 0] ar 2] 1 1
13 [ 3. Initial gear [0 =zreadin; 1=gea | 28 [Mumber of length classes for § B2 | Surdey walrerability bype [For selectivity curves:
14 1] 2] 10] B3 1
15 |4 Gear usedin projections [0= | 40 [Length at which data are poole| B4 | Age at full recruitment [a starting number far de
16 ] 41 50] [ 4]
17 42 | Mumber of commercial fizhing| B8 | Save this el Create the Fest of the |
18 | Dimensioning Paramete| | 43 1] EY
13 44 [Mumber of seses fheoobed o B
20 | 1. Mumber of CPUE indeces fq | 45 1 (]
21 1] A€ | Total number of CPUE datapd 70
22 | 2. Mumber of survey indeces | | 47 11] il
23 1] 42 | Number of commercial catch § T2
24 [ 3 Start Year g e f Jiies] | 49 30] i3
25 1962] 50 | Number of commercial catch { 74

Figure A.1.2. Filling in the dimensioning entries of the Input Form for the
Northern Cod dataset.

Given that no length-related data are available at this time, entries in rows 35, 39,
and 41 represent only dummy data. In order to avoid run-time errors, you should enter a
larger number in row 41 than in row 35. Once you are done, click the "Create the Rest of
the Form" button. The program will create all the necessary spaces for data entry.

2. Inputting the Data

This section comprises the following subsections: (2.1) Gear Type, (2.2)
Projection Parameters, (2.3) Priors, (2.4) Likelihoods (2.5), Fixed Parameters, and (2.6)
Data. These will be reviewed in sequential order.

Coleraine allows us to specify the names of the different gear types and indices
(Figure A.1.3). Spaces for these entries are located in rows 72-76. These names will
label several graphs in the output viewer and are very useful to keep track of gear-type
names in multiple fleet situations.

Figure A.1.3 also shows the Projection Parameters. These entries do not play a
role in the estimation phase and will be needed in the policy evaluation section. The
values must be entered at this stage, though, to get a correct sequence of entries in the
input file (more information on the specified values will be given later).

The Priors section is by far the most interactive area of the entire input form. It
contains entries for all the relevant information of potentially estimable parameters. The
decision to estimate some parameters or not will depend on the available information
and our hypothesis about the model structure. In this case, we are estimating the virgin
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recruitment (row 102), recruitment deviations from the deterministic Beverton-Holt

A [T B [ © [ O ] E |
ES |Names For Gear and Indez types [use column 1)

71 | CPLE Indices

T2 [CommTrawl

73 | Survey Indices

T4 [SureTrawl :!
Commercial Gears

CommTrawl

Projection Parameters

Strategy Type [1=constank catch; 2=hartest rate]
1)
End year of projections
I |
Start Strateqy [lower bound of catch for projections)
200
End Strateqgy [upper bound of catch for projections]
S|
Step Strateqy [interval to use For zatch projections]
faa|
91 |Strateqgy U Proportion [proportion of catch taken by methd
3z 1]
93 | Azsessment cu [error in population size estimate]

o | 00 OO | 00 | 00 00 | 00 | 00| 00 | 00 | 00 | =l e | e | =] | )
D LD OO el | O | e LD Pl | e D00 00 = O O

94 ]|
95 | Azsessment rho [autocorrelation in assessment errar)
ki1 il

Figure A.1.3: Names for gear types and projection parameters

recruitment model (row 110), and catchability coefficients for the CPUE and relative
index of abundance of the Survey (rows 132 and 136). The remaining parameters are
fixed and therefore assumed known with values dependent on their initial guesses.
Given there was no structured information from the survey data, the survey selectivity
parameters were not estimated. For this run the selectivity parameters of the fishing fleet
were not estimated. However, this can be done with the long time series of catch-at-age
data.

The model currently assumes that the population started at an unfished
equilibrium state. This assumption can be readily relaxed by freeing up the initial
exploitation rate and the fraction of the virgin recruitment in 1962 (rows 112 and 114).
Departures from the deterministic exponential decay in the initial age structure are also
allowed by incorporating additional residuals in the estimation (row 108).

Given that this is a one-sex model (no available sex-structured data), selectivity
parameters for rows 120 and 140 are dummy data. It is important to remember that all
the residuals, catchability coefficient, and variance parameters for the selectivity ogives
are entered in log-scale.

The Prior and the Likelihood sections can be modified between different runs to
explore the consequences of different assumptions. Figure A.1.5 shows the cells for the
likelihood entries. This allows us to turn on and off the different likelihood components (in
this case CPUE, Survey Index, and Commercial Catch-at-Age) by using the specified
values (0: likelihood component is ignored; -1: likelihood component is ignored but the
predictions and implied likelihood value is computed; 2: lognormal error structure; 12
robust multinormal for proportions). Cells 164 and 166 determine the nature of the
Survey Index and selectivity ogive, respectively.
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& | B [ & o I E [ F [ &G ]
| 99 |Priors
100]
101 | B0 [FRecruitment in wirgin condition]
102 1 0 10000 i i i B00]|
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104 -1 001 B i 07 0E 0.7]|
105 | M [natural mortalitg]
106 -1 0.01 0.3 0 0.1 0.1 Dﬂ
107 | Lowg init dew prior: dewiates For initial age structure: uniform or normal only
103 -1 15 15 1 0 0.1 i
104 | log rec dew prior [uniform or normeal only]
110 2 15 15 1 0 05 |
111 nitial B[ = # 1-yr old= inyr 1{R0; unfished = 1]
112 -1 i 2 0 1 05 1]|
113 |Intial u [esploitation rate for initial age structure; 0= unfished
114 -1 1] 0.1 0 0 0.1 0
115 | Plus scale
116 -1 i 2 0 0 0E 1]|
117 | S Fullest [For length)
113 -z 1 10 0 3 0.1 |
113 | 5 full delta [for males as different from females]
120 -1 -3 2 0 0 0E |
121 | Lowg wariance of left side of selectivity curde by length [for both sexes]
122 -2 15 15 i i [ ol
123 | Lowg variance of righthand side of double normal selectivity curve [far both =
124 -1 -15 15 0 0 il 10]
125 | Error S full
126 -1 15 15 1 0 0.1 |
127 | Error wariance L
123 -1 -15 15 1 0 0.1 |

Figure A.1.4. Parameter information required by the estimation model. The
different columns represent: (1) phase number, (2) lower bound of the parameter,
(3) upper bound of the parameter, (4) type of prior distribution, (5) mean, (6)
standard deviation, (7) initial guess.

