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1. INTRODUCTION

Modes of different forms are the core tool of economic analyss. The advises economigs give
decison makers may represent generd insghts derived from stylized models. Alternatively,
economists may congruct complex large scde modds to amulate the consequences of
different policy option, dten without any definite concluson as to what option is best. The
advice may dso be based on some intermediate gpproach. Decison makers rardy follow
these recommendations without dteration. Typicaly, they will blend the results from numerous
andyses, focusing on different facets of the red world. To evduate the usefulness of modd
based andyses, we would have to take into account how the information provided by the
modd is “filtered through” the decison makers, and ask the question: Does the node
improve the find decison made by the decison maker? Thisis the question we address in this
paper. Note that this question differs markedly from the more usud question: What is the
quaity or accuracy of the andys's produced by a decison tool?

To answer this question in generd is not possible since underlying problems differ. Decisons
pertaining to smple, wel defined problems, are likely to be greetly improved by andyses that
provide precise answers to the questions that decison makers ask. For complex problems
that are not easlly formulated, and where avallable andyses built on partid modds, it is harder
to predict outcomes. However, by studying cases, strengths and weaknesses of decision tools
can be reveded. With sufficient numbers of cases, certain patterns could also start to emerge.
The derived ingghts should be beneficid for both modelers and decison makers.

The case in question is the management of fish stocks in the Barents Sea. The management
problem is complex and the usefulness of different models is hard to evduae Actud
management is a consequence of the choice of many different decison makers, with possbly
conflicting objectives. Each individuad decison maker has access to severd sources of
datistics, different models, and modd based sudies. It is hard to identify the contribution from
one particular modd. Perhaps one could identify dominating schools of thought in different
fishing regions of the world, but then, differences among fishing grounds would complicate
comparisons. To overcome these problems, we use an experimenta approach.

We construct an experiment where students are asked to manage the stocks of cod and
capein in a computer-model of the two mgor fish stocks in the Barents Sea. The ex-
perimentd trestments are numericad advises from two different models. a smulation modd and
a stochadtic optimization modd. Comparing the results for different groups of students, we
identify the contribution from each modd. We acknowledge at the outset thet we focus the
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subjects attention on one or two particular sources of information, without the competition
from other advises. A possible effect is that the experiment overestimates the effects of the
two decison tools a hand for stuations in which they face competition. A firgt indication of
this posshility is actudly tested by the experiment itself. The interaction term between the two
decision tools measures the effect of competition.

Also note that the experiment focuses on numerica advises from the two types of modds for
the purpose of quota setting. The purpose is not to test for underlying attitudes or
misperceptions that for instance could prevent a quota system from being implemented in the
first place. The quota system is taken for granted, and the remaining task isto set gppropriate
quotas. In this regard the experiment differs from previous experimental sudies of renewable
resources, e.g. Moxnes (1998b) and Moxnes (1998c).

We have not encountered Smilar experimenta studies of the practical usefulness of modds for
socid planning. A literature seems to be emerging in the management area. Oz et d. (1993)
point to the need for experimentd studies to assess the benefits of experts systems. Cavderi
and Sterman (1997) and Verstegen et d. (1995) make smilar dams for sysems modding
and information sysems. All three find postive effects of decison support. Webby and
O'Connor (1994) find that the usefulness increases with task complexity. They dso find no
difference between a deterministic and a probabilistic decison toal.

Firgt we present the modeds and the experimenta design, and then the econometric modd.
Next the resuts of the experiment and a post questionnaire are presented. Both decision tools
are found to have significant positive effects, however for different reasons. Subject Strategies
are estimated and show interesting deviations from the Strategy proposed by the optimization
modd. Finaly we conclude and discuss findings that are likely to be found dso in future
investigations of decison toals.



2. THE EXPERIMENT

First we describe a two-species smulation modd for cod and cagpelin. We refer to this model
as the virtud redity, which the subjects are asked to manage. Then we describe the two
decison tools. We have chosen to focus on two different kinds of modd concepts to aid
decisons a gmpligic two-species sochastic optimization modd, and one complex
determinigic smulaion mode conggting of two one-species models. While the optimization
toal is a close replication of what has been presented in the literature, the smulation tool is a
rough atempt to mimic how this tool is being used for red menagement. Findly we describe
the experimenta design.

