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ABSTRACT

Adaptive management is widely advocated to improve environmental managBerérdtiors

of optimalstrategies for adaptive management, however, tend to be case specific and time
consumingsIn.contrast, managers might seek relatively simple guidance, suehrasntes

when a new,petential managemantionshould be considered, and how much effort should be

expended/otrialing such araction

We constructed a two tingtep scenarizvherea manager is choosing between two possible
managemerdctiors. The manager has a total budget which can be split betavésarning phase
and an implementation phase. We use this scenario to investigate when and how mugea mana
should invest.inrlearning about the managenaetiors availableThe optimal investmeri
learning can be understood intuitively by accounting for the expected value of sample
information, the benefits that accrue during learning, the direct costs of leamiinityea

opportunity.eosts of learning.

We find that the optimal proportion of the budget to spend on learnaiguacterizedby several
critical thresholds that mark a jump from spendingrgeproportion of the budgen learning to
spending nothing. For example, as sampliagance increases it is optimal to spend a larger
proportion of the budget on learning, up to a poifthe samplingvariance passes a critical
threshold, it is no longer beneficial to invest in learning. Similar thresholds are obseaved as
function of thetotal budget andhedifference in the expected performance of the two agtion

We illustrate®hiew this niel can be applied using a case study of choosing between alternative

rearing dietsfor hihi, an endangered New Zealand passerine.

Although'the model presented is a simplified scenario, we believe it is retevaany
management situations. Managers often have relatively short time horizonséayameent, and
might be reluctant to consider further investment in learning and monitoring beyoruicglle
data from a single time period.
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INTRODUCTION

Adaptive management is widely advocated to improve environmental management, apd to hel
determine appropriate levels of monitoring effort to support betégragement decisions
(Waltersrand=Hilborn 1978Valters and Holling 199Qohnson and Williams 2015). Adaptive
manag@ment-aims to strike a balance between learning about the system being managed, and
actually managing it (Holling 1978Yalters 198§ a balance referred to as the “daahtrol
problem” in,the,literaire on operations resear@ittenmark 1995). Learning about a system
entailsbothmonitoring cost@and lost opportunity costs, since experiments in which two or more
actions ardrialed concurrently inevitably means that a syfitimalactionwill be at least partly
implemented. Thus, learning about the system will draw on resources that might bar used f
management. However, the information gained from monitoring and experimentation might
improve management in the future. Adaptive management aims to balance thedamger-
benefits oflearning with its short&grm costs, helping to determine the appiaip investment in

learning.

The academiesdliterature on adaptive management has proliferated, yet examples of successful
implementation are rafdohnson and Williams 2015)arious reasons restrict the use of
adaptive management including lack of institutional support and commitment, arfetiesuf
funding for adequate monitoring programs (Walters 2007, Johnson and Williams P@d.5).
computational burden required to optimize adaptive management is gnatiatial concern
(Martell and Walters 20Q8Further, the academic literature tendengphasizesolutions to
specificadaptive management problems (&gegory et al. 20Q6Tyre et al. 2011Shea et al.
2014) ,and drawing general conclusiampears difficultin contrast, managers might seek
relatively simple guidance, such as insight into when a new potential managet@mshould
be considered, and how much effort should be expend&dhbing suchactiors (Walters and
Green 1997McDonaldMadden et al. 2010).

To helpgeneralizeadaptive management beyond individual case studies, we constancted

adaptive managemeptoblem wher@ manager is choosing between two possible management
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actiors in two decisiomphases- a learning phase and a final decision phelse.manager has a
total budget to spend ovtirese two phasem the first time periodhoth actioncan be
implemented and the results monitored. At the ertlisflearningphase, the remaining budget

will be spent on_ implementing tlestionwith the highest expected efficiency. The management
goal is tomaximizethe total expetedbenefitover the twghases.We use this frameworto
investigate,the following questior&irst, when should we invest in learning more about the value
of the managemeimtctions?Second, if investing in a learning phase is expected to be beneficial,
how muchrofithe total budget should we invédtitd, how should the amount spent on the
learning phase be split between the two availabt®rs given their current expected

performance and our uncertainty about these valiesMy, when do we expect the largest

benefits from investing in learning?

While this,is.a.simplified scenario, we believe it is relevant to many management sit{@aipns
seetheframeworls proposed byVvaltersand Green 1997, MacGregor et al. 2002). The two
phasesvill'at'best approximate segntial decisions over many tingeps, however, managers
often have relatively short time horizons for management, and might be reluatansiaer
further investment in experimentation andmtoring beyondollecting data from a single time
period. As we'show in this paper, one advantage of this simplified scenario isallytitah
expressions:forthe optimal level of experimentation (i.e. optimal number of savhpl@sh
management acticturing the first phasegan be obtained for particular special cases, and

numerical'solttions can be obtained efficiently in other cases.