[ A | B [ C [ O | E I F | G |
| 99 | Priors I |

129 | Error wariance B
130 1 -15 15 1 i 0.1 il |
131 [Log g CPUE
132 1 15 15 [ i i1 |
133 | Log g CRUE error
134 g -5 5 i i nE |
135 | Log g Surwvey
136 1 -5 5 0 i 0E ||
137 | Surwey L Full
138 1 1 104 0 i 0E &
133 | Surwey L full delta
140 1 1 104 i i 0E alf
141 | Surwey variance L
142 g 15 15 i i nE 1]|
143 | Survey variance B
144 -1 -15 15 0 i 0.6 10|
145 | L wariance 1
145 -1 15 15 ] i Lk 193]
147 | L wariance n
148 -1 15 15 [ i Lk 2. 16]|
143 | Dummy variable--keep For error troubleshooting
150 -1 -15 15 [ 0 0§ 2

Figure A.1.4 (continued). Parameter information required by the estimation
model.
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a8 | B [ c T O [ E 1 F

152
153 | Likelihoods [0=not used; 1= norm; 2 = lognorm;
154

166 | CPUE likelihood Type

156 I

167 | Commercial catch at age likelihood type

155 12]|

1589 | Commercial catch at length likelihood tg&e .I
160 i)

161 | Survey likelihood bype

162 2

163 | Survey Index type [1=weight; 2=numbers]
164 1]

165 | Survey walnerability type [1=age; 2=length]
165 1|

1BV | Survey no-zey CEL likelihood type

163 i)

169 | Survey catch at length likelihood type

170 i)

171 [ Survey catch at age likelihood ype

172 |

173

Figure A.1.5. Switches controlling the use of different likelihood components.

The Fixed Parameter section allows the user to input auxiliary information on
biological parameters such as weight-at-age parameters, von Bertalanfy growth
parameters, sd 1 age, last age, maturity ogive, sex ratio, pre-1962 selectivity ogive,
ageing errors, and observed weight-at-age over time. Given the lack of length data for
this dataset, many of these parameters are dummy variables (Figure A.1.6).

The last section of the input sheet corresponds with the data entries. In row 233
we incorporate the time series of landings. We have only one row of entries because this
is a uni-fleet fishery. The number of landing observations should match the number of
specified years for this analysis.

Lines 235 and 249 contain the number of CPUE and relative index observations.
For the CPUE, column A specifies the index type and column B the fishing method. The
fishing method is related to the selectivity used to compute the vulnerable biomass. The
index type, on the other hand, is related to the catchability coefficient. This means that
one fishing method can have more than one index type (e.g., temporal variation).
Column E specifies the coefficient of variation around the yearly point estimates of the
CPUE. The Survey entries follow the same pattern, starting with index number in column
A, year in column B, point estimate in C, and coefficient of variation in D.

Catch-at-age data (in proportions) are entered in lines 265-294 and have the
following structure:

Column A: Fishing method

Column B: Sampling year

Column C: Sample size (number of observations in a specific year)

Column D: Proportions-at-age in the catch-at-age matrix. For a two-sex
model, the female proportions-at-age entries are entered first and
the male proportions immediately after them. The entire row of
proportion has to add up to 1 (one).

For this dataset, the rest of the entries are dummy data, but they need to be

entered to keep the program from crashing.
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A [ B [T & Lo E T F | & | ¥
174

175 | Fized Parameters I .|

176
177 | Bi-scalar of length-weight relationzhip

178 1E-05

174 | bii exponent of length-weight relationship

180 3.2

181 | L-infinity of the wonBertanlanffy growth equation

182 103]|

183 |k of the vonBertanlanffy growth equation

184 [ o097

185 | t0 of the vonBertanlanffy growth equation

126 -1.97]|

187 | Brody parameter

188 0.2

189 | Mean length of age 1 fish

180 32

191 |Length at aldest age

152 ER|

193 | 5.d. of length at age of 1-year old fish

134 |

195 | 5.4. of length at age of oldest fish

196 16])

197 [Paturity ogive

138 I il il 1 1 1 1
199 | Fraction recruiting of each sex [1in a 1-zei model; 0.5 0500 a two-zex model)
200 1]

Figure A.1.6. Biological parameters that are entered as auxiliary information to

the model.
A | B | C [ O | E | F | G

201 | winit
202 a 0 0 1 1 1 1
203 | Age error [which way does it go??7]
204 1 0 0 1] 0 0 [i
205 I 1 0 I] 0 0 [
206 I 0 1 I 0 0 [
207 I 0 0 1 0 0 [
208 1] 0 0 ] 1 0 {
209 I 0 0 I 0 1 [
210 I 0 0 I] 0 0 1
211 1] 0 0 1] 0 0 [
212 I 0 0 I 0 0 [
213 a 0 0 ] 0 0 {
214 I 0 0 I 0 0 [
215 I 0 0 I 0 0 [
216 1] 0 0 ] 0 0 {
217 I 0 0 I 0 0 [
218 I 0 0 I] 0 0 [
219 1] 0 0 1] 0 0 [
220 I 0 0 I 0 0 [
221 a 0 0 ] 0 0 {
222 I 0 0 I 0 0 [
223 a i i i] i i i
224 | Mo. of weight-at-age data sets
225 1]
226 | weight at age on annual basis [year; sey; al;a2ad..
22T 1963 1 1 1 1 1 1

Figure A.1.6 (continued). Biological parameters that are entered as auxiliary
information to the model.
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A [ B [ C [ O ] E | F | G ]

| 230 Data
231

232 | Catch by method and year I 1
233 AO2 k] E0Z ik ) A4 El1 210
234 | Total MCPUE data points

235 1]

236 | CPUE [Indey; Method; Year; Walue; Ty

237 1 i 1973 1.595 0.7
238 1 1 1974 2222 oy
239 1 1 1980 2.591 0.y
240 1 1 1981 327 o.r
241 1 1 1982 31 oy
242 1 1 1983 37 0.y
243 1 1 1984 423 0.y
244 1 1 1985 R.O07 0.y
245 1 i 1926 45 0.r
245 1 1 1987 3.8 oy
247 1 1 1988 44 0.’
248 | Mumber of zurvey data poinks

243 11

280 | Survey summany [Indes; vear; Walue; CY

251 1 1981 519 0.7

252 1 1952 442 0.7

253 1 1933 1 0.7

254 1 1954 ] 0.

255 1 1985 ez 0.7

255 1 1936 352 0.7

2587 1 1987 451 0.

258 1 19285 464 0.7

254 1 1989 A0E 0.

2E0 1 1340 435 0.7

261 1 1931 207 0.7

Figure A.1.7. Data section for the Northern Cod case study.

A | B [ c | O | E | F G
262 | Mumber of commercial catch at age data sets |
263 30
264 | Catch at age data [method; year; sample sizg; 1,23 ..
265 1 1962 A0 0] 00003263 00072 00427
26 1 1963 50 0 000406851 001615 007753
267 1 1964 A0 0 00074657 005023 007178
268 1 1965 =11] 0 00002402 001463 008113
263 1 1966 a0 0 00021977 003772 007708
270 1 1967 A0 0 00013262 003528 018002
271 1 1963 50 0 00004569 0.00374] 0.14959
272 1 1963 A0 0 0000114 000337 0.07E6S
273 1 1970 A0 0 00189283 004494 01492
274 1 1871 50 0 0000086 003355 013646
275 1 1972 A0 0 0000018 001718 0.20351
276 1 1973 =11] 1] 0 001357 013988
277 1 1974 a0 0 0001797 001228 008015
278 1 1975 A0 0 00023364 002207 007344
274 1 1976 50 0 00001015 003316 02282
280 1 1977 A0 0 00007749 005114] 047002
221 1 1978 A0 1] 0] 001427 018936
282 1 1974 50 1] 0] 001179 012643
283 1 1920 A0 0 00003316 002536 012177
284 1 1981 =11] 1] 0 002543 008347
285 1 1982 a0 1] 0] 001378 02535
2BE 1 19283 A0 0 00001434 002131 011223
287 1 1934 50 0 00000248 00064 012169
288 1 1985 A0 1] 0 000431 010973
289 1 1926 A0 0 E42E-08 000533 00977
230 1 1987 50 0 00002794 001543 008131
291 1 1938 A0 0 00001513 0.01682| 003369
292 1 1929 =11] 0 0000054 001145 011911
292 1 1930 a0 0 00003727 004344 | 026064
294 1 19491 50 0 000024584 002208 022468