2.1. Thevirtual reality

A modd of cod and capdin in the Barents sea is taken as the virtud redity. The virtud redity
is represented by a two-species, predator-prey model. The modd is documented in Moxnes
(1992), with minor changes documented in Moxnes and Nyhus (1994). The modd has
cohorts for both species, both weight and population numbers are represented. Predation is
moddled with saturation, i.e. each predator (cod) has a limited capacity to eat the prey
(capdin). Recruitments are nonlinear functions of spawning stocks, recruitment of cod is dso
negatively affected by the amount of juvenile cod, and both recruitments are influenced by
randomness. Capelin is assumed to die after spawning. The biologica part of the modd isto a
large extent based on an exigting biologicd modd, Tjemeland (1990). The fishing gear for
cod is more efficient for higher age classes than for lower age classes and the selectivity is
fixed. The two species are caught independently, and costs depend on fish dengity and fleet
capacity utilization. Capacity utilization aso determines unemployment in the fishing sector.
The criterion reflects present values plus stock vaues in the find year minus socid codts of
unemployment in the two fisheries. No activity (and maximum unemployment) in the cod and
capdin fisheries were vaued to respectively NOK 75 and 25 million per year. Payoffs to the
participants were caculated as NOK 150 times the ratio of the obtained criterion value and
the benchmark criterion value obtained by using the strategy suggested by the optimization
tool.

2.2. Thesmulation tool

The smulation toal is a determinigtic verson of the biologicd part of the virtud redity, except
that the linkage between the two stocks were broken, i.e. we used two one-species models.
In dl equations for capelin where information about the cod stocks was needed, an historica



mean of the cod stock was used, rather than the modd’s own predicted cod stock, and vice
versa. Otherwise, the modd and its parameters were identicad to the virtud redity with two
exceptions. Firg, the economic part was left out, as it often is in models used for fishery
management. Second, the smulation modd was initidized each virtud year by that year's
uncertain stock estimate. To amplify the programming, the distribution of fish on different age
classes was identical to the one in the virtud redity. An excuse for this amplificationisthet in
redity catch data produce rather good estimates of the relative strengths of age classes for
which harvest istaking place.

Each virtud year, the smulation modd was used to make two 4-year forecasts for each of the
two stocks. The forecasts for cod were based on strategies with either 15 or 30 percent catch
of the total stock, while for capelin, the two forecasts were based on 40 and 80 percent
catch. While the amulation tool made no suggestions about optima policy, these forecasts
could produce certain framing effects in that they could be interpreted as indications of
reasonable ranges for yearly catches.

2.3. Theoptimization tool

The optimization tool was a two species sochastic optimization modd with capdin and cod.
In continuous time, the growth equations are of Lotka-Volterra typel. The criterion to be
maximized is the net present vaue of future catches. The modd parameters were estimated
from data generated by the virtud redity. The optimization model gives the gptimd policy in
the form of target escapements, i.e. the optima stocks after the fishery seasons are over. For
a further description of this mode and the solution agorithm, see Brekke (1994). The exact

1 Thegrowth of cod biomass T, and of capelin biomassL, is given as
x L
L2 +LC

T, = ag )T - MT - BT

and
XL
L2 +L

L =L - m(L)L, - & )T - En Lyt

where r is recruitement, m is mortality, and E is effort. X is a stochastic variable determining
predation. @, ad; L , and b; are parameters. Stochastic variables are marked with atilda

The objective is to maximize the net present value of future catches until time t, plus the value of
remaining biomass

t
maxd th ETthT + thELt LbT - CL ELt - CTETt}e_dtdt +S(-rt 1 L[)

(T, , L, ) isthevalue of remaining biomass at the end of the optimization period.



choice of optimization modd was made to comply with existing literature on this topic, see
Mendessohn (1980).

The optimization modd disregard much of the detalled information included in the virtud
redity. Especidly important is the excluson of non-linearities and information about the year
classes. The optimization incorrectly assumes that the two differentid equations keep precise
track of the biomass. However, this assumption is false in that cgpelin that has spawned dies,
and that juvenile cod and capdin are not included in the respective biomass measures. Note
adso tha unemployment, which is part of the criteria in the virtud redity, is not taken into
account in the optimization modd.

The optimd target escapement for capdin was found to be 7.0 million metric tons, For cod
the optima target escapement depends on the stock of capdin. The target is 0.8 million tons
a very low capdin stocks. It increases linearly with the capelin stock until the capdin stock
reaches 5.0 million metric tons, a which point the target is 1.35 million tons. For higher
capdin stocks, the target escgpement is congtant at 1.35 million tons. The students that had
access to this modd were informed about the optimal target escapements and about the
dependence of the cod target on the capelin stock.

Jug to illugrate that the optimization model is not very close to the globd solution for the
virtud redity, we smulated the modd with an adjusted strategy. The adjustment represents
one firg, somewhat random attempt of taking account of non-linearities and measurement
erors that have been found to matter for the optima solutions in less complex models than the
virtud redity, Moxnes (1998a). We smply assume that the cod quota equas 20 percent of
the cod stock and that the capdin quota is zero for cagpelin stocks at or below 3.0 million
tons, and that the capdin quota increases with 50 percent of the increase in the capelin stock
above this level. Smulations were carried out over the 16 different redlizations of the random
variables used in the experiment. On average the adjusted dtrategy beets the optimization
drategy (the benchmark) by 30 percent.