There exists.assubstantial literature addressing the optimal ssixglehen choosing between
two, or morefreatments in clinical triaJsvhen the objective is to maxind the total number of
succeskl treaments(Hardwick and Stout 2002, Ghosh et al. 2011). However, we found that
these studies consider scenarios that differ from that cmesidhee in one or more of the

following four respects: (i) the cost of performing experimentgn®red €.g. Colton 196§ (ii)

the number eftrialss assumed to be the same for the two treatnfergsCanner 197Willan

and Kowgier 2008), (iii) they consider dichotomous respo(sesess or failurédfom the trials
(e.g.Cheng 1996, Hardwick and Stout 2002, Cheng et al. 2003), or (iv) they consider testing a
newactionagainst a known one (e.g. Grundy et al. 1984)tar as we are aware, the scenario

considered in this study (including sample costs, unequal allocation of trials during the
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110  experimentaphasea measure dienefitsize obtained from each trj@ndtwo uncertairactiors)

111  has not been addressed irsthiteraturenor in the literature on natural resource management

112 Another approach to evaluating the expected value of experimentation is value ofiliorma

113 (VOI) analysis«(Raiffa and Schlaiffer 1961). VOI is a broad ternafm@nalysis that estimage

114  the expected potential value of gaining new information about a system. VOI has been used in
115  various disciplines to determine the maximum amount that should be invested mg gaini

116  information before making a decision (Maxwell et al. 2018)particular,VOI has been applied

117  to environmental management dilemmas to determine the potential managemenbtbenefit

118  resolving uneertainty both for one off (Runge et al. 2014xwell et al. 201pand dynamic

119  decision process€uVilliams et al. 2011 Williams and Johnson 2015), and to determine whether

120  or not monitoring should be performed (Hauser et al. 2006, McDonald-Madden et al. 2010).

121 VOI analyses may consider the value of resolving all uncertainty about a system (Expected Value
122 of Perfect'InformationEVPI), the value of resolving some sources of uncertainty (expeated v

123 of partial infermation, or the value of resolving some of the uncertainty via additional sampling

124  (expectedvalue of sample informatjd&VSI) (Runge et al. 2011). Such analyses provide an

125  upper bound on how much should be invested in gathering information before taking a

126  management decision, and can identify when the benefits of learning are expéetéokto

127  greatest. However, such ana$ydoes not tell us the optimal amount to invest in learning when

128  accounting for monitoring and lost opportunity costs.

129 At least twodecision phases must bensideredo capture the tradeff between the expected

130  benefits and costs of experimentation. We relate the solutioar tivo time-step process to the

131  EVSI, and highlight the trade-off between the value of sample information and lost opportunity
132 costs.Bysnesting the experimental design question within a decision question, we take¢he sa
133  approach as in‘Bayesian experimental defiraloner and Verdinelli 1995indeed, EVSI is

134  very closelyrelated to a Bayesian preposterior analysis, and provides similarly relevant

135 information to a decision maker.
136

137 METHODS

This article is protected by copyright. All rights reserved



138  We consider the case when a manager has two actions to choosesffdm2}. The manager
139  has a total budgd& to spend on implementing the actions. For each action, one unit of
140 management costs and results in a benefit. We assume that the benefit of each action is
141  uncertain such thag is an unknown random variablgith the uncertainty represented by a

142  normal distributiorwith meanm; and standard deviatian

143  Before presenting the tw&tep adaptive management model, we first consider the expected value
144  of sampletinformation. This gives us the expected beokfiformation acquired from a

145  particular experimental desigeVSI essentiallygnorescost associated with obtaining the

146  experimentakresulisvhether or not experimentation occurs, the same amount will be invested in
147  implementing the expected best action. We twrsider a twestep adaptive managem&AM)

148  scenaripmade up of an experimental phase and an implementation [asese this

149  framework to.inestigate the tradeff between investing iexperimentation and saving resources

150 to implementthe best action. We highlight the relationship between the AM solutioiv&hd E
151  Expected Value.of Sample Information

152 In the case that the manager must choose between the two actions in the absencetbéany fur
153  information, orsreduction in uncertainty, the optimal decision is to invest the éatiget in the
154  actioni thatsmaximizes the expected net benefit, with the expectation taken oventhe pri

155  distribution. The expected net benefit in the face of uncertainty is

156 Eu=maxiE[B%] =Bmax(ﬂ,ﬂ)= o Tz
L

{m+m
€1 C2

2C1 2C2

}. 1)

1
2l C2

157  The expected value of sample information (EVSI) is the difference betweexptnetex value
158  after a given sampling regime is implemented (reduction but not elimination otaintgg and
159  the expected value in the face of uncertainty. Hecealtulate EVSI, we need to calculate the
160  pre-posterior distribution, that is, the expected net benefit from havingaadditnformation,

161  taken with respect to the prior distribution.

162  Suppose that our sampling design is to obserueits of action 1 and, units of action 2. We
163  then observe a mean respopséor the units under actianand these have an individual

164  variation ofc;?>. We assume the are independently distributed according to
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Combiningrtheprior and the observed data, using Bayes’ Theorem, the postertoutaistiior

the perunit' benefity;, is normal with mean

2 2
pinis; +m;o;
m| = P et @

and variance

2.2

12— _9iSi
9 F nis;+of’ ®)

After observing'the new information, we would choose the action with the highestezkpect

efficiency, with'the expectation taken over the posterior distribution,

2 2 2 2
nys2+mqo n,s2+myo
y1)’2]):ma <p111 101 D2NM2S3 22)

max(E i [—
posterior | . ., c1(nys?+02) ' cy(nys?+o2)