Figure A.1.7 (continued): Data section for the Northern cod case study.
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A& | B | Cc [ 0O [ E [ F [ 6 ] H |

295 |Msurvey CA,

286 2
297 | DUMMY DATA: Survey catch at age data [survey; year; sample size; al; a#; al..
288 1 1964 1 1 1 1 1 1
234 1 1965 1 1 1 1 1 1
300 | Mumber of commercial catch at length data sets
301 2
302 | OUmMARTY DA TA: Commercial catch at length data [method; year; sample size; 11; 12;1
303 1 1964 1
304 1 1965 1
306 | Mumber of surwey CimL
306 2
307 | OUMART DA TA: Survey catch at length data [method; year; sample size; 11; 12; 13..)
308 1 1964 1
303 1 1965 1
210 [ Mumber of survey no-zey L data sets
in 2
312 [ OUmART OATA: Survey no-sey Sl data [method; year; sample size; 11; 12, 13..]
313 1 1964 1
314 1 1965 1
315 | EndOFFarm
316
Figure A.1.7 (continued). Data section for the Northern cod case study.
At this point, all the data should be in the Input sheet, but before running the

estimation model we recommend checking for missing data and inconsistencies in the
spreadsheet. Coleraine has a built-in command that allows the user to do so: Check
Format Before Running Model. Potential problems are highlighted in red or yellow. After
running this command, check for colored cells in the entire spreadsheet.

| MATN MENL

Create or Madify Input File » Create Mew Input File

MCMC

G

Fun Model
Wigw Dukpuk Reconstitute Excel inpuk: file From tesxt File

Cpen Existing Excel format Input File

Check Format Before Funning Model

Check Parameter Yalues Before Running Maodel #

The next step is to do some deterministic projections before invoking the
estimation program. The motivation behind this is to get reasonable starting values for all
the model parameters, conditioned on the available data. This exercise can be easily
done by using the following command:

| MAIN MEMNL
_] Create or Modify Input File ¥ Create Mew Input File
i Fur Model » Cpen Existing Excel Format Inpuk File
Wi Cukput » Reconstitute Excel input File From text File
MICHC k Zheck Format Before Running Model
IUpdate graphs Check Parameter Yalues Before Running Model ®
Redraw graphs
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This procedure generates a group of graphs containing model predictions of vulnerable
biomass, spawners and recruits, selectivity pattern, CPUE, and Survey Index (Figure

A.1.8).

A [ B | © | o | E

N 00 O = [

1
i Vulnerable Biomass, gear 1
3
1 7000
5
e | so00
7 | 50004
8 4000 -
3

2000
10
11 2000 H
2| 1000

-'._’-'."""l-.__

13 l:l T T T T T
}; 1962 1967 1572 1977 1982 1947
&

= |—Vu|nerah|e Biomass— Catch |

Exploitation rate, gear 1

0.z

0.2 4

0.1 4

l:l T T T T T
1962 1967 1972 1977 1932 1937

|— Exploitation rate |

4|4 » (M InputForm # Output £ Mamelist # Defaulks 3 Graphs / [4] |

Figure A.1.8. Deterministic model outputs before running the estimation model.

I K [ L [ M [ H 0O [ P T @ [ R T §
1
2 Selectivity, gear 1
L3 {Comhbined)
= 00
L5
B L G00 05 12
7 L 500 04 1
g I I
— 400 03 ] 0.8
BT r 0 H 06
10 0z
11 r 200 ) 1 04
12 L 100 0.1 | PP
3 0 ' : a 0 . . ; i
= 1962 1972 1952 1 ! 0 1.
—:? |—5pawners— Recruits | [—— Catch at age —— Selectivity at age |
|44 [» [M] InputForm £ Oukput # Mamelist # Defaults % Graphs /7 [ 4] | »]

Figure A.1.8 (continued). Deterministic model outputs before running the

estimation model.

This arrangement allows the user to change the initial guesses of the input parameters

and redraw the graphs in an iterative process.

3. Running the Estimation Program

At this point, the estimation phase should be ready to start. Line 5 contains a
switch for including a debugger into the estimation program during the input process of
the data. If it is set to 1, than the user will need to type "n" and press "return" whenever
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the cursor prompts for some entry. This basic mechanism allows us, to some extent, to
trace the problem at runtime.
To run the program use the following command:

| MAIM MEML

Create or Modify Input File ¥ E I

Fun Model

Wiewa Outpuk 4

MCMC |

1 | [ ]
v [ v | 2 [ ax | ae | ac | aD [ AE | a&F [ A
1
z CPUE, gear 1 Index 1 Survey, gear 1 Index 2
3
. 10 2600
5
3 2000 4
B 1500
g
5 1000 -
:'i' 500 w, e
12 I:I T T T T T
12 . 1962 1967 1972 1977 1982 1937
o . . . . .
= 1962 1967 1972 1977 1982 1987 + Observed Survey Inde
:? [+ Observed CPUE — Fredisted CPUE | — Predicted Survey Inde
l4 | 4[p W] InputForm 4 Cukput [/ Mamelist # Defaults % Graphs /| 4| e

Figure A.1.8 (continued). Deterministic model outputs before running the
estimation model.

This process will invoke a dialog box, where you can specify the name of the text file that
contains all the information of this run (e.g. Case1).

Pleaze name this run [name must be < = 8§ characters: do not add file extension]:

Save in I [ MorthCad

1 pics Save I
Cancel |

File mame: ICasel|

Ll L]

Save as bype: IText Files
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After this is completed, a DOS window will appear, showing valuable information of
phases, number of estimated parameters, total value of the objective function and
gradients associated with each parameter.

MS
% colera20

4. Creating an Output Viewer

The output of the estimation model is a text file, and as such it does not have a
very user-friendly graphic environment. Coleraine was design to automate the
creation of graphic outputs. The creation of this viewer is done using the following
commands:

MAIN MENU

Create or Madify Input File #
Fun Model ]

Wi Cukput
MCMC J

Wieww Re-run of Open File
Wiew Other Qutpuk File

Please name the new Results File [do not include extension] H
Save in: | 7 MorthCod j ﬂ E
| pics [#] colerazn,boi [#] coleraz0.poz B JInputTemplate (= Save |
[#5] Add_resu [#] coleraz0.boz [2] coleraza [25] likelibio [z
=] adriadel. cow [##] coleraz0.bar [#] coleraz0.r01 B | maincode [z il
[=8] admodel. dep [2] colerazo [=®] coleraz0.r0z2 [=#] mbio, pst [z
8] adrmadel. hes 3] colerazi.eva [2] colerazn B |newgraph a8
[ casel.res [colerazo 28] colerazn, std % IMorth_cod iz
=] Casel ] colerazn.log [#] sigw.rpt T MorthCod [z
sn'\ crapdiff.tmp @ coleraz0,p01l o] explrate. pst B porthCad j
4 3

File name:

|NorthCodout

Save as bype: |.ﬁ.II Files

=
[
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This procedure creates an Excel file that contains several sheets. Some of them
have controls to specify the setup of the graphs. The user can also specify which graphs

should be created.

