
The Meta-analysisof Population Trendsof Loggerheadand Leatherback
Turtles

1 Intr oduction

Critical conservation decisionsoften have to be madefrom widely scatteredlocal datathat may
show what appearsto be contradictorytrends. Traditionally, eachtrendwasexaminedindepen-
dently to determineif they show statisticallysignificantresults.This approach—determiningthe
proportionof studiesindividually exhibiting statisticalsignificancein theprescribeddirection—is
known as“vote counting” in the meta-analysisliterature,and is inherentlyflawed (Hedgesand
Olkin 1985). HedgesandOlkin (1980)showedthatasthenumberof studiesbecomeslarge, the
proportionof studiesyielding significantresultsis approximatelytheaveragepowerof thetest.

Herewesuggestanimprovedapproach.Ourgoalis to obtainthemostpowerful estimates,and
still modelthevariationamongsites.

2 A Mixed Model Approach

We begin with thesimplestof models.Let Xit betheestimateof abundanceof nestingfemalesat
eachsitei in yeart. Wewill examinethesimplestpossibledynamicmodelfor eachsite,giventhat
eachsitebeganwith aninitial numberof nestingfemalesin thefirst yearof thestudy, i.e. at t � 0
eachsitehadxi0 nestingfemales.If eachpopulationis changingat a constantrateover theperiod
of timeof thecensuses,wehave

Xit
� Xi0er it

� εit

wherer i is theinstantaneousrateof populationchange,Xi0 is theinitial populationsizeof the ith
population,andεit is theerrorin theestimateof abundanceanddeviationsfrom theassumedmodel
(sometimescalled“processerror”).

It is unlikely that all the nestsiteswill have exactly the samerateof change,so we will in-
vestigatea simplemixedeffect modelwherewe assumethatr i � N

�
µr � σ2

r � , whereµr is themean
instantaneousrateof changein populationsizefor thenestingsitesandσ2

r is thevarianceamong
populations.

We will investigatetwo approachesto theabovemodel: (1) we log transformthedataanduse
a linearmixedmodeland(2) wewill usetheraw countsanduseageneralizedlinearmixedmodel.
thesecondapproachis moreflexible, andcanhandleyearsin which no turtleswereobserved,but
thefirst is easierto implementandunderstand.
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3 A Linear Mixed Model

First,wecanlog transformtheabovemodel.Let xit
� logXit, thenwehave

xit
� xi0 � r it � εit �

Now r i canbe interpretedasa slope,andxi0 canbe interpretedasan intercept.The initial pop-
ulation numberis also observed with error so that it is clearerif we definethe true initial log
abundanceto beaparameter, θi

� truexi0, whichwewill estimate.Theaboveequationbecomes

xit
� θi � r it � εit �

The nestingsitesvary in sizeandsuitability for nesting,andthesepropertiescanbe thoughtof
asintrinsic to eachsite,andunrelatedto any othersite. Sincethe interceptfor eachnestingsite
determinesthe initial density, we treat the interceptsas site-specificfixed effects. The rate of
changeof thepopulationateachnestingsite,however, mayreflectlarger-scalephenomenasuchas
climateor managementpolicies. Thereforewe modeltheslopefor eachnestingsiteasa random
effect.

We usedrestrictedmaximumlikelihood(REML) to fit the linear mixedmodels. REML can
be thoughtof asanadjustmentto thedegreesof freedomaccountingfor thefixedeffects,giving
unbiasedvarianceestimates(Searleetal. 1992).Thelikelihoodratiotest(lrt) wasusedto compare
thefit of differentmodels.

We estimatedtheparametersof this modelundertwo differentassumptionsfor εit . First, we
assumedthat the varianceof εit is the samefor all sites. That is, we assumethat εit � N

�
0� σ2 � ,

whereσ2 is estimatedfrom thedata. An alternative approachis to assumethat thevariancesare
primarily dueto factorsunrelatedto samplesize,andestimateaseparatevariance,σi for eachsite.

