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Abstract

The results of the OFP simulation exercise to evaluate stock as-
sessment models are reanalyzed. Standardized bias is used to evaluate
the discrepancy between simulation and estimation and to provide a
quantitative expression of estimation skill. Seven assessment models
were applied to forty realizations of five fishery scenarios of increas-
ing complexity. Production models performed well because of the
exclusion of uninformative data in complex scenarios. MULTIFAN-
CL performed well when data were informative and natural mortality
correctly specified. Simulation exercises of this complexity do not
definitively address the question of assessment model reliability.

1 Introduction

Stock assessment scientists are often asked the question “How do you know
your model works?” The use of realistically complex stochastic fishery sim-
ulations, or “operational” models, to generate “data” on which to test as-
sessment models is a commonly used approach to this question (NRC, 1998,
Kolody et al., 2004a). Model parameters, time series and reference points
estimated by the assessment model are compared to corresponding opera-
tional model (OM) input parameters and output variables. This approach
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tacitly assumes that the output from the operational model is “truth” and
that divergence between the operational and assessment models reveals a
problem with the assessment model. Multiple stochastic simulations using
the same suite of biological and fishery parameters, dubbed “realizations”,
are considered replicate samples of a universe of possible fishery outcomes.
Data observed from a real fishery are considered to be a single sample from
this universe.

Labelle (Labelle, 2003) conducted extensive tests of MULTIFAN-CL (MFCL)
using a complex stochastic operational model for yellowfin tuna derived from
a previous operational model for swordfish (Labelle, 2002). The SESAME
project was undertaken by CSIRO Marine Research group to test assessment
models for southern bluefin tuna using operational models (Kolody et al.,
2004al) and also included the OFP OM output. This paper attempts to syn-
thesize the OFP results and the SESAME results and includes some results
from applying the ASCALA model (Maunder and Watters, 2003) used at
the Inter-American Tropical Tuna Commission. Rather than simply repeat
the previous results a slightly different analytical approach is employed, and
some aspects of the MULTIFAN-CL results are examined in greater detail.

The work described here is roughly equivalent conducting two hundred
different stock assessments with each method. The following individuals
contributed their time and expertize to this project: Marc Labelle, John
Hampton (Secretariat of the Pacific Community), Mark Maunder (Inter-
American Tropical Tuna Commission), Dale Kolody, Daniel Ricard, Jason
Hartog (CSIRO Division of Marine Research), and Pierre Kleiber (NOAA
Pacific Island Fisheries Science Center). Although this analysis could not
have been accomplished without their hard work, the analytical approach
and conclusions reached are the responsibility of the author.

2 Methods

2.1 Operational Model

The OFP (Labelle, 2003)) simulations are intended to mimic fisheries for
yellowfin tuna. The five model scenarios range in complexity from a single
fleet or fishery operating in a single homogeneous region to a scenario with
16 different fleets operating in seven regions with movement of fish between
regions. Forty different realizations of each scenario were computed and
analyzed by each assessment model. All operational model output can be
obtained by ftp from ftp.soest.hawaii.edu/PFRP/MWG.
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2.2 Assessment Models

Seven different stock assessment models were tested. MULTIFAN-CL (Hamp-
ton and Fournier, 2001)) was applied by Marc Labelle and John Hampton as
presented at SCTB16 (Labelle, 2003). Some aditional analyses were con-
ducted by the author using the version of MULTIFAN-CL obtained from the
OFP web site http://www.multifan-cl.org/. ASCALA (Maunder and
Watters, 2003) was applied by Mark Maunder. Dale Kolody and colleagues
at CSIRO Marine Research applied SCALIA and four production model vari-
ants (Kolody et al., 2004b)).

2.3 Analytical Approach — Standardized Bias

Previous analysis of the OFP/MWG simulations used ratios between esti-
mated and OM values to compare the results (Labelle, 2003,|Kolody et al.,
2004b)). In this paper, standardized bias is used to expresses the error in
the estimate in relation to the between-realization standard deviation. It al-
lows comparison between variables measured in different units and provides
an intuitive means to evaluate the significance of the error. Standardized
bias, however, tends to obscure the range of variables with intrinsically high
inter-realization variance.