The worksheet General has several graphs, which are shown in Figure A.1.9. It
recruitment, spawners, and harvest rate trends. The
outputs for the age-structured data are reported in the sheet ComC@A (Figure A.1.10).

includes vulnerable biomass,

This sheet has many entries to control the graph setup.

Other outputs of interest for this dataset are shown in Figure A.1.11. Fits of
predicted CPUE and relative index of abundance of the surveys to the observed values

and selectivity ogives are displayed in different sheets.

oo | e | e | | | o 2| | 23| e | e | P | | | | 1
o | e | | oD | 5| =-d | o | | | | P3| — | S| 30| )| | | e

1962 1967 1972 1977 1982 1987 1932

A [ B [ Cc [ O ] E | F [[ G | H | | [ J ] K
14
15 Yulnerable Biomass vs_ Catch Exploitation Rate
1E CommTrawl CommTrawl
17
}g 1000 nE
U= | Loa00
— S _/M"J-\
Lo400 ]
22 L zon 02
a 1] T T T T T

1962 1367 1972 1977 1982 1957 13982

Stock

|—Determini5tic Pl Lirizar K Dbserl.le-dF'

—fulnerable Biomass=— Catch —— Eniplaitation Fat
g0 Spawning Biomass vs. No. of
= mon Recruits
E 400 CommTrawl
E 200 G000 EO0
S 4000 4
5 200
H P 2000 - T 400
o, 2000 1 200
! ! ! ! 1000 4
0 000 2000 3000 4000 5000 i i

1962 1967 1972 1977 1982 1947 1992

|— Spawning Biomas se— Hecruitsi

|44 [» | M General / SureMoSexCl £ SurvC@l # ComC@L _4| 1 |

| B

Figure A.1.9. Graphs of some major model outputs.

Figure A.1.10. Graphs of commercial observed and predicted catch-at-age data.

& | e | © | o | E | F
14 |C
= CommTrawl 1962 Unisex
16 |C
17 |C 0.5
LEREET BN "
19 |C .E
a0 (o E %
21 |C g- 0.2 -
e | * . o ]
24 |C o - U -
25 | 1 [ 1 16
26 |C Age
27 [T
440 M Comt@L £ surec@a ltumtw
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A [ B C O | E | F A T B | © T © | E | F
12 | SureTrawl il 18 1962 12
ik 14
|14 SurvTrawl 15 CommTrawl
|15 1
16 7 -
7 2500 I
|18 2000 - — 18
EN #1500 20 2]
R oo 21 E
f21 | = 10007 . 2 .| .
22 a00 4 - 5
|23 1] . . : . . * 24 0 . . : - i
| 24 {962 1967 1972 1977 1982 {987 {942 25 1962 1967 1872 1977 1982 1387 1342
= e Tears
26 Years o=
il 28

28 79
4| 4 p [/ ComC@a s Surveys ¢ SurvSel £ Car | o|l4 | 4 [ » (M ComSel % CPUE  Master £ Grapt | 4] ]
) | [=] [ [ [ [u] [ E [ F ) [ E [ C | [u] [ E [ F
4 14
15 SurvTrawl Unisex 15 CommTrawl Unisex
16 18
17 1.0 L
— E 15 . 1.0
19 = 14 =]
= g 05 = =
20 & | 20 ) g 05 -
21 = 21 =]
2z il] r T T | 22 | &
23 1 & 11 15 | 22 00 4—e ; . T
24 24
=7 | =T | 1 E 11 16
25 Age E a
26 - 26 a2
F ¥
T 23 | —a— 1962 —— 1963 1964 1965 —— 196H
29 29 —a— 1967 —— 13968 —— 139E3 1970 1971
[4 [ 4 » [ p]sSurvsel / Comzel £ CPUE £ Master 4 || [« [» [m]f Survdel ' ComsSel /CPUE / Master /|

Figure A.1.11. Graphs of predicted and observed survey index and CPUE.
Selectivity of the survey and commercial gears are presented in the Sheets
SurvSel and ComSel respectively.

One of the most useful features of Coleraine is the possibility of doing multiple
successive runs and organizing and summarizing the output information. The Excel
sheet called Tracker stores vital information for the different runs (Figure A.1.12), such
as file path, name of input files, likelihoods, parameter values, and phases. Tracker gets
updated during the redraw process of the output viewer.

5. Updating the Information of Re-runs

Once the new entries of the parameters and likelihoods have been specified for
another run, then steps 3 and 4 can be repeated. Each new run can have a different
name, so that you can return to that file at any time. The only variation in this repeated
sequence of events is the use of the View Re-run of Open file command. This will just
update the graphs and not create new output files.



40 / Hilborn et al.

MAIN MENL

Create or Modify Input File ® E | 5 o

i=

Fun Model LA

Wie

a1 = | oaA

Wigw Mews Oukput File

e

After updating the output file 3 or 4 times, the program might crash because

MCMC 4 Wiew Re-run of Open File

L 1 T 1 1 T 1 - .
| between charts | Starting Position - 15t Wigws Other Output File

of

memory problems in your system. If that happens close the output file and re-open it,

following the updating sequence again.

& tracker M=
Pl B C 1] E

1 _[File Path ChernstRA ey A ML A | WNorthiCod

2

3

4 RUH15

5 |Input File caze] tx

5

¢ |Likelihoods

g [CPUE 053603

9 [Comm, CA -1053 61

10 [Comm. CL 0

11 | Survey 0.583056

12 | Survey C& 0

13 [Survey CL 0

14 [Sury. CL MoSex 0

15 |Penalties 150357 I .I

16 | Survey CL 2
17 |Parameters

18 R0 185312
19 |h 0y
20 |MUnisex 0.2
21 |Rinit 1

22 |uintUnizex

23 |plusscalelnizex
24 | Stullest

25 |[log_varLest

O h = O

Figure A.1.12. Summarization of one run in the Excel-sheet Tracker.

6. Forward Projections under Different Harvest Policies

Coleraine allows the user to explore and evaluate the consequences of future
management actions. This is done in a Bayesian framework by using a Markov Chain
Monte Carlo (MCMC) method. Having specified priors and likelihoods in the model, the
estimation model uses numerical techniques for obtaining the posterior probability
distribution for model and output parameters. To specify the simulation conditions, we
need to go back to lines 82-96 (Figure A.1.3). These entries allow the user to set the
extension of the forward projection and the type of harvest strategy involved in the
analysis. In any case, we need to set the starting, ending, and step values of the chosen
harvest strategy. This will allow us to evaluate the consequences associated with each
strategy value. Coleraine will estimate posterior probabilities for the time series of
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projected spawning stock size and vulnerable biomass. These results are output to a
text file called project.out. To run the projections, we use the Run MCMC command:

MAIM MEMIL
Create ar MadiFy Input File  » E | $ % , W0
Run Model 3
¥ Al Z |
Wi Cutput 3 | ﬁ‘ Zl Al ﬂ

Run MCMC |

—_———

Run mic_esal
FCMC b SO0

e T

This action will prompt you to enter the number of MCMC simulations. This number will
depend on the number of iterations needed to satisfactorily describe the posterior
probability of the output parameters. In some cases this could be a long process, taking
millions of iterations.