4 A GeneralizedLinear Mixed Model

In order to test the robustnessof our approachwe investigatedalternative model formulations.
Alternatively, weassumedthattheresidualvariationin theabovemodelwasdescribedby agamma
asopposedto a lognormaldistribution. For this model,we useda generalizedlinearmixedmodel
with a log link andagammaerrordistribution. In this model,thevariationof r amongsitesis still
Gaussian.Theseparameterswereestimatedusing the generalizedlinear mixed modelmethods
developedby WolfingerandO’Connell(1993).

5 Obtaining an overall estimateof population changes

Theabovemodeldoesnotprovideanestimateof thetotalpopulationchangeovertime. Wesuggest
two approachesto obtainsuchachange;which requiredifferentamountsof data.
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5.1 Trenddata available for all sites

In this situationwe have somedatafor all sites;however at somesitesvery limited datamight be
available.In this casewecanincludeall reliabledataandobtainBLUP for eachsiteandyear. For
eachsiteweobtainanestimate.

6 Data

6.1 Loggerheads

We useddatafrom beachsurveys of nesting.We have limited our analysisto beacheswherewe
believetheeffort hasbeenrelatively constantovertime. However, thisassumptionmaynotalways
betrue,particularlyfor theearlyyears.Weview this asthegreatestuncertaintyin theanalysis.

The North Carolinabeachesusedin the analysiswere: BBVO BHIC CHNS CLMB CLNS
HBSPPINWR.Weanalyzedthis groupasaunit.

TheGeorgia beachesusedin theanalysiswere:BKB CUM JEK LCI LSI OSSPIN SAPSCI
SEA SSI TYB WAS WMI. For oneof the Georgia beaches,LCI, therehasbeena large amount
of beacherosion. We decidedto keepthis beachin the analysisbecausethis representsnatural
variationamongbeaches,andtheturtlesfrom thatbeachprobablynestedelsewherein theregion..

We decidednot to usethebeststudiedbeachin SouthCarolina,CapeIsland,becausepredator
controlappearsto havemadethis beachunrepresentative.

We combinedresultsfor two differenttime periods:1989-1999and1979-1999.We believe
thatthedatafrom themorerecentperiodaremoreconsistent.

7 Results

Wefit avarietyof models,to eachdataset:with lognormal,gamma,or extra-Poissonvariability in
theobservationerror, with separateerrorvariancesfor eachbeach,andwith andwithout outliers.
We foundthat therewasrelativiely little differenceamongthesemodelsfits, but that theseparate
errorvariancewasusuallyneeded.For simplicity wewill reportthelognormalerrorwith separate
errorvarienacesasour primaryestimates.

7.1 Loggerheads

7.1.1 Georgia

Wefirst discustheperiodfrom 1979-1999.
Theestimatesof theslopeif eachnestingsiteis fit individually by OLSregressionare:

Nesting Parameter Standard T for H0:

Site Estimate Error Parameter=0 Prob > |T|

BKB 0.005577 0.01366527 0.408 0.6878
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CUM 0.007004 0.01254062 0.559 0.5860

JEK 0.015879 0.01160858 1.368 0.1903

LCI -0.092834 0.00900179 -10.313 0.0001

LSI 0.041901 0.03072965 1.364 0.2026

OSS 0.017643 0.01747988 1.009 0.3270

PIN -0.011962 0.03620422 -0.330 0.7473

SAP 0.057755 0.02783523 2.075 0.0622

SCI -0.011230 0.01948592 -0.576 0.5760

SEA 0.073510 0.04804723 1.530 0.1604

SSI -0.192613 0.06439019 -2.991 0.0152

TYB -0.001411 0.08965388 -0.016 0.9878

WAS 0.024396 0.01453494 1.678 0.1096

WMI -0.313002 0.42583946 -0.735 0.5965

Note that therearetwo nominally significantdeclines(LCI andSSI), but 8 of the 14 slopesare
positive.