Thus, the optimization model does not provide the best strategy we are able to develop, but it
isthe optimd drategy given the stated smplifying assumptions used in exigting literature. Asin
redlity, decison makerswill only be informed about strategies that are optimal subject to some
amplifying assumptions. In red world decison problems, an exact copy of redity is not
avalable for amulations to test dternative Srategies. Hence, even though better models are
likey to lead to better drategies, one will not know with certainty that for instance a 30
percent improvement can be obtained. In some cases the smpler modes could be the better
ones.



2.4. Experimental design

A three by three factoria design was used. The two types of decision support represent the
fird two factors. The third factor was initid conditions, high or low stocks of both cod and
capelin. For the economicaly most important species, cod, the low initid stock was close to
the target leve from the optimization model, while the high initid stock was from 60 to 80
percent above this level. The redization of the random variable varied among the subjects.
However, the same 16 redizations were used for dl four combinations of the two types of
decison support. The realizations of the random variable will be viewed as a covariate.

Management of Cod and Capelin - Barents Sea RESULT
Decisions Cod | Capelin Year P Cod

Quota 1] PY Cap.
IHFORMATIOH Cod  [Capelin -nemgp.

Stock estimste a6 3840 NEXT Criterion

Catch 238 2325 “YEAR Payott

Income 1425 1163

Cost 559 157 Advice from economist
Met Income 236 gvE Cod Capelin
nemp. % 0 1] Target esc. 12221 7000

Help from biological model: Cod Help from biological model: Cap.

1300 G000
4000
2000

a0o

15% [ 30% 40 %) &0 %
Catch next yvear 130 224 |Cat|:h nest year 1536 3072

Figurel: Thecomputer screen.

The screen, as it appeared to subjects who got both instruments, is shown in Figure 1. The
upper left quadrant shows data from the virtua redlity. These data were updated each virtual

year. Information about estimated stock Sizes reflected the true stock sizesin the virtud redity
plus a random error term. Information was also given about last year's catch, codts, net

income, and unemployment. The subjects had to fill in the fields for quotas, and press the next
year button to advance to the next year. The upper right hand corner revedled criterion values
and payoffs after 25 years of management. Payoffs varied from NOK 38 to 380, i.e. from

about 0.5to 5 timesanorma hourly wage for students.

The results from the two decison tools were either presented as shown in Figure 1 or they
were blanked out for those who were not availed with one or both to the tools. The forecasts
from the two one-species biological modds were presented under the heading “Help from



biologicad modd”. The target escapements from the optimization mode were presented under
the heading “ Advice from economis”.

In totd 64 students participated in the experiment. Half of the students were from Bergen and
the other haf from Odo. Around 50 percent were in the firg or second year of ther
economics or business and adminigration studies. The remaining 50 percent were a more
advance levds of the economics study, some with backgrounds in mathemeatics, technology
and agriculture. Students were chosen for practica reasons. They were randomly selected for
the different trestments.

The students were novices with respect to the actud management problem. Hence they do
differ from experienced managers who are familiar with details of the andyses, and who know
the podtions of relevant interest groups. We can only speculate how students might behave
differently from red managers. Novices with little knowledge of the sysem should benefit
more than experts from the tools. Novices with a poditive attitude towards andytica tools (as
our subjects) should be expected to be less skepticad to the tools than managers. Red
decison makers are presented with other goals, congtraints, and information than the subjects
in the experiment. They might even be presented with other, competing decison tools. Hence,
for these reasons red decision makers are likely to put less weight on the two selected types
of decison support than inexperienced students. Thus, the benefits of the tools could be
overestimated in the experiment. On the other hand, lacking experience with the tools could
aso imply tha they are not used to ther full potentid. While there are reasons to expect
differences between students and actua decison makers, previous experiments indicate that
they could be samdl and inggnificant, at least when participating in a given experiment, seeeg.
Bakken (1993) and Moxnes (1998b). Since the students were not acquainted with the
problem a hand, and since there is no media focused controversy over multi-species
management in the Barents Seq, the experiment should not suffer much from role playing
(subjects making use of preferences, information, and drategies outsde of experimenta
control). We found it unnatural and difficult to disguise the rather complex task as a neutra
management problem.

The subjects received a written information (in Norwegian), and were encouraged to ask
questions. Few guestions were asked. The following pieces of information were given: They
were told to see themsdlves as socid planners with full control over the fisheries, and that
higtorical harvests had varied quite alot from year to year. The items on the computer screen
and the technicdities of the experiment were explained. The criterion and its relation to the
persond payoffs was explaned. Facts were given about the virtud redity: the biology
(predation, maturation ddays, lifetimes, mortdity, recruitment), harvesting (two fleets, gear
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sdectivity, unemployment), economics (prices, fixed and variadble costs), and randomness
(recruitment, mortality, predation, variable cogts, resource measurements).

