MECHANISMS MATTER FOR EVALUATING THE ECONOMIC IMPACTS OF MARINE

RESERVES

ABSTRACT
Large areas of marine and coastal environments havehatentedo satisfy diverse policy goals,
but there has been limited woudnderstandinghe economic impact®f such closureswWhile
methods for establishingausalimpactsare prevalent, less attention has been paid to explaining
the mechanisms through which the causal relationship came to be. Understanding mechanisms is
crucial for designing policies that foster the mechanimat achieve the intended objectives of
marine reserves and mitigate the mechanisms that ddMeoestimate théreatmenteffect of a
large maringeserveon the net earnings af commerciafishery using differencan-differences
and syntheticontrol deigns, and decompose tineatmentffect into its constituent mechanisms
through structural equation modelinge find minimal evidencehat closingthe marine reserve
to fishing had a significant economic cost fothe industry however,several counteracting
mechanisms are critical for explaining the effect and for generalizing to other settings.
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l.  INTRODUCTION

Program evaluation & critical elemenof evidencebased policy makinfpr natural resource
and environmental manageméhrerraro 2002)When conducted properlprogram evaluations
assess the degree to whidianges in an outcome varialln be attributed sdieto a particular
policy, and are therefore essential for eliminating any plausible explanafitims outcomehat
are unrelated to the policiost of the program evaluation literature is devoted to establishing
whether a program causally affectal outcome variable; in contrast, relatively few evaluations
explainhow or why such a causal relationship came t@linai et al. 2011)Understanding the
mechanisms through which a program influences an outcome variable is important for both testing
economic theory and for geralizing results beyond the setting at h@Héckman and Smith
1995) Moreover, understaling mechanisms can aid policy makers in designing policies that
foster the mechanisms that achieve the intenquididy objectives and mitigate the mechanisms
that do no(Ferraro and Hanauer 2014)

We estimate theausakhortrun economic impactsndthe underlyingnechanisms associated
with a largemarinereservefor the protection of the endangereéstern stock of Steliesea lions
(SSL) inU. S.watess off the coast of AlaskaMarine reservesor spatial closures more generally,
prohibit some or all fishing in a defined geographic area for a specific pafritiche, andare
among the primary tools of marine resource managers in the.vimdlieed the United Nations
national and state governmendsid othemanagement agencies haviimgmal goals of placing
10-30 percent of the oceans in marine resefVéabnitz, Andrefouet, and Mulldfarger 2010)

The potentialong-term benefits ofmarine reservesuch as the protection of vulnerable species
(Hooker and Gerber 2004nd/or the spillover effects of rebuilt stodlesg., Abesamis and Russ

2005) are well known andhave been discussed thorougfdyg., Gaines et al. 201Mlowever,



empitical estimates of thehortrun costs incurred by the commercial fishing industry are velati
scarceMarine reservesanchange the opportunities availabldigihers—for instance, by forcing
themout of productie fishing areagnd/orconstraiing ther ability to balancenultispeciesatch
compositions in accordance with annual spespcific harvestquotas(Abbott, Haynie, and
Reimer 2015) A marine reservemay thereforeincreaseshortrun costsor reducerevenues
possiblyoutweighng the benefitof thereserve Thus, @aluating the shontun costs incurred by
the fishing industry relative tany benefits ofmarine reserves a criticalelement forevidence
based policy making for ecosystdrased fisheries managemésmith et al. 2010; Sanchirico et
al. 2013)

Previous evaluations ahe shorrun cost ofmarine reserveare predominantlyex ante
analyses, which rely on predictive models of how fistaelisist their behavior in respongea
potentialspatial closurde.g., Holland and Brazee 1996; Hannesson 1998; Sanchirico and Wilen
2001; Smith and Wilen 2003; Berman 2006; Haynie and Layton 20Ud¥ortunately,
evaluating the impacif amarine reservex postis complicated by the fact thedservesare not
implemented in anannerthat facilitates the measurement ofithmusalimpact(Smith, Zhang,

and Coleman 2006)or instance, the implementation amarine reservearely geneates clear

1] 1] ”

treated” and control groups in which one
while others are, thereby impeding estimation of the counterfactual outcomes that would have
occurredwithouttheclosure. In additiormarinereservesypically do not occur in isolatigrother

factors that influence fishingelated outcomes inevitably change simultaneously, such as total
allowable catches (TACs), prices, abundances, etc. $hply using outcomes from before and

after implematation ofa marine reservenay notisolate the effect of thelosurefrom other

simultaneoughanges.



Our evaluation of the shertin economic impacts ad spatial closurdor SSL protection
addresseseveraimportant issues that have impedaedposievaluations ofnarine reserves the
past and makesseveralcontributionsto both the resource economics and program evaluation
literature First, the policy intervention directly affected the annual fishingraipns for only a
subset of comparablesfiing vessels, creating a natural group of control vessels that we can use to
estimate the counterfactual evolution of relevant outcome variables (e.g., net revenue) for the
affected vessels. To this emde conducta comparative case study which estim#besevolution
of an outcome of interest for unitsere vesselgffected by a particular intervention and compare
it to the evolution of the same outcome estimated for some control group of unaffessets
(Abadie, Diamond and Hainmueller, 201@omgarative case studies for evaluating policy
interventions are relatively rare in the fisheree®nomicditerature due to the frequent lack of
unaffected and comparable units for constructing a counterfactual.

Second, weare able teestimate the economimpacts of thespatial closuraising a unique
confidential dataset of annual fishing revenues and costsn&ivecost dataarerarely collected
from the fishing industry. Indeedjostex postpolicy evaluations resort to using proxies for net
impacts, ach asgrossrevenues, harvests, or welfare estimates from random utility models. Our
unique dataset allows us to estimate net impacts using a measure of net rexzecn@dination
of fishing revenues and variable costs associated with fishing operations.

Third, we employempirical methods that allow us to relax some of the limiting features of
traditional method$or conducting comparative case studies, such as the standard diffierence

differences (DnD) estimator. In particular, we estimateatheragereatment effect othetreated

1 Some notable exceptions of comparative case studies for evaluating fishery policy interventionSiciudldie
Anderson, and Uchida (2012pdKroetz, Sanchirico, and Lew (201%)ther comparative case study examples in
fisheries for evaluating nepolicy shocks includébbott and Wilen (2010andJardine, Lin, and Sanchirico (2014)
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(ATT) of the spatial closureusing propensitygcoreweighted (PSW) differenem-differences
(Heckman, Ichimura, and Todd 1997; Hiratmpens, and Ridder 20Q3yhich more closely
balances the treated and control groups based ointpregention characteristics and initial
conditions, and the synthetic control method (SGMpadie and Gardeazabal 2003; Abadie,
Diamond, and Hainmueller 201,0yhich allows fovesselspecific comparison (or synthetic) units
andthe effects of unobserved vessekdfic factors to vary with time. Importantly, both the PSW
and the SCM are transparent and dhtaen processes for constructing a comparison group and
easily allow he researcher to explore whether toenparisorgroupis sufficiently similarto the
treated grougor causal inferenge feature that isbscuredn the differencen-differences model
(Abadie, Diamond, and Hainmueller 2014)

Finally, wedecompose the overall effect of $patial closuren net revenuasing a mediation
analysisto identify themechanisms through which tireatmenimpacs the treatedinits (Baron
and Kenny 1986;Heckman and Pinto 2015J o0 accomplish thiswe use a structal equation
model (SEM) to trace out the paths through which #mpatial closuraffect net revenu¢Sobel
1987) deconposing the overall effect into multiple mechanisiy. doing so, we are able to
identify what the causal impacts would have been had the marine reserve been implemented in a
different institutional and/or biologicaktting, a feature that is critical for extrapolating results to
other settingsDespite the importance for evideAoased policy making, there are relatively few
examples of decomposirige overall treatment effect into causal medsmas in the economics
literature(Ferraro and Hanauer 2014)

Our resultandicate that thee isminimal evidence of a overallnegative effect of thepatial
closureon the net revenuef affected vessels, a finding that is consistent across all modeling

approachesHowever, our decomposition of the overall treatment efflectonstrates that the



spatial closurdanfluences net revenue throughultiple courteracting mechanisms negative
“qguot a me citharises framgredudiarhinthe harvesiguotasassociated wittheclosed
ar ea; adigplacgnaentiecha&nisrh Which arises from displacing vessels from historically
productive fishing grounds; and a positiver a | u e mewbhibhaansessfrom the ability of
vessels tehift ther production activitiego increase thgrossvalue of theiproduction These
resultsconfirm the common verdict in the literatutbatthe shorrun cost of anarine reserve
will depend on the opportunities outside of the clogBraith et al. 2010 and citations withirij
our case, opportunities to shift fishing operations to target other valuable species outside of the
closure whosequotas were eithenonexistent orpreviously not exhaustedare critical for
offsetting the costs associated with displacing vessels fremHhistorical fishing grounds. More
generally, ar work demonstrates that under certain conditions, environmental protection may be
considerably less costlg the shorrunthan exante analyses suggest.

[I. BACKGROUND
Il.LA. StellerSea Lion Closures
Steller sea lionsHumetopias jubatysinhabit the North Pacific Ocean, ranging frararthern
Japan to central Californidhe western stock of SSbhereafterany referene to* S S lleférs to
the western stogkis mainly found in theCentral and WesterGulf of Alaska(GOA) andthe
Aleutian IslandsAl; Figurel). The U.S. National Mame Fisheries Service (NMFS) has employed
some form of protective measures for SSL conservation in the Al since the late Ih9B@30,
theSSLwas | i st ende da’s u“‘ntdherre atthee U. S. E ashaesujt efme d Sp
steep decline in the population starting in the late 193@s Berman 2008Pue to continued
declines, the SSL was eventuallydeclared” e n d a n g e r e ¢{National rOcedniz %ai2d

Atmospheric Administration 1997)T'he currentscientificunderstandig of thedeclinein the



SSL populationsuggestshatfishery removals of SSL prey specasild thwart the recovery

of the SSL population.The SSL prey on the primary speciestargetedby the commercial
fisheriesin the Al (Atka mackereland Pacific cod) andthe declinein the SSL population
coincidedwith a sharpincreasein commercialfishing for groundfish inthe North Pacific

in 1976 (National Oceanic and Atmospheric Administration 2004 federallynanaged
groundfish fisheries off Al as Kk atermgoéquantitynoé o f
fish caught and value of products produeeasignificant portion of which takes place in waters
adjacent to thdl, particularly for species such as Atka mackdrakific oceamperch, and Pacific

cod?

Historically, protective measwsefor SSL conservation have included spatial closthias
restrict groundfish fisheriesn areasnear SL critical habitat (e.g.haulouts, rookeriesand
foraging aregdrigurel); specialharvest control rules, whereby polloéitka mackerel, oPacific
cod fisheries arelosed if biomass falls to a certain proportiontsfunfished level; and seasonal
and spatial apportionment of tidCs (National Oceanic and Atmospheric Administration 2002)
In particular, the TACs for both Atka mackerel d@pakcific ocearperch are delineatddto three
large regions in the AMVestern (543), Central (542), and Eastern 541

In 2010, NMFS completed an ESBection 7 consultation on the effects of the Alaska
groundfish fisheries otihe SSL population and oits designated critical habitat. Based on the best
available information, the consultation resultéd a biological opinion that previously
implementedSSL protection neasuresould notensure that the groundfish fisheriesuld rot

jeopardizethe continued existence of tI8SL population(National Oceanic and Atmospheric

2 Catchfrom the federallymanagd groundfish fisheries off Alaskataled 2.3 million tons and $933.4 million in
ex-vessel value in 201&issel et al. 2015pand accounted for 53% and%7respectively, of the total weight and
ex-vessel valuefdJ.S. domestic landings in 201Mational Marine Fisheries Service 2016)
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Administration 210). As a result, additional protection measures were placed on groundfish
fishing in the Western Ain an attempt to protect the SSL population.

