Ctangaptusaumna (CPUE)



[lpombicnioBblie gaHHble U GLMsS

* Wcnonb3oBaHne GLMS B pbi6OX0O3ANCTBEHHbIX
nccregoBaHUAX

— AHanms bnonornyeckmnx aaHHbIX

— TecTupoBaHue rmnoTes

— CraHgapTtusauuna nHagekca (ynydlueHne nHaekca
OTHOCUTESIbHOWN YNCIIEHHOCTU NYTEM yaarneHuns

Bapuvaummn npovmnx oaktopoB KOTOPLIE MOTYT U3MEHSTbS
BO BPEMEHU N NPOCTPAHCTBE)

— KoHBepcua koapduymeHTa ynoBMCTOCTU MexXay
opyanamu noea

— ObbeanHeHne CPUES pa3snnyHbIX CbeMOK



cTaHgapTusaums

Maunder, M. N. and Punt, A. E. 2004.
Standardizing catch and effort data: a review of
recent approaches. Fish. Res. 70:141-159.



[lpeanonoXxeHune

=N
Eq

CnpaBeanuBo NoKa ( KOHCTaHTa, HO B peanbHOCTH (
BapbUPYET B MPOCTPAHCTBE N BPEMEHM



CPUE kak nHoekc YMcneHHoCcTu

BoamokHocTb ncnonb3oBaHna CPUE kak nHpgekc
YMCNEHHOCTU 3aBUCUT OT CrOCOOHOCTU yaannTb adpdekT
BCeX DAKTOPOB KPOME YMCIIEHHOCTU KOTOPbIE OKa3blBalOT

adpdhekT Ha g

NcTopuuecku, Beverton and Holt (1957)
ctaHgapTusnposann CPUE Bblbunpas ctaHOapTHLIA TUM
cyoHa v onpenenas OTHOCUTENbHYH MOLLHOCTb OPYrnx

CyJoB |
C/E 2.Cu
RFP = <=t ——

OTOT Noaxon4 He No3BOSIAET YUnUTbIBaTb 9 EKT APYrmnx
doakTopoB (Mecsu, pauoH U NPoY) UK OLUEHUTb TOYHOCTb

Now GLMs, GAMS, etc. 5



Kak ctaHoaptusposate CPUE?

* KaXXOgaa Moaenb cTaHgapTmMsaumm oyget umeTb adoekT
roga n apyrme dpaktopsbl

* 9dopekT roga OyaeT BblpaxaTbCsl B OLEHKaX BENMUYNHDI
OTHOCUTENBbHON YNCIEHHOCTU
e yaansawTca adeKTbl APYrnx pakTopos

Y = 1 00+memnepamym

*Ecnun Bce gpyrue adpdekTbl — PakTopbl TO
MHorogaktopHasa ANOVA

« ecnu apyrne addeKTbl HEMPEPbIBHbIE BENMUYMHBI TO
ANCOVA



Hilborn and Walters (1992)
p. 126-128 (assuming log-normal, no zeros)

Catch rate (tons per hour) by vessel class

Year Class| | Class Il | Class Il
1 0.63 0.85 1.28
2 0.46 0.65 1.09
3 0.35 0.66 1.01
4 0.43 0.48 0.84

Ui = o *Yr*Class*¢
loge (Uti) =10ge (f0) +100e (Y1) + l0ge (Class) + loge (&)

™~ Estimated catch rate for Class 1 and Year I



Hilborn and Walters (cont)

>data<-read.csv("P:/Rwork/book/HibornWalters 4.2 data.csv")
>datad$year<-as.factor(data$year) #make year a factor
>data$class<-as.factor(data$class) #make class a factor

>modI<-glm(log(cpue)~year+class,data=data,family=gaussian)
>anova(modl,test="F")

Analysis of Deviance Table

Model: gaussian, link: identity
Response: log(cpue)

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev F Pr (>F)
NULL 11 1.80717
year 3 0.35016 8 1.45701 8.3776 0.0144792 ~*
class 2 1.37341 6 0.08359 49.2890 0.0001889 *xx*=*