Let ¢ index realizations; ¢ ¢ =1,2,...,40. Let y;; be the value of a vari-
able from the OM and ¥;; be the corresponding estimate from the assessment
model. Then bias, b;; = ¥;; — yi; so that negative values of b;; are indicative
of under estimates of the simulated variable. The average bias Ej = 4% > bij
is the average bias over all scenarios; b; = 0 for an unbiased estimator. The
variance of the bias is s7 = 453, (b;; — b;)%. The standardized bias is thus
gij = %J Values of the subscript, 7 =1,2,..., N, depend on the the variable
under consideration. For time-series variables such as biomass, N = 148,
four observations per year for 37 years. For age-dependent variables, such as

mortality, N = 20 quarterly age classes. For scalar variables, such as By,
N =1.

Standardized bias plots are generally presented in an array of seven rows
by five columns. Each row is a different assessment model and each column
is a fishery scenario. The range of the standardized bias plots is +5 standard
deviations. Zero bias is indicated by a heavy dashed (green) line and +2
standard deviations are indicated by solid (red) lines. Individual realizations
are indicated by solid black lines. For example see Fig. [I}
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Standardized bias offers a convenient means of computing a simple mea-
sure of the “skill” of each assessment model to recover OM variables. The
proportion of the total estimates with |EZJ| < 2 can easily be computed for
each combination X scenario combination. For an accurate, unbiased esti-
mator approximately 95% of the estimates should fall within this interval.

A concise summary of the properties of the estimates of a suite of time-
series variables and parameters from 200 stock assessments is nearly impos-
sible. The results of the SESAME project (Kolody et al., 2004a) runs to
more than 400 pages. This presentation will emphasize the general skill
of the assessment methods to recover biomass-related variables, explore the

differences between scenarios, and examine aspects of the performance of
MULTIFAN-CL in more detail.

3 Results

The results of the standardized bias analysis are generally consistent with
the results presented by at SCTB16 (Labelle, 2003)) and by the CSIRO group
(Kolody et al., 2004b). The results from this analysis are simply presented in
the figures and tables. The reader is referred to (Labelle, 2003)) and (Kolody
et al., 2004b|) for more detailed comment on the general results.

The average skill level for estimating various measures of total biomass
appeared to increase with scenario complexity, approaching 0.8 in some cases.
Refer to the “Average” row in tables[I] 2 [3] The use of biomass ratios such
as B;j/Bio or B;j/B;ms, improves the skill level from some models but
degrades the skill level in others.

There appears to be a systematic discrepancy between the operational
model and MULTIFAN-CL with respect to natural mortality. M is underes-
timated in all scenarios for most ages (Fig. . Constraining M to be constant
at the value used in the OM substantially improves the MULTIFAN-CL esti-
mates of biological reference points and several measures of biomass for sce-
nario 1 (1Fx1R), Fig.[8] In contrast, constraining M in scenario 2 (2Fx1R)
produced only minor improvements in the MULTTFAN-CL estimates (Fig. E[)

Errors in estimation of selectivity are aslo substantial (figures[10] and [L1]
Constraining M to be constant at the value used in the OM does not result
in improved estimates of selectivity and may in fact worsen some estimates;
figures[12)and[I3] No estimations were run with selectivity fixed at the values
used in the OM.
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Models are most instructive when they fail, and MULTIFAN-CL arguably
failed in the 2Fx1R scenario. The MFCL skill level for total biomass esti-
mates in this scenario is approximately 0.01. Estimates of total biomass,
adult biomass and recruitment are lower than simulated values by approx-
imately two standard deviations for most realizations over the entire time
series (Figs. , , @ Scaling total biomass by By and B,,, increases the skill
level to 0.2 and 0.3 respectively (Tables [2] [3).