The 2011protectionmeasures hencef ort h cchhded mathageémertt &ea3d®4 o s ur
andcritical haitat areas in management abd2to Atka mackereand Pacific codishing (Figure
1), effectively creating a large marine reserve that prohibited certain fishingiest In addition,
the closuresharpy reducedhe overall TAC for Atka mackeréh areas 542 and 548igure Al
in the Appendix.® The Atka mackerel fishery primarily consists of one fleet of catcher processor
(CP) trawlers that receives quota shamsver 80% of the Al Atka mackerel TAC under the
Amendment 80 (A80) program. Between 2008 and 2010, seven CP trawlers harvested an annual
average of 61,000 metric to(mit) of Atka mackerel S$61.6 million wholesale) in the Al, of
which approximately 25%ook place in management area §Mational Oceanic and Atmospheric
Administration 2014) Pacific cod fisheries in the Al, on the other hand, are putsgty a variety
of different vessel types: A80 CP trawlgn®ntrawl (hookandline and pot) CRgrawl catcher
vessels (CVs and nonrtrawl (hookandline, pot, and jig) CVs. Between 2008 and 2010,
approxmately 24,000 mof Pacific cod yS$24.1 million wholesale) was harvested in the Al, on
average, of which 14% was harvested by 11 trawl CPs, 29% by #BavdrCPs, and 57% by 22
trawl CVs (National Ocenic and Atmospheric Administration 2014)Altogether, theclosure

wasestimated to putS$27-47 million ingrosswh ol esal e revenues at ri
A80 trawl CPs,US$11-14 million for the nortrawl CPs, and $22 million for the trawl CVs

(National Oceanic and Atmospheric Administration 2014)

3 Critical habitat (CH) areas represent 20 nautical mile (nm) buffer zones around all major SSL haulouts and
rookeries in the Al. The retention ban within CH areas in management area 542 after 2011 was congrehensi
except for a small area of QiHetween 10 and 20m) between 179° and 178° longitude.

4 Less than 0.1% of the total harvest Pacific cod in the Al is attributed to theavarCVs during this period.
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I1.B.The Amendment 80édet

For our evaluationwe focus only on the CP trawlers in the A80 progranttie following
reasonsi) the CP trawlers were the dominant flaetossthe affected Al groundfish fisheries
(particularly Atka mackerel), in terms of both harvests and wholesale revenues, with a significant
portion of fishing activity taking place imea 543 prior to 2011) in contrast to the other fleets,
the A80 CP trawlers have hammpleteonboard observer coveragice 2008, giving us a
comprehensive dataset alf fishing activity for all vessels that participate in the A80 program:;
iii ) unlike the other fleetsall A80 participantsmustsubmit an Economic Data Report on an annual
basis providinga unique dataset comprised of vedsekl annual revenue and costs derived from
vessel activity in the North Pacific groundfish fisheries; @hdince only a portion of the vessels
in the A80 fleet targeted Atka mackerel and Pacific cod in the Al, the A80 fleet provides a unique
opportunity to form a counterfactual (or control group) for the vessels that were required to halt
fishing for Atka mackerel and Pacific cod in area 543 after 2011.

A80 CPsuse norpelagic( “ b o t ttawl gearfo target groundsh in the federal waters of
the United States North Pacifia/essels in the A80 fleet embark on trips a2 Weeks in length,
processing harvésd fish onboard. Processing is typically minimauallyinvolving “heading
and gutting the fish, freezing them, and delivering them to brokers or wholesalers for direct sale

or further processing. Since the early 20@Bs,fleet has hativenty-three @rticipatng vessels

5 Under the North Pacific Groundfish Observer Program, onboard observers record the deployment and retrieval
location and times for every trawl, as well as additional information such as the total catch and tow depth. Observers
also randomly select hauls fepecies composition sampling. Se#://www.afsc.noaa.gov/FMA/default.htfor

more information.

5 The A80 fleet is comprised of vessels that have historicallight groundfislother than pollocksuch as flatfish

(e.g, rock sole, yellowfin sole, flathead &)] Atka mackerel, and Pacific oceaerch.

7 Originally, 28 CP vessels were eligible for the A80 program. However, three of these vessels have sunk (including
one in 2008, after Amendment 8@svimplemented), and three others have not fished in Alaska since 2003

(Northen Economics 2014)Since 2013, 18 vessels have participated in the fishery.

8



http://www.afsc.noaa.gov/FMA/default.htm

The fleet’s name signifi es Beting Sep/Alsusaa tslandso f Am
(BSAI) Groundfish Fishery Management Plavhich was implemented in 2008.he provisions
of A80 wereintendedto facilitate increased targeditch and profits, reduce bycatch and discards,
and increase flexibility while complying with target and prohibited species TACs. A80 resulted in
two major changes to fishery regulations. First, A80 granted a share of the total A80 TAC for the
six primary arget species (yellowfin sole, rock sole, flathead sole, Pacific cod, Atka mackerel, and
Pacific ocearperch) to each vessbased onts catch history. Second, vessels coeilthervest
their shares in a cooperative formed by participating mentrgraricipatein a limitedaccess
fishery. Cooperatives are given considerable flexibility as to howtasare allocated among
members. Leasing arrangements and/or-anoniéngth methods of reallocation within the
cooperative are all feasible, and tradingamsn cooperatives is allowedessels that chose to
participate in the limitediccess fishery liba share of their historic proportion of target species
put in a common pool that is available to all vessels in the lirsibedss fishery, similar to pre
ABOmanagement . I n addition, cooperatives recei
TACs according to their holdings of target speca®l all vessels in the limited access fishery
share the same overall PSC caps based on a proportion of catch difistessels in the limited
access fisheryin practice, companigsave primarily fished their own target and PSC allocations,
althoughrecentlythere have been sales and more frequent exchanges of quota of one species for
anothebetween companiés

Immediately following the implementation of A80, a subset of the fleet (sixteen vessads,

companies) formed a single cooperative (Alaska Seafood Cooperative, hereafter ASC), while the

8A ¢ o mp atal gatchor efich target and prohibited speaiaely exceedis allocated quoténot shown due to
confidentiality), suggesting that companm@smarily fishtheir own target and PSC allocations.
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remaining seven vessels (three companies) elected to remairimitbd-access sector. In 2011,
all vessels in the limitedccess sector formed a second cooperative (Alaska Groundfish
Cooperative, hereafter AGC), eliminating the limimttess sectoThere has been some
consolidation in the fleet since the implemeiotabf A80. In 2011 sixteen CPs (five companies)
actively fished as part of ASC, while only four vessels (one company) actively fished as part of
AGC.
l1l. METHODS

To evaluatethe impacts of theclosurefor protecting the SSL populatipwve conduct a
comparate case study, whichstmates the evation of an outcomdor vesselsaffected bythe
closuresand compare it to the evolution of the saougécomeestimated for control group of
unaffectedresselge.g., Card 1990; Card and Krueger 19@#8ntral to our identification strategy
is the fact that thelosureinterfered in the annual fishing plans of only a subset@f#ssels in
the A80 fleet—namely those vessels that targeted Atka mackerel and Pacific cod in the Al prior
to 2011° Of the tervessels that caught and retained Atka mackerel and Pacific cod in the Al prior
to 2011, seven actively targeted these species in area 543, tha agiah fishing wasmost
restrictedoy the 201Xklosure(TableA-I in the Appendi). Indeed, these seven vessels spent 15%
of their effort (measured in trawling hours) in area 543 prior to 2011 in comparison to <0.1% for
the remaining thirteen A80 vessélablel). Moreover, these seven vesdedsveste®8% of all
Atka mackerel caught by A80 vessels in the Al prior to 2011, with Atka mackerel comprising 43%
of their pervessel wholsale revenues, on average. In contrast, Atka mackerel accounted for an

average of only 0.7% of wholdsarevenues for the remaining A80 vessdlahlel). Thus, the

9 Abbott and Wilen (2010follow a similar identification strategy for the same fleet to estimate the effects of a
voluntary program for bycatateduction starting in 1995.
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seven vessels actively targeting Atka mackerel and Pacific cod in area 543 prior to 2011 were
exposedtothelosureby a di stinctly greater degree, and
our analysi s. Qur “cont r olvéssely thatuig noctargesAtkat s 0
mackerel and Pacific cod in area 543 and also fished in all years of the $ample.

[lI.LA. Data

We use a combination of confidential and publicly available data sets for our analysis.
Confidential data comes from Economic Data Rep@¢EDRS), which are mandatory annual
reporting requirements fail A80 participantsand provide detailed data on vessgécific costs,
earnings, employment, quota transfers, and capital improvefidfitsalso use confidential data
from vesselevel praduction reports, which providéhe production weight of fingoroducts for
each target spees commercial operator annual reponighich provide information onannual
product pricedrom each vessghnd data from onboard observepsiblicly availabledata sets
include annual vessspecific quota allocations for each of the A80 target and bycatch species.

We use annual net revenas reported in the EDRs for our main outcome variable for
measuring the economic impacts of thesure We compute neevenue as annual gross revenue
minus annual variable castRevenueincludes product sales, income from other sources).(
tenderingscientificcharters, etc.), and income frd@asing quota sharés other vesseld/ariable

cosskinclude (among othehings)costs associated withbor, fuel, maintenance and repairod,

10 Note that two A80 vessels participated in at least one but not all years of the sample, and are thus not considered
in this analysis out of concern that the lack of full participation compromises their comparability tostls irethe
treatment group. Including these vessels does not meaningfully change our results.

11 Further information regarding teDR data collection program, includif§DR forms,protocols and results of

data quality assessment and controls, is availaitittp://www.psmfc.org/am80edr/

2\Wholesale price data is availableh#tp://www.afsc.noaa.gov/refm/Socioeconomics/SAFE/groundfish.php#data
Annual quota allocations are availabléhtips://alaskafisheries.noaa.gov/permits

licenses?field_fishery pm_value=Amendment+80
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packaging, and fish taxé$As we describe in detail below, we also use the following variables as
part of our mediation analysighich explores the mechanisms through whictctbsueimpaced
affected vessels: i) the total annaabount of fish harvested) the total annual amount of quota
aaoss all six target speciedlocated to an individual veslsat the beginning of the year; and iii)
the average annual wholesalrice recaied by each vessél.
[11.B. Identification ofCausal Effects
Our primary goal is to estimate the effect of dhesureon thenet revenuef the A80 CP
trawlers For the estimated effect to be interpreted as causal, care must be taken to address concerns
over selection bias-.e., the concern thaesseldargeting Atka mackerel and Pacific cod in area
543 prior to the closurare fundamentally differentdm those that did noin ways that also
influence changes in net reverayer time Generally speakingetection bias problems arise from
the existenmoorofpaa h" b&édek we e nclosundeandtthe @edcomee nt v
variable(net revenuk as depicted ithe directed acyclic graph iRigurella, where the directed

edge x- y signifies that x causesy (Pearl 1995) As drawn, the causal effect

closure- netrevent (edge a) is confounded by the “backdoor path
closure« e- net revent since the unobservable variatilénfluences botmet revenueand
closure For example, we would expect that treated vessels differ in many ways that also influence
net revenue-on averagethey tend to besignificantly larger, have more quota, specialize in

targeting groundfish species in the Aleutian Islaads, have particuldypes of skill, experience,

B For an explicit list of all the elements included in gross revenue and variable cost, see Tables 3 and 5,
respectively, in the EDR forms http://www.psmfc.orgdm80edr/Due to the lumpy inteannual nature of capital
expenditures, such as those associated with gear and processing equipment (Table 4 of EDR), we exclude them
when calculating net revenue.