Signif. codes: 0 ‘***’ (0,001 ‘**" 0.01 **" 0.05 . 0.1 " 1



Hilborn and Walters (cont)

>summary(modl)

Coefficients:
Estimate Std. Error t wvalue Pr(>|t])

(Intercept) -0.51678 0.08346 -6.192 0.000817 ***
year?2 -0.24781 0.09638 -2.571 0.042259 *
year3 -0.35923 0.09638 -3.727 0.009766 **
yearid -0.45820 0.09638 -4.754 0.003145 *~*
class? 0.34739 0.08346 4.162 0.005930 **
class3 0.82525 0.08346 9.888 6.18e-05 **~*

Signif. codes: 0 ‘***’ (0.001 ‘**’ 0.01 * 0.05 . 0.1 " 1

(Dispersion parameter for gaussian family taken to be 0.01393227)
Null deviance: 1.807166 on 11 degrees of freedom

Residual deviance: 0.083594 on 6 degrees of freedom

AIC: -11.546

Number of Fisher Scoring iterations: 2

>yrcoef<-exp(dummy.coef(modl)[[2]]) #calculates all coeffs and back-transform

>yrcoef
1 2 3 4

1.0000000 0.7805057 0.6982131 0.6324213 #Year 2 = 78% of Reference Yrl

>plot(yrcoef~seq(1,4,1),type="b")
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[lpumep cTaHagapTU3aLnn

« PaccunTtaTtb MHAEKC YUCITIEHHOCTU Ha OCHOBE AaHHbIX
NoslyYeHHbIX B pe3ysibTaTe TPanoBOW CbEMKMU

« Hes3aBucumble nepeMeHHble BbIOpaHbl ANA Moaenu Ha
OCHOBe creAyrLwmnxX NpeaaonoXeHun:

— Temnepatypa oka3biBaeT 3cpdeKT Ha nepemMeLLueHuns pbIo,
NO3TOMY YYMTbIBAaTb 3TOT (PAaKTOpP BaAXHO

- ny6uHa Takke MOXeT BNUSATbL Ha pacnpeaeneHue pblo

- EdpdpeKT roga BakeH U A0MKeH yYnTbiBaTbCA ANA
onncaHusi USMeHeHUN BO BPEMEHMU

— [dpyrne nepemMeHHble TaKXe NPOTeCTUPOBaHbI

« Mopaenb 6yaeT ucnonb3oBaHa ANS paceTa BpeMeHHOoro psaa

AdHHbIX N aHaJIn3a TpeHAa 19



Model

Abundance~ g, + g Year+ g,Temperatue + g,Depth +...

Abundance = YNCNIEHHOCTb BbINTOBNEHHOU KamMbarnbl
Year = KaneHAaapHbIn rog (1990 — 2012) — ouCKpeTHad

Temperature = TKMnepaTtypa B C - HenpepbIBHas

Depth = rmybunHa - HenpepbIBHasA

13



CTpyKTypa 1 aHanums

 Ha ocHoBe ¢pyHKLUMOHaNbLHOU hopMbl NpacnpeneneHus
BbIJIOBa crieaywowme mogenu obinv BblOpaHbl AN
aHanu3sa:

- OTpuuaTtenbHas 6MHOMMHaNbLHaA Mmoaenb
pacnpeaneHus

- Mopgenb oLieHeHa ¢ UCnofib30BaHMEM Bcex
napamMmeTpoB, 3aTeM No O4HOW NepeMeHHOW yaansanu
U nepeoueHUBanu mogenb