Microzoft Excel Ed |

Input the number of MCMEC simulations

Cancel |

{10000

The program will prompt you to enter the text file name of the specific run you are
interested in. If you introduced changes to the Excel input sheet, you will need to run the
estimation program before running MCMC, in order to pass these modifications to the
text file.

Select the file to run HE
Lackin: | MorthCod =l sl ES = EI
"1 pics coleraz0.bar colerazo @Nnrtht&:d ﬁtrackﬁr Dpen
Add_resu colerazi colerazi.std ﬁNDrthCDd warianc
admodel, coy coleraz0.eva igv.rpk @NDrthCDdOUt vhio.ps L':Ell
admodel.dep [calerazo explrate. pst params.psk advanced. .. |
admodel.hes colerazo.log ﬁlnputTemplate project
[ casel.res coleraz0,p0t likelifo project?
=] Casel culeraZD.pDE ﬁmaincude recs.psk
crpdiff . trmp coleraz0 rnbio. pst results
coleraz0,bol colersz20.r01 ﬁnewgraph @Screenshnt
coleraz0.b0z coleraz0.r0z2 ﬁmurth_cud testLF
1] | 0
Find files that match these search criteria:
File name: |Casel| j Texk or property: I j Find Mo |
Files of tvpe: I.ﬁ.ll Files j Last modified: Ian';.-' time j Mew Search |
|42 file{s) Found,
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During the execution of this program you will see the following DOS window:

= colera2

This window displays the simulation number and the acceptance rate. This statistic is a
diagnostic element for convergence and should tend towards values between 0.15 and
0.4. When the program is done with the simulations, it will generate a colera20.psv file.
This file contains values of all the model parameters collected from the Markovian chain.
The natural step after the simulation is to generate the prediction given the desire
harvest policy. The program will ask the user to continue with the projection phase
through the following dialog box:

Microzoft Excel

Do you want ko continue with the evaluation phase?

It asks the user again to input the text file:

coleraz0.bol COLERAZD, mCr explrate.p
coleraz.boz coleraz0.pol ﬁ InputTemp
<]

Find files that match these search criteria

File mame: ICasel j Te

Files of bype; IF'.II Files j La

|4a File(s) Found.

7. Organizing the Projection Outputs

The projection.out file contains the values for the virgin vulnerable biomass, virgin
spawning biomass, projected biomass, and spawning biomass in each year, for each
of the chosen harvest levels (100-600).
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A | E | C | D | 2 [ ¥
1 | Virgin_Vulnerable_Biomass | Virgin_Spawning_Biomass | Proj Biom_1932  Proj Biom_1393 | Spawners_| Catch_1949
2 4269.8 4440.28 h44.159 E20.441 2024.97 100
3 4269.8 4440.28 h44.159 A1E.6G3 BE7.A15 200
4 4269.8 4440.28 544,159 412.865 202179 300
5 4269.8 4440.28 h44.159 308.077 185,206 400
[ 4263.@! 4440.28 h44.159 205289 169871 a00
7 4269.8 4440.28 544,159 159.477 160888 544139
g 4269.8 4440.28 h44.159 E20.437 107623 100
4 4269.8 4440.28 044,159 G1E.649 87147 200
10 4269.8 4440.28 h44.159 412861 712243 200
11 4269.8 4440.28 h44.159 308.073 E3.E082 400
12 4269.8 4440.28 544,159 205.285 54.7247 500
13 4269.8 4440.28 h44.159 169472 BYES2Y B44.139
14 4269.8 4440.28 h44.159 E20.436 1292.35 100
15 4269.8 4440.28 544,159 16647 181563 200

Figure A.1.13. Output file from the policy evaluation (mceval phase).

Figure A.1.13 show the set of evaluation policies (rows 2—7, 8-13, etc) for each MCMC
simulation that was stored. Coleraine automatically specifies the spaces between saved
values, in order to get output files with 1000 simulations. In other words, if we have 6
catch levels, we should have 6000 rows of data in our projection.out text file.

This data can be sorted and analyzed in many different environments. One of
these is CODA (Convergence Diagnosis and Output Analysis Software), an S-Plus
function written to analyze Gibbs sampling outputs. It has many built-in statistical
methods for monitoring convergence of Markov chains. For downloading the software
and documentation, the user can visit the following website:

http://www.mrc-bsu.cam.ac.uk/bugs/classic/coda04/readme.shtml.

CODA has a very specific input data structure, which is not compatible with
projection.out file. Coleraine enables us to create two necessary input files (label.ind and
data.out) by using the following command:

MAIN MEMLU
Create or Modify Input File  » E | % % , i
Fun Model 3
5 Al 2 |
Wiew Cutput » | ﬁ‘ Zl Al ﬂ

Fur me_eval

—_——

You need to specify the Excel input file that you are using in this run.


http://www.mrc-bsu.cam.ac.uk/bugs/classic/coda04/readme.shtml
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Rl [ B Y TR Y | | el =1L LN 1N I MOrCrmTc

COLERAZD. mcm explrate.pst params.
coleraz0.pl @InputTemplate project

1

Find files that match these search criteria;
File marne: II"-.Il:lr‘thCI:ld|

[
Files of bvpe: I.ﬁ.ll Files j

|4a filefs) Found.

The next step is to chose the predictions in which you are interested (check off the
boxes in the dialog box). The program will create two Excel files and you need to save
them as text files with the names /label.ind and data.out.
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APPENDIX B

General description of all the necessary input information for running the program.

DEBUGGER
0=0n Turn the debugger on/off. It is part of the executable code and helps the
1= Off user to find errors at runtime.
RUN OPTIONS
110=no/1=yes Use observed weight at age data?
1 = default
2 | user defined Upper bound for the exploitation rate.
value [ 0, 1]
0 =Read in Gear that was operating at the beginning of the fishery. If value = 0,
3|1=CGear1 . s C e
_ than it uses , v’ , otherwise it is one of the specified selectivities.
2 =Gear 2 I7a
In the projections only one gear is used. If multiple gears were used in
the estimation, then a weighted average of the current year selectivity
4l0or1 ogives is used. (0 = the user specifies the weights assigned to each
0 gear; 1 = use same gear proportions as last year of data (weights are
the exploitation rates)

DIMENSIONING PARAMETERS

Number of available CPUE indices for the commercial fleet. This value
can be greater than the number of fishing gears.

2 Number of Survey indices (number of different types of indices, not the
actual number of data points).
3 Start year of the estimation program.
4 End year of the estimation program.
5 Number of ages used in the numbers-at-age matrix.
6 Age at which the catch-at-age data are pooled.
7 First age with effective catch-at-age values in the datasets.
8 First length with effective catch-at-length values in the datasets.
9 Length increment in the catch-at-length dataset (same for Commercial
and Survey data).
10 Number of length intervals in the catch-at-length dataset.
11 Length interval at which catch-at-length data are pooled.
12 Number of different commercial fishing methods.
13 Number of sexes considered in this analysis (1 = pooled).
14 Total number of available CPUE data points for all commercial indices.
15 Total number of observed commercial catch-at-age datasets
(= <years*gears).
16 Total number of observed commercial catch-at-length datasets
(= <years*gears).
17 Total number of weight-at-age datasets. If you are not including the
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growth and allometric parameters of the length—weight relationship,
you should enter (Start year—End year) rows of data.