— l<p1n15§+mla%+p2nzs%+m2cr%+|p1n1s%+m1ﬂ% p2n25%+m2cf%|> (6)
2 cl(nls%+a%) cz(nzs%ﬂr%) | C1(H1$%+0’%) C2(TL2$%+O’%) | ’

Because we wish to estimate this value prior to making the observatipq pt), we now need
to take the expectation of this quantity with respect to the prior distributiononfjreandom

variables ar@mandp,. Thus, there-posterior expectation for the maximum efficiency is

2 2 2 2
Ee — 1<E[p1]nls%+m2101+E[p2]nzs%+m2202+E[|A|]> — l(m+m+E[|A|]) (7)
2\ cq1(n1sf+o%) c2(nzs5+0%) 2\c1 ¢z
where
A= pinysi+m,of _ P2nys3+m,of (8)
c1(nis?+02) c2(nys2+0%)
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183  is normally distributed with mean

184 p="t-T2 (9)

€1 C2

185 and variance

186 02 = (fl)z—"ls% + (5—2)2—"25Zg : (10)

c1/) nysi+o? c2/) nysi+o?

187  Because\ issnermally distributed, the modulus (absolute vabfed has a foldeehormal

188  distribution. Thus,

[ N

189 E, in ﬂ+ﬂ+®\ée +uerf(eiﬁ) . (11)

\01 C2

190 In thecase thasampling is obtained for free and the entire bu@gstspent on implementing the

191  action with the highest expected posterior efficiency, the total expected latireBampling is

192 E.=B*E,,
_ 2
ﬂ/zaz
_B[mim o2 _n
193 ] Rl @J;e +uerf(@ﬁ) . (12)

194  The expectedvalue of sample information (EVSI) is the difference betweexptwter benefit
195  with sampling-and the expectbdnefitin the face of uncertainty:

196 EVSk=&, — E,,

—#2/
2072

m om0 [2 B m
c1+cz+®\/;e + perf (=) 2{cl+cz+

mq my

197 =

N |

|

C1 C2
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=3 (E)\/;e +uerf(@ﬁ) lul ¢, (13)

2 2 2 2
wherey = % — 'Zﬁ ande? = (5—1) 1y (5—2) 2% __ (Egs.9 and 10) The derivation of
2

7 ¢/ mnis?+o? ¢/ mysi+o?
the expectedwvalue of perfect information (EVPI) and a comparison with EVSI caartzkif
AppendixS1.

Two-step Adaptive Management

To calculate the EVSI we assumed that we knew the sampling design; the numberrgfafinit
each action to'beialed The EVSI tells us the maximuadditional amount we could spend an
particularsampling desigio achieve the same expected net bertd@itvever, in the case that we
have a totalbudgd to spend on both experimentation and implementation, EVSI does not tell
us how mueh.of, tht budgetto invest in monitored trial’he more we invest in experimentation,
the more likely'we are to finally choose the best management dotitexperimentation incurs
additional monitoring costs (resulting in less money to spend on implementatobigst
opportunity*eests dfrialing the worstaction

To analyzethis tradeoff we consider a twatep adaptive management process, made up of an
experimental phase, consisting of monitored trials, and an implementation phalsiehithe
remaining funds are used to implement the action with the largest postedmneffi During the
experimental phase, the additional cost of monitatfiegoutcome of each trial ks for each unit
of managementVe assume that the data will have a standard deviatien dpresenting the

observedvariation in benefit among different units of management.

The total expected net benefit over the two tsteps is the expected benefit from the
experimentalphaseys the expected benefit of spending the remaining fundiseomction that

is found.te'have the highest expected efficiency (equatipn 11

L=nymy+nyma+ (B—ny(c; +ky) —ny(c; + ky))Ee,

This article is protected by copyright. All rights reserved



221

222

223
224

225

226

227
228
229
230
231

232
233
234
235
236
237

238

239
240
241
242

—HZ/
202

:n1m1+n2m2+(B—n1(01+k1)—n2(cz+k2))% 7:—11+r:—22+®\/%e +,uerf(9Lﬁ) ,
(14)

Let the totakeost.of the experimental phase be giveQepimen = (C1+K1)N1 + (Cotko)Na.
Equation {4) can be rewritten as

Cexperiment) E
B S

L = Tllml +Tl2m2 + <1 -

Cexperiment

=nimy + n,m, + ES - B

Es

Cexperiment E
S

= n1m1 + nzmz + Eu + EVSI -

Cexp eriment E

== Eu + EVSI + n1m1 + nzmz - B S*

(15)

Written in this way we can more easily see the t@ffibetween investing in experimentation

and saving resources for implementing the best action; the more we spend on thecexglerim
phase, the larger the expected value of sample information (EVSI) and the larger the incidental
benefits:of experimentatiom{m;+n,m,). However, the lost opportunity costs incurred by using

up resources during sampling,etferimenfB)Es, are also greater.

The number of trials of each action that maximizes the total net benefit can be found efficiently
using numerical methods. We generated the numerical results usingwMtithematica

V8.0.4 (ncr2014). We used a built in optimization function, FindMaximum, to find the optimal
nonzero-allocation to the learnimghase and compared this to the expected reward under no
experimentationata S). We alsoderivedexplicit analytic solitions for several special cases
(AppendixS2).