 OKOHYaTenbHas MOOKKNb BblOpaHa Ha ocHoBe AIC

* [locne ouarHOCTUKN OKOH4YaTeslbHasa moAaenb

mMoanduumMpoBaHa Ha OCHOBe pe3ynbLTaToB y



« CHavyana paccMoTpuM pacnpezeneHue BbisioBa

Histogram of Tautog Abundance

6000 8000
I

Frequency
L

4000

2000
1

o -

T T T T T T T
0 5 10 15 20 25 30

Number of Tautog

« [laHHble pacnpepeneHbl B COOTB C OTpUUaTesibHBM
OMHOM pacnpeneneHuem

35



Bbibop mogenu

Model AIC
Year + Temp + Depth + Salinity + Station + 16,371
Month
Year + Temp + Depth + Salinity + Station 16,463
Year + Temp + Depth + Salinity 17,051
Year + Temp + Depth 17,277
Year + Temp 17,298
Year 17,711

16




Multicollinearity

Diagnostics of multicollinearity
— Matrix of scatter plots and correlations

— Adding or deleting a predictor variable changes the
regression coefficients

— Variance Inflation Factor (VIF): measure how much
variances of estimated regression coefficients are
Inflated compared to when predictor variables are not
correlated (VIF>10, problems)

— For VIF, use vif() in package car
17



Output NY — Model Diagnostics

Multicollinearity
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Output NY — Model Diagnostics
Multicollinearity

* VIF test:

— The VIF test indicates potential problems with
multicollinearity

Year 6.8
Temp 5.7
Depth 3.5

Salinity 4.4
Station 5.0
Month 7.3




Output NY — Model Diagnostics
Multicollinearity

* VIF test:
— Dropped Month (highest VIF value) and reran
— All covariates under 5 so problem corrected

Year 4.1
Temp 1.1
Depth 3.5

Salinity 3.2
Station 4.6




Output NY — Model Diagnostics
Homoscedasticity

* The next diagnostic was to test to make sure there
were no issues with variance

Pearson residuals
(o]

Linear Predictor



gres.nbinom({mdI2)

Output NY — Model Diagnostics
Data Distribution

The next diagnostic was to test the chosen data
distribution




Output NY — Model Diagnostics

Outliers

* The next diagnostic was to test to make sure there
were no major outliers

Std. Pearson resid.

Residuals vs Leverage

-- Cook's distance

02012

[
0.00

0.03 0.04

Leverage
glm.nb(f2)
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He3aBucumblie OT NMPOMBbICI1a AadHHbIE

CbeMku

— Kornmn4yecTBO BbINOBMEHHbIX Pblb HA eanHNLY
cTaHgapTHoro TpaneHusi (mHoro 0), npeanoriaraeTcs 4YTo
NHOEKC CBA3aH C YNCIIEHHOCTLIO

— 06bI14HO GLMS He ucnonb3ylTcs anga ctaHgapTulaunm
NHOEKCa OTHOCUTESTbHOM YNCITIEHHOCTU MOCKOMbKY CbeMKa
nraHMpyeTca Tak YToObl MUHMMM3MPOBATb ANCNEPCUID
(Hanpumep cTpaTnduLmMpoBaHHaga crnyyYanHas CbemMka)

— GLMs MmoxeT ObITb Ucnonb3oBaHa ecnu nmeeTcs
MHdopmMaumna No AONONHUTENBHBIM covariates

— Covariates: rnybnHa, Temnepatypa, CONeHoCTb, TUM OHa,
panoHa - cTpaTta

Stefansson, G. 1996. Analysis of groundfish survey
abundance data: combining the GLM and delta
approaches. ICES J. Mar. Sci. 53: 577-588. 25



[lpoMbICNOBLIE AAHHbIE

* npombicnoBbin CPUE

— OObI4YHO MHPOpMaLUMs No odLWemMy yrnoBy 1 ycunuto (Ha
ypoBHe 1 gHA nnun penca)

— O4eHb Marso HyreBbIX YI0OBOB AN LeneHanpaBneHHbIX
OAHOBMOOBbLIX PENCOB

— B cnyyae mHorosungosoro npomeicna O ynoBbl No
OoTOelNbHbIM BUgam

— Covariates: roa, MecsL, ycunue, xapakTepmcTuku cygHa
(MOLLHOCTb, TOHHaX), paoH NpoMbIcna