18 Total number of survey index data points (all types combined).

19 Total number of observed survey catch-at-age datasets (= <years *
survey gears).

20 Total number of observed survey catch-at-length datasets (= <years*
survey gears).

21 Number of observed survey catch-at-length datasets where sex was

not determined.

Survey vulnerability type ( 1 = age-based; 2 = length-based).

22 Age of full recruitment to the fishery. This information is used for
building a default maturity and initial selectivity ogive.

PROJECTION PARAMETERS

After fitting the model to the data, these parameters are used for evaluating policy
options.

1 Strategy type used in the forward projections; Constant catch (1) and
Harvest rate (2).

Year to which the projections should be carried out.

Lower limit for constant catch or harvest rate strategy.

Upper limit for constant catch or harvest rate strategy.

Increment in the strategy.

OB WIN

Proportions used to weight each selectivity curve in the current year to
average them out (needs to add up to 1 [one]).

~

Coefficient of variation in the population size estimates of the future
assessments (only for constant harvest rate strategy).

8 Degree of autocorrelation in the assessment errors (only for constant
harvest rate strategy).

PRIORS FOR THE MODEL

Seven entries are required for each row in the Priors section:

a. Phase (column A): The phase determines the order in which the specified parameter
will be estimated during the nonlinear search. (A value of 1 means that this parameter
will be estimated in the first phase, 2 in the second and so on. Any negative number
implies that the parameter is fixed at the value specified in the starting conditions and
will not be estimated by the model.)

b. Bounds: These correspond with the lower (Column B) and upper (Column C) bounds
imposed by the user on the parameter values in the constrained optimization.

c. Prior type (column D): Three types of priors are available in this model: uniform = 0,
normal = 1 and lognormal = 2.

d. Mean (column E): Mean of the normal or lognormal distributions. If the prior is
uniform, a dummy value must be entered.
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e. CV(column F): Coefficient of variation of the probability distribution. If the prior is
uniform, a dummy value must be entered.

f. Default value (column G): Initial guess for the parameter. This data will be used in the
maximum likelihood estimation of the parameters. In many cases the final estimates
depend on the initial guesses, so several combinations of initial values should be
explored.

Prior Mean Standard
Lower Upper

type deviation

bound, bound fitial
Phase gg Priors e

Jon | gucss

1 0 [Fecruit L in virdig condition

102 1 1 10000 1 1 1 |

103 | h [steepness of spawner-recruit curde]

104 -1 0.01 [ 1 07 0.5 Uﬂ

108 | M [natural mortality]

106 -1 0.01 0.3 1 0.1 0.1 0.3

Figure B.2.1. Location of each of the 7 entries for each parameter

11 R Virgin recruitment from the Beverton-Holt recruitment model.

2 h Steepness parameter from the Beverton-Holt recruitment model.
This parameter is defined in the range [0.2, 1.0].

3| M Natural mortality by sex.

4 c Initial age structure residuals. They go from age 2 to nages -1. They are
normally distributed with mean 0 and variance | o’ . The bounds and
initial guess are in natural logarithmic scale.

5 & Initial age structure residuals. They go from age 2 to nages -1. They are
normally distributed with mean 0 and variance Ro-2 . The bounds and
initial guess are in natural logarithmic scale.

6| @ Fraction of R, in the initial study year. This parameter is defined in the
range [0,1].
7 U Exploitation rate in the initial state. This parameter is defined in the

range [0, <1.0].

Residual term in the plus group at the initial state. They are normally
distributed with mean 0 and variance Ao-2 . The bounds and initial
guess are in natural logarithmic scale.

9 S & Age of full selectivity for females of gear type (/) of the fishing fleet.
Sull

10 A «|Age difference between sexes in the age of full selectivity of fishing fleet
Sar | gear type (i).

11 V& Variance of the left half Gaussian distribution of the selectivity of gear (i).
L The bounds and initial guess have to be in natural logarithmic scale.
12 pei Variance of the right half Gaussian distribution of the selectivity of gear
k (/). The bounds and initial guess have to be in natural logarithmic scale.
13 s Residuals of age of full selectivity by gear (i) at time (f). The number of
Sfull

parameters per gear to be estimated will depend upon the number of
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years catch-at-age data are available. They are normally distributed with
mean 0 and variance SM,O'2 :

14

géi

vt

Residuals of variance of the left half Gaussian distribution of the
selectivity of gear (i) at time (f). The number of parameters per gear to
be estimated will depend upon the number of years catch-at-age data

are available. They are normally distributed with mean 0 and variance

2
o .

LV

15

g
A

Residuals of the variance of the right half Gaussian distribution of the
selectivity of gear (i) at time (f). The number of parameters per gear to
be estimated will depend upon the number of years where we do have
catch at age data. They are normally distributed with mean 0 and

variance | o’
R

16

CPUE,

Catchability coefficient of CPUE series (i). The bounds and initial
guesses have to be in natural logarithmic scale.

17

CPUE;
gt

Temporal residuals of the catchability coefficient of the CPUE series (J).
They are normally distributed with mean 0 and variance g o’

18

Catchability coefficient of survey index (j). The bounds and initial
guesses have to be in natural logarithmic scale.

19

Age of full selectivity for females of survey gear type (j).

20

Age difference between sexes of the age of full selectivity of the survey
gear type (j).

21

Variance of the left half Gaussian distribution of the selectivity of survey
gear type (j) at time (). The bounds and initial guesses have to be in
natural logarithmic scale.

22

Variance of the right half Gaussian distribution of the selectivity of survey
gear type (j) at time (). The bounds and initial guess have to be in
natural logarithmic scale.

23

Not used in the model.

24

Not used in the model.

25

This dummy parameter is not involved in the calculations and must be
excluded from any estimation phase. It is useful for doing deterministic
projections (no estimation involved) and to be able to start in any

iteration mceval from the maximum likelihood estimates.

LIKELIHOODS

The different entries for the likelihoods are as follows:

Not used, but likelihoods and predictions are evaluated in last run

Not used

Normal

Lognormal

Robust normal

Robust lognormal

N|BR|WIN|[=|O|—~

Robust lognormal for proportions

| Likelihood type for the CPUE data (from 1 to number of CPUE
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indices).

Likelihood type for the commercial catch-at-age datasets (from 1
to n methods).

Likelihood type for the commercial catch-at-length datasets (from
1 to n methods).

Likelihood type for the Survey indices (from 1 to n Survey
indices).

The survey indices are in weight (1) or numbers (2).

The survey vulnerability is based on age (1) or length (2).

Likelihood type for the survey catch-at-length not separated by
sexes.

Likelihood type for the survey catch-at-length separated sexes (1
to n Survey indices)

Likelihood type for the survey catch-at-age separated by sexes (1
to n Survey indices).

FIXED PARAMETERS

Rows 1-10 are sex-specific parameters (if using a model separated by sexes). First
column = female; second = males.