Exampl e;.€hoosing between supplementary feeding options for hihi nestlings

We illustrate the model by determining the optimal proportion of the total budget to use on
trialing two supplemental feeding treatments for hiNot{omystis cinta) nestlings, an endangered
New Zealad bird whose recovery program is based on supplementdinte(Walker et al.

2013). There is evidence that sugar water improves adult survival (Armstrong an@@&Ma
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Chauvenet et al 20123ugar waters currently provided tfive out ofsix extant populations
(L.Walker, personal observatigng\n alternatie full dietary supplement (WombarooTM

Lorikeet & Honeyeater Food, Wombaroo Food Products, Glen Osmond, SA, Australiggchas al
beentrialedin both adult and, more recently, juvenile populations (Armstrong et al. 2007, Walker
et al. 2013).. Walker et al. @23) investigated experimentally the effects of neonatal
supplementaryfeeding using four alternative treatments on nestling growth, nestliagl surd
juvenilersurvival to breeding age (recruitment). The following illustrative examfased on

data and costestirtes from Walker et al.’s study.

Consider the case when management hasmbliedgeB to spend on supplementary feeding

overT years. Fhe manager has two possible supplementary feeding treatments: sugar-jvater (N
and WombaroeTM Lorikeet & Honeyeater Food (N+). The goal is to determine the proportion of
the budget to spend onaling the two treatments in the first year. The management benefit of
each treatment is measured as the mean additional weight at age 20 days; where additional is in
reference 1o the expected average weight with no supplementary feeding. Werdbeside

managementunits to be birds and consider costs in units of hours per bird per year.

We assume. that sugar water is provided using general feeding stations in all situatidnsrig

the experimentiand during the management only phase). During the experimental phase, the
managersdditionallyfeed the dietary supplement to the nestlings directly. If sugar wateis(N-
found to be the preferable treatment, then it would be administered only via the gestkngl fe
stations, asitis’lknown to be provisioned to nestlings by parents (Walker et al. 2013; Thorogood
et al. 2008). However, for Wombaroo (N+), it is unclear whether it would be possible

administer the supplement via the feeders or if it would be necessary to comatlg teeding
juveniles in.the nestd (Walker,personal observatiopsTherefore, we considered two scenarios.

In scenarios(i)»we assumed that the full dietary supplement (N+) will continue to be administered
to juveniles directly. In scenario (ii) we assumed that after therempntal phase N+ could be
administered via the general feeding stations. In this case a larger quatitéydadtary

supplement would be required, but the cost associated with administering the sappleuié

be much less.

Estimates for the cost ohplementing both management options (general feeders and direct

feeding of nestlings), together with estimates of the cost of monitoring thesnesuk obtained
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from data provided bi.. Walkerand A. Baxter (unpublished data; personal communicatfon)
summary of the parameters used for the results presented are given ih, Tehile an overview

of the cost data can be found in Appendix S3.
RESULTS
When and how much should we invest in learning?

Recall thatg, is the expected benefit in the face of uncertaititst is,if no experimentation
occurs. Conseguently, from Equation (& see that it is beneficial tovest in experimentation
if there exists.a sampling design;{m,} (not = {0,0}) such that the expected benéfitm the
experimentation phase outweighs the lost opportunity costs incurred by using rekmurces
experimentatiopi.e. when

EVSI + nymy +n,m, > MES. (16)

There is no_simple rule for when learning is worthwhie to the large number of parameters
involved in.determininghe threshold. Nonetheless, general tendencies can be observed

(summarizedimBox 1 and Table 2).

If monitering costs are negligible it is nearly always optimal to sgenake of the budget on
learning Figs. 1-3 Panels aand c, Appendix S&ig. S1a). Note that ifbothactiors are

uncertain trialing theexpectedestactionwill never be worse than directly implementing it, but
there may/be no expected advantaten the means are very differeintthe case thahe

benefit of on@actionis known, if the uncertaiactionis expected to be worse, then whether or

not it is warth trialingit will depend on how uncertain we are about its performance, the budget
and the monitoring precisiofkigs. 1-3 Panel ¢ Fig. S2).

If monitoring costs are significant, it is not beneficial to invest in learnirgn#actionis

expected to besmuch better than the other, monitoring variance istageoring costs are large
or the budget is smalF{gs. 1-3 Panels b and)d For example, if thexpected benefif the two
actiors differs, then investing in learning worthwhileonly when the budget is sufficiently large
(Fig. 2b and 2¢l.
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Note that the graphs Figure 1 are not perfectly symmetric aroungtm;=0. When the benefit

of action 1 is known with certaintyig. 1c-d), it is optimal to spend less on the learmhgseif

the expected benefit of actioni2 less than the expected benefit of acfidhan if it is greater
(see alsd-igs. 2¢c-d and 3c-d)ntuitively, this is because thereassmaller probabilityhat action

2 is better than action 1. When both actions are uncertain, this argument nalgiges: there

is the same_probability that the expected worse action will be found to be betités.dasewe
observertheroppositeehavior it is optimal to spend a larger proportion of the budget on the
learning phase'when the expected value ttba@ is5 units smaller than action 1 than when it is
5 units largerKigs. 13: Panels ab). This isprimarily because the solution depends substantially
on the ratio,ofsthe means to prior variances: the optimal proportion to spend on theylphase

is a decreasing function of the ratio of the prior expelbgfitto prior standard deviation
(Appendix S4Fig. S11).