Fishery 1 in both scenarios 1 and 2 is meant to simulate a longline fishery.
However, the history of this fishery, Fig. [10] differs from observed longline
fisheries by having high catch and high CPUE at the beginning of the time
series. The commonly observed longline pattern is high CPUE at low catch
at the beginning of the time series (Hampton and Kleiber, 2003). Fishery 2
in scenario 2 is meant to simulate a purse seine fishery. It starts ten years
after the longline fishery with high CPUE and low catch (Fig. .

Figure [15|shows the relationship between operational model biomass and
CPUE for scenario 2. The CPUE obviously reflects biomass for fishery 1, but
not for fishery 2. Further, fishery 2 does not span the full range of biomass.
There is thus little information about the stock and limited contrast in the
fishery 2 data. The failure of MULTIFAN-CL to accurately assess the stock
under scenario 2 is apparently due to uninformative data from one out of
two the fisheries. The other two integrated models, ASCALA and SCALIA

performed well on scenario 2.

The skill of MULTIFAN-CL to accurately estimate fishery parameters
seems to increase with the complexity of the scenarios. This trend may be
due to introduction of additional information in the data and to the structural
assumptions of the model.

The apparent high skill of the Schaefer and Fox models is superficially
surprising. However compromises were made with the data in order to utilize
these models on scenarios with more than one fishery. Either (1) the nominal
CPUE from one of the largest longline fisheries or (2) aggregated CPUE from
all longline fisheries was used for these models (Kolody et al., 2004b)). In other
words, uninformative data were either discarded or masked by averaging with
more informative data.

4 Conclusions and Recommendations

The question “How do you know your model works?” cannot be definitively
addressed though the use of complex simulations. When discrepancies are
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noted, it is difficult to determine whether the fault lies with the operational
model or with the assessment model. Both types of models are abstractions of
the natural world, and we do not know whether either is correct. True model
verification depends on the testing of model prediction against empirical data.

In the clarity of hindsight, the important findings from the OFP sim-
ulation exercise could have be obtained by a more modest exercise. The
discrepancy in natural mortality between the operational model and MULTI-
FAN-CL was evident in the simplest scenario, and could have been addressed
earlier in the exercise. Similarly the problem of uninformative “purse seine”
data became apparent in the second scenario. Since these two problems are
both unresolved and not understood, it is impossible to understand anomalies
from the more complex scenarios.

Finding: There is a discrepancy between the operational model and MULTI-
FAN-CL in the implementation of natural mortality. This discrepancy pro-
duces substantial bias in the estimates of biological reference points and
biomass and recruitment time series with respect to the operational model.
The nature of this discrepancy is unknown.

Recommendation: Develop a simplified simulator designed to elucidate the
expression of natural mortality.

Finding: MULTIFAN-CL performs poorly when data from a substantial
proportion of the fisheries are not informative.

Recommendation: Develop measures to diagnose the presence of uninfor-
mative data. Explore the possibility of introducing fishery-specific weights
in the MULTTFAN-CL likelihood function.

Finding: Production models performed remarkably well. The reason for this
good performance is the use of informative “longline” data and the exclusion
of uninformative “purse seine” data

Recommendation: Routinely apply a production model to selected longline
data and compare the estimated fishery parameters to those estimated by

MULTIFAN-CL.

5 The Existential Question

The simulation results indicated, not surprisingly, that non-informative CPUE
time series may corrupt the analysis leadinh to biased parameter estimates.
Figures[I§ - [20] present the correlation between CPUE for all pairs of fisheries
in each scenario. The correlation coefficients are all less than 0.5, but in most
cases are signficantly greater than zero and the 95% level. The correlation
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between CPUE in fisheries 1 and 2 for the 2Fx1R scenario 0.2 (Fig. [18), but
significantly greater than 0 because of the large number of points. Unfortu-
nately the comparable correlation coefficients between fisheries and biomass
(e.g. Fig. were not computed.