1 b5 Proportionality parameter of the allometric length—weight relationship.
2 b5 Exponent parameter of the allometric length—weight relationship.
3 IS5 Asymptotic length of the von Bertalanffy growth model.
4 kS Von Bertalanffy k parameter.
tS
5 0 Von Bertalanffy ¢, parameter.
6 pS Brody parameter.
7 Lf Mean length of individuals of the first age.
8 IS Mean length of individuals of the last age.
9 o’ Standard deviation of the Gaussian distribution that describes the
b variability around the mean length of individuals of the first age.
10 o’ Standard deviation of the Gaussian distribution that describes the
L variability around the mean length of individuals of the last age.
11 ) Maturity at age of females in the population (ogive).
12 y) Female fraction of the total that recruits every year.
13 , VS Vulnerability at age (by sex) at the beginning of the fishery.
14 QS N-ages x N-ages upper triangular aging error matrix.
15 Number of weight-at-age dataset.
Annual weight-at-age. First row = year; second row = sex; others =
weight-at-age starting from age 1 to age n. If you do not have
16 estimates of parameters 1 - 5, you will need to enter observed weight-

at-age data from the first year to the last year + 1. The same applies if
you are using a model in numbers (not in biomass units), but you will
have to set all weight-at-age values to 1.
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DATA

Total catch in weight by year. One row for each commercial fishing
method. It needs to match with the total number of year of the
estimation model.

Total number of observed CPUE data points.

CPUE matrix. First column = Index number; second column = method
number; third column = year (4 digits); fourth column = point estimate;
fifth column = coefficient of variation.

Total number of observed Survey index data points.

Survey index matrix. First column = Index number; second column =
year (4 digits); third column = point estimate; fourth column =
coefficient of variation.

Number of observed commercial catch-at-age datasets.

Commercial catch-at-age data: The sample size will weight the
likelihood. First column = method (number); second column = year (4
digits); third column = sample size; others: Starts at age 1 of females
and goes to pool age. In the next entry to the right, it starts with the 1-
year-old males and goes to pooled age. These values are proportions
that, for both sexes combined, add up to 1 (one).

Total number of observed survey catch-at-age datasets.

Survey catch-at-age data. First column = index; second column = year;
third column = sample size; others: Starts at age 1 of females and
goes to pooled age. In the next entry to the right it starts with the 1-
year-old males and goes to pool age. These values are proportions that
for both sexes combined add up to one.

10

Total number of observed commercial catch-at-length data (separated
by sex).

11

Commercial catch-at-length data (separated by sex). First column =
method; second column = year; third column = sample size; others:
Starts at the first defined length interval of females and goes to pooled
length. In the next entry to the right it starts with the first defined length
interval for males and goes to pool age. These values are proportions
that for both sexes combined add up to 1 (one).

12

Total number of observed survey catch-at-length data (separated by
sex).

13

Survey catch-at-length data (separated by sex). First column = index;
second column = year; third column = sample size; others: Starts at
the first defined length interval of females and goes to pooled length. In
the next entry to the right, it starts with the first defined length interval
for males and goes to pool age. These values are proportions that for
both sexes combined add up to 1 (one).

14

Total number of observed survey catch-at-length data (not separated by
sex).

15

Survey catch-at-length data (not separated by sex). First column =
index; second column = year; third column = sample size; others:
catch-at-length data.
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APPENDIX C

Steps in model fitting for age-structured models using Coleraine
Obtaining MLE estimates

The first step in model fitting is to get the best possible fit to the data. Since Coleraine
uses both the likelihood of the fit to the data and any penalties based on priors, many
people argue that this should not be called Maximum Likelihood but, instead, call it
“‘mode of the posterior estimation” or MPE. However, if you think of priors as additional
forms of likelihood, then this is still an MLE fitting—and it is really all semantics anyway
unless you have some very strong and informative priors. Thus, | will call it MLE, even if
it is really MPE.

Rule 1: Graph the data and the fit

The first task in fitting an age-structured model is to get the model to fit the data. You
will have two major ways of judging the goodness of fit: the numerical values of the
negative log-likelihoods as found in the master worksheet of the viewer (and Tracker),
and in the graphs. It is difficult to overemphasize the importance of actually looking at
the data to make sure it is fitting. You can’t look at a negative log likelihood and say
whether the fit is good—they can only be used relatively—you must plot the data and the
fits and see if you are coming close to the points. Once you get close, then you can start
looking at the negative log likelihoods for fine-tuning. In general it is often difficult to see
any differences in the graphs when the likelihoods change by only a few units.

Rule 2: Start with good beginning parameter values

The key issue here is that you usually need to start with very good parameter starting
values to ensure that the non-linear search algorithms work well. Generally the
important parameters are the average level of recruitment (R, being the key parameter),
the g's for the Surveys and CPUE, and the selectivities of survey and commercial gear.
You must get these within 50% or so of the actual MLE best fit to get good performance.
The VisualBasic software in Coleraine lets you view deterministic trajectories and their
fits. Use this feature before starting non-linear fitting.

The key to getting parameters “about right” is to have an average exploitation rate in
mind. We recommend 20%. As a starting estimate, assume that the fishery has taken
about 20% of the population.

An estimate of exploitation rate lets us start with the parameter R,. Begin by
understanding the relationship between average recruitment (R, usually) and vulnerable
population size and spawning stock size. This is the so-called spawning-biomass-per-
recruit (SBPR), or for vulnerable stock it is vulnerable-biomass-per-recruit. If the weight
of individual fish is in kilograms, then the usual SBPR will be nhumbers between 1 and
10. It naturally depends upon natural mortality, growth and age at maturity, but 1 to 10
encompasses most of the SBPR’s we have observed. Thus, if SBPR is 5, and R, is
1,000 then we would have 5,000 units of SBPR in the unfished state. Usually catches
are measured in tons, so this mean that 1 recruit (with weights in kilograms) is really a
thousand recruits when compared to catches in tons. Thus, if catches are on the order
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of 1,000 tons, then a R, of 1,000 would imply an exploitation rate (on an unfished stock)
or 20%. As a starting estimate, choose an R, so that the exploitation rate would average
about 20%.

You should always have these numbers in mind—SBPR (or vulnerable-biomass-per-
recruit), average levels of catch—and an estimate of the likely exploitation rate. If you
have measured weight of individuals in grams, then each unit of recruitment will be
1,000,000 fish (assuming catches are still in tons).

We can use our target exploitation rate of 20% to help us define the starting estimates of
g’'s for CPUE and surveys as well. Assume that the average CPUE is .5 and the
average catch is 1,000 (tons). If exploitation rate is 20%, then the average biomass is
5,000, and thus q is .5/5000 or 1/10000.

Getting starting estimates for the selectivity values is a little tougher. Initially, it is usually
simplest to assume that males and females have the same selectivity, and that there is
not a descending right-hand limb. The age of full selectivity can be set either to the age
at which catch-at-age is maximum or the age that corresponds to the mode of the length
frequency data. We have found that setting the left-side standard deviation of the
selectivity curve to 2 (log value .69) works well as a starting condition (i.e., it is not knife-
edged but it isn’'t too broad).