The solution for the optimal proportion to spend on the learning phase displays a number of
interesting critical threshold&igs. 1-3).For example, as the difference in the expepraat

benefit of the twactiors increases, a point is eventually reached beyond which it is not worth
investing.in learningKig. 1). At this point, the optimal solution drops suddenly from spending a
large amounbnalearning to nothing at alherethis pointoccurs depends notably on the prior
variance of-eachction The more uncertain we are about the performance of each,dbgon
greater the difference between fiteor meanbenefits before we stop investing in learning, since
if the overlagbetweerthe two prior distributiongs small the best action is known with high
probability. Similar thresholds are observed for the budggt 2 and Appendix S4: Figl),
monitoring_costAppendix S4: FigS1) and monitoring variancd-{g. 3). Thesethresholds are

moreprevalent when monitoring costs are significant.

Thisthreshold behaviatan bebetterunderstood by observing that the optimal (zene)
investment in experimentation is a local, but not necessarily global, optifignd). The
expected netsbenefENB = Expected benefivithout experimentation expected benefitith
experimentatiohis a concave function of the amount invested in the experimetd.thatno
experimentation results in zero expected net benefit. WHeeaxpected net benefit of
experimentations positive, the optimal solution is found at the maximum of this curve (e.g., at

an investment of ~50 iRig. 4a). However, as, for exampthe sampling variance increases,
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EVSI and also the expected net benefit decrease, but an optimal allocatioti barfaiind,
until the whole curve drops below Big. 4b), in which case, no investment in learning is

warranted.

Analytical results for the optimal number of trials can be derived for several, potentially

common, special cases (Appendi®. Theseanalytic solutions suggest a maximum of 1/3 of the
budget should be spent on the learning pHdsmerical results showed th&ig limit is

occasionally exceededhen monitoring costs are negligible, means difeard either sampling
variance iss(reasonably) high or the budget is srhas(2 and 3). However, for the parameter
ranges we explored, it is usually optimal to spend less than 20% of the budget on learning. When
monitoring costs are significant, the optimal allocation of effort to the learning phase is always
less than a.third. Moreover, in this case the analytic solution derived assuming identical

parametersAppendixS2 Eq.S3) is an upper bound.

For both negligible and significant monitoring costs, the highest proportion of the baidgent

on learningswhen the budget is fgismall (Fig. 2, Appendix S2Eq. S3. As the budget

increases relative to implementation and monitoring costs, we spend more on momitaring i
absolute'sense, but a smaller fraction of the total budget. For example, in the higvnsuypary
feeding eample below, as the budget increases the optimal number of trials of each treatment
increases, but the total proportion spent on the learning phase dedreasgsiid Appendix S4:
Fig. S10.

For a fixed budget, the optimal proportion to spend on learning is an increasing function of
monitoring costsvhen parameters are equal and the prior expected benefits a(amaeadix

S2). Thisisbecause although the optimal number of tigs decreasing function of monitoring
cost, it doesmot-decrease as fast as monitoring and implementation costs increase. Interestingly,
when the prior mean benefiare positive, the optimal number of trials decreases more quickly
than whenthey can l@ssumed to be ze(dppendix S4: Fig. S3). Consequently, when the
managemerdctiors are expected to have a lalgmefit(>~4 for the default parameters), the
optimal proportion of the budget to spend on the learning phase is a decreasing, rather than

increasing, function of monitoring costs (Appendix S4: Fig. S3
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357  When monitoring costs are negligible, the amount spettie@earningphasds an increasing
358 function of the difference in the prior mean bengfittil the threshold is reachebig. 1a and
359 1c). Consequently, the largest percentage of the budget is investqEeimmentationvhen the
360 prior means are_different, but not too different. In contrast, when monitoring costs afieangni
361 thelargest percentage spent on learning when the prior mean benefits are the sagnél§ and
362 1d).

363  When allother parameters aegual, we spenthe maximunproportion of the budget on

364 learningwhen the prior standard deviations of the twtionsare the same~{g. S4).That is, if

365 we are moreseonfident about oaetionthan the other, @will tend to spend less on

366  experimenting. In Appendi82 we derive an analytic solution for the case when the benefit of

367 one action.is.well known (s= 0),the prior mean benefits are the same and eithar k; is zero

368  (Appendix.S2:.Eq. 96 Wealsoshow that this solution is a good approximation for nere m

369 and k if the priorvariance is large relative to the expected benefit®ur numerical results

370  support thisfinding: in general, if we fix the uncertainty aboutam®nand increasene

371 uncertainty about the other, the amount spern¢amingconverges to the analytical solution

372 derived (Appendix S4: Fig. S4presumably we are only entertaining the second action because
373 we think thatitsyperformance is roughly the same as action 1, but we are not sure whether it will
374  do much-better-or much worse. In this casayill be large (relative tony). Hence, the andigal

375  resultgives us a rough rule of thumb of investment in assessing a very uncertain action against a

376  known outcome.