If CPUE is an index of abundance, the correlation between the CPUE
of different fisheries within a region should be high. Figure shows the
correlations between pairs of fisheries operating in region 2 for the bigeye
assessment. The correlation coefficients are low, but somewhat higher than
in the simulations. Correlations between pairs of purse seine fisheries are
higher than between longline and purse fisheries. Oddly the CPUE of the
CH/TW-LL2 fleet has a higher correlation with purse seine than with the
LL2.

The cross correlations between the CPUE time series, figure [22] all show
a strong peak near zero lag indicating the the trends are well correlated. In
some cases the maximum occurs at positive lags, indicating that events in
the first series follow events in the second series. These figures indicate that
the secular trends in the CPUE time series are highly correlated.

Figure [23| presents the cross correlations with the secular trend removed
by applying a difference of 4 quarters to each time series. The the cross
correlations between the longline time series (fishery 2) and the PS Log time
series (fishery 6) has some suggestive features. LL. CPUE is positively corre-
lated with previous PS CPUE by 6 or 7 quarters (about 1.5 yr). A similar
lead of the LL fishery is seen with the PH and ID fisheries. At larger leads,
approximately 12 quarters, LL and PS series are negatively correlated.

Some of time series are rather short, there may be some statistical ar-
tifacts in the detrended cross correlations. The 4 quarter differencing is
intended to remove the secular trend in the time series without amplifying
the seasonal signal. This ploy may not have been successful in all cases.

Comparable figures are presented for regions 3 and 4 for the yellowfin
assessment.

Correlations between time series seem a bit higher for yellowfin than for
bigeye, and there seem to be fewer negative correlations at positive lags.

In general, it seems that the signal in the CPUE data is very week, but
definitely present in some cases. I would be suspicious of a CPUE time series
which has a maximum correlation with other CPUE time series of less than
0.2 or 0.3. It might be a good idea to find a means to down-weight catch
data from fisheries that have low CPUE correlations. For example, p/ in the
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catch likelihood,

@C:pCZpr[...]z
vy o f

There are methods to compute p/ based on sample variance that might be
adapted to this purpose. But perhaps the effort deviations accomplish this
goal anyhow.
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Figure 1: Standardized bias for estimated total biomass, B;;, time series.

Table 1: Proportion of total biomass bias estimates with |b;;| < 2.

Model Scenario

1Fx1R 2Fx1R 4Fx2R 7Fx7R 16Fx7R | Average
MFCL 0.653 0.014 0878 0.822  0.612 | 0.596
ASCALA | 0.104 0882 0.716 NA NA 0.567
SCALIA 0.045 0.636 0.662 0.000  0.176 | 0.304
Schaefer (1) | 0.930  0.968 0.874 0.966  0.859 | 0.919
Schaefer (2) | NA  NA 0916 0956 0.876 | 0.916
Fox (1) 0.862  0.968 0.902 0.893  0.861 | 0.897
Fox (2) NA  NA 0592 0949 0875 || 0.805
| Average | 0.519 0.694 0.792 0.764  0.710 [ 0.705 |
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Figure 2: Standardized bias for estimated B; ;/B; time series.

Table 2: Proportion of B; /B, bias estimates with |b;;| < 2.

Model Scenario
1Fx1R 2Fx1R 4Fx2R T7Fx7R 16Fx7R | Average
MFCL 0.579  0.200 0.670  0.658 0.782 0.578

ASCALA 0.017 0381  0.544 NA NA 0.314
SCALIA 0.762 0875 0.692  0.312 0.799 0.688
Schaefer (1) | 0.877  0.955  0.689  0.759 0.717 0.800
Schaefer (2) | NA NA 0.764  0.840 0.804 0.802
Fox (1) 0.725 0.851 0470  0.800 0.791 0.728
Fox (2) NA NA 0.796  0.926 0.851 0.858

| Average | 0592  0.652 0.661 0.716  0.791 [ 0.686 |
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Figure 3: Standardized bias for estimated B; ;/B; s, time series.

Table 3: Proportion of B; ;j/B; s, bias estimates with ]51J| < 2.