Once you have starting values that give a trajectory that does not go extinct from the
known removals, and also shows an exploitation rate is the 20% range, then it is time to
run the non-linear convergence using the “run this model” option.

Start with the simplest assumptions

It is important to do your first fitting with the simplest possible model. Begin by assuming
unfished equilibrium. Estimate R,, selectivities, fixing right-hand side.

Do not estimate recruitment residuals

Do not estimate initial conditions

Do not estimate M

Do not estimate steepness

The next step is to free up recruitment residuals
Then free up initial conditions

Then explore M and steepness

Phases

First, however, you have to specify the phases for each parameter. This sequence of
phases may be very important, or it may not matter to much. In general put the most
important parameters in the early phases, and the less important ones in the last
phases. For data series that show a decline in abundance as fishing increases (the so-
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called one-way-trip), the key parameters will usually be R, (and thus initial population |
size), and the ¢’s. As a general rule. we suggest

Phase 1: q to fit the index data.

Phase 2: R, to adjust the trajectory.
Phase 3: Selectivity parameters.
Phase 4: Recruitment residuals.
Phase 5: Changes in selectivity.
Phase 6: Deviation in initial conditions.

However, in some analyses that have considerable catch-at-age data with clear strong
cohorts, you cannot fit the catch-at-age data without getting the recruitment residuals
right, and you need to move the recruitment residuals up to the first or second phase.
One of the limitations in the current (November 2001) implementation of Coleraine is you
cannot specify starting estimates for year class strengths, so if you have dominating
catch-at-age data you need to get the year class strengths more or less right (by putting
them in phase 1 or phase 2) before trying to estimate the selectivities and possibly even
the g’s.

Assuring convergence

How do you know if the model is actually finding the best possible fit? Step 1 is first to
look at the fit plotted against the data. In general if you are fitting the data well, the
model has almost certainly converged. Step 2 is to restart the estimation from different
initial points (usually different R,, g and selectivity values). If the fits converge on the
same point, it is a pretty good sign that the model has converged. If you both get a good
fit to the data and multiple starting points converge to the same place, you can be fairly
sure you have reached a true minimum of negative log likelihood. A third way is to use
the AD Model Builder feature of estimating the Hessian matrix (derivative of the negative
log likelihood with respect to each parameter). If this matrix is not positive definite, then
the model has not converged.

Note checks during fitting

When doing sensitivity runs you always need to be aware that you might not get
convergence when you free up additional parameters or change the value of a fixed
parameter. Here you can often detect problems by looking at the tracker output. If you
free up an additional parameter (for instance freeing up natural mortality or the right-
hand side selectivity), and the likelihood does not get better (smaller), then something is
wrong. Anytime you make more parameters free, the model must fit as well or better.
When looking at Tracker you have to look at the total likelihood; some data sources may
fit worse, having been sacrificed to fit other sources better. Note that if you change the
sample sizes in length or age-frequency data, or take elements out of the likelihoods
used, then the total likelihood will be changed and you can no longer directly compare
likelihoods.

Another way to check on convergence and model behavior is to do a likelihood profile by
manually running the model with different values of a key parameter, such as R, or M.
For instance you might run the model with M fixed at .1, .15, 2, .25, .3 and .35. Then also
run the model with M estimated. The likelihood with M estimated should be the lowest
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one, and a plot of likelihood vs M should be smooth with a clear minimum at the value
estimated when the parameter is free.

Bayesian integration

Finding the MLE is just the beginning—it is one fit to the data that happens to be “best”
by the definition of maximum likelihood, but the real parameter values may be something
else and we want to find the probabilities associated with other possible parameter
values (i.e., explore the uncertainty in the real parameters). Thus, we use the MLE as a
jumping off point for MCMC, which does a random walk over the posterior space.
Typically we let the MCMC do about 1,000,000 samples from the posterior space, and
keep every 1000’th of these samples.

Assuring MCMC convergence

We recommend that you start by doing 1,000,000 MCMC draws and saving 1,000 of
these. We know we will have started in the middle of the posterior density because Ad
Model Builder begins MCMC at the MLE parameter values.

Your first step should be to plot the total negative log likelihood as it evolves in the
MCMC. There are two things you are seeking: First is the absolute value of the value. It
should wonder around the MLE value (the lowest you will see) and about 2 times the
number of parameters above the MLE. Thus if the MLE is at —30, and you have 10
parameters, the value of the likelihood (really posterior density) should range between —
20 and —10 (2*10 units higher). Second, you should look at the evolution of the
likelihood. It should look like a random walk, not like a directed walk. The average value
in the final 500 saved points should be about the same as the first 500 saved points.

You should also check the evolution of other parameters. Again they should look like
random walks, not one-way walks. The parameters shouldn't stay in one range for a long
time and then walk back. The excursions from the average values should be brief. You
can plot pairs of parameters against each other; this two-dimensional graph should look
like a shotgun blast and not have clumps of points in the space.
There are many formal statistical tests for convergence (Gelman et al. 1995). There is
also a software package, CODA, that performs many of these statistical tests. Check
mean and variance of blocks of data. Check for autocorrelation in samples, ideally not
autocorrelated.
Sensitivities to priors

- Average recruitment

- q’s

- Sample sizes for multinomial likelihoods.

- Profile current stock size by fixing g and look at likelihood components.

- Look at different sources of data one at a time.



	COLERAINE
	CONTENTS

	1. Introduction
	1.1. General Overview of the Program Coleraine
	1.2. General Overview of the Estimation Model
	1.2.1. Abundance dynamics by sex
	1.2.2. Initial conditions
	
	�
	Uncertainty in the initial age structure is incorporated by using log-normal error:
	The plus group has an independent error component � (with its own variance), where P stands for plus group and I for initial.


	1.2.3. Stock–recruitment
	
	Recruitment follows a Beverton–Holt stock–recruit


	1.2.4. Growth
	1.2.5. Weight at age relationship
	1.2.6. Selectivity

	1.3. Data
	1.3.1. Predicted abundance indices
	1.3.2. Predicted age and size composition

	1.4. Objective Function
	1.4.1. Robust normal likelihood for proportions:
	1.4.2. Abundance indices
	1.4.3. Total likelihood
	1.4.4. Penalties
	1.4.5. Prior
	1.4.6. Global objective function

	1.5. Policy evaluation

	2. Getting Started
	2.1. Hardware Requirements
	2.2. Software Requirements
	2.3. Outline of Working Environment
	2.4. Necessary Files
	2.5. File Management

	3. Getting Your Data into Coleraine
	3.1. General Issues
	3.2. Default Values
	3.3. Two Warnings
	3.4.The “Main Menu”.
	3.5. Step-By-Step Procedure for Entering Data:

	4. Running Coleraine
	4.1. General Issues
	4.2. Parameter Estimation
	4.3. Phases in the Estimation
	4.4. Obtain Bayesian Posteriors
	4.5. Policy Evaluation

	5. Processing Output
	5.1. Overview
	5.2. Text Output Files Produced by Colera20.exe
	5.3. Using the Viewer, Part 1: Create or Open a Results File
	5.4. Using the Viewer, Part II: Making Graphs
	5.5. Storing important information of different runs in one file (Tracker.xls)
	
	
	
	
	
	Rule 1:  Graph the data and the fit
	Rule 2:  Start with good beginning parameter values