Punt et al. 2000. Standardization of catch and effort data in a
spatially-structured shark fishery. Fish. Res. 45:129-145. 26



CPUE B GLM

* C/E ncnonbayetcd kak Y

— Hilborn and Walters npegnonoxunmn yto C/E
pacnpegerneH log-normally

 C ncnonb3yeTcd Kak Y 1 BKIOYaeT E Kak
offset nnn kak He3aBUCUMYO NEPEMEHHYIO
— C TpaHcdopmmpyeTcs nnm moaenupyeTca c

COOTBETCTBYIOLLEN (POpMOU pacrnegeneHus
OLLUMNOKU

 Ecnun E ctaHgapTtu3anpoBaHo (CbEMKKU) TO
yCIUnme He UCnoJsib3yeTcs

27



[Tpobnembl cTaHgapTU3aL NN

* Ecnun oTHOCUTENLHbLIN BbINIOB HE
nponopunoHaneH YncneHHoctn, GLM TpeHa He
byaeT npaBunbHO OTpaXXaTb4MCIEHHOCTb

HanNpuUMep YCUIme CKOHLIEHTPUPOBAHO B OHOM
panoHe, opyaus noBa KOTOpble MOTYT
nepeHachbILLaTbCs

 JItoOble N3 MeHeHUs1 HeyuTeHHbIE GLM oyayT
MHTEePNPEeTUPOBaHbl KAk N3MEHEHUS
YNCITIEHHOCTW

28



Hanbonee 4acto ucnosnb3yemMole pacnpenerneHus

* Jlor HopmarnbHoe (Heobxoanmo 000aBNATbL KOHCTAHTY
K KaXkO oM BESNIMYMHE €CIN ECTb HYJIEBbIE 3HAYEHUS N3
3a norapupmmpoBaHuns)

* ["amma c log link (Heobxoanmo 0obaBnATb KOHCTAHTY
€CIN eCTb HYJIEBbIE 3HAYEHUS )

 [lyaccoH (paboTaet ¢ 0) — He0DX0aMMO OKPYINATh
ecnu ncnonosyetca C/E

* OTpuuarernbHoe buHomMunansHoe (paboTtaeT c0) —

HeobxoaMMo OKpyrnaTb ecnun ncnosno3yetca C/E
29



Other Issues

30



Interactions

Interactions among year and other variables
may occur

Common — year x month/week/day and area

Significant terms raise some interesting
guestions about the interactions

Interactions with year are problematic

Makes interpretation of year effects difficult (may
not be an index of relative abundance)

31



Remedial Measures for Year Interactions

Ignore the interactions with year — don'’t include when
model is estimated (most common in literature)

— May lead to biased index of abundance if interaction is
substantial

— Try model with and without to see how year estimates change

Interactions with year and month/week/day
— Average estimates from year x month interaction over year
— Use dummy dataset to get estimate then average across years

Interactions with year and area
— Use area size to calculate a weighted average like above

— Recognize that these interactions imply different trends in
abundance in different areas; suggests a spatially structure
population

32



Zero catches

“Real” Zeros

* Due to clumped distribution of fish within its
range and the sampling design

“False” Zeros

» Gear unknowingly malfunctions during tow
« Sampling occurs outside species’ distribution

33



Remedial Measures for Zero catches

Ignore them
— Delete if “False” zeros

Aggregate information in a cell
— Results in loss of information

Add a small constant to all data (common)
— Choose based on appropriate transformation to normality
— Remove constant when back-transformed

Use distributions that have zeros
— Poisson, Negative Binomial

— If not best fit, try zero-inflated Poisson and Negative binomial
distributions

Delta (Conditional) Model

— Model zeros and positive catches separately
34



Delta (Conditional) Models

If data aren’t fit well to a

single distribution

Can decompose fish "

abundance data into two

components and model

each component

separately -

Then recombine / \
Absence/Presence (binomial: 0/1) Positive Values

i . |I|II.._. ___________

Variate
Presence/Absence

>



Decomposition of catch data
Into binary and positive components

Decomposed
No. per haul Binary Positive
0 0
4 1 4
6 1 6
1 1 1
0 0
3 1 3
4 1 4
6 1 6
0 0
0 0
2 1 2
Mean 2.360 Proportion 0.64 Mean 3.71