Model Scenario

1Fx1R 2Fx1R 4Fx2R 7Fx7R 16Fx7R || Average
MFCL 0.403  0.307 0.237  0.898 0.852 0.539
ASCALA 0.975  0.839  0.592 NA NA 0.802
SCALIA 0.635 0.876  0.901  0.925 0.949 0.857

Schaefer (1) | 0.304 0.634  0.110  0.651 0.727 0.486
Schaefer (2) NA NA 0.123  0.839 0.488 0.483
Fox (1) 0.766  0.889  0.439  0.888 0.761 0.749
Fox (2) NA NA 0.796  0.907 0.844 0.849

| Average [ 0.617 0709 0457 0.851  0.770 [ 0.674 |
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Figure 4: Standardized bias of selected reference points, MSY, total biomass
at MSY (Bmsy) and adult biomass at MSY (SBmsy). SBmsy is not estimated
by the Schaefer and Fox models.
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Figure 5: Standardized bias for estimated adult biomass time series.

Table 4: Proportion of adult biomass bias estimates with [b;;] < 2.

Model Scenario

1Fx1R 2Fx1R 4Fx2R 7Fx7R 16Fx7R | Average
MFCL 0574 0.073 0.900 0.899  0.927 | 0.675
ASCALA | 0.193 0917 0.704  NA NA 0.604
SCALIA | 0.000 0446  0.000 0.000  0.000 | 0.089
| Average | 0.256 0479 0535 0449 0463 [ 0433 |
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Standardized bias for estimated recruitment time series.

Table 5: Proportion of recruitment bias estimates with [b;;| < 2.

Model Scenario

1Fx1R 2Fx1R 4Fx2R T7Fx7R 16Fx7R | Average
MFCL 0.618 0.196 0495 0939 0312 | 0.512
ASCALA | 0.073  0.807 0.790  NA NA 0.556
SCALIA | 0.930 0.807 0.527 0.208  0.859 | 0.666
| Average | 0.540 0.603 0.604 0573  0.586 | 0.582 |
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Figure 7: MULTIFAN-CL estimates of natural mortality (M) and standard-
ized bias of the estimates (Std. Bias.) for each scenario. Solid black lines are
the MFCL estimates of natural mortality, Mij;j =1,...,20. Heavy (green)
dashed line is value of M used in operational model, identical for all realiza-
tions of a scenario. Light (blue) dashed line is a 1 — M scaled to the same

range as M;;.
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Figure 8: Comparison of MULTIFAN-CL estimates for scenario 1 (1 fishery,
1 region) with M fixed at the values used in the simulation.
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Figure 9: Comparison of MULTIFAN-CL estimates for scenario 2 (2 fishery,
1 region) with M fixed at the values used in the simulation.
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Figure 10: MULTIFAN-CL estimates of selectivity by age for each scenario.
Heavy (green) dashed line indicates value used in operational model.
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Figure 12: Comparison of MULTIFAN-CL estimates of selectivity at age
for scenario 1 (1 fishery, 1 region) with M fixed at the values used in the
simulation.
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Figure 13: Comparison of MULTIFAN-CL estimates of selectivity ate age
for scenario 2 (2 fishery, 1 region) with M fixed at the values used in the
simulation.