We now considerthe mixed model results. The estimatefor the meaninstantaneousrateof
change,µ, was � 0� 0060(SE= 0.0168).Thestandarddeviationof r amongsites,σr , wasestimated
to be0.05,andthestandarddeviation of theerror, σ, wasestimatedto be0.45.

If we allowedseparateerrorvariancesfor eachsite,µ is estimatedto beslightly positive (µ̂ �
0� 001,SE= 0.014),andwith morevariationamongsites(σ̂r

� 0� 04).
Similar resultswereobtainedfor thetime periodfrom 1989to 1999whenthenestingdatais

believedto bemorereliable,i.e. therewasno evidenceof anoverall changein thepopulationsin
Georgia.

7.1.2 Northern USpopulation

In thisanalysiswefit thedatafrom 78-89with one”r” andthedataafterwith asecond”r” usinga
piecewiselinearmodel.In theresultsbelow, ther for theearlyperiodis estimated,thenthechange
in ”r” is addedon,all in thesamemixedmodel.
observational separate time r StdError r DF

error error
assumption variance
lognormal no 	 1978 0.0052 0.017 29
lognormal no 	 1989 0.023 0.01933172 22

lognormal yes 	 1978 -0.00891 0.012 29
lognormal yes 	 1989 0.039 0.015 22
The effect of the mixedmodelanalysisfor the NorthernUS leatherbackpopulationsis clear

whenexaminingthedata(Fig. 1). Eachpoint in theplot representsthenumberof log transformed
nests. Note that when thereare outliers, (BogueBanks),the mixed model fits downwait these
outliers.
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Figure1: Plotsof log transformednestcountsfor the populationsin the northernUS populationof leatehrback
turtles. Eachpoint is anobservation,thesolid line is theordinaryleastsquaresfit, thedashedline is theBLUP from
themixedmodel.Theverticaldashedline is thetime thatTED’swereemployed.

Theupshotis: no changefrom 78 to 89, anda probablyincreasefrom 89 to 1999. Themag-
nitudeandstatisticalsignificanceof the increasedependsuponthe exact implementationof the
model,but theeffect is suggestive in all analyses.
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7.1.3 SouthFlorida Loggerheads

Theresultsfor thesouthFloridaloggerheadsare

observational separate time r StdError r DF
error error

assumption variance
lognormal no 	 1978 0.06220707 0.01378918 6
lognormal no 	 1989 -0.02726639 0.02226328 4

lognormal yes 	 1978 0.066 0.01323360 6
lognormal yes 	 1989 -0.03255165 0.02042191 4

In summary, for southFlorida themodelwith theseparteerror variancesfor eachbeach,the
populationhasbeengrowing with a r̂ � 0� 066(s.e.0.013)since1979.Whenanadditionaltermis
addedfor theperiodsince1989,thereis nota signifianctchange(addedr is estimatedto be0.032
(se0.02).Notethatthedirectionof changeis theoppositsignasfor thenorthernpopulation.

7.2 Leatherbacks

For leatherbackswe treatedthedatafrom theVirgin Islands,SouthAmericaandFloria asseparte
groups,or populations.

In all cases,weexamineddatafrom 1979on,for Virgin IsalnsandFlorida,but usedsince1987
for SouthAmericabecauseof changesin thelocal fishingpolicy..

For theUS Virgin Islandsite,we carriedout a sinplelinearregressionon thelog transformed
neststo estimatetheinstaneousrateof populationchange.Theestimatewas0.078(S.E.=0.0135).