377  As highlightedby the analytic results (Appendix S2), the ratio of samydirignce tqorior

378 variance also plays an important role in determining when to invest in learnirge Aarpling

379  variance increases, more sampling is requirdzbtsimilarlyconfidentabout the benefit of each

380 action, initiallyincreasinghe amount spent on the learning phase. However, the percentage gain
381 from investing in learning is a decreasing function of sample varidppe(dix S4: FigS5).

382  Consequentlyywhen the expected performance differs between actions or monitdsragecos

383  significantjinvesting in learning is eventually no longer beneficial. At titisarthreshold, the

384  optimal strategy switches from investing a significant amount in learning toimyesithing

385 (Figs.1 and 3).

386 If weinvest inlearning, what is the split between the two actions?
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When only the prior mean efficiency differs betweetiors, it is optimal to spend a larger
proportionof the learningphase budget on tlaetionwith the higheséxpected performance

(Fig. 5a-b,s, = 10).Whenthe twoactiors are expected to perform equally waik the

uncetainty about their performandagffers, it is optimal to spend more on the most uncertain
action(Fig. 5a-b,m,-m;=0). When the prior mean efficiencies and prior variances both differ, the
split is weighted toward thactionwith the highest expected retuffid. 5a-b). That is, even if

we are more"uncertain abadtion2, we may still spend more dmialing actionl if we believe it

is expectedtorbe the bettastion

When the prier‘distributions differ, it is sometimes optimal to only trial one addhers if the
budget is small or sampling variance is large, relative to the prior vari&ng.e5, Appendix S4:
Figs. S6 and.§7In these situationsnvesting inearningmay still be optimal, butlost

opportunitycosts areninimizedby onlytrialing the expected beattion
When do we get the largest benefits frominvesting in learning?

The largespercentage gains in the objective function are observed when the budget is large
(Appendix S4Figs. S& and S9)the means are similéAppendix S4Figs. S5 S6a andS9), the
efficiency of eaglactionis uncertainAppendix S4: Fig. S8c), and sampling provigescise
results Appendix S4: Figs. S5 arisid).

Choosing between supplementary feeding options for hihi nestlings

For the parameters used, the total proportion of the budget to spend on the learning phase
depended very little owhether the prior expected benefit of the Wombaroo treatment (N+) was
smaller, larger or the same as the sugar water treatmgr{E{®l 6a and Appendix S&ig.

S10a). Hewever, the optimal number of trials of each treatment did depend on thedexpecte
benefit of the Wombaroo treatmefid. 6b and Appendix S4: Fig. S10b).

Interestinglythere was only a small difference between the results for the two different scenarios
(Fig. 6 versushAppendix S4: Fig. S10). That is, for our cost estimates, whethestdVombaroo
would be fed directly to nestlings or could be administered via feeders, the lqptpartion to

spend on théearningphasevasmore or less the same.
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It is worth highlighting that these results depend on the reference weight. Tinalgptportion
to spend on experimentation depends on the ratio of the expected benefit to standaoth déviati
the prior (Appendix S4: FigS11).Consequently, if the reference weight is expected to be large
(so that benefit above reference weight is small), then it will be optimal to spend more on

experimentation than if the reference weight is small.
DiScUSSION

The formal derivation of the net hefit of two-phaseadaptive management for a simple setting
provides some powerful intuitive guidance for thinking about the value of learning in a dynami
setting. The value of experimentation arises out of two benefits and twoEqsit$); the

benefits associated with applying learning to subsequent management (EV&§nsient

benefits accrued during the learning phase; the direct costs of learninggaportunity costs

of learning (the resources not available for subsequent management)mexpation will be
warranted 'when the benefits outweigh the cdstgs 16); otherwise, management should proceed
in the face.efwuncertaintythese qualitative insights, derived from quantitative results, provide a

useful framewaerk for evaluating experimentation.

More specific'guidance for investment in learning becomes complicated q(Bakdyl and

Table 2).“hemanagemenrgcenario we have presentgdsassimpleas we could make it while
including all the relevant factors. Nevertheldbgre were still 11 parameters to consider, making
it difficult to'extract general insights and tendencies from numerical sensitivity analyses alone.
By considering a simple scenario we were able to derive analytical sdftioseverakpecial
casesThese solutions provided greater insight into lp@rameter combinations de\solution
behavior and a basagainst which to compare results when the assumptions leading to an
analyticalselutiorareviolated. For example, thanalytic solution is a good rule of thumb when
trialing an unknown management action against a known one, even when the prior expected
benefits differ and monitoring costs are significant (contrary to assumptiathsouderive the

result) @ppendix S4: Fig. S4). However, when considering two uncertain management actions,
the optimal allocation of resources depends strooglthe parametethat were excluded from

the analytical result
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The scenario analyzaghve rise to severahintuitive resultsFor example,iere is a tendency to
think that monitoring large projects is more important than monitoring small prejsorg,

large projed should have more money spent on monitoring, but our results suggest that smaller
projects should have a higher proportion of the budget spent on learning and monitoring. This

also suggests.benefits of cooperation and coordination of smaller projects.