14 Average wholesale price is computed as the sum of anmgiligtion values over all species (i.e., production
weight (mt) times product price ($/mt)) divided by the annual production weight (mt).
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and knowledgeincluding awareness of markdts Atka mackerel In general, there are many
potential strategies for isolating the causal effect from the confounding influences of an
unobserved variablél For instance, when selection is based on observable variables, selection
bias can be addressed by condittoboniwcgi bar vani
regression or matching methods). If instead selection is based on unobservablesyasther
strategies that do not rely on conditioning can be used, such as instrumental variables or difference
in-differenceqAngrist and Pischke 2009; Morgan and Winship 2014)

We use a varietgf estimation procedures for identifying the causal efféthespatial closure
on the treated vessels, including differencalifferences(DnD), propensityscoreweighted
(PSW)differencesin-differences, and the synthetic control metfi8€M). The ke identifying
assumptiorfor our analysiss that the confounding variabléin Figurella can be broken up into
the following four components: a vector of observakalgables X that vary over time and vessel
and cause both net revenaied the treatment agament;an unobservable vessgbecificand
time-invariant variable that causes lb net revenuand the treatment assignment (e.qg., skill,
expertise, historicalighing patterns, etc.); an unobservable tiaeying factord that influences
the net revenue equally across all vessels (e.g., global markets, regulations, sea icegpafterns,
and an unobservable variable that varies overtime and vessel andirectly impactsonly net
revenueand not the treatment assignment. This latter assumption is the key identifying assumption
for isolating the effect of thelosureon nd reven as it allows us to blodke “backdoor path

closure« X7, ¢ v netreveniby conditioningoiXand “di fferandd® ng awa

There is good reason to believe that the above identifying assumption is satisfied for our case

15 Note that the SCM is more flexibtean the DND and PSW approaches as it alltheseffects of unobserved
vesselspeific factors to vary with tim¢Abadie, Diamond, and Hainmueller 2010)
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study. The vessels in both the treated and control groups are comparable: thetamdrawl

gear, they are catcher processoesarly all their products are in either headed and djfien or

whole fish FigureA-Il), they have quota for many (but not all) of the same spdeiggreA-I111),

they fish in many of the same areasalfle 1),and are subject to the same regulatory restrictions
However, as notedbove the treated vessels also differ from those in the control group in other
ways: they are largethey have moreutput quotawith compositionsthat aremore heavily
conentrated in Atka mackerel and Pacific ocean perch rather than flatfish, and they pursue
different targeting strategiese.g., they spend more time targeting Atka mackerel in t@ale

). These differences, however, do not necessarily violate thenpiens necessary for the
treatment effeaéstimator to be unbiased. In particular, unbiasedmeegsres that therendsin net
revenuebe the same in the absence of the treatigfergrist and Pischke 20099 Time series for

the multiple aitcomes of interest in our evaluation provide some evidence that the common trend
assumption is satisfiedrigurelll), suggesting thahany of the differences beter the treated

and the control units arékely captured by the timévariant vessel effects.!’” One notable
exception however is that kecause the treated group is more specialized in Atka mackerel and
Pacificocean perchany exogenoushock to the price or TAGf these specieat thetime of the

closurewould likely confoundour estimate of theeatmenteffect We discusshis issudurther,

¥This is often referred t ofAngristaridPischke 2009otecthat thisr e nds” ass ul
assumption can be relaxed to allow for grayecific trend¢Blundel and MaCurdy 1999)

7We are conscience of the fact that having only threénpegvention years is not ideal for supporting our claim of
parallel trends; however, we are limited by the fact that our main outcome varébéenués constructed using
information from the EDRs, which were not collected until 2008. Fortunately, we do have time series for several
relevant intermediary outcome variablei.e., wholesale revenydarvest andwholesale price-that go back to

1992, and datherefore be used to shed light on whether our parallel trend assumption iEigakidA-1V shows

that treatedand controlgroup averagefor the intemediaryvariablesdo in fact move in parallel fashion, giving us
some confidence that any differences between the treated and control groups that differentially aftecoome
variablescan be largely captured by tinmevariant fixed effects. This finding isifther supported by the fact that we
cannot rgect (at the 10% levelhhe null hypothesis that each intermediary variable followed the same linear time
trend between 1992 ara)10.SeeAppendix B.1for details.
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along witha possible way to addressihelow.

Our estimatos rely on severabtherassumptions for identificatiorrirst, the composition of
both the treatment and control groups must remain stable before and after the policy change or
there exists the possibility dfias from vesselselfselecting toleawe the treatmenbr control
groupsin response to the poligBlundell and MaCurdy 19990ur sample includes only those
A80 vessels that fished before and after the closure was implemented. We assign vessels that
targeted Atka mackerel to the treated group and all other A80 vesskés ¢ontrol group, and
these assignments remain constant across all years. Thus, the compositions of the treated and the
control groups remain stable by design.

Second, the treatment should not cont ami ne
through spillover effects; otherwise, the control group will not serve as a good representation of
the counterfactual outcomes for the treated units in the absemeepaflicy change. One potential
source of contamination resulting from the closure is congestlated effects from increased
fishing effort in the Bering Sea as treated vessels shifted effort towards other directed fisheries,
such as yellowfin and rockole. Indeed, if increased fishing effort in the Bering Sea resulted in
any negative congestienelated effects on the control units, in terms of crowded fishing grounds

or local stock depletion, then the magnitude ofesimmator will be biased dowrards. Given the
enormous size of the Bering Sea, it may seem unlikely for there to be any congestion effects arising
from any increased fishing effort of seven vessels; however, targeted species are not uniformly
distributed across space, and many havatively concentrated distributions in particular areas

and seasons (e.g., rock sold@nother potential source of contamination stems from the

transferability of quota across vessels: if the closure induced treated vessels to change their quota

leasing paerns, perhaps to generate additional revenue to offset the cost of the closure, then this
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could directly impactcontrol vesselsthrough increased exchange of quitaVe explore the
possibility of contamination via congestiand quota transfeis SectionlV.C, and conclude that
spillovereffects are likely small and inconsequential for our results.
l1l.C. Causal Mechanisms

Even if our estimation strategy suggests that the protective measures had a causal effect on
treatedv e s snetkegsehughowever,t does not tell us how or why. Thisrelevantfor our case
study given that there are multiple mechanisim®ugh whichclosure can influence treate
v e s snetlresenudFigurellb). The closuredirectly reduced the amount qfiotaallocated to
the treated vessels (eddjeby substantially reducing the TACs for Atkeackerel in management
areas 542nd 543(Figure A-1).° If a reduction inquotaleads to reducebarvest(edgeg), then
guotawill likely have a negative indirect effect amet revenuethrough reducedharvestand
revenug(edges j andl), anda positiveindirect effect omet revenue¢hroughcostdue toreduced
harvesting and production costs (edgesmdm). Furthermore, a reduction quotacould have a
positive indirect effect onet rexenueif, for example,lie A80 fleet possesses a large share of the
world product market so tha¢ducedharvestleads to animproved wholesalgrice (edgesh, i,
andl)®Thissec al | ed “quota mechanism” of the SSL
t h displacemenimechaism” w h i ¢ hnetadvdnedodemendent ofjuota through the

displacement of the treated vessels from their historically productive fishing gr¢iordsce and

8 We thank an anonymous referee for pointing this out.
19 The direct effect ok ony is the influence ok ony holding all intermediary variables between the two variables
constant. Thus, the direct effect is represented by the directed arrow diredtly kr@ndy,.. x- y.., which is not

intercepted by intermediari¢éBearl 2001)In contrast, the indirect effect ®ny is the influence ok ony through
intervening variables, and is represented by at least two directed arrowg kr@ndy through an intermediate
variable, for examplex- z- .

20 AB0 harvests for many species, particularly Atka mackerel, make up a sizable portion of their respective world
markets. For instance, harvests by the A80 fleet bet@6&1 and 2013 accounted for 25% of the global supply for
Atka mackerel, most of which ends up in Japan with few viable substfAleeska Fisheries Science Center 2015)
SeeFigureA-V for price trends.
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Schnier 201Q)For instane, if the Atka mackerel and Pacific codsuregush the treated vessels
into less poductive fishing locationg;losuremayhave an adverse direct effect lnarvest(edge
€) andcost(edgef), which in turn affecnet revenudirectly and indirectlyThe potential cost of
the closurecould be offsett hr ough a “ v aif|] farexampée ctieatedésseiscan
improve the averagprice they receive(edgec) by shifing their production tchighervalued
specieand/orincrease theirevenugedgeb) by shifting their efforts towards othactivities, such
as tenderingandbr acting as a floating processor that accepts deliveries from smaller catcher
vessels

In recent years, greater attention has been given to identifying the causal mechanisms that
underlie the overall causal effect of an interventfery., Pearl 2000)in partialar, mediation
analyss explores the existence causal mechanisms by decomposing the overall causal effect
(e.g., edgea in Figurella) into its individual components in order to explavhy and how the
treatment workede.g., Imai et al. 2011; Heckman and Pinto 2015; Keele 204&Jliation
analysis is important foour analysis becaugearine reserveare implemented in a variety of
economic, biological, and institutional settings, all of which influence the degree of economic
impactonthe fishing industry. Understanding mechanisms here allowshetterunderstand the
impacts ofmarine reserveacmoss diverses et t i ngs . For e xdisplacément sepa
mechani sm” from the “guota mechanism” provi
implementing closures in management regions that do not heeaspecific quotasFurther,
mediationanalysis allows us t@address the issue obntrollingfor factors such as an exogenous
shock to the price or TAC of Atka mackerel or Pacific ocean p#ratinay confound our overall
estimate of the closurby disproportionately affectg the treatedvessels at the time of the

intervention As we demonstrate belowur mediation analysis isolatése paththrough which
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the confoundindactor influences net revenue, allowing us to hold this path constant and estimate
the treatment effect without theflmence of the confounding factor.
l1l.D. The Differencesn-Difference Etimator

Consider the followinggeneralDnD model foranoutcome variable of interest;:
Y, =f, +g {Ptreat post ¥+ 4y (1)
where the variabléreat is a dummy variable equal to one if vessid amember of the treated

groupthat was exposed to the closypest is a dummy variable equal to one if yéaake place
after the interventionXg, - i, andck are as defineéh the previoussection and g™ is the DnD

treatment effect, which is allowed to take on distinct values for eactinestention yeaf!

The DnD modelprovides an unbiased estimate of the average treatment dfféoe
unobserved selection bias is time invariant and that the control units serve as a good comparison
group for the treated units. As pointed outAlyadie, Diamond, and Hainmueller (201#)e
sekction d controlunits is perhaps the most crucgépin comparative case studie§.control
units are not sufficiently siilar to thetreatedunits, then any difference in outcomes between these
two sets of units may merely refledifferencesin their charateristics Implicitly, the DnD
estimator assumes that units in the control group are equally comparable to units in the treated
group on average

We address this issue by estimating a weighted version of the DnD model in edlgtion
where the weights are chosen to more closely balance the treated and control groups based on their

pre-intervention outcomes, thereby creating a comparison group that is more comparable to the

2! Note that by interactingreat andpostin equation(1), we areidentifying theannualreatment effectunder the
assumption that the difference in the average tbeteleen the treated and control groigpsqual to zeroverthe
pre-intervention years.
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treated group. Our weighting scheme is based on the propsosite, which is the predicted
probability of being exposed to th&eatment conditional on observedreintervention
characteristics. As shown tBosenbaum and Rubin (1983)e propensity score is a batarg
score, in the sense that treated and control units with similar propensity scores will have a similar
distribution of observegreinterventioncharacteristics. Propensisgore adjustment can also
address time&arying selection bias that could arifar, instance, if the evolution of net revenue is
influenced by initial conditions that differ between treated and control (@hen, Mu, and
Ravallion 2009; Mu and van de Walle 201Td create a amparisongroup that more closely
resembles the piiatervention trends in net revenud the treated groypwe estimag the
propensity scor®(Y) as a function of the annual changes in net revenue between 2008 to 2010
using a logit mode#? In turn, we followHirano, Imbens, and Ridder (2008)d estimate equation
(1) with weights of unity for treated units aiY)/(1-P(Y)) for control units.
llI.LE. The Synthetic Control &thod

The propensityscoreweighted PSW) DnD estimator improves the comparability of the
treated and control group by balancing on obsepvetihterventionoutcomesHowever, thé®SW
estimator assumes that each treated vessel has a counterfactual that can be estimated using the
same comparison uniestfectively assuming that changes in the outcome variable ovewtrd
have been the same for all treatmanits in the absence ofdhintervention.In contrast, the
synthetic control method (SCM)Abadie and Gardeazabal 2003; Abadie, Diamond, and
Hainmueller 2010Yelaxes this assumption by constructing a comparison unit for each vessel,

thereby allowing fowesselspecific treatment effect3he SCM credes a syntheticontrol unit