For theFloridasites,errorsearateerrorvariancelognormalno 0.125790850.052330206 2.40
0.0530lognormalyes0.12150.05266 2.310.0603Poissonno0.11450.04236 2.710.0353Pois-
sonyes0.13040.05696 2.290.0616gammano 0.12150.05266 2.310.0603gammayes0.1167
0.05176 2.260.0647

For SouthAmerica lognormalno -0.190189320.059583342 -3.19 0.0857lognormalyes -
0.162917710.041245332 -3.950.0585
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8 Intr oduction

GeneralStuff

9 Example: Wolvesin Québec

Over the last 100 years,the geographicalrangeof gray wolves (Canis lupus) hasbeengreatly
reduced(Larivière,Jolicoeur, andCrête2000). During the1970’s, theprovinceof Québecestab-
lishedanetwork of wildlife reserveswheretheharvestof gamespecies,includingwolves,became
controlledby asystemof registeredtraplinesandaquotaonhuntinglicenses.Recently, Larivière,
Jolicoeur, andCrête(2000)reportedon wolf populationtrendsduring the last 15 yearsin 9 re-
serveslocatedin southernQuébecusingdatafrom questionnairesdistributedto moosehuntersand
anequationlinking thequestionnairedatato radio-trackingdata.In oneof thereserves,Ashuap-
mushuan,a differentmanagementschemewasused,andwe omit thedatafrom this reserve. Fig-
ure?? displaysthedatafrom theremaining8 reserves.

Note that the 1989observation in the Mastigouchereserve seemsunusual: it the lowestob-
servationanddeviatesfrom theoverall trend. Becauseit is not at eitherextreme,it might not be
expectedto bevery influentialonestimatesof theinterceptor slopein a linearregression,however
it wouldbeexpectedto inflatethevarianceestimate.
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Thereis aprior reasonfor treatingthe1997observationin theLaurentidesreservewith caution:
themanagementschemethatyearwaschangedasanexperiment.

To estimatelong-termtrendsin wolf densitiesin eachreserve, Larivière,Jolicoeur, andCrête
(2000)performeda simplelinear regressionof densityversusyear, andconcludedthat,over the
last15years,in 7 of the9 reserves,wolf populationshavebeenrelativelystable,with theremaining
2 reservesshowing declines.This approach—determiningthe proportionof studiesindividually
exhibiting statisticalsignificancein theprescribeddirection—isknown as“votecounting” in the
meta-analysisliterature,and is inherentlyflawed (HedgesandOlkin 1985). HedgesandOlkin
(1980) showed that as the numberof studiesbecomeslarge, the proportionof studiesyielding
significantresultsis approximatelytheaveragepowerof thetest.

10 Example: Wolvesin Québec

Larivière,Jolicoeur, andCrête(2000)performedlinear regressionson eachof thedatasetsindi-
vidually. For the ith dataset,themodelis

yi
� Xiβ � εi � (1)

whereεi � N
�
0� σ2

i I � .

8



• • •
• •

• • • • •
•

• • •

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

La Verendrye

• • •
•

•

•

•
•

• •
•

•

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Laurentides

• •
•

•

•
•

•

•
• •

•

•

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Mastigouche

• •
•

•

• • • •

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Papineau-Labelle

•
•

•
• •

•

•
•

•
• •

•
•

•

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Portneuf

•
• •

•

•

•
• • •

•

•
•

•
•

•

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Rouge-Mattawin

•
•

• • •

•

• •

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Sept-Iles/Port Cartier



•
•

•
•

•

•
•

•

• •

•
•

•

1984 1988 1992 1996

-1.5

-1.0

-0.5

0.0

0.5

1.0

Saint-Maurice



Year
�

lo
g 

nu
m

be
r 

of
 w

ol
ve

s 
pe

r 
10

0 
sq

ua
re

 k
m

Figure2: Log populationnumbersof wolvesin 8 reserves in southernQuébecwith fitted least
squaresregressionlines.The1997observationin theLaurentidesreserve is plottedasanopencir-
clebecausethemanagementschemethatyearwaschanged.Thedashedline showstheregression
excludingthatpoint.

Only threeof the reservesgive slopessignificantlydifferentfrom zeroat the95%confidence
level—Laurentides,RougeMattawin, andSaintMaurice—andall threeshow declines. Two of
the reservesshow apparent(but non-significant)increases:Papineau-LabelleandSept-Iles/Port
Cartier.

Olkin (1999)encouragesthemeta-analystto “Plot, plot, plot wheneverandwhateveryoucan.”
A standarddisplayusedin meta-analysisconsistsof a sequenceof point estimatesandconfidence
intervals from individual studiesfollowedby a meta-analyticsummary, typically a combinedes-
timatewith a confidenceinterval (Light et al. 1994;Galbraith1988). This hasalsobeencalled
a forestplot (Bijnenset al. 1996). In subsequentchaptersof this work, we will considermeta-
analyticsummaries,but for now, thefocusis on individualestimates.Figure3 shows a displayof
theindividualestimatesof theslopesof theregressionlinesin Figure2.
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Figure3: Pointestimateand95%confidenceinterval for theslopeof theleastsquaresregression
of log numbersof wolvesversusyearfor eachreserve.

Figures3 and2 show completelyindependentreserve-specificestimates.In particular, theerror
variances,σ2

i , areassumedto beunrelated.As Figure2 shows, theerrorvariancesdiffer between
reserves.For example,theerrorvariancefor theLa Vérendryereserveis clearlymuchsmallerthan
that for the Saint-Mauricereserve. It may be that the true error variancesdiffer betweenstudies
solely becauseof differencesin the effective samplesizeunderlyingeachobservation from the
variousreserves.Approximateeffectivesamplesizes,n�i , for observationsfrom eachreservewere
obtainedby ... andareshown in Table1.
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Reserve Effectivesamplesize,n�i
La Vérendrye 378
Laurentides 355
Mastigouche 168
Papineau-Labelle 198
Portneuf 100
Rouge-Mattawin 130
Sept-̂Iles/Port-Cartier 48
Saint-Maurice 66

Table1: Effectivesamplesizesfor observationsfrom eachreserve.

If weassumethattheerrorvariancefor eachreserve is givenby σ2  n�i , thenwecanestimatea
singlevarianceparameter, σ2, therebylinking the8 regressions.Theresultingslopeestimatesare
no longer“individual estimates”in the senseusedabove, but the assumptionis relatively weak,
andis unlikely to distortourconclusionsseriously.

10.1 Example: Wolf data

As notedearlierthereis at leastonesuspiciousobservation: the1989observationatMastigouche.
A robust regressionprocedureappliedto thesedatacanbe helpful in assessingthesensitivity of
theindividual regressionestimates,andin identifyingunusualobservations(Figure4).
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Figure4: Log populationnumbersof wolvesin 8 reserves in southernQuébecwith fitted least
squaresregressionlines (solid) androbust regressionlines (dotted). Along the top of eachpanel
shortvertical lines indicatethe weightsfor eachobservation from the robust regression.When
an observation is completelydownweighted,no vertical line is visible. The 1997observation in
theLaurentidesreserve is plottedasanopencirclebecausethemanagementschemethatyearwas
changed.

Notethatthe1989observationat Mastigouchehasbeenentirelyeliminatedfrom theanalysis.
Togetherwith thedownweightingof severalotherpointsfor this reserve, theresultis asubstantial
changein the estimatedslope. Several observationsat other reserves are also strongly down-
weighted,e.g. the 1997observation at Laurentides(which we have a prior reasonto reject)and
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the1992observationat Papineau-Labelle.Two points,1991and1995,aredownweightedin the
Sept-Iles/PortCartierdata,resultingin a substantialchangein slope. For suchsmall datasets,
it is not clearwhetherto acceptthe resultsfrom the robust regression.Nevertheless,it helpsto
highlight unusualobservationsandsensitivity in our estimates.