Depending on treatment, the subjects aso received explanations of the decision tools. In both
treatments, subjects were told that the tools were based on simplified representations of the
virtud redity. Regarding the smulation tool, they were told that the tool did not represent
predation, randomness, correct initial conditions, and economics. Otherwise the modd was a
perfect representation. The scenarios and numbers shown on the screen, as well as the
underlying drategies were explained. Regarding the optimization tool, subjects were told that
the tool did not capture saturation in predation, had no age classes, disregarded measurement
error, did not have continuous harvesting over the year, and put no weight on unemployment
in its criterion. The target escgpements shown on the screen were explained. Findly, the
subjects were advised to decide for themsalves to what extent they should follow the advice.

A pre-questionnaire was used to check that the subjects did understand what was to be
maximized, and to check that they understood how the decision supports deviated from the
virtud redlity. Answers showed that the subjects understood what to maximize, athough two
subjects wrote that they were supposed to maximize quotas. Most subjects were aso able to
point out mgor differences between the virtud redity and the tools Somewhat different
amplifying assumptions of the tools were reported. A few subjects brought in their own
generd ideas about differences between tools and redlities. We dso asked for their age and
their experience with and belief in economic modes for the purpose of public management.
The answers showed no sgnificant differences between groups of subjects selected for the
different treatments. Concerning their belief in modes, the average rating was 3.5 on a scde
from one to five (63 percent).

A post-questionnaire asked the participants about their willingness to pay for having access to
each of the two decison tools in case they were to participate in a Smilar experiment. We
a0 asked them to say if they tried to smooth quotas from year to year, if they tried to
dabilize the stocks at the levd in the initid year, and to what extent they saw the experiment
as arewarding learning experience. All three questions on ascdefrom 1 to 5.
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3. ECONOMETRIC MODEL

Let Z denote the criterion vaue that person i achieved, and let Y, denote the benchmark
criterion vaue he would have achieved had he used the proposd from the optimization model
without adjustment. (This criterion vaue can be computed irrespective of whether the person
had access to the optimization modd or not.) We assume that the criterion value depends on
whether the student had access to the smulation model, represented by the dummy S, the
optimization modd O; or whether the initid stocks were high or low H;. The criterion vadue
further depends on two stochagtic variables. One representing the stochastic variables in the
bioeconomic modd, represented by the resdud u; and findly the management kill of
individud i, represented by v;. We thus assume

Z, = (0,8 H)+@+e)y +v, (D
where e is some parameter to be explained below.

A smilar modd will gpply to the criterion vaue thet i would have received if he had used the
results of the optimization modd without any adjustments, but then skill and access to the
different models would not matter. Thus we define

Y =kd+caH, +eu @
To alow the bioeconomic uncertainties, represented by u;, to have different impact on Y, and
Z; we gpply different parameters, (1+e) and e respectively, but for smplicity normaized such

that the differenceis 1.

Let X; denote the criterion vaue in excess of the benchmark, i.e. X;=Z;-Y;. Then

X; = (0,5, H) +uy +v, ©)
Note that according to this mode
Z =aY, +f(0,S,H)+u +v, (4)

with a=1. Testing the hypothess a=1 is thus atest of the model above.
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The dedign of the experiment requires some specid consderaions on how to handle the
resdud u;. To reduce the noise in the comparison of models, we picked the same redlization
of the stochadtic variable in the virtud redlity for dl different combinations of modds. With 64
gudents in the experiment and with four different combinations of modes, only 64/4=16
different (and independent) redizations of the stochadtic variables were used in the virtud
redity. Hence there are only 16 different redizations of u; while there are 64 redizations of v;.
Thus the totd resduds ui+ v; are not independent. Still, estimating k¢ and ¢«, we can
gpproximate the residuds as

e, =Y - Ka- éaH, )

We then included this congtructed variable as an explanatory variable in a regresson version
of (4). Thisturned out to have negligible effects on the results, and therefore we present only
the results for the smplest equation where ui+ v; is treated as an independent resdudl.
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4. EMPIRICAL RESULTS

Firg we andyze criterion vaues, next we estimate decison drategies, then we discuss the
results and findly the post-questionnaire.

4.1. Analysisof criterion values

We firgd edtimate equation (4) to test the hypothess that a=1.We find 4=0.98, not
sgnificantly different from 1.0, and with R?=0.93. The hypothesis is clearly not rejected. The
other estimates were very close to the ones found below.Thus the data are consstent with our
modd. We next estimated (5), to compute an estimate of eu;. Induding the estimated eu; as a
explanatory variable in (3) we found that e » 10. Hence more than 90 percent of the variation
induced by the stochastic terms of the virtud redlity isincluded in Y,. For the error termin the
Xi-equetion, we find that the variance of v; isdmog 20 timesthat of u;, and this explanswhy
the corrdation in error term does not influence the estimate. This finding aso implies thet the
vaidion in X;, is mainly due to skill, and not luck, wheress the vaidion in totd score Z; is
more due to luck than to skill, since (1+e)u; has more than five times the variance of v;.

Table 1: Means of X; for different treatment combinations.

H=0 H=1

0=0 O=1 0=0 O=1
S=0 1619 1877 -2251 2433
S=1 4340 4737 126 2898

Table 1 summarizes the results in terms of means for X; for different treetment combinations,
i.e. criterion values minus benchmarks. Mostly positive vaues of X; indicate that subjects do
better than the benchmark. We note the following tendencies. In the case with low initid
stocks, there is a consderable effect of access to the smulation tool, while the optimization
tool has only aminor effect. In the case with high initid stocks, the pattern is nearly reversed:
there is a condderable effect of having access to the optimization tool, while the effect of
samulation depends on the access to optimization. Without optimization the effect is
congderable, while it is only minor in the case optimization is avallable. We dso note for the
cases without access to any of the tools, subjects do better than the benchmark when initia
stocks are low, and they do worse in case of high initid stocks.
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Table2: ANOVA results for dependent variable X.

Variable Estimate t-ratio
I ntercept 1973* 487
Optimization 1014* 251
Simulation 1053* 261
High stock -1171* -2.90
Opt.*Sim. -222 -055
Opt.*High 850* 211
Sim.*High -342 -0.85
All -256 -0.64

All *-marked estimates are significant at a5 percent level.

To egimate the different effects we conducted an ANOVA andyss. This corresponds to a
regresson of X, with dummies §, O, H;, SO, SH;, HO adfindly SH,O,. The results are
reported differently from the regresson case, as deviation from the gppropriate sample mean.
The grand mean is podgitive, and there is a Significant effect of access to ether one of the two
modds. Moreover, sudents do worse when initid stocks are high. Findly, the benefit of the
optimization modd is higher when the initid sock is high. All the other edimaes ae
indgnificant.

For the ensuing discusson, we find the following linear regresson result for the sgnificant
parameters (Snce the other effects were clearly insgnificant, they are of little importance for
the parameter vaues)

X, =1927 + 32750, +2106>S, - 40425 H, +34015H,0 +u, +V, (6)

To e if the rative contributions of present values and unemployment to the criterion vaue
change with the treatments, we perform another ANOVA. Fractions are formed where the
present value of cod, the present vaue of capelin, or the costs of unemployment is divided by
the totd criterion vaue. Table 3 shows the dgnificant results. The optimization tool leadsto a
congdderable increase (decrease) in the vaue coming from the cod (capdin) fishery. This
seams likely since the optimization tool reflects knowledge about the normdly higher vaue of
capdin as food for cod than for commercid harvesting. The smulation tool leads to a
reduction in the cogts of unemployment.

Table 3: Summary of ANOV A analyses of contributionsto total criterion values.

Fraction Significant factors (p-value)  Parameters (estimates)
Present value of cod/criterion 0(0.004), H(0.000) 0(36.0), H(32.9)
Present value of capelin/criterion 0(0.004), H(0.000) 0(-35.8), H(-34.2)
Cost of unemployment/criterion $(0.037), H(0.034) S(-1.40), H(-1.52)

S=simulation, O=optimization, H=high initial stocks. Significance level is5 prosent.
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4.2. Decision strategies

To invedtigate decison drategies, we turn to aregresson andysis of the time-series data. We
propose a smple modd for each of the resources, explaining quotas as a function of last
year's quota and the two stock levels. Thus in addition to the two determinants of yearly
quotas in the optimization tool (cod and capdin stocks) we dlow for a time lag or filtering.
According to Moxnes (1998d), filtering can be used to improve decisons when there is
measurement error. To separate the effects of the time lag and of the “indicated quota’ from
current stock estimates, we report the results according to the following equation

Kt+1 :f Kt + (1_ f )(bownRown,t + bother F%ther t + bO) (7)

where K, represents the quotain year t, and R isthe stock estimate inyear t. f isthe weight
on lagt year's quota and the right hand parenthesis represents the indicated quota. Table 4
shows average parameter vaues for al 64 subjects with corresponding t-ratios for the
averages.

Table4: Estimated strategy parameters for all subjects.

Species Measure f Boun Dother b,

Capdlin Average 0.23 031 -0.06 -42
t-ratio average 81 138 -1.0 -05

Cod Average 0.30 033 -0.010 -127
t-ratio average 10.0 14.0 -3.6 -55

The average weight on last year's quota f is highly sgnificant for both species (even the t
ratios for the individual regressons are high, averages are respectively 2.2 and 3.1 for capdin
and cod). Hence we find evidence of a certain smoothing of the quotas, however with the
largest weight on the indicated quota from aurrent stock estimates. Also the average weights
on the stock level for the own species bow, are highly sgnificant (average tretios for the
individua regressions are respectively 7.9 and 5.4 for capdin and cod, i.e. for the origind

coefficient for (1-f )bown). For capelin there is no sgnificant effect of cod, nor is the constant
ggnificant. For cod, there is a Sgnificant negetive effect of cgpdin when looking &t the average
over subjects (the average individua tretio is 1.4). Smilarly there is a sgnificant negative
average condant (the average individua t-ratio is 1.9).

We note that both quotas follow rules which have much lower dopes (0.31 and 0.33) than the
dope of 1.0 implied by the target escapement rule predicted by the optimization modd for
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stock sizes above target escapement?. Interestingly, the observed behavior deviates from the
target escapement rule in the same direction as predicted by more eaborate optimization
models vauing stability and incorporating increasing margina costs and measurement errors,
Moxnes (1998a). We adso note that the cod dopeis close to a dope estimated from data for
the real Barents Sea cod fishery, 0.28, Moxnes (1999). Findly, the effect of cgpdinisin the
direction thet is suggested by the optimization modd.

To seeif there are Sgnificant differences in parameters between trestments we perform a full
factoridl ANOVA for each of the four parameters in Equation 7. Only significant factors are
reported in Table 5 together with the parameter estimates for the significant factors.

Table 5: Summary of ANOV A analysisfor estimated strategy parameters.

Species Parameter Significant factors (p-val ue) Parameters (estimates)
Capdlin f $(0.025), OS(0.005) S(-0.23), 0S(0.38)
Bown S(0.005), OH(0.01) $(0.025), OH(0.27)
bother - -
bo - -
Cod f 0(0.03), OH(0.02) 0O(-0.028), OH(-0.34)
Bown 0(0.001) 0(0.19)
bother - -
b, 0(0.02) 0O(-130)

S=saimulation, O=optimization, H=high initial stocks. Significance level is5 prosent.

The important effects can be summarized in the following way. For capdlin, the weight on the
earlier quota is reduced by 100 percent in the treetment combination smulation and no
optimization tool. The same weight increases by 65 percent in the case with both tools
available. The effect of the capelin stock increases by 87 percent in the trestment combination
optimization and high initid stocks. For cod, the weight on the earlier quotais reduced by 113
percent in the treetment combination optimization and high initia stocks. The effect of the cod
stock increases by 58 percent with optimization. Findly, the constant decreases by 102
percent with optimization (absolute vaue increases).

2 |f the subjects had followed a strict target escapement rule while the stocks fluctuated around the
target, low slopes should be expected because we estimated a linear rather than a non-linear mode.
However, inspection of the individual data reveal that virtually no subject sets quotas equal to zero
when the stocks are below the targets. The predominant patternisastraight line.
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4.3. Discussion

To get an idea of the Sze of the regresson coefficients, see Equation 6, we compare with the
average benchmark vaue,, whichisNOK 17.2 hillion. The effect of the smulation tool is thus
12 percent. The average effect of the optimization tool, over high and low initid conditions, is
11 percent. When no tool is available, sudents beat the benchmark by 12 percent when initia
stocks are low. When initial stocks are high, students are beaten by 12 percent.

Messured by the effect on X;, the value of each tool is about NOK 2 billion. Thus the benefits
are far greater than the development costs of both decision tools. In this comection, note that
the virtua redlity was cdibrated to represent the actual Barents Sea fisheries. However, aswe
have argued before, the limited number of decison tools or advises in the experiment, are
likely to cause an overestimation of the rea benefits of the two tools. By itsdf, the present
experiment does not support this reservation, snce we did not find any significant negative
interaction term for the two tools. However, we till expect the reservation to hold because
sudents are likely to be more receptive to andytica advice than red decison makers, we
expect that certain other advises carry more weight than the tested tools (e.g. lobbying), and
because our decison tools are likely to be more correct than what tools are in generd. (Recall
that we knew the virtud redlity perfectly before building models for decison support, and we
could use time-series data from the virtud redlity that were not corrupted in any way.)

What is it that makes the tools ussful ? Clearly the optimization tool is most ussful when initid

stocks are high. In this case the economicaly most important stock, the one for cod starts out
60 to 80 percent above its target level. The optimization tool gives a clear advice: reduce the
cod stock. In case of low initial cod stocks, which are close to the target leve for cod, thereis
not the same need for the advice from the optimization tool. This is demonstrated by the
gtuation with none of the tools available. Then subjects do better in the case with low initid

gtocks than in the case with high initid stocks. Thus, there seems to be an dement of luck
involved, and this eement of luck cannot be confined to only the initid year of the 25 virtud

years. With no access to the optimization tool, we suspect that the initial stock level serves as
an anchor for the assumed target levd, i.e. the sudents follow arule of thumb Strategy to keep
the stocks more or less constant.

Is there any evidence that the students actually used such a rule of thumb. To test this, we
anayzed whether the average stocks after 10-15 years, or dternatively 20-25 years, were
influenced by the initid stock. Following an optima drategy, initid trangents should not be
observed at dl after 10 years time. In accordance with this, we find that there is no effect of
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initia stocks on later stocks of cagpelin. However for the most important and less volatile
species, cod, he sudents who got high initid stocks, kept a sgnificantly higher cod stock
both at 10-15 years and at 20-25 years of management than those with low initid stocks. This
supports the hypothess that they included initid stocks as an ement in their rues of thumb.
We ds0 found that those with access to the optimization mode kept a significantly lower
stock after both 10-15 year and 20-25 year. This supports our explanation of why the
optimization modd had an impact. Access to the smulation mode had no sgnificant impact
on the stock level over time.

Also note from Table 3 that access to the optimization tool leads to a consderable increasein
the total vaue coming from the cod fishery. The effect is independent of whether initid stocks
are high or low. The observation makes sense in light of the high target escgpement for
capdin, i.e. the optimization tool’s consgderation of the vaue of capdin as a food source for
cod.

Looking a the andyss of quota strategies, the most obvious tendency is that access to the
optimization tool leads to stegper quota strategies as functions of own resource estimates (the
only exception is for cgpelin in the case of low initid stocks). Hence, subject drategies were
influenced by access to the optimization tool. Whether this effect on strategies lead to better
or worse decisons, we cannot say for sure. A more advanced non-linear, aggregate
optimization model with measurement errors, Moxnes (19984), predicts strategies with dopes
consderably below 1.0. Access to the optimization tool might very well have biased decisons
away from such a superior strategy.

Also the amulation modd gives a ggnificant contribution to the totd performance. Why isthe
amulation model beneficid? The above reaults indicate that the smulation tool does not help
to find a proper target for the cod stock. There seems to be a certain tendency for the
amulation tool to reduce the costs of unemployment. Table 3 shows that the smulation tool

decreases the costs of unemployment from 3.2 to 2.8 percent of the tota criterion vaue. The
reduction of 1.4 percentage points corresponds to NOK 240 million, and is only 11 percent
of the estimated benefit of the smulation tool. The smulation tool had no effect on the fraction
of the criterion vaue coming from the cod fishery. Neither has the smulation tool an important
effect on the harvesting drategies. In the case of capdin, access to the smulation tool
primarily implied that the lag coefficient became sengtive to the availability of the optimization
tool.

One might suspect that the incluson of cohorts in the smulation tool is what makes it most
vauable, see Spulber (1985) and Mendel ssohn (1978). The aggregation over cohorts in the
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optimization model implies that once the aggregate stock leve is given the quota is given.
Thus, aggregate moddls do not distinguish between a Stuaion with mogly old fish and a
Stuation with mostly young fish. However, in a mode with a fixed gear selectivity, asin the
virtud redlity, there is a limited potentid to benefit from the extra information derived from
cohorts, Moxnes (1999). For example, if one wants to harvest strongly from a population
with high average age, the higher fishing pressures will dso affect juveniles, and consequently
future harvesting possibilities.

It is perhaps not surprising thet it is harder to explain the effect of the smulation tool than of
the optimization tool. The optimization tool preserts a clear-cut srategy, while the amulation
tool presents forecasts based on two somewhat arbitrary strategies. Thus, while the given
optimization strategy Smply can be given weights by the subjects, the forecasts could be used
in different ways depending on how the subjects perceive and formulate the problem.

4.4. The post-questionnaire

The subjects were asked about their willingness to pay (WTP) for having the tools available in
case they were to repeat the experiment for another fishing area. On average the WTP for the
optimization tool was NOK 53 and NOK 58 for the smulation tool. The difference is not
sgnificant. The WTP measures for the two tools were postively corrdated. On average, al

those who had one or two tools available in the experiment, had atotal WTP for the two tools
of 202 percent of the actud vaue of the two tools as measured by the experiment
(9gnificantly higher than 100 percent). Smilarly, those who had no tool available had a
relative WTP of 312 percent. According to these WTP measures, there is a tendency to
overestimate the vaue of both tools.

The subjects were dso asked how useful the experiment would be as a supplement to
ordinary education. The average rating was 4.0 on a scde from 1 to 5 (75 percent). When
commerting, the subjects pointed out the value of getting practicad experience with the tools,
of experiencing uncertainty, complexity, and dynamics which are often assumed away in
education, and the vaue of experiencing the need for strategy.

When asked to what extent they tried to smooth fisheries from year to year, the average rating
was 3.2 (57 percent), with no sgnificant difference between the tools. When asked to what
extent they tried to Sabilize the resources at the leve of the initid year, the average rating was
2.5 (38 percent). With the optimization tool available, the average was 2.4 compared to 2.7
when it was not. The difference is not sgnificant. Both the tendency to smooth quotas and the
wesker tendency to look to initid conditions corroborate our earlier findings.
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5. CONCLUSIONS

We have performed a laboratory experiment to investigate the practical usefulness of two
decisgon tools to aid quota setting for cod and capelin. An optimization tool was chosen to
reflect economic literature on two-pecies management under uncertainty, while a smulaion
tool was used to represent biologica single species models used to make forecasts. In total
64 students were asked to manage a virtua fishery with or without access to the tools.

