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Abstract

+ Context We develop a modelling concept that updates
knowledge and beliefs about future climate changes, to model
a decision-maker’s choice of forest management alternatives,
the outcomes of which depend on the climate condition.

« Aims Applying Bayes’ updating, we show that while the
true climate trajectory is initially unknown, it will eventually
be revealed as novel information become available. How fast
the decision-maker will form firm beliefs about future climate
depends on the divergence among climate trajectories, the
long-term speed of change, and the short-term climate
variability.

« Methods We simplify climate change outcomes to three
possible trajectories of low, medium and high changes. We
solve a hypothetical decision-making problem of tree species
choice aiming at maximising the land expectation value
(LEV) and based on the updated beliefs at each time step.

* Results The economic value of an adaptive approach would
be positive and higher than a non-adaptive approach if a large
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change in climate state occurs and may influence forest
decisions.

+ Conclusion Updating knowledge to handle climate change
uncertainty is a valuable addition to the study of adaptive forest
management in general and the analysis of forest decision-
making, in particular for irreversible or costly decisions of
long-term impact.

Keywords Subjectiverisk - Beliefupdate - Adaptive forest
management - Monte Carlo simulation - Species selection

1 Introