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“Classical” Model Diagnostics / Selection

idx19: fitted and observed index-at-age
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Neo-Classical”: Model diagnostics
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“Modern”: Model diagnostics
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“Modern” Model diagnostics
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Cookbook in action (2019)
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Cookbook in action (2019)
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Towards automation of model diagnostics
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Stock Assessment workflow for Benchmark of Solea solea in GSA 17

Set_1:Length based
maodel based on VBGP
and all fleets
selactivity double
normal (DM)

.

Long landing time series
(1958-2013)
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M1 M3
A\_.ve@e of Average of
Gislason & Then_VBGF,

Chen- Jensen VBGF 1,
Watanabe M2 Jensen_VBGF 2
Average of
Then_nis,Th

Steep0.7 en_lm,Ham Steep0.7
el_Amax
Steep(.8 Steep0.8
Steep0.9 Steep0.7 Steep0.9
Steep0.8
Steep0.9
4 y
Ss3diags
Jittering Pass/Fail

\
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l

Bad Diagnostic: Not
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based on VBGP and commercial
fleets selectivity double normal

+ logistic for Survey {Lg)

Bad Diagnostic: some
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based on VBGP and
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double normal + cubic splines
for Survey (CS)

/\
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: (1980-2019) \
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Stock Synthesis 3 + Ensemble approach (delta-MVLN)

To directly integrate uncertainty in several
key parameters, a range of alternative
models to be stitched together was
selected through diagnostics

Scientific Advisory Committee On Fisheries (SAC)

Working Group on Stock Assessment of Demersal Species (WGSAD)

Benchmark session for the assessment of common sole in GSA 17
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Diagnostic - Convergence & stability (ref run 1)

A cookbook for using model diagnustics in integrated stock assessments

Felipe Carvalho ™ Henm.rlg Winker ™
Massimiliano Czl.rd.male
Kevin R. Piner/, Mark N Maunder

Kelli F. Johnson , Richard D. Methot

, Dean Courtney °, Maia Kapur®, Laurence Kell *,
, Michael Sch.lrnpa , Toshihide Kitakado ', Dawit Yemane,
, lan Taylor™, Chantel R. Wetzel

, Kathryn Doering ",

& jabbamodel / ss3diags Pubic

1. Convergence & stability

- Positive Hessian
- Jittering

2. Goodness of the fit

- Joint-residuals
- Runs tests

3. Consistency
- Retrospective analysis

4, Prediction skills

- Hindcasting
(CrossValidation)
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Diagnostic - Goodness of the fit (ref run 1)

A cookbook for using model diagnostics in integrated stock assessments

Felipe Carvalho ™', Henning Winker "', Dean Courtney’, Maia Kapur ', Laurence Kell*,
Massimiliano Cardinale’, Michael Schirripa “, Toshihide Kitakado ', Dawit Yemane ',

Kevin R. Piner/, Mark N. Maunder ™, Ian Taylor™, Chantel R, Wetzel ', Kathryn Doering ",
Kelli F. Johnson ", Richard D. Methot "

8 jabbamodel / ss3diags  rusiie
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Diagnostic - Consistency (ref run 1)

A cookbook for using model diagnostics in integrated stock assessments

Felipe Carvalho™ ', Henning Winker ', Dean Courtney‘, Maia Kapur’, Laurence Kell

Massimiliano Cardinale ', Michael Schirripa®, Toshihide Kitakado ", Dawit Yemane ',

Kevin R. Piner/, Mark N. Maunder ", Ian Taylor , Chantel R. Wetzel *, Kathryn Doering ",

Kelli F. Johnson "', Richard D, Methot "
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1. Convergence & stability

- Positive Hessian
- Jittering

2. Goodness of the fit

- Joint-residuals
- Runs tests

3. Consistency

- Retrospective analysis

4, Prediction skills

- Hindcasting
(CrossValidation)
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Diagnostic - Prediction skills (ref run 1)

A cookbook for using model diagnostics in integrated stock assessments

Felipe Carvalho™ ', Henning Winker "', Dean Courtney ", Maia Kapur ', Laurence Kell*,
Massimiliano Cardinale’, Michael Schirripa *, Toshihide Kitakado ", Dawit Yemane

Kevin R. Piner/, Mark N. Maunder ', lan Taylor ™, Chantel R. Wetzel ™, Kathryn Doering ",
Kelli F. Johnson ", Richard D. Methot "

& jabbamodel / ss3diags Fubic
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Model weighting (diagnostic scores )

A cookbook for using model diagnostics in integrated stock assessments

Felipe Carvalho™ ', Henning Winker ™', Dean Courtney ‘, Maia Kapur°, Laurence Kell *,
Massimiliano Cardinale’, Michael Schirripa *, Toshihide Kitakado ", Dawit Yemane ',

Kevin R. Piner', Mark N. Maunder ™, Ian Taylor , Chantel R. Wetzel ", Kathryn Doering”,
Kelli F. Johnson ", Richard D, Methat ™
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Benchmark 2021

S5R/S5R40

Ensemble model Results

SSB/SSBy,

SSB
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Ensemble model Results

Name | Selectivity M | h | Weighting | Update 2022
runl DN M1 0.9 1.00
Fun? DN M1 0.7 1.00
Fun3 DN M1 0.8 1.00
rund DN M2 0.9 1.00
Fund DN M2 0.7 1.00
FUNO DN M2 0.8 1.00
FUn7 DN M3 0.9 1.00
FURS DN M3 0.7 1.00
run9 DN M3 0.8 1.00

runlo CSs M1 0.9 1.00

runll Cs M1 0.7 0.93

runl’? Cs M1 0.8 0.93

runl3 CSs M2 0.9 1.00

runl4 Cs M2 0.7 0.93

runls CS M2 0.8 1.00

runlo [ M3 0.9 1.00

runl7 CS M3 0.7 1.00

runls CS M3 0.8 1.00

S5B/SSE,,

Survey Index increasing &
-25% landings compare to 2019 !!!




Cookbook in action (2022)
ICES

Stock: Northern shrimp (Pandalus borealis)

Model: Stock Synthesis — Length-based 2 Area Model
Max Cardinale, Francesco Masnadi, Alessandro Orio, Mikaela Bergenius, Katja Noren, Christopher Griffiths
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ICES Benchmark of Northern shrimp in 3a and 4a east

Set_1: Length based

model based on
VBGP and all fleets

selectivity logistic

discard retention

Area specific sex ratio
Long landing time
series (1908-2020)

/

o

Evolved model:
Two sex, two areas,
hermaphroditic
model with

o

discards separated
from landings

Hermaphroditism fixed

T

Discarded: Worse fit

Ancestor model:
Single sec, single
area without
separated discards

i i of the LFD
Discarded: Worse fit Sh?l"t landing time Automate
of the LED series (1970-2020)
Ci and stability Good of the fit Consistency
Positive Jitterin Run test Run test Retrospective analysis
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diagnostic — -
Prediction skills
Hindcasting (MASE)
Survey index 2016 Survey3a Surveda Joint Len3a Lenda lenA1S1 lenA1S2 lenA1S3 lenA1S4 lenA2S1 lenA2S2 lenA2S3 lenA2S4 Weight
excluded _ Passed  Passed Passed Passed Passed Passed Passed Passed Passed Passed Passed _ Passed  Passed 0.86
Passed Passed Passed  Passed Passed Passed Passed Passed Passed 0.69
. Passed _ Passed Passed Passed  Passed Passed Passed Passed Passed Passed Passed Passed 0.72
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M1 .
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. . (base, h=0.7) (h=0.91)
Jittering and !
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The need for simulation testing




The need for more simulation testing

1. Identify Causes of Misspecifications

Observation process or system dynamics?

2. Specificity/Sensitivity of Diagnostic tests?

False Negative vs False Positive

3. Implications on status/advice?

Not all misspecifications may be equally consequential
Is there asymmetric risk among diagnostic?




Original Article

Looking in the rear-view mirror: bias and retrospective patterns
in integrated, age-structured stock assessment models

Felipe Hurtado-Ferro™, CodyS.Szuwalski ™2 Juan L. Valero3, Sean C. Anderson®, Curry). Cunningham’,
Kelli F.Johnson', Roberto Licandeo®, Carey R. McGilliard®, Cole C. Monnahan?, Melissa L. Muradian?,
Kotaro Ono’, Katyana A. Vert-Pre®, Athol R. Whitten?, and André E. Punt!
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Figure 2. General design of the simulation study.
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Figure 4. Experimental design showing the time-varying processes (a—c), fishing patterns (d - f), and time-varying patterns for the processes (g).
For the patterns of time variance, only some cases are shown to reduce clutter (solid and dotted lines show old and recent timing, respectively; black

and grey lines show gradual and sudden patterns, respectively). See text for further explanation.

Causes for retrospective patterns with focus on unaccounted time-varying growth, M and selectivity
Rule-of-thumb Mohn’s p ranges:

Low-medium productivity: -0.15 - 0.2

High productivity: -0.22 - 0.30
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journal homepage: www.els

Contents lists available at ScienceDirect

Fisheries Research

evier.com/locate/fishres

Full length article

Can diagnostic tests help identify model misspecification in

integrated stock assessments?

Felipe Carvalho®®*, André E. Punt®, Yi-Jay Chang?, Mark N. Maunder ', Kevin R. Piner?

32 F. Carvalho et al. / Fisheries Research 192
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Diagnostic tests: Misspecifications:

(1) Runs Test + SDNR | (1) Selectivity: all logistic vs 2 of 3 logistic (OM)

(2) Retrospective analysis (2) Low steepness h vs high h (OM)

(3) RO likelihood profile 0% 3) Constant M vs M-at-age (OM)

(4) ASPM (4) Over-weighting of size-/age composition

(5) Catch-Curve Analysis 91% False Negatives
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ASPMs

» Apart from overprecision, ASPMs appear to perform well in simulations to capture the dynamics

Promising candidate to identify misspecifications in the system dynamics (Carvalho et al. 2016)
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The case for estimating recruitment variation in data-moderate and data-

poor age-structured models

James T. Thorson™", Merrill B. Rudd™", Henning Winker®?

2 Fisheries Resource Assessment and Monitoring Division, Northwest Fisheries Science Center, National Marine Fisheries Service, NOAA, Seattle, WA, USA

® School of Aquatic & Fishery Sciences, University of Washington, Seattle, WA, USA
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Emerging ASPM questions:

* When do correctly specified ASPMs fail in simulations? - e.g. combinations of ok, p and generation time
* How to treat time-varying empirical input data of weight-at-age, maturity-at-age and M-at-age?

» Are there any data-rich age-based examples where the ASPM was consistent with the full model?

Time-varying response of SPRO
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Focus Question: Hind casting

Is there a management strategy that relates closely to what
we observer (and can then test predictions for)?

Perhaps we should go one step back first and ask:

Are latent management quantities more reliable from models that can be cross-validated
using observations that are unknown to the model (i.e. have prediction skill)?

We can test this with simulations!
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Validation of stock assessment methods: is it me or my model
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Prediction Skill with Extension: The Vantage Point Approach
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The options for Simulation testing are infinite

OM generation?

ahwON=

Condition + Simplify

Off the shelf OMs

Coverage + variation in F-trajectory

N Stock examples

Time-varying processes (e.g. Selectivity)

Misspecifications EM?

Natural Mortality M

Steepness h

Somatic Growth

Maturity

Selectivity

Catchability

Weighting: CV, ESS

Catch history (underreporting)
Recruitment function

Spatial

SOeNIaRON~

Influences?

Noahowh=

Life history (productivity, generation time)
Process error (sigmaR, rho)

Time series length (observation horizon)
Sampling (e.g. ESS, CV, AR1)

Stock depletion (left or right of Bmsy?)
Contrast in exploitation history

Data (survey vs CPUE; age vs length)

Model complexity?

NOOARWON =

N Indices
N Size/Age comps setup
Historical vs Recent time series
N Fleets
Sex-structured?
Seasonal?
Spatial?
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Proposal: Start with simplified “off the shelf” OMs for the system dynamics (1 Fleet)

» Cover more life histories, exploitation patterns and process error dynamics, data-rich vs data moderate
* Minimize run time to 1-3 min (1 OM = ~ 8 EMs x 5 hindcasts x 100 iterations = 1 hour on 75 cores)

» Easier interpretation of main effects
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Strawman: Simulation design