SCTB17/MWG-4 rev 2 John Sibert 25

1Fx1R 2Fx1R 4Fx2R 7FX7R 16Fx7R

b e

R
e

+ 4

\ +
£ g
AL ‘m} 4
N
L+
G

s +tj -
g
I A
& Py

& s

Figure 14: CPUE and biomass scatter plots for all scenarios, fisheries and
realizations from operational model. Biomass is on the abscissa and CPUE
is on the ordinate.
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Figure 15: CPUE and biomass scatter plots of fisheries one (left) and two
(right) for scenario 2 (2Fx1R) for all realizations from the operational model.
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Figure 16: Histories of fisheries for all scenarios averaged over realizations
from the operational model. Solid (blue) line is catch; dashed (red) line is
CPUE.
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Figure 17: Histories of fisheries one (left) and two (right) for scenario 2
(2Fx1R) averaged over all realizations from the operational model. Solid
(blue) line is catch; dashed (red) line is CPUE.
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Figure 18: Pairwise correlation of CPUE between fisheries for the 2FX1R
scenario. Numbers in parentheses indicates fisheries being compared. Colors
indicate realizations. ‘v’ is the value of Spearman’s rank correlation coeffi-
cient; ‘p’ is the probability that the true value of r exceeds zero.
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Figure 19: Pairwise correlation of CPUE between fisheries for the 4FX2R
scenario. Annotations as for figure
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Figure 20: Pairwise correlation of CPUE between fisheries for the TFX7R
scenario. Annotations as for figure
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Figure 21: Pairwise correlation of CPUE between fisheries in the bigeye
assessment for region 2. The number in parenthesis in each figure indicates
the fishery or fisheries illustrated. A pair of numbers indicates the fisheries
on the abscissa and ordinate respectively. Histogram at the top of each
column and to the left of each row illustrate the frequency distribution in
the abscissa and ordinate respectively. ‘r’ is the value of Spearman’s rank
correlation coefficient; ‘p’ is the probability that the true value of r exceeds
ZEro.
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8.16)
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Figure 22: Cross correlations between pairs of CPUE time series in the bigeye
assessment for region 2. Horizontal dashed (blue) line indicates correlations
significantly greater than zero at the 95% level. Heavy (red) vertical line
indicates zero lag. Positive lags indicate that times in the second series have
been shifted to precede the first series.
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Figure 23: Cross correlations between pairs of detrended CPUE time series
in the bigeye assessment for region 2. Time series have been detrended by
applying a difference of four quarters. Annotations as for figure
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Figure 24: Pairwise correlation of CPUE between fisheries in the bigeye
assessment for region 3. Annotations as for figure
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(3,9)

Figure 25: Cross correlations between pairs of CPUE time series in the bigeye
assessment for region 3. Annotations as for figure
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Figure 26: Cross correlations between pairs of detrended CPUE time series
in the bigeye assessment for region 3. Time series have been detrended by
applying a difference of four quarters. Annotations as for figure
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Figure 27: Pairwise correlation of CPUE between fisheries in the bigeye
assessment for region 4. Annotations as for figure

Figure 28: Cross correlations between pairs of CPUE time series in the bigeye
assessment for region 4. Annotations as for figure

Figure 29: Cross correlations between pairs of detrended CPUE time series
in the bigeye assessment for region 4. Time series have been detrended by
applying a difference of four quarters. Annotations as for figure
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Figure 30: Pairwise correlation of CPUE between fisheries in the yellowfin
assessment for region 2. Annotations as for figure
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Figure 31: Cross correlations beteen pairs of CPUE time series in the yel-
lowfin assessment for region 2. Annotations as for figure
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Figure 32: Cross correlations between pairs of detrended CPUE time series
in the yellowfin assessment for region 2. Time series have been detrended by
applying a difference of four quarters. Annotations as for figure
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Figure 33: Pairwise correlation of CPUE between fisheries in the yellowfin
assessment for region 3. Annotations as for figure
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Figure 34: Cross correlations between pairs of CPUE time series in the yel-
lowfin assessment for region 3. Annotations as for figure
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(10,11)

Figure 35: Cross correlations between pairs of detrended CPUE time series
in the yellowfin assessment for region 3. Time series have been detrended by
applying a difference of four quarters. Annotations as for figure
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Figure 36: Pairwise correlation of CPUE between fisheries in the yellowfin
assessment for region 4. Annotations as for figure
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Figure 37: Cross correlations between pairs of CPUE time series in the yel-
lowfin assessment for region 4. Annotations as for figure

Figure 38: Cross correlations between pairs of detrended CPUE time series
in the yellowfin assessment for region 4. Time series have been detrended by

applying a difference of four quarters. Annotations as for figure
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