An interesting feature of the solution is the existence of several critical thresholds that mark a
jump fromiinvesting a lot in learning to not learning at all, or vice versa. For@&awhen the
expected perfarmance of the tactiors differ, as samplingariance increasese observe a

critical thresheld at which the optimal solution changes from spending a lot onrtiadgahase

to spending nothingWhile it is important for people developing and interpreting adaptive
management.models to be awarswdth thresholds, managers implementing the policies need
not be too.concerned, since tlaese thresholds investing a lot or not investing at all yield quite
similar management outcomeSonsequently, it is not crucial to know precisely on which side of

thecritical ‘threshold the system lies

The priorsforithe two management options influence the results quite substanhiatlis, the
perceived.performance of the two options (the prior means), and the uncertainty about the
performanee*(the prior standard deviations) will influence the optimal extent ofragp&ation.
This makes intuitie sense because managers would be expectedietdain the possibility of
experimenting on a new managemactiononly if they thought that it might perform better than
an alternativéaut were uncertaiabout its relative performanceowever, prior distributions are
rarely usechin.ecology (Morris et al. 2015), and they can be difficult to specify coferentl
(McCarthy 2007 . If one were unwilling to specify a prior distribution, then one could set the
prior standard deviation to be large, which would m&amposterior distributiowould have the
same shpe as the likelihood function. In thiase, the Bayesian estimatéthe experimental
results would be numerically equivalent to those fségquentist analysjsvhich do not
incorporate priorsHowever, such a wide prior distribution implies that extremely good (large
positive values for th efficiency of management) or extremely poor outcomes (large negative
values) are conceivablmflating the uncertainty in theriors will tend to drive more
experimentation than might be warranted, emphasizing the need to specify priors thigughtf

with available datdMcCarthy and Masters 20Pbr rigorous methods for expert elicitation
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(SpeirsBridge et al. 2010). Although priors might be difficult to specify, decismakers are
inherentlyconsidering them when they begin to compaiffernt management actions.
Explicitly specifying the anticipated benefits and the degree of uncertbotyt action outcomes
can lead to better decisions about experimentation. Hence, specifying priocsrebidag seen as

an obstacle.to.the decision making process, but rather a useful tool to improve gecision

Monitoring 1S the cornerstone of successful adaptive management (Moir and Block 2001).
However, monitoring management outcomes is rarely a trivial task and can accaulatrfe

fraction of the total budget required to implement an adaptive approach to manag¥aiters

2007). Forthestwo timstep process congked here, including monitoring costs substantially
changed the/solution, both in terms of quantitative value and qualitative belraviexample,

when monitoring costeere negligible, the amount spent on learning increasedtie expected

benefit of the.two actions differeth this case, little is to be lost by spending more on the

learning phase and increasing the proportion of the learning-phase budget spent on the expected
best action. However, when monitoring costs were significant the amount spent on
experimentationvas largest when the difference in the prior mean benedisssmall Thisis

because the resulting probability of choosing the best management action withdatingisi

lowest at this‘peintin contrast, when the expected difference in benefit is large, the probability

the betterdlooking action is actually better is large, hence there is less to gain from monitoring, see
also MacGregor et al. 200Rlaxwell et al. 2015) Further, the critical thresholds play a more
important role"When monitoring costs are significant;rtii@mum budget, maximum difference
between prior means and maximum monitoring variance are more likely to be eneduwvithin

feasible parameter ranges.

Interestingly, in many ways the optimal solution was simpler when monitoringveersds

substantial. For example, the proportion of the budget spent on learning tended to be fairly
constant across the region in which it was optimal to invest in learRungher, the analytic

solution derivedassuming identical parametdos the two actions (Appendix S2) is an upper-
bound on‘the optimal proportion to spend on learning. These results highlight the importance of

accounting for monitoring costs when designing adaptive management plans.

We found that the largest expecf@dportional gains in the objective functicarely

corresponded to whehe largesproportionof the budget should be spent on learning. For
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example, larger proportional gains are expectedmsampling variance is low, whereas, in

generala larger percentage tife budget should be spent on learning when sampling variance is
high because more samples are nee8exilarly, although a larger percentage gain is expected

for large budgets, a larger proportion of the budget should be spent on learning when budgets are

small

We considerea two-step adaptive management approach in which the management horizon is
divided into a learning phase and an implementation ph¥akers and Green (19P@roposea

similar framewerk for evaluating experimental management agtionecological systems.

Thesetwo approacks makea one-off decision about how much to invest in learning. This differs
from many formulations of AM that assume a fixed budget per time-step and look at how to

divide funds.between alternative management actions, and monitoring, at each phase (e.g. Moore
and McCarthy.2010, Baxter and Possingham 2011); effectively deciding how much to invest in
learning at'each timstep.At best the two timestepswill approximatesequential decisions over

many timesteps. An interesting avenue of future research would be to compare the management

policies derived under the two different modelling approaches.

EVSI tells.us the expected value of a given sampling design, but indb&ske into account lost
opportunity-costs associated with experimentation and monitoring. Consequently, whibelsne
such as EVSI are useful for determining when learning is likely to be benefici@aamiovide
upper bounds oadditional funds that should be spent on experimentafianther analysis is

needed to determine tifraction of the total budget to invest in learnihg contrast, Adaptive
Management.formulations with long time horizons can be computationally challenging and
difficult to implement in the real world. The approach presented here strikes a balance between
complexity and tility . By considering a twatep AM process we aable to capture the traadf
betweerthe benefiand cost®f investing in additional informatiowhile remaining relatively

simple.
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Box 1. Summary of key results

When and how much should we invest in learnikei891-3, 2 and $4)

It is worthwhile‘investing in learning:if

Cexperiment E
S

EVSI +nymy + no,m, >

for some {n,.1e} not equal to 0.