T~

p*m=



Delta-X Models

« Delta refers to zeros and X can be any distribution for the
positive catches

« Each component is modeled separately

Presence/Absence (0/1) — loqgistic reqgression

Ioge[1 pp]:aJrﬁleJrﬁng +.4+ o Xp +&

Positive Values — glm assuming different error
100,Y; = a+ By Xy + BoXo+ +B.X,+ & (log-normal)

Stefannson, G. 1996. Analysis of groundfish survey abundance:
combining the GLM and delta approaches. ICES J. Mar. Sci. 53:577-

588
37



Delta-X Models

Get estimates of p and y for each year and combine to generate
predicted unconditional mean

Estimate year means and probs as before
ﬁi _ EXP (/60 + /G_l.l)
A A 1+exp(fo + fii)

A:ﬁi- i
\

L = eXp(/éo + ,éli)

var(A) =var(z - p,) = p? var(i) + 2 var(p,) +2- p, - 1 - Cov(p, 1)

See Appendix 1 in Lo et al. 1992 for complete example

38



Common Delta-X Models

* Presence/absence modeled as binary
response using logistic GLM

* Positive response modeled as log-normal,
Gamma (log link), Poisson (log link) ,
Inverse Gaussian

« Other potential positive distributions —
zero-truncated Poisson and Negative
Binomial

39



Delta-X Models

* Interpretation of predicted mean index Is
dependent on the significant variables In
both GLM models

* For example, If logistic GLM finds p
depends on salinity and the GLM for
positive values finds positive catches
depend on temperature, then the overall
mean depends on salinity and temperature

40



Combining Survey Indices

41



Range Contraction
(Low Abundance)

Range Expansion
(High Abundance)

River

“1" ‘..’At
‘ y
| A, : -{"
‘ > ‘ .
..‘ '.‘
h 3
} { :\ |
Hudson %

Hudson |
River

N Ak o AkE
Chesapeake 7%,
Bay ;'

Chtrsap.cakc “;:.
Bay, ¢




Well-designed comprehenswe survey Is best to estlmate
relative abundance and detect changes in abundance
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Because of Jurlsdlctlonal boundarles separate SUI’VGyS“'_':“

may be conducted in sub-regions of a species range
usmg different methodologles
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Trends in relative abundance will be vary depending on
sub-region and gear used
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 How do you combine indices?

— If all subregions were sampled (with similar gears and
methodologies), equal to comprehensive survey -
combine using area-weights in a weighted average
(like stratified mean)

— |If few subregions (using same gear and
methodologies), treat subregion as random effect and
use GLM with correlated errors (Fabrizio et al., 2000)

— If multiple surveys with different gears in same sub-
region can use GLMs to standardize by including a
gear effect (assuming same mesh sizes; Ault and
Smith MS 2000)

— If multiple surveys with different gears, different
regions: gear may not be sampling same population

(size-related difference) 45



Combining Survey Indices

Multiple relative abundance indices may
be available for single stock

How to combine into one, overall index?

Use GLM with gear factor — year effects
are combined estimate

Choice of distribution with depend on
availability of data (raw versus means)

47



data[data$state == "MD", 3]

Combining MD and VA YOY SB Indices

15

10

5

MD-red VA-blue

R=0.78 i

SV
/T\\ e o 1°
/ o / \"vo " \

I I I
1985 1990 1995 2000 2005

data[data$state == "MD", 1]
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data<-read.csv("P:/ASMFC/GIm Course/CPUE
Standardization/Programs and Data/sbyoycb.csv")

modI<-glm(index~as.factor(year)+state,family=gaussian,data=data)

termplot(modl,rug=F,se=F,ask=T,patrtial.resid=T)
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