11 Example: linear mixed effectsanalysisof the wolf data

Thereservesvary in sizeanddensityof wildlife, andthesepropertiescanbethoughtof asintrinsic
to eachreserve,andunrelatedto any otherreserves. Sincetheinterceptfor eachreservedetermines
the initial density, we treatthe interceptsasreserve-specificfixed effects. The rateof changeof
the populationin eachreserve, however, may reflect larger-scalephenomenasuchasclimateor
managementpolicies.Thereforewemodeltheslopefor eachreserveasa randomeffect.
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Figure5: Log populationnumbersof wolvesin 8 reserves in southernQuébecwith fitted least
squaresregressionlines(solid)andBLUPs(dashed).
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Reserve-specificintercepts
random slopes
reserve-specificerror variances

SASmodel

model logn = site year/solution;

random year /subject=site solution type=simple;
repeated /subject=site group=site;

SASOutput

Covariance Parameter Estimates (REML)

Cov Parm Subject Group Estimate

YEAR SITE 0.00013567
DIAG SITE SITE LaVere 0.01237370

DIAG SITE SITE Lauren 0.03215638
DIAG SITE SITE Mastin 0.18672707

DIAG SITE SITE PapLab 0.04536965

DIAG SITE SITE Portne 0.08787437
DIAG SITE SITE RouMat 0.08874428

DIAG SITE SITE SeIPoC 0.06213305
DIAG SITE SITE StMaur 0.19734598

The σ2
i ’s clearly vary amongreserves. In fact we do have proxiesn�i for the samplesizes

associatedwith theobservationsfrom thedifferentreserves,shown in thetablebelow

Reserve LaVere Lauren Mastin PapLab Portne RouMat SeIPoC StMaur
n�i 378 355 168 198 100 130 48 66

For example,eachobservationfrom LaVereis treatedasbeingtheaverageof 378measurements.
Writing σ2

i
� σ2  n�i wenow haveasingleerrorvariancecomponentto estimate.

Reserve-specificintercepts
random slopes
singleerror variancewith reserve-specificweights

SASmodel

model logn = site year/solution;

random year /subject=site solution type=simple;
weight sampsize;
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SASOutput

Covariance Parameter Estimates (REML)

Cov Parm Subject Estimate

YEAR SITE 0.00000000
Residual 12.55453776
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The meanslopeis estimatedto be � 0� 026 with a standarderror of 0� 009. The varianceof
the slopeis estimatedto be zero. Using thosepoint estimatessuggeststhat noneof the slopes
couldin factbepositive. However, this is amisleadingconclusion,sinceit ignorestheuncertainty
in the estimates.Figure 6 is a graphicaldisplay of the rangeof plausiblevaluesof the mean
andthestandarddeviation of theslope,with theassociatedprobabilitiesof a positive slope.The
“mushroom”-shapedcontouris the joint 95% likelihood-basedconfidenceinterval for the mean
and standarddeviation of the slope. In the upperright portion of the mushroom,the meanis
relatively largeandthestandarddeviation is relatively large.Theprobabilityof a positiveslopeis
thenup to about0.4.
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Figure6: Approximatejoint 95% confidenceinterval for logσ2
1 andlogβ1 (heavy line) with su-

perimposedcontoursof constantprobability (lighter lines), showing the probabilityof a positive
slope.Thedottedverticalline indicatesa meanslopeof zero.

A hierarchicalBayesianapproachto thisproblemwouldmakeuseof prior distributionsfor the
meanandvarianceof theslope.But thechoiceof prior distributionsfor variancesis quitedifficult
and in small samples“noninformative” priors may in fact be informative (Daniels1999). Note
first that theboundaryvalueσ2 � 0 is supportedby non-negligible likelihoodsinceit is possible
that thereis no between-studyvariance(cite DuMouchel). The standardnoninformative prior is
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p
�
σ2 � ∝ 1 σ2 (Box andTiao 1973),however this hasanasymptoteat zero,which canleadto an

improperposterior. Smith,Spiegelhalter, andThomas(1995)arguethata reasonableapproachis
to searchfor aproperprior.
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Figure7: Profilelog likelihoodand...

Thegeneralproblemis to assesswhat is happeningin a wide geographicalareafrom limited,
samplingin certainareas.This is similar to theproblemin meta-analysisof synthesizingdataon
severalexperiments.Theapproachtakenby NEF is to look at theproportionof studyareasthat
show statisticallysignificantresults;this is known as“naive vote counting” in the meta-analysis
literature(HedgesandOlkin 19??).Therearegrave disadvantagesto this approachandcanlead
to verymisleadingresults.

Surveys.
Thewolf densitywasestimatedby acombinginformationon theproportionof tripsby moose

huntersthat observed tractsandscatwasobserved, andthe numberof dayshuntersheardwolf
howls. The indicesof abundancewas transformedinto densityusing the methodsof ???. The
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proportiondatawasarcsinetransformed.Althoughthedatais convertedinto numbersof wolves
per100sq.kilometers,for our purpose,weonly needto usethedataasanindex.

Theprovincecarriedout9 simplelinearregressionsof wolf densityversustime,andconcluded
that that in generalwolf populationswerestable,becauseonly 2 of the9 reserveswerefound to
havesignificantnegativeslopes.

Herewe reconsiderthequestionusinga meta-analyticapproach,to askif theconclusionsare
reasonable.If thereservesaresubjectto thesamemanagementregime,andaresubjectto similar,
large-scaleenvironmentalvariability, thenit is reasonablethatto considerthehypothesisthatthey
representdifferent“realizations”from a commondistribution. Of the9 reserves,8 have a similar
managementregimeandtrappedprimarily by non-natives,while onenativesholdexclusiverights
to trappingwolves.This lastreserve,Ashaptashut,will beconsideredseparately. It alsois theonly
reserve thatdoesnot have dataafter1993,theperiodwhennew, moreefficient trappingmethods
wereintroducted(seenext section). The othermanagementchangethat occuredwasthat in the
last year for which we haddatafor Laurentidereserve most trappersvoluntarily refrainedfrom
capturingwolvesto assistin thestudydescribedin thenext section.We thus,removedthis point
(1997)from theanalysis.

We askif we considerthedataasa whole,includingtheerrorsin theestimatesof abundance,
weatherwecanconcludeany thing aboutpopulationchangeof thewolf populations.

We begin with thesimplestof models.Let xit betheestimateof abundancein reserve i in year
t. Weconsidertheinitial modelthateachpopulationis changingataconstantrateof theperiodof
timeof thecensuses,wehave

xit
� xi0exp

�
r it � εit �

wherer i is therateof populationchange,xi0 is theinitial populationsizeof theith population,and
εit is the error is the estimateof abundanceanddeviationsfrom the assumedmodel(sometimes
called“processerror”). It is unlikely thatall thereserveswill haveexactly thesamerateof change,
sowe will investigatethea simplemixedeffect modelwherewe assumethat r i � N

�
µ� σr � . We

estimatedtheparametersof this modelundertwo differentassumptionsfor εit. First,we assumed
that thevarianceof εit is proportionalto the inverseof thesamplesize,which we approximately
know. That is , we assumethat εit � σ  ni , whereσ is estimatedfrom the data. An alternative
approachis to assumethat the variancesareprimarily dueto factorsthat arenot proportionalto
samplesize,andestimateaseparatevariance,σi for eachreserves.

Results
Whenfit individually, thereare2 positiveslopesestimated,andtherestnegative,with statisti-

cally significantslopes.Theseresultsaresimilar to theMEF’sanalysiswithout thelog transform.
Both versionsof themixedmodelanalysisshow a statisticallysignificantdeclinein themean(µ)
of around0.02(roughly2% a year),andestimatevery little variability amongreservesin therate
of populationchange.This suggeststhat the 8 reservesarebehaving a similar fashion,andare
probablyrepresentativeof muchof southernQuebecwheretrappingof wolvesoccur.

Table
We alsotestedif autocorrelationin theresidualswasimportant.We thusfit thesamemodelas
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beforebut weassumedthatεit wasa first-orderautoregressiveprocessfor eachreserve.
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