Analytic solutions suggest a maximum of 1/3 of the budget should be invested in learning. This i
an upper bound when monitoring costs are significant. When monitoring costs are negligible
may be optimalto spend more than 1/3 on learning if: the pré@n benefit differs between

actions and‘either the sampling variance is (reasonably) large or the bugigaliis
The optimal solution is characterized by several interesting critical thresholds.
Signficant' monitoring costs resut a higher proportion of the budget being spent on learning
when the expected performance of the two actions is the samantrast, when monitoring costs

are negligible a higher proportion of the budget is spent on learning when the expected

performance of the two actions diff@rable 2).

How should.we split the resources spent on learning between the two adigns8 and S6)

It is optimal to pend more on the most uncertain or the expected best action.

If the prior distributions differ, it is sometimes optimal to only trial one of the actions (expected

best or most uncertain) if: the budget is small or sampling varianagés la
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Table 1. Parameter estimates for the hihi example.

Parameter units Treatment N- Treatment N+
Management-cost, ¢ hrs/bird/year @i 1.13 (i) 2.14
(i) 1.13 (i) 2.651
Monitoringseost, k | hrs/bird/year (i) 1.55 (i) 1.55
(i) 1.55 (i) 0.033
Management.effect | g/bird
(weight above
reference weight)
e Mean m; =3 m; = {0, 3, 6}g
e SD SD=6 SD=6
Budget hours [50, 2000]
Monitoring g/bird SD=6g¢ SD=6g
SD/accuracy

Table 2:The largest percentage of the budgespient on learning when:

variable | k=0

k>0

m;

m; and m differ |

but difference is < threshold

m; and m are the same
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Oi large, but < threshold

B small, but > threshold
S s and s are the same
K; N/A large if ms; are small

small if ms; are large

m;/s; constant uncertainty about the
expectedenefit of action
is large relative to the

expected benefit, i.e when

mi/s; is small. (Fig SP

FIGURE LEGENDS

Figure 1. Propertion spent on learning as a function of the difference pmithheexpected
benefitsrand,sampling standard deviation. Contours indicate the proportion of the budget spent
the learning phase for various shades of gray (dark gray = 0, whiteng 2)10 (varym,), B =

500,c; = ca=5y01=0,. Panelqa) and (c) asume zero monitoring co&, = k, = 0, panels (b)

and (d) assume a monitoring cost of 3 urkis{k, = 3). Panels (a) and (b) assume both actions
are uncertain witls;= s, = 10, panels (c) and (d) assume the benefit of one is krspwr() and

s, = 10.SeeFig S1 for a cross section of (a) and (byat o, = 40.

Figure 2. Proportion spent on learning vs budget. Default parameter$0, m, = {5, 10, 15},
S =S, = 10,c1=C,=5, 61 = 62 = 20. Black dashedn,-m;=-5, thin blackm,-m;=0, thick black:
m,-m;=5. The.gray line is the corresponding analytic solution assuming parameteyaararal

either monitoring is free or mean benefits are zero.

Figure 3.Proportion spent on experimentation as a function of the ratio of sample to prior
variance for action 2. B=5069,=10,c1=c,=5. (a) & (b)s1 =5, =10, 61=0>. (C) & (d) benefit of
action 1 assumed to be known. Black dashed5, thin black:m,=10, thick blackm,=15. The
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670 grayline is the corresponding analytic solution assuming parameters are equal and either

671  monitoring is free omeanbenefits are zero.

672  Figure 4. Expected net benefit versus the amount invested in experimentation fetrepwav =
673  EVSI + nymy+n,m, — MES (thick solid line), EVSI (dashed line) and EVPI (thin solid
674 line).cy =G, = 5jky =k, = 3;5, =5, = 10;my = 10,m, = 15;B = 500. ()1 = 65 = 20 (/s =

675  4), (0)on=62=37 (/S = 13.7).

676  Figure 5.Panels (a) and (bPptimal proportion to spend on action 2 when the prior means and
677  standard deviations diffes; = 10,c1 =, = 5,01 = 02 = 20,B = 500.Black dasheds,=5, thin

678  black: $=10, thick blacks,=20. A sudden drop to zero corresponds to crossing a threshold

679 above which none of the budget is spent on the learning fdeeseanels (c) and (d): optimal

680  proportion to spend atihe learning phasehn panel(b), whens, = 5, none of the budget is spent
681  on trialingaction 2 as the benefit is reasonably well known, however, some of the budgset is sp

682  on trialingraction 1 for somef the parameter space

683  Figure 6.Hihi'supplementary feeding exampleesario (i). Panga): Optimal poportion to
684  spend orthelearning phasas a function of the budget (for males). Black dasimag: = O,
685  Black thin:my#= 3 =my., Black thick: my+=6. In this panel, the gyaline corresponds to the
686  approximate solutigrcalculateassuming parameters are the same and either negligible
687  monitoringscosts or zerexpectedeffect Panel (b)Corresponding timal number of trials of
688 each action..Black (top group of lines) = action N- , gray (bottom group) = actioharzet
689 weight =29s5=6,0=6.my. = 3.
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