Process
Error
Recruitment (p, ogr)

l Evolutionary F-trajectory (Thorson et al., 2013)
Time-varying selectivity (F,)
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Sensitivity: the ability of a test to correctly identify a misspecification
Specificity: the ability of a test to identify a correctly specified model (Model)
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Evaluating impacts on status/advice?
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A simple simulation trial




Simulation Run with LIME: Sparus aurata
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Simulation Run with LIME: Sparus aurata
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Simulation Example with LIME: Sparus aurata

OM

— .. &
-————"  Length Comps
= Survey CPUE

| |

SS3 EM:
BevHolt

SS3 EM:
Ricker

LResiduaI Runs Tests |

rRetro + Forecast Bias:

Plausibility

1500

1000

500

BevHolt

Ricker

—— Exp. recruitment — Exp. recruitment
2014 ® --- Exp. recruitment after bias adj. 8 |--- Exp. recruitment after bias adj.
®  Estimated recruitments & ® Estimated recruitments
<+ Unfished equilibrium +  Unfished equilibrium
1992 @
® ° &
s
. B
e a
+ g» 2004 ® o
g 1982 0
E 8
s 2
3]
% 1357 é
® 1909'8%
® 1990
1999 @ o Sa e
8 4
L " g% ®
°
w08
T T T ° T T T T T T T
5000 10000 15000 0 5000 10000 15000 20000 25000 30000 35000
Spawning output Spawning output
SR_BH_steep T o
SR_Ricker_beta
T T x T | x
0.2 0.4 0.6 0.8 1.0 ( 02 0.4 0.6 0.8 1.0
Parameter value
European

Commission



Simulation Example with LIME: Sparus aurata

SSplotRunstest()
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Index residuals

Mean length residuals
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Simulation Example with LIME: Sparus aurata

SSplotJABBAres()
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Spawning biomass (t)

Spawning biomass (t)
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Simulation Example with LIME: Sparus aurata

Model:BevHolt

SSplotRetro()
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Simulation Example with LIME: Sparus aurata

SSplotHCxval()
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Simulation Example with LIME: Sparus aurata

SSplotHCxval()
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Simulation Example with LIME: Sparus aurata

Plausibility
Model
Diagnostics Data BevHolt Ricker
Joint RMSE Survey Index 18.5 26.2
Length Comps 4 5.3

Runs Test Survey Index Passed Passed

Survey Mean Length Passed Passed

Fishery Mean Length Passed Passed
Mohn's Rho SSB -0.04 -0.02
Forecast Bias SSB -0.07 -0.11
HCxval MASE Survey Index 0.84

Survey Mean Length 0.88

Fishery Mean Length 1.04

Diagnostics to add: ASPM class
Statistics to note: LL, AIC, convergence

European
Commission




Simulation Example with LIME: Sparus aurata
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Simulation Example with LIME: Sparus aurata

SSplotEnsemble()
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Simulation Example with LIME: Sparus aurata
Implications for status advice
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Remarks on model plausibility

"The likelihood of a scenario considered in simulation trials representing reality, relative to other scenarios
also under consideration. Plausibility may be estimated formally based on some statistical approach, or
specified based on expert judgement, and can be used to weight performance statistics when integrating
over results for different scenarios. [...] The aim of conditioning is to select those OMs consistent with the
data and reject OMs that do not fit these data satisfactorily and, as such, are considered implausible."

RFMO MSE Glossary 2018

“The SC AGREED that it is useful to develop a set of generic criteria for model plausibility, utilising best practice in evaluating model convergence
and data fits, retrospective pattern and forecast bias, and prediction skill, as well as other potential aspects of model diagnostics. The SC
NOTED that establishing such guidance and criteria can help ensure that the stock assessments are transparent and comprehensive and allow
stakeholders to have a good grasp of the scientific process. Stock specific plausibility criteria can also be considered to evaluate if assessment
results are consistent with prior knowledge about the exploitation history and population biology.

Report of IOTC Scientific Committee 2020

"A highly plausible scenario is one that fits prior knowledge, with many sources of corroboration, without the complexity of explanation, and
with minimal conjecture (Connell, 2006). Plausibility may be determined formally, based on a statistical approach to determine whether a
system equivalent to the model generated the data or based on expert judgement.”

Laurence T. Kell, Coilin Minto, and Hans D. Gerritsen. IUMS. Evaluation of the skill of length-based indicators to identify stock status and

trends, accepted 2022.
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