22 As pointed out byAbadie, Diamond, and Hainmueller (201#)atching on préntervention outcomes helps
control for unobserved factors that influence y®ayear changes in net revenue, as well as any heterogeneous
effects of observed d@nunobserved factors on net revenue.
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from a weighéd average afontrolunits, where the assigned weights are calculated to best match
the synthetic control unit to the treated unit basedrefntervention characteristics. Specifically,

let the effect of the intervention for vesséi yeart be
a; :YitI '\EN’ @)
whereY" is the potential net revenue for vess@h yeart that would be observedithout the

intervention andy, is the potentiahet revenudor vesseli in yeart that would be observed if

exposed to the interventiolbet To denote the period in which th&ervention occurs so that vessel

i is exposed to the interventionin periddstoT.Then t he “treatment effect

From equatior(2), we krow thata, =Y -Y' ¥ ¥ for ti {T,..., T}, whereY, is the
observedhetrevenueSi nce we don’t mebrevenue] eostintesvention,ive nt i al

need to estimate the unobsat counterfactual," of what vessel would haveexperienced in the

absence of the interventiamthe periodslo to T in order to obtain an estimate of the parameters

of interesta,. For the SCM approach, the estimate is a weighted average of the obsetved

revenuefor theJ unitsin thecontrol group
a, =Y, 'XN ¥ a.ll WJY’ t{ J,', T ©)]
where thevv; [ W' are thetime-invariant weights designated to eaasselin the control group

Intuitively, we want to choose a weighting vectdt so that the synthetic controhit resembles
the net revenuéor vesseli before the interventiorysing potenal predictors for net revenus

the donofpool comparison unitsThe SCM therefore chooses the weighting mataxminimize
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the distance between thes-intervention charaeristics of vesseéland its synthetic control urt.
Following the PSW model above, we use #imnual changes in net reverngtween 2008 and
2010 as the pratervention characteristics to determine the weighting maitriacder to compare
the estimateé SCM treatment effects to those derived from the Bn® PSWmodek abovewe
follow Bohn, Lofstrom, and Raphael (2014hd construct a DnD estimate from our SCM
treatment effectby calculating the difference between i interventionaverags for treated
vesseli and its synthetic control and subtracting tHr®m the comparable posttervention
difference between treated vessahd its synthetic contrpl

~SCM l T ~ 1 aalp-1

AN ETLEEE L

a (4)

We then use the average Q?CM across vessels as our SCM estimate of the average treatment

effect on the treated vesséts.

As discussed iAbadie, Diamond, and Hainmueller (2018)e SCM is a generalization of the
traditional DnD model that has a number of advantages. First, SCM provides a systematic,
transparent, and dathiven process for choosing comparison units, conditional ochbie of
the donor pool angredictor variablesSecond, SCMallows the effects ofinobservedressel
specific factors to vary with ti me, t hereby
traditional DnD mode(Abadie, Diamond, and Hainmueller 201Third, the weights associated

with each vessel’s synt hettiorcof eachcontrolahit tontteek e e x |

23 Additional cetails regarding the analytical and empirical implementation of constructing the synthetic control unit

as well as the procedure fobtairing the optimal weighting matri¥\" canbe found inAbadie, Diamond, and
Hainmueller (201Q)
241n order to be consistent with the yesrecific treatment effects in the Dreidd PSW approaches, we also

augment equatio(®) to derive yeaispecific treatment effects for each vessE?lg:— (]/T0 - 1)é T;"'llaEIS forall t3 T,
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vessel’'s count er f thesimiaaties (ooldck therevf)detveesnta treatecbvasset h
and its synthetic cdrol, in terms ofreinterventionoutcomes and oth@redictors, is easily seen,
making it explicit whether a vessel’s compar:i
Lastly, unlike the DnD estimator, the SCM safeguards against extrapolating outside of the support
of comparison units by restting the weights for the synthetic control to be positive and sum to
one(King and Zeng 2006; Abadie, Diamond, and Hainmueller 2014)

Although the SCM haseverakttractive features relative to the DeBtimator, iis subject to
many of the same assumptions necessary for unbiasedness as the DnD estimator. For example, the
donor pool must be constructed of control units that are asasiaslpossible to the treated units,
in the sense that the outcomes of interest are thought to be driven by the same structural process
and not subject to structural shocks during the sample period. Further, similar to the DnD estimator,
the outcomes of thcontrol units cannot be affected, or contaminated, by the intervention.
llI.F. MechanismsA Structural Equation Mdel Approach

Theempirical methodaboveare useful for establishing the existence of a causal effdoe
closureon net revenuebut theydo rot explainthe source of theffect (Heckman and Smith 1995;
Imai et al 2011) To this end, we estimate the calusiechanisms depicted gurellb using a

structural equation modeling (SEM) approashich estimates the direct effects associatéd w

each edgesing the following system of equatiof@obel 1987)

1

quotg =a* +f +g Sweat pést
harvest =a* +f +{g Sweat pdst ° guqa ,° +e
price, =a°® +f +g Setat pést " hdrvest [} +e

it

e

(5)
cosi =a* +f +4 ftueat pést * Warvest [ e

revenug=a° +f +g He@at pdst ' hdrvest ' pakte °
net revenyg! revenye- cpst

where the parameters™ and g™ denote individual and time fixed effects, respectively, for
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equationm. We makeseveralassumptionsegarding the SENN (5) for identificationpurposes.

First, we assume that the SEN linear in parameterso thatthe direct effect corresponding to

edgen in Figurellb is easily identified aghe regression coefficient™.> The assumption of
linearity in (5) alsofacilitates the identification ohdirect effects which are generally not well
defined in nodinear modelgPearl 2001)Second, we assne that the SENk recursive, in the
sense that caussliflows in onlyonedirection—i.e., there are no feedback loops or simultaneous
relationship<® Recursive models have the benefit of being identifisdong asrror terms are
not correlated across equations that are directly liiBeitb and Pearl 2002 hus we estimate
the equations iB) as a system, allowinigr correltion betweererror termswhile ensuringhat
the system is identifiedrinally, we assume thatdatcausal effeatf the closurentheintermediate
variablesrevenuequota harvest price, andcostcan be identified using the sarmaD appioach
we use fonet revenugaspresented in Sectidh.D, which is genally supported by evidence of
pre-intervention common tresdor these variablg§igurelll andFigureA-1V).

The estimated direct effects in the SEM () can be used to compute a variety of
decompsitions of the overall effect dhe closure Assuming that the mechanisms depicted in
Figure Il are exhaustivgPearl 2000) then we can define quotadjsplacementand value
mechanisms that are mutually exclusive and exhaust all possible paths of causation between
closureandnet revenue This m&es it possible to descriltlee impacts o€losureon net revenue

in terms ofquota changg displacement ofessels fronclosedarea, andchanges in product

25 Note that the last equation (&) holds by definition, and thus, the direct effects associated with édgesnin

Figurellb are equal to 1 and, respectively.

26 The recursive nature of the system of equatior{§)imay be called into question, particularly with respect to the
relationshipsharvest -  price and harvest - cog . Specifically, one might expect baghice andcostto also
influenceharvest We explore the potential simultaneity betwéanvest price, andcostin Appendix B.2. and

conclude that there is little evidence to suggest that the recursive relationship between these variables does not exist.
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value.

The effect omet revenuélue to the reductioniquota—i . e. , t he “ gdisequah me c h
t0:27
a
= 49 E Jd + "dd - * (6)
closure quota geharvest revenue harvest price rveat- cost
- harvest (s: net revenue revenue net revenue net revenue

where ¢® #is theindirect effect of closureon harvestdue to the reduction igquota and the
bracketed termsi the overall effect oharveston net revene which is comprised of three
components: thandirect effect otharveston net revenueia a change imevenues , the indirect
effect ofharveston revenuethroughprice " &, and the indirect effect dfarveston net revenue
through cost adjustment®. Similarly, the effect otlosureonnet revenuérom the displacemen

of vessels from historically productive fishing grourds . e . displdcdmenin®e ¢ h a A-iss m”

equal to:
o ~
a (0]
glisplacement— & £ H + hg o _ k dO o f ©)
. Q
closure harvest geharvest revenue harvest price harvest cost ( closure cost
G netrevenue revenue net revenue net revenue = net revenu

whered" is theeffect ofcoston net revenmeinduced byclosure d®is the direceffect ofclosure
on harvest and the bracketed term the overall effect ofiarveston net revenugas described
above).Ladly, the potentially offsetting effect oflosureon net revenudérom shifting production
to more valuable species and/or to other reveyareerating activities-i.e., t h evalué

mechanisi—is equal to:

2" The linear system of equatiomaplies that an indirect effect, sayobny through an intermediate varialddor
instance, is the product of the direct effects oh zandz andy, which is equal to the product of the regression
coefficients associated with each direct effect. fotal effect ofx ony is thus the sum of all indirect effects and the
direct effect ofk ony.
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dvalue — H + cdi d (8)

closure revenue closure price
net revenue revenue net revent

where ¢’ is the impacbn net revenudrom a direct effect oflosureon revenueand.a® (tis the

impact ometrevenudrom a direct effect oflosureon price and its subsequent effect @venue

Thus, the total effect aflosureon net revenues the sum of the quotdjsplacementand value

mechanismsg® @+ e + g,
llI.G. Inference

The use of statistical inference in comparative case studies is difficséiferatreasons. First,
as pointed out byertrand, Duflo, and Mullainathan (2004)nD models estimated with long
panel datasets typically suffer from sevsegial correlationresulting in standard errors that are
too small if serial correlation is gkected. Second, comparative case studies often rely on a
relatively small number of treated and control units, making estimators that rely osectss
asymptotics infeasible as inferential techniques. Finally, as arguekbégie, Diamond, and
Hainmueller (201Q)statistical inference techniques based on uncertainty arising from sampling
error are irrelevant for case studies such as this one that have the entire popdlagjgregate
data.

For all the models above,eanusepermutatiorbasedinferential techniqueswhich are based
upon uncertainty regarding whether the control group is ablegmduce the countedtual
outcome that the treatedit would have ®hibited in the absence of the interventi@badie,
Diamond, and Hainmueller 2018)For example, we would lose confidence that a sizegtienate

of the treatment effegeflects thetrue effect of the interventioif we obtainedsimilar or larger

28 Estimation of all models was conductedSirata SE 14.0 (StataCorp LP, College Station, Texas). Permutation
basedpr al ues wer e ¢ o npermmuteeammand usimgy5,0@tpermusatioss.
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estimateswhen the intervention is artificially reassigned to units not directly exposed to the

intervention(Abadie, Diamond, and Hainmueller 2018uch grmuation tests are based on the

fact that under the null hypothesis of no effect, units in the control and treatment group are

statistically the same. Permutation tests determine the significance of the estimated treatment effect

by rearranging the orderofh e t r eat ment assi gnment and est
interventions. If the original estimated effect is large relative tadferencedistribution of the
placebo effects, then we have confidence that the null hypothesis of no efédst (Bertrand,
Duflo, and Mullainathan 2004As in classical statistical inference, warcperform significance
tests of the estimated treatment effiscbugh theuse of pvalues. Specificallya pvalue can be
constructed byalculating the fraction of placetaffectsin the reference distributiogreater than

or equal to the effe@stimated for the treated unit.this sense, the permutatibased inferential
techniquegand associatedyalues) are restricted to the question of whether or not the estimated
effect of the actual intervention is large relative to the distributioplaxdebo effect§Abadie,
Diamond, and Hainmueller 201%) Notice thatsince we are not making inference on a larger
population fromour sample, the reference distribution under permutation inference is not a
sampling digtibution, nor dahesignificance testmakedistributional assumptions about the error
term or rely on largesample asymptotiesi.e., they are exact and valid for any sample size

(Bertrand, Duflo, and Mullainathan 200¥)Thus, the reference distribution does not provide

2% Note that permutation inference is not limited to a binary treatment variabed, wause permutation iefence

to test the significance of continuous variables, such as thdke sgstem of equations (5), as wadl the nonlinear
equations for the mechanisffectsin equations (6) to (8). Ségpendix B.3.for more details.

30 As a robustness check, we also use classical inference techniques that are based on uncertainty arising from
sampling error, thereby viemy our data as a single realization of a dpaerating process. In particular, we

specify a flexible error structure for the DnD and PSW models that allows for a common AR(1) correlation within
vessels, as well as vessglecific heteroskedasticifgf., Abbott and Wilen 2010)0ur results areobust to the

chosen inferential techniques. Results using the above classical inference technique are availalegl@dorsh

upon request.
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information about statistitaprecision and is notinfluenced by nonindependence across
individuals®!

IV. RESULTS
IV.A. Total Hfects ofthe Qosure

The estimate propensity scoreg{gureA-VI) provideevidence that blindly applying the DnD
model to our sample without exploring whether toatrol groupis sufficiently similarto the
treated group would lead to potentially misleamgresultsThere is one treated vessel that differs
significantly from all other vessels in regards to-ptervention annual trends in net revenue, and
thus does not have a good comparison unit within the control gt@ipen the lack of suitable
compaison units,we remove the ofsupport vessel from our sample for all estimates presented
hereafter, and note that our estimates represent average treatment effects for only six of the seven
vessels in the treatment grotip.

The estimated average treatmeffect ofthe closureon ne revenuefor the DnD, PSWand
SCM, models are presented kigurelV, where a unique treatment effect is estimated for each
postintervention year. In general, the estimat@@ragereatment effectfor all modelsprovide
little evidence ofa negative effeobn net revenueEstimated treatment effects for the PSW and

SCM models are naheaningfullydifferent from those obtained from the DnD modsing the

31 By implication, aconfidence interval generated from the permutatiased reference distribution does not
provide the same information as a confidence interval generated from the claasadisampling distribution.
Because ofhis, permutatiosbased inference methods do not produce confidence intéovaésts of statistical
significance

32 Propensity score estimation results and the balancing éffeieention trends in net revenue are presented in
TableA-Il andTableA-Ill. Note that balance is significantly improved with the trimmed sampledriv@ping the
off-support treated vessdigbleA-Il). The SCM results for the efupport vessel also confirm this resiigure
A-VII).

33 Dropping theoff-support vessel from our sample has a notable effect on the estimated treatment effects; indeed,
DnD esimates for net revenue that include the®ipportvessel are considerably larger (more positthah those
obtained using the trimmed sammeggstng that the SSL measures had a posiflwat insignificant)effect on net
revenue in most yeawshen this vessel is includeBigure A-VIIl ). However, such an intgretation is tenuous due
to the lack of a good coumfactual for the offsupport vessel.
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trimmed sampleeven though the PSW and SCM approaches give greater care to balancing
treatment and cordl units based on piiatervention outcomesindeed, theange in theaverage
effectacross modelsis $ 2 milidnto -$1. 25 mi | | indlliontd n-¥D.135 mislLl
i n 20 1 2milliorts 0$0.146nillion in 2013, and +$®Imillion to +$0.8 million in 2014.
Using the results of the DnD modéiese etsmated effectamount toan average annual change
in net revenue f -29. 3%, -28. 8%, - 3. 5 %,-2014 regpectiv@ly. 6 % f o
While all threemodels suggest that there wasexamomically meaningfuhegative effect of the
closurefor the first two yearsnone of the estimateyeragdreatment effects are significant at the
10% level for any yeat* Thus,the estimated treatment effects are not large reldatvhose
generated byandomly assigning units to the treatment grdbpreby decreasingur confidence
that the sizeable negative effects reflegt aciual effect of theclosure

The SCM results from equation(4) for each treated vessel display a large degree of
heterogeneity across vessdialflell).>° For exampletheinsignificantnegative average effect on
net revenue in 201 F{gurelV) is driven by a large and significant effect for a single vessel (Vessel
3), while four of the remaining five vessels were actually better off with dlesure although
insignificantly so In contrastthe negative average effect in 2012 is comprised of smaller, yet
significant, effects for three different vessels (Vessels 1, 4, a@hl)onevessel had a significant
average negative effect over all pogervention years (Vessel 4), while only one vessel did not

have a single significant negatieffect in any given posintervention year (Vessel 2)t is

%l'n fact, only the estimated average effects for the ye
significant at the 10% level with-palues equal t6.127 and 0.120, respectively.

35 SCM results were obtained using the Stata-usiéten commandynth_runnefQuistorff and Galiani 2016)or

most treated vessels in the trimmed sample, the difference in the trend in net revenunferyaetion yars is

close to zero, as indicated by the root mean square prediction efalell and by the SCM plots iRigure A-1X.

Also note that the synthetic controls are largely based on four vessels from the don@aptzdl ),
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interesting to note thalhe annuatreatment effects for Vessels 2 and 3 move in oppdsietion
thanthe rest of the treated vessels, suggesting that there are likely structural differences in the
responses and outcomes of vessels teltigure Overall, the results from the SCM demrate
that the treatment effects thfe closureare heterogeneous across vessels and that the insignificant
average treatment effedts Figure IV hide the existence of significant treatment effects at the
individual vessel level.
IV.B. Intermediary Eects ofthe Qosure

While FigurelV provides littlesupportfor the exstence of a treatment effemh net revenue
at the aggregate leyahe total effects may be disguising important effectshenntermediate
variables that compriseet revenuelndeed,estimates of the SEM parameterstie system of
equationg5) (Tablelll andFigureA-X) revealthe existence of adversirect effects otlosure
on the intermediate varialdlguotaandcost The reduced\tka mackerel TACs in areas 542 and
543 clearlyhad a significant and prolonged negative direct effect on the total quota allocated to
the treated vessels, which became more negative over time in response to declining kekal mac
allowable biological catche§igureA-1).3¢ Further, teatedvessels experiencedaatively large
and significantirect effect orcost(conditional orharvesj in the first two years aftéhe closure
suggesting that the closure itself increased the average cost of production as vessels were forced
to fish their Atka mackerel quota in less productive areas and/or target-bighepecied’

The advers effects omuotaand cost however, are offseby positive direct effecten the

intermediate variablegrice andrevenue The direct effect ofnarvest(conditional onquotg is

3¢ The averagéreatment effects fogquotaimply an average change guiotaof —10.8%,-11.0%,-15.4%, and

-13.4% for the years 2012014, respectively, relative to whgtiotawould have been in the absence of the closure.
37 The average treatment effects fmstimply an average change d¢ostof +35.3%, +25.7%, +7.9%, and 0% for

the years 201:2014, respectively, relative to whatstwould have been in the absence of the closure.
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relatively small and insigificant in mostyears, apart froralargeand significantincrease in 2014
suggestinghat harvestwas not advesely affected by the closure itselRather treated vesds
were able to shiftheir harvest towards species whasualquotas had not been exhausted in
years prior tdhe closurde.g., ock sole andPacific cod) and species that have no quota associated
with A80 (e.qg.pollock).>® Some ofthese specidsad higheaveragevholesale priceandrecovery
ratesrelative to Atka mackerel resulting inpositive and significant direct effecon price
(conditional orharves} andrevenug(conditional orharvestandprice), respectively, in multiple
years after the implementation of ttlesure®®

The direct effects iTablelll suggesthatthe closurempacted vessels negativeatyrougha
reduction inquotaand an increase itost butthat these negative impast®re offsethrough an
increase irprice andrevenue However as depicted ifrigurellb, these estimates do not account
for the existence of severahdirect effectsof the closureas the direct effectgermeatehrough
several different pathsefore reachinget revenueAs anexample,consider the totainnual effect
of a oneunit reduction inquota where a unit is defined as 1,000. The extent to which this
affectsnet revenuéepends on how reducqdotaaffectsharvest and in turn, hoviharvestaffects
price, revenueandcost FromTablelll, we see that a oait reduction imuotadoes not simply
reduceharvestby a corresponding unit; rathdrarvestdeclines by approximately 1.4+hits on
averagewhich is indcative of reductions imuotathatdo not match the composition of spesc

compr i si mayvest¥rstere theseduction inharvesthasthe effect of reducingevenue

38 SeeFigureA-XI, FigureA-XII, andFigure A-XIIl .

39 SeeFigure A-XIV andFigureA-XV. The recovery rate for a species is the proportion ofdineelsted weight of

the fish that is left over after processing. Thus, a higher recovery rate results in increased revenue, conditional on

harvest weight and unit wholesale prices. Note that the positive and significant treatment efieactmoeare not

driven by changes in income from other sources, such as quota leases and/or tendering.

“This phenomenon i-gudkmawhmalaand¢iheg™ «m@wnoploblenwjthinand i s a Wwe
multispecies quota systems gener@yppes 1986; Sanchirico et al. 200&0d for the A80 fisheries particularly

(Abbott, Haynie, and Reimer 2015)
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by $1.14million on averagél.44units x $.789million/unit), all else equal. This negative impact
on revenue however, is offset bthe fact that oneunit reduction inharvestresults in &0.019
per unit increase iprice, on averageln turn, the increasen price has the effect of increasing
revenueby $0.17 million (1.44 units x $.019unit x 6.270 million). Together, the total effect of a
oneunit reduction imguotais thus &0.97million reduction inrevenue When combined witkthe
$0.694 million reduction incost associated with theeduction inharvest(1.44 units x $0482
million/unit), the total effect ol oneunit reduction inquotaon net revenue-i . e . |, the *q
me c hanai s mé qu 276mitlian ($66DHOmi | | i 0®Tmillien).$

The estimated effects of thgquota, displacementand valuemechanisms irequatiors (6)
through(8) andtheestimated total effecre displayed ifrigureV andaccount for both the direct
and indirect effeat of closureon net revenué! Thedisplacemenimechanisnctlearly had a large
and negative impact onet revenuen the first two years following the onset of thlsure
indicating thathe closed areas isolationwould have osta vesse$52 and $39 million in net
revenueon averagén 2011 and 201Zespectivelyif the vessehad thesame amount of quota to
harvest buhadnot been able tincrease the value d@f harvest by shiftingo other species with
higher wholesale prices and/or recovery rafég. negative effects of tlikksplacementnechanism
are the main driver of the negative total effectslo$urein 2011 and 2012; however, these effects
disappear by 2013, perhaps indiicg that vessels werable to adjustheir harvesting operations
to the new regulations after two costly adjustment years. In contrast, the quota redadt@n

negative impact onet revenu@ver theentire postintervention periodindicating thata vessel

41 Note that, becaugeet revenués defined asevenueminuscostand we use the DnD estimator for each equation
in (5), the total effect o€losureon net revenudrom the SEM (i.e. g™ + g®F*=™" + ¢*¥*) is necessarily equal to
the DnD estimator fonet revenugi.e., d°™ from equatior(1)).
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would have losbetween $@3 and .01 million in netrevenueon an annual basibad quota
simply been reducedall else equal. The sustained impactjobtaon net revenudikely reflects
the relative difficulty of adjusting harvesting practiceslawer overall quotagscompared to
harvesting the same quota in different areas. However, the negative effects associated with both
mechanisms can be offsebpportunitiesexistto increase thesholesalevalue ofharvest. Indeed
FigureV shows that the value mechanism is nearly large enough to offset the negative effects of
the closure and quota mechanisms in 2011 and 2012, making the totabéffextclosureon
averagenet revenuaegligible and not statistically different from zero.
IV.C. Investigating Potential Spilloverftects

As previously discussedne potential concern regarding our identification strategy is that the
treatmenmay contaminate the contrgdoup throgh spillover effectaistreated vessekhift their
fishing effort to areas historically fished by control units addresshis concerpwe compare the
average preand posiintervention levels ofcongestioi for control vessels in each montkhere
congestion is measured as the number of other vedbsdistreated and contrahat conducted a
haul in the same area and day as a control v&aslshown inFigureA-XVI, congestion levels
followed the same general annual patiam and postintervention, with someninor differences
in certain months of the year. While many ofgémonthly changes imaveragecongestion are
statistically different fromzero, most of them areoth relatively small (typically less than one
vessel and negativethereby suggesting that the congestion levels for control vessels were
relatively unaffected by thelosure However, it could be the case tkahgestion levels neained

relatively stabléoecause the shifting effort tleatedvesselsnducedthe controlvesseldo move

42 For this analysis, we use the Alaska Department of Fish and Game statistical reporting areas (often referred to as a
Stat6 areas), which are spatially more refined than MESImanagement areas. Stat6 areas are typically 1
longitude by 1/2 latitude (approximately 60 km 60 km, but smaller poleward and often in areas near land).
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from their historical fishing areasiowever, there arat least two reasons why such an effect is
likely negligible First, a large portion of thigshing effort of the treatedesselsshifted towards
management area 541 where the contedselshad very little presenceléble | and Figure
A-XVIIl). Second, theaverageproportion of monthly fishing effort allocated to the NMFS
management areas by the control group underwent only minermpestention changesigure
A-XVIII). Further, for those months and areas that experienced less &fomgostintervention
(e.g., months 8 to 11 iarea 509)yelatively few of thee months correspond to an increase in
fishing effort in the same area ke treated vessel$hus, in general, there is little evidence to
suggest thathe closurecontaminated the control group through congestion externalities.
Another potential sourcef contamination stems from the transferabilifyquota across
vesselsPrior to the closurégherewerevirtually no monetary quota transactiopgmarily for two
reasonsl) seven vesse(four treatedand three controbemained in thémited-accessector after
A80 was implemented, and quota cannot be exchdmgfeden a cooperative and a limiactess
sector; 2) companies primarifish their own target and PSC allocatiods noted earlier, all
vessels in the limitedccess sector formed a secammbperativein 2011, thereby creating an
avenue through whichdditionalquotaexchangesouldtake place. Indeedrigure A-XX shows
thatquota generally flowed frorhe treated to the control group after the closkirthe increased
flow of quotawas in response to the closure, it is possible that the control vessels were better off
than they would have been without the closure, thereby biasing our estimator i&fatheent
effect dwnwards. There are at leabtdereasons, however, why the potential contamination is
minimal. First,only one vessel in theeated group is part of a company that has vessels in the
control group. Thus, withiwompany transfer opptmities largely remained unchanged with the

closure andnost exchanges wermntainedwithin the treated and control grougecondthe
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average amount afuotaleased(1.18 thousand mitand royalties paid ($0.11 milion) by the
control grouprepresentednly 6.88% and0.96% of harvests andariable costsrespectively, in

the year with the largest exchangegabta (2013)Third, nearly all leased quota afténe closure

was for yellowfin solewhichallowedthe treated group to harvedtmos®.5% above theiannual
yellowfin sole allocation Kigure A-XI), which was worth roughly $0.49 million per vesseln
wholesale revenyeor 2.7 of averagetotal revenue Altogether, this suggests that while the
treatment may have caused sqmsitivespilloverto the ontrol groupthrough quota exchanges,

the amount ofquota exchanges after the closure appears to be small, amtbraayninations

likely minimal and incasequential for our results.

IV.D. Investigating Potential @rfounding Factors

While the possibility of contamination via congestion is likely small and inconsequential for our
results, there may be other challenges for our identification strategy, such assahamggenous
factors at the time of intervention that disproportionately affected the treated vessels. The price of
Pacific ocearperch inceased sharply in 2011F{gureA-XIV) for reasons unlikely related to the
closure®® Given the lack of quota allocated to control vessel®#mific oceamerch, the increase

in price disproportionately benefited treatedselsthereby violating our assumption thilaé time
varying factorin equation(1) influences the outcome variable equally across all vessels. Indeed,
the increased price fdtacific ocearperchlikely explairs some othe positive price and value
effects in 2011, andhtis, the overall effect of thibosure would likely have been more negain

the absence of thiesxogenous shock.

The inclusion of annual fixed effects prevents us from separatelgoliong for the price of

43 pacific oceamperch competes in the global market for rockfish, of which it makes up a significant portion
(approximately 20% in 2013). The increase in the wholesale price of Pacific ocean perch is likely due to the
decrease in supply from other areas, such as Ewtgrting in 201YAlaska Fisheries Science Center 2015)
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Pacific ocearperchin estimating the overall effect of the closure in equafign However,we
can use the treatment effect decosipon in Sectionlll.F to obtain an estimate of the overall
effect of the closure without the influence of the increased prige are willing toassume that
the positivetreatment effect on price in 2014.driven entirely by the increased priceRxcific
oceanperch Specifically, we reedimate the system of equations in (5) while constraining the
2011 treatment effect on price to be zero and obtain new estimates for the quota, displacement,
and value mechanismseaquationg6) through (8). In turn, we obtain a new estimate of the overall
effect ofthe closure by summinggetherthe new estimates for the three exhaustive mechanisms.

The resulting estimates of the overall treatment effect and mechanisms are not considerably
different from the original estimates, although the overall effect becelgisly more negative
( =% 2. 49 anthsignifican@prvalue = 0.054) in 2011Rigure A-XIX). Thus, the exogenous
price shocldoes not affect our results imsearingful way.While it is unlikely the increased price
of Pacific ocearperch fully explains the positive treatment effect on price in 2011, this exercise
provides a conservative estimatetud influenceof the price shockn ourestimateof the overall
effect More generally, this exercisiemonstrates how mediation analysis can be used to explore
the sensitivity of results to potentially confounding factors, provided one is able to isolate the path
through which the confounding factor operates.

V. CONCLUSION

Marine reserves are a primary tool utilized to protect the marine environérite many
long-term benefits have been identified, there has been limited attention givex fmost
evaluations of thgotential shorrun costs of theselasures on the fishing industry. This is
partially due tothe challenges in separating the impacts of the closures from the dynamically

evolving changes that are ubiquitous to the commercial fishing indastrwyell as a general lack
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of extensivdishingrevenue and cost daté/e utilizea unique parl@ataset of annual net revenue
andmultiple program evaluation tools to examine gh@rtrun impact of a largespatial marine
closure We decompose the overall treatment effect of the closure through atimedinalysis,
demonstrating how the impact of the closure is the result of multiple counteracting mechanisms
that are important for understanditige potential impacts of marine reserves in other settings.
More generally, the economic impact of maringerges will depend on the biological, economic,

and institutional setting of the fishery. Therefore, identifying these mechanisms is critical for
understanding how fishery policy makers can design policies that achieve the desired objective of
a marine resrve while enabling the mechanisms that minimize the potential cost to the fishing
industry.

Our analysis indicates that there arestadisticallysignificant negative impacts average net
revenue although there is considerable vessel heterogeneityrittiicates that some vessels did
relatively poorly in some yes. While displacing vessels from productive fishing groumdss
particularly costly in the first two years after the closure, vessels were able to offset this cost by
shifting their fishing perations to target other valuable species outside of the cla¥eraote,
however, thathere are severaburces of bias that mgysh our estimatedightly towards zero,
therebydeflating the estimated impact of the closure. For exarppkative spilover effectsfrom
the exchange of quotaetween treated and control vesselsy have made the control vessels
better off after the closure than they would have been otheniis@ddition, a positive and
exogenous shock to prices for Pacific ocean pékelylimproved treanent vessel outcomedter
theclosure compad to what they would have bedturther, other regulatory changeat were
relaxed with the closursuch asemporal restrictions for targeting Atka mackerel in area(54&

Hicks and Schnier 2010)kely provided additional flexibility for the treated vessgisespond to
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the closureThus, whilethe influence omany of these confouling factorss likely to be small
(as we demonstrate in our analysieey must be considered when interpreting our results.

Several features ahe BSAI groundfish fisheries contributéd reducing thecost of the
closure. he annualharvestallocatiors of the sixA80 target species are generallyt mo balance
with the rate at which they aemcountered biffshinggear. The resultinglackin quota constraints
(FigureA-XI) gave vessels the flexibility to substitute towards species whose quotas had not been
exhausted in years prige.g., rock sole)lf fishing gear had been perfectly selective so that all
guotas had been exhausted prior to the closueggthtive econanic impactwould have likely
beenmuch more substanti&t. Similarly, not all species encountered by gear are managed by
allocatedharvest quotasnbtead,vesselsare allowedto retain a certain percentage of catch of
“nan | oc at o a trigbptepcbase providing another avenue through which vessels
could substitute towards harvesting other species outside olabres (e.g., pollockFigure
A-XIl). Thus, the economic impact of the closure would have likely Ipeere severe had
regulations requirethe catch ofall nonallocated pecies to be discardeBinally, groundfish
fisheries in the BSAI arenanagedsuch that the sum afACs for all managed species cannot
exceedan overall ecosystem captwo million mt. Thus,thereduction inTAC for Atka mackerel
created room for TACs of other groundfish specidsetincreased closer toeirbiological limits.
Without this management featutbe quota mechanism could have been much more severe.

Our work in this paper demonstrates how modern program evaluation meth@dseaately

capture the tradeffs of alternative valuable uses of marine resources. In particulaanalysis

revealghe value of collecting information oret revenu@nd designingnarine reserveis a way

44 This thought exercise changes the baseline of our analysis from a world in which-guzatchalancing problem
exists to a world in which resources are more perfectly utilized, underscoring the impoganitinitial conditions
in program evaluations.
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that can be evaluated retrospectivédgth of which are essential components of eviddrased

policy making.Neglecting to collect information on costs and utilizj revenue at ri s
revenuealone provides a misleading view of how industry is &bitenot able}o adapt tanarine

reserves Similarly, not having an adeqte comparison group hinders estimation tioé
counterfactual of what net revenue woblave been without theeserve In the absence of net
revenue information and/or an adequate comparison goolipy evaluations will likelyoe forced

to rely on welfare estimates generated by more structe@ometricmodels of how fishers
respond tanaine reservesge.g., Smith and Wilen 2003Haynie and Layton 2010WWhile such

models have advanced considerably in receatsyand have the capability of capturimgny

aspects of the spatiotemporal behavior of fishbest ability to accurately predict how fishers will
respond to anarine reservelepends on how e | | t he model represents
process anevhether structural parameters estimated using data prior to the closube wallid

after the closuréValcic 2009; Reimer, Abbott, and Wilen 201Therefore building a body of
empiricalevidence regrding theshortrun economic impacts aiarine reerves as well as the

mechani sms through which they are realized, r

better policies that achieve the intended goalsrfane reserve
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TABLES

Tablel: Descriptive statistics fahe control and treated groups.

Variable

Group

Area/Species

2008 2009 2010 2011 2012 2013 2014

Active Vessels

Control
Treated

15
7

14
7

13
7

13
7

13
7

11
7

11
7

Average Number Days Fished

Control
Treated

175
210

171
184

171
205

165
225

156
233

155
239

164
253

Average Annual Quota (1,000 mt)

Control
Treated

13.7
22.€

14.6
23.8

15.C
24.6

13.2
20.5

13.0
20.0

12.3
18.5

11.¢
18.2

Allocated Quota Harvested (%)

Control
Treated

80.3
67.7

67.9
59.0

77.4
52.3

80.4
60.5

85.9
61.2

88.5
59.C

80.7
65.€

Average Fishing Time (%)

Control

Aleutian Islands 54
Aleutian Islands 54
Aleutian Islands 54
Bering Sei

Gulf of Alaske

1.2
0.0
0.0
93.7
16.€

4.1
0.7
0.0
90.6
12.2

5.6
0.0
0.0
88.7
12.C

3.4
0.0
0.0
89.8
13.1

6.9
0.0
0.0
89.0
10.8

15
0.0
0.0
91.2
114

0.2
0.0
0.0
87.2
234

Treated

Aleutian Islands 54
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0.9
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0.6
41
13.4
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31.C

1.9
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4.7
25.2
28.3

1.3
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4.1
16.4
29.4

1.0
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6.3
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26.C
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Rock Sol¢
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1.1
5.8

14.8
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3.0
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1.8
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0.7
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14.2
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0.5
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Tablell: SCM results and weights for each treated vessel in the trimmed sample

Vessel 1 Vessel 2 Vessel 3 Vessel 4 Vessel 5 Vessel 6

Treatment Effect -1.32 0.76 -0.43 -1.43 -0.49 -0.97
20112014 p-value 0.17 0.67 0.33 0.00 0.33 0.17
rank 3 9 5 1 5 3
Treatment Effect 0.91 -0.98 -10.52 0.70 1.63 0.73

2011 p-value 0.50 0.33 0.00 0.50 0.50 0.50
rank 7 5 1 7 7 7
Treatment Effect -4.15 2.26 2.68 -5.68 -0.31 -2.91

2012 p-value 0.00 0.75 0.92 0.00 0.25 0.00
rank 1 10 12 1 4 1
Treatment Effect -1.19 -0.53 -1.82 1.54 0.27 0.79

2013 p-value 0.25 0.25 0.25 0.67 0.58 0.58
rank 4 4 4 9 8 8
Treatment Effect -0.85 2.29 7.94 -2.30 -3.54 -2.48

2014 p-value 0.33 0.83 0.92 0.25 0.00 0.25
rank 5 11 12 4 1 4
Vessel 7 0 0 0 0 0 0.102
Vessel 8 0.294 0 0 0.676 0.216 0.03

Vessel 9 0 0 0 0 0 0.073
Vessel 10 0.706  0.594 0 0 0784 0.267

Vessel 11 0 0 0 0 0  0.047

Weights  Vessel 12 0 0 0 0 0 0.079
Vessel 13 0 0 0 0 0 0.086

Vessel 14 0 0 0 0 0 0.161

Vessel 15 0 0 0.829 0.324 0 0.026

Vessel 16 0 0406 0.171 0 0 0.094

Vessel 17 0 0 0 0 0 0.036
Preintervention Fit 0.179 0563 2374 1193 0.269 0.000

Notes: The 201-P014 treatment effect is defined in equaiién See footnot@4 for the definition
of the yeatspecific treatment effects. The permidatbased pvalues are generated using the

di stri

effect relative to all placebo effec(dbadie, Diamondand Hainmueller 2010; Munasib and

buti on

of

pl acebo

effects

from

t he

donor

Rickman 2015) Preintervention fit is the root mean squared prediction error for the pre

intervention trends in net revenue.
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Tablelll: SEM Estimation Results for the $g81 of Equations i(5)

Dependent Variable

Revenue Quota Harvest Price Cost
($ million) (1,000 mt) (1,000 mt) ($/200mt) ($ million)

Treat xYear=2011 2.747 -2.677 -0.173 1.799 5.188

(0.000) (0.000) (0.892) (0.009) (0.000)
Treat x Year=2012 2.547 -2.698 0.539 0.519 3.988

(0.003) (0.000) (0.691) (0.484) (0.001)
Treat x Year=2013 1.767 -3.731 1.895 -0.243 1.099

(0.053) (0.000) (0.360) (0.804) (0.163)
Treat x Year=2014 -1.214 -3.197 4.964 2.054 -0.046

(0.122) (0.000) (0.000) (0.002) (0.976)
Quota (1,000 mt) 1.447

(0.000)

Harvest (1,000 mt) 0.789 -0.019 0.482

(0.000) (0.000) (0.000)
Price ($/100 mt) 6.270

(0.000)
Vessel Effects Yes Yes Yes Yes Yes
Year Effects Yes Yes Yes Yes Yes
Observations 119 119 119 119 119
R? 0.524 0.753 0.273 0.268 0.194

Notes: p-values in parentises using permutation inferen&®;refers to the proportion of
variation explained by the independent variables after removing vessel and year fixed e
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FIGURES

EZNo Pacific Cod Trawling
I No Groundfish Fishing

Atka Mackerel Open with 10% Harvest Limit
[INo Retention Pacific Cod or Atka Mackerel
[CINo Atka Mackerel Trawling
[T Open to Bottom Trawling
M State of Alaska

Figurel: National Marine Fisheries Service management areas for the Bering Sea and Aleutian
Islandsand the spatial closur@s placefor the Pacific cod and Atka mackerel trawl fisheries
from 20112014

(a) Selection bias (b) Mechanisms

- revenue

!
1
1
1
SSL measure ‘ net revenue SSL measure net revenue

cost

Figurell: Causal diagram of: a) the overall treatment effS&.( measujeon the outcome
variable et revenupand b) the mechanisms through wh&8L measureauseset revenue
Note: The directed edge- vy signifies thaix causey while the bidirected edge® vy signifies

thatx andy are mutually dependefMorgan and Winship 2014¥olid nodes represent observed
variables while hollow nodes represent unobserveabias.
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SUPPLEMENTARY MATERIAL: MECHANISMS MATTER FOR EVALUATING THE
ECONOMIC IMPACTS OF MARINE RESERVES

Appendix A. SUPPLEMENTARY TABLES AND FIGURES

A.1.Tables

TableA-I: Number of unique A80 vessels with Atka mackerel or Pacific cod production days in
the Aleutian Islands, by NMFS management area.

Atka Cod
Year 541 542 543 Al 541 542 543 Al Total

2008 8 7 7 8 10 7 7 10 10
2009 9 9 7 10 10 9 7 10 10
2010 8 7 7 8 10 7 7 10 10
2011 11 7 0 11 13 7 1 13 13
2012 7 7 o 7 10 7 0 10 10
2013 7 7 o 7 11 7 0 11 11
2014 7 7 1 7 8 7 3 8 8

TableA-Il: Propensity score logit estimation resutthe probability of being in the treatment
group given prentervention trends in net revenue.

Preintervention Trends Treatment
net revenugoo - Net revenugos 0.063
(0.780)
net revenugio- net revenugog 0.252
(0.610)
Observations 18
Pseudd?? 0.04

Note: pvalues in parentheses using permutation infere



TableA-Ill : Balancing of prantervention trends in net revenue, with and without matching.

Mean
Bias
Reduction
Sample Preintervention Trends Sample  Treated Control Bias (%} (%)
net revenugos- net revenugos Unmatched 1.27 -0.29 34.90 91.40
Trimmed Matched -0.88 -1.01 3.00
Samplé net revenugio- net revenugos Unmatched  2.33 1.66 40.90 28.40
Matched 1.71 1.85 -8.90
net revenugos- Net revenugos Unmatched 1.27 -0.29 34.90 -48.90
Matched 1.27 -1.05 52.00
Full Samplé
net revenugio- net revenugos Unmatched 2.33 1.66 40.90 66.80
Matched 2.33 2.11 13.60

aThe standard percentage bias in the means of the treated and cantps{Bosenbaum and Rubin 1985)

® The full sample includes eBupport units; the trimmed excludes-sffpport units using a caliper of 0.1.
Table generated using the Stata vgdtten commandpsmatch2andpstest(Leuven and Sianesi 2014)
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FigureA-I: Allowable biological catch (ABC) and total allowable catch (TAC) for Atka
mackerel, by NMFS management area (541, 542, 543) and the entire Aleutian Islands (Total).
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FigureA-Il: Wholesale value of production, by product (218.4).



Control Group Treated Group

80,0001 80,000
60,000 - 60,000
40,000 1 40,000
20,000 20,000

.| o

T T T T
@ @ \ @
N N 9 X S o
(2 ) 2 )
& S 7 & o* & S ° & o®
& RO 4 & O 2 & RO 4 ¢ 2
> N & < & & > & & INERS &
3 & E & S ¥ S & & S
v Q S B v < § B
«© < «©
O O
e S
N4 4

FigureA-Ill : Average quota allocations (20@810), by species.
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2014. Dashed vertical lines indicate first and lastiprervention years in the data.
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FigureA-V: Amendment 80 quota allocations and wholesale prices, by target species.
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FigureA-IX: Synthetic control estimates (black) for each treated vessel and the placebo effects
(grey) for each vessel in the control grolgach plotted line is the difference between the treated
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FigureA-X: Point estimates of the average treatment etESISL measuson the intermediate
variablesquota(¢*), harvest(a®), price (¢a°), revenug ¢”), andcost(¢") for the SEMmodelin
equation (5)

Note: The colorand shape of the markers indicatatistical significance of estimates based on
different critical pvalues (p).
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FigureA-XI: Percentage of quota harvested by vessels in the treated and control group, by
species.
Note: The control groupffectively has no quota allocations for Pacific ocean perch.
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FigureA-XII: Average harvest of vessels in the treated and control groups, relative to 2010.
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in the figure.
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2014.
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FigureA-XV: Average recovery rate (prociuweight / catch weight) for the vessels in the
treated and control groups, 20R814. Note that different species compositions typically lead to
different recovery rates.

Average No. of Vessels in an Area Change in Congestion

T —T T — T T T T T T 27.
1 23 456 7 8 9101112 -
Month — T T T T T T T T T T
1 23 456 7 8 9 1011 12
[-0- 20082000 < 2011-2013 | Month
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intervention (right).
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FigureA-XIX: Point estimates of thdisplacementguotg and value mechanism effeétem the
SEM mode] constraining the treatment effect on price in 2011 to be zero

Note: The color of the markers indicates statatt significance of estimates based on different
critical p-values (p).
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Appendix B. SUPPLEMENTARY DISCUSSION

B.1.Parallel trendsassumption

We are conscience of the fact that having only threeinpeevention years is not ideal for
supporting our claim of parallel trends; however, we are limited by the fact that our main outcome
variablenet revenues constructed using informatidrom the EDRs, which were not collected
until 2008. We do, however, have time series for several of the intermediary outcome variables
i.e.,wholesale revenue, average wholesale pracelharvest—that go farther back in time, well
before tle implementatn of A8BQ Becausenet revenugour main outcome variable, only goes
back to 2008, we cannot estimate our models using the earlier time period; however, we can use
the longer time series for the intermediary variables to shed light on whether our pematiel
assumption is valid

We investigate whether treated and control units follow a parallel trend for the previously
mentioned variables, along with a newly constructed varidmdevést allocatiop for the
preintervention years 1992 to 2010. Sincetgsavere not introduced until 2008, we do not have
information for this variable in the p#80 years. However, to see if the treated and control groups
had differential trends in the TACs for their
apeci es’ all ocation under A80 (which was det €
this share by the yeapecific TAC for that species, and sum across all species for each vessel to
creat e &arwest allscatibii—s . €. , wh a tal harvest allecatierl wosld have
been had there been quota shares.

Error! Reference source not found.shows the annual averages for these four variables
for the treated and control groupstlveen 1992 and 2014, along with the linear time trend over

the preintervention years (1992010). We also test the null hypothesis that the linear trend in
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each variable is different between the two groups during thénfevention years using the
following model (i.e.Ho: 0 ¥,G=), :+ year +ykar theat V.

In general, the time series for each variable appear to move in parallel in the pre
intervention years, particularly in the most recent years before the closure (i.e., between 2002 and
2010). Notehat the period 1992010 spans multiple regulatory, economic, and biological shifts,
and thus the further we go back in time, the more likely we are to find divergences from the parallel
trend. For example, Amendment 80 was introduced in 2008, Atka nehcliet yellowfin sole
prices declined in 1998, flatfish TACs plummeted around 2000 in response to increasing TACs
for pollock;* and flatfish prices crashed in 2008 and 2009. Nevertheless, there does not appear to
be a structural break during this perioddny of the variables. Indeed, while there are some years
in which the treated and control groups averages do not appear to move in parallel, we cannot
reject the null that the linear time trend is different between the treated and control group for any
of the four variablesharvest( &G:13; pvalue=0.26)wholesalaevenud &0:04; pvalue=0.74);
wholesalgorice( 6 = 0val0e4Q.56)pantiarvestallocation( & = 0 -valBe50.4Q) (inference
by permutation).

While we cannot do this exercise for ourimautcome variablengt revenug we believe the
parallel trends for the four variables depictecError! Reference source not found.provide
sufficient evidence that the fundamental differences between the treated and the control groups

that influence economic outcomes is, for the most parg imvariant

45 Recall that the sum of all groundfish TACs in the Bering Sea and Aleutian Islands is constrained by a 2 million
metric ton “ecosystem” cap, so that as Iqvdheitatiowadble T ACs
biological catch.
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B.2.Nonrecursive &M for identifying mechanisms

In Figurell and Sectionll.F, we present Anear system of equations to model the causal path of

the closure on net revenues in order to decompose the total effect of the closure into three different
mechanisms. Perhaps the largest assumption in our treatment effect decomposition is the
assumptia that the system is recursivé.e., that there are no feedback loops or simultaneous
relationships between the endogenous variables of the system. As we point out, such systems have

the benefit of being identified with a certain error correlation stra¢&nito and Pearl 20023nd

the direct and indirect effects are easily estimated as the regression coeffiCiémthe system
of equations (5)However, there are two particular relationships in which the recursive assumption

is suspeet-namely, the relationshipkarvest-  price and harvest- cos. We explore each of

these relationships below in greater detail and analyzextieat to which assumptions regarding

these relationships influence our results.

B.2.1. Relationship betweeharvestandprice
In Sectionlll.C, we argue that harvesty the A80 fleet can influence the wholesale price they
receive because A80 harvests for many species, such as Atka mackerel, mékgepartion
of their respective world markefEhe recursive nature of the causal diagrafigurell therefore
assumes that prices do not affect harvests. There are several reasons why we believe that the

relationship price- harves is minimal or norexistent. Firstprice is a weighted average of

wholesale prices ($/1,000 mt) across species, where the weight for a particular species is equal to
its share of a vessel’'s wholesale production.
species may shift harvests frame species to another, the total harvest across all species is not

likely to change. Second, the quota for the A80 fleet places an upper bound on annual harvest, and

thus, a change in price is only likely to influence harvest if prevailing prices al@idor costs
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too high) to justify exhausting quota. While the quota for some species does remain unharvested
at the end of the seasdriqureA-XIl), this is largelydue to a catclguota imbalance whereby the
guota for one species is binding (e.g., yellowfin sole and Pacific cod), preventing the quota for
other species from being harvested (e.g., rock sole and flatheaf@datiejt, Haynie, and Reimer

2015)

B.2.2. Relationship betweemmarvestandcost
As specified, the system of equations in (5) assumes that harvests influence costs but that costs do
not influence harvests. Sincestis measured as the annual expenditures on variable inputs, such
as labor, fuel, maintenance and repair, etc., changasnnal harvests likely affect the use of
variable inputs, thereby influencing annual costs for a given set of input prices. However, annual
expenditures also vary with input prices, thereby influencing the marginal cost of harvesting,
which may influenceotal harvests. If this is the case, then harvests and costs are simultaneously
determined, and ignoring the relationshipst- harves would create endogeneity bias in our
estimate of the relationshigharvest cos. However, we believe that the relationship
cost- harves is minimal or norexistent. Similar to the argument above, if quota is a binding
constraint on harvest, then the shadow value of harvest is likely pesitaze vessels would
harvest rore if they were not limited by quota. If this is the case, then increases in the marginal

cost would only reduce harvest if the change was large enough to push the shadow value to zero.

B.2.3. Simultaneous equations fbarvest cost andprice
To determine thexistence of a simultaneous relationship between harvest, prices, and costs, we
need to exploit exogenous variationharvestthat is not directly related torice andcosts and
exogenous variation iprice andcostthatis not directly related tharves. With respect t@ost

we specifically need to isolate variation in that does not stem from the expansiarves) but
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rather stems from variation in marginal cost of production.

One potential option for exploring the existence of simultaneous redaijus betweeharvest
cost andprice is to specify the aforementioned feedback mechanisms in the system of equations
in (5) and estimate the system as a whole. Specifically, we can revise the second, third, and fourth

equations in system (5) to be:

harvest =a® +f +g Sweat pdst * phige ¥ ogst ° aupta x
pricg, =a’ +f { Sebap pést " hdrvest Y ¥, e (B.9)
cosf =a* +f +qg Hrueat pést * Warvest ‘z, €

where price, cost and the exogenous vecterare included in thdarvestequation, and the
exogenous vectorngandz are added to thprice andcostequations, respectively, aracluded
from the harvestequation. In this specificatiory, and z act as instruments fgrice and cost
respectively, in thé@arvestequation, whilegguotaandx act as instruments fdrarvestin theprice
andcostequations. If the recursive nature of the system of equations in (5) is true, then we would
expect the parametérs and] in theharvestequation to be equal to zero amarvestto enter
into theprice andcostequations xogenously.

While it is possible to test for endogeneity by estimating the full system of equati@9)in
using threestage least squares (3SLS) or-ullormation maximum likelihood, there are several
reasons why we do not follow this approach. Although 3SLS produces more efficient estimates
(asymptotically) by exploiting correlation in the error terms across equations, it also has the
disadvantage of pducing inconsistent estimates for a single equation if any of the other equations
have invalid and/or weak instrumerf¥¥ooldridge 2010) This is especially relevant for our case
given the challenge of finding instruments airvest price andcostthat satisfy both the exclusion
and independence assumptions while also having a strong enouglafijesstrelationship so as to

avoid weak instrumnt biage.g., Fissel et al. 20150 general, given the aggregate nature of our
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data, the inclusion of annual and vessel fixed effects leaves limited residual variation in the
instrument with which to isolate exogenous vaoiain the variable of interest, resulting in first
stage relationships that are relatively weak. Thus, to prevent anyegjga8on contamination, we
estimate the equations (B.9) separately using an instrumental variables (IV) approach.

TableB-I reports the point estimates for the parameters of concern in the system of equations
in (B.9). We report estimates using ordinary least squares (OLS), which assumes the system of
equations in (5) is recursive, as well as those usingstage least squares (2SLS) and limited
information maximum likelihood (LIMLY® Column (1) reports the OLS and Bétimates for the
parameter in theprice equation usingjuotaand an index of biomass for the six target species
for the A80 fleet’ Both the 2SLS and LIML estimates are very similar to the OLS estimate, but
are statistically insignificant with starmdiaerrors twice the size of the OLS estimateaRies for
overidentification and exogeneity tests are large, suggesting that the instruments are in fact valid
and thatharvestenters into therice equation exogenously. However, this must be interpreted i
light of a relatively small partial-Btatistic from the firsstage regression. For example, using the
Stock and Yogo (2003)riteria for weak instruments, we can only reject the null hypothesis that
the instruments are weak if we are willing to accept a rejection rate of at most 10% of a Wald test
of the parameters price equation at the 5% lev&dee Cameron and Trivedi 200%he similarity
in the estimates and standard errors between the 2SLS and LIML estimators, however, suggests
that weak istruments may not be a problem in this case. Note that we are not able to gstimate

in the harvestequation due to a lack of valid instruments foice. Nonetheless, we use the

46 Stock, Wright, and Yogo (2002among others, suggest that the LIML estimator performs better than 2SLS when
instruments are only weakly correlated with the endogenous variable.

47 Specifically, the biomass index uses the annual estimated biomass from the NMFS stock assessougsifar

yellowfin sole, flathead sole, Pacific cod, Pacific ocean perch, and Atka mackerel, and computes a weighted average
of biomass for each vessel, where the weight for each
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evidence suggested by the IV estimators oftfige equation, in additio to our earlier argument
for why priceis not likely to affecharvest to conclude that a recursive relationship exists between
harvestandprice—i.e., harvestentersexogenously into thprice equation, and in turmrice does

not belong in théarvestequation.

In contrast to therice equation, the exogeneity barvestin the costequation is less clear.
Column (2) ofTable B-I reports the OLS and IV estimates for the paranietem the cost
equation, usingguota and biomassas instruments foharvest*® Both the 2SLS and LIML
estimators produce quite differentiesates from the OLS estimator, reducing the estimdte of
towards zero while nearly doubling the standard errors. The weakness of the instruments is evident
in both the partial fstatistics from the firsstage regression and the slight difference betwthe
2SLS and LIML estimates. Thus, it is difficult to tell whether differences between the IV and OLS
estimates arise from an endogenous relationship bethamestand costor from the finite
sample bias and imprecision of the IV estimators withkwestruments. The story becomes less
clear when considering the OLS and IV estimatés ah theharvestequation (column 3), using
fuel prices and crew costs per day as instrumentsdst*® The OLS estimator is positive and
significant, which is oppsite of what we would expect dostwas exogenously determined by
shifts in the marginal cost of production. Both the 2SLS and LIML estimatesasé negative
and close to zero, with standard errors that are roughly double those produced by the OLS

edimator, which is not surprising given the weakness of the instruments (according to the partial

481t could be arged thatbiomassalso affectsostby directly influencing the unit cost of harvest, and thismass

does not satisfy the independence assumption. However, estimatimpsthequation using onlyquota as an

instrument foharvesthas very little effect o the estimates or test statistics reported in Table A3.

4 The variableguel priceandcrew cosfper day were both calculated using cost and input usage information

reported in the EDRs. Specificalfyel pricei s equal t o a v e sandubldigdedbythairal expend
annual consumption of fuel (in gallon§tew cosper day are computed as the annual expenditures on crew (e.g.,

food, benefits, recruitment, travel, insurance etc., but not remuneration), divided by the number of crew days (i.e.,

the average crew on board times the number of days a vessel was active).
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F-statistic). The notion of usinggew costandfuel priceas instruments comes into question given
the relatively low pvalue for the overidentification testideed fuel pricehas almost no firsstage
relationship withcost after omittingcrew costas an instrument and controlling for vessel and
annual fixed effects.

Altogether, the evidence supporting the recursive relatiori@hip U ‘Q icx¢ iis anuddled by
the existence of weak instruments. Nonetheless, we conclude that we cannot reject the existence
of a recursive relationship betwekarvestand costbased on the following pieces of evidence.
First, the positive OLS estimates in columns (2) ana{3ableB-I lend support to the existence
of the @i 0 Qicxé irebationship. For instance,jif 1, then we would expect the OLS
estimate of to beunbiased and negative. The fact that the estimdte @ actually positive
suggests that is in fact greater than zerdi.e., the estimated ¢ © @i U ‘@lationship is
actually picking up thé&@i 0 Qi iequation. Second, notwithstanding the weak instrument
problem, the regressidmased test for endogeneity propose@hbyneron and Trivedi (2008asily
rejects the exogeneity obstin theharvestequation, and the IV estimateof is not statistically
different from zero, suggesting thaistdoes not belong in thearvestequation. In contrast, we
cannot reject the hypothesis thervestis exogenous in theostequation, even thougihe 1V
estimate of is not statistically different from zero. Thus, we cautiously concludehtiraest
enters into theostequation exogenously, and continue to use the estimatembvided by the
system of equations in (5) and reported in Td¥lsince it is more precise than the IV estimate

reported inTableB-I.

B.3.Permutation Inference
As we discuss isectionlll.G, we use permutatiebased inferential techniques for all our models:
the DnD, PSW, SCM, and SEMermutation inference tests whether the valugtest statistic is
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due to chance by comparing the valuethed test statistic to a reference distribution, which is
generated by recalculating the statistic for many permutations of the data assuming that the null
hypothesis holds. If the test statistic is laggesmall)relative to the reference distributiahen

this provides evidence that the null hypothesis does not hold.

As an example, consider the parameter associated with the treatment assignment variable in
the harvest equation (i.€f) for the SEM model (equation 5). Under the null hypoth&&i), and
therefore, harvest for each individual will be the same regardless of which treatment is received.
We can therefore compute the reference distributioG*fonder the null hypothesis by estimating
the parameters of the system of equations infdbpll possible treatment assignments across
individual s, keepi ng e altApvalsetcanrhen be donstryctedebg e b o ”
calculating the fraction of the placebo effects that are greater than or equal to the original estimated
value oftf.

Permutatiorbased inference for nedliscrete variables is similar. As an example, consider the
parameter on quota in the harvest equation {Pefor the SEM model. Under the null hypothesis,
°=0, and therefore, harvest for each individual wilkhe same regardless of how much quota is
received. We can therefore compute the reference distributiofdoder the null hypothesis by
estimating the system of equations in (5) for randomly assigned values of quota in the data, keeping
each estimatetl p | a ¢ e b o®. A paluaican be donstructed the same as above.

Permutatiorbased inference far h e mechani sm effect g8imlarn equa
to the description aboveor example, under the null hypothesis, tieatment assignemt has no
influenceonnetrevenue whi ch 1 mplies that the “quota eff.

can therefore compute a reference distribution of quota effects under the null hypothesis by

estimating the quota effects for all possible treattrassignments, and compute theapue as
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discussed above.

B.4.Tables

TableB-I: Instrumental variables and ordinary least squares point estimates.
W10 QIAE AOQ DI 0 QIdE 16 D& PEBI L QI 6

1) 2 (6)

OoLS -0.019%** 0.499*** 0.310***

(0.006) (0.143) (0.107)

2SLS -0.017 0.096 -0.123

(0.012) (0.283) (0.215)

LIML -0.017 0.065 -0.173

(0.013) (0.307) (0.173)

First stage: partial Fstatistic 5.124 3.033 2.880

Exogeneity: pvalue® 0.808 0.102 0.003

Overidentification: pvalue 0.529 0.405 0.133
Instruments guota guota crew c_ost
biomass biomass fuel price

Controls crew c_ost guota
fuel price biomass

Note: IV pointestimates are obtained using bothstage least squares (2SLS) and limitgfdrmation maximum
likelihood (LIML). Standard errors are in reported in parentheses using the Huber/White sandwich estimator.

a Partial Fstatistic using instruments only frothe firststage regression.
b P-value from regressiehased test of §i variable is exogenoy€ameron and Trivedi 2005)
¢ P-value from Wooldridge'§1995)robust score test of overidentifying restrictions.
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