The tools turned out to have gpproximately the same poditive effect on management, but the
modds were useful for different reasons. The optimization tool helped the subjects identify
appropriate target socks. When the optimization tool was lacking, subjects tended to equate
the target with historical socks. The smulation tool had a dight stabilizing effect and it might
have had a pogitive impact because of its richer dynamic structure than the optimization toal.
The effect of each tool was an increase of 11 to 12 percent in net present vaues, while the
effect of the tools combined was 23 percent. There was no significant interaction.

For the particular laboratory setting, we conclude that the two tools are not substitutes as a
narrow methodologica focus might imply. Rather the tools appear to be complements.
Moreover, the tools have moderate rather than crucial impacts. This might come as a surprise,
a least for the participants in the experiment who overestimated strongly the vaue of the
toals.

Can we generdize from the laboratory results? Or perhaps better, are there findings or
tendencies in the experiment that could be expected aso in the red management of the
Barents Seafisheries and in other areas of socid planning?

Firg, as found in previous studies, the benefits of tools are likely to depend on the complexity
of tasks and the qudity of tools. Hence the experiment is of little vaue with respect to
predicting the vaue of tools in generd. Nor can the experiment be used to make generd
conclusions about smulation versus optimization and economics versus biology.

Second, it might even be problematic to generdize from the experiment to the actud
management of cod and capdlin in the Barents Sea. If red managers have a better intuitive
grasp of the management problem than students, the potentid for the tools is reduced. If red
managers are pushed by interest groups, while being uncertain about their own intuitive
drategies, the tools could have a greater potentid in redlity than in the [aboratory.
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Third, it seems likdly that for practical purposes, tools tend to be complements rather than
subgtitutes.  This should be expected if the tools atack different sub-problems.
Complementarity could aso follow from differences among decison makers, for whom it may
matter how a story is told and who tdlls it. For instance there could be differences between
decison makers with varying educationad backgrounds, e.g. see the diffuson literature on
“dructurd equivaence’, see e.g. Harkola and Greve (1995).

Fourth, decison makers are not likely to follow advises closdly, even when there is only one
advice. For ingance, most of those who recelved the optimization tool only, were far from

using an exact target escapement policy. In the experiment, adjustments tended to improve the
results. This might not dways be the case. Hence one should be careful in inferring practica

usefulness of amodd from its theoretica properties.

Fifth, decison makers are not likdy to compensate fully for weaknesses of decision tools.
None of the tools, when used done, produced a larger average improvement then 12 percent
above the benchmark. A guessed at drategy, based on the results of a more advanced
anayss, produced an average improvement of 30 percent. Thus the globd solution islikely to
be at least 30 percent above the benchmark. The insufficient adjustment for weaknesses of
the tools is not surprisng, conddering the complexity of the task, complexities tha are
assumed away in many of the decison tools currently in use. By itsdf, this finding indicates
that one should try to find optima or near-optima solutions to more complete models than our
amulation and optimization tools. However, this concluson is only judtified to the extent
decison makers are willing to accept results from more complex and possibly less tractable
andyses. In this regard, there might be a greater acceptance for complex modes in a rather
well defined problem like ours, than in problems where new understanding is needed to make
fundamentd changes in policy making, for ingance introducing a quota system in the firgt
place.

Sixth, with tools that do not explicitly identify desired targets, there might be a tendency to set
targets based on higtorica vaues. Concerning the historica management of Barents Sea cod,
we note that the implicit fishing Srategy after a quota regime came in place in the early 1980s,
did not differ much from the implicit fishing Strategy based on data for the period before
quotas were implemented. The biologids yield-per-recruit analyses and economic anayses
have suggested a dgnificantly lower fishing pressure for cod than what has been redized.
There may of course be many reasons for this discrepancy. However, a generd tendency to
equate targets with historica observations, could explain why the discrepancy has not lead to
stronger or quicker adjustments.
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Seventh, it is not easy to evauate the benefits to be regped by having access to one or more
decison tools. There was a clear tendency in a post-questionnaire to produce biased estimates
among the sudents. Those who were availed with a least one of the tools, overestimated the
tool’s value by on average 200 percent. Those who did not have access to any of the tools,
overestimated their value by more than 300 percent. While experience seems to pull in the
right direction, the error is ill condderable. While one should be careful in generdizing the
tendency towards overestimation across tools and decision makers, accuracy should not be
expected for complex problems.

Further research is needed to see if these tendencies carry over to other problems of socia
planning or management. Since the sudents gave the experiment a high score as a learning
experience, the net costs of carrying out such experiments could be reduced by developing
and using experiments for both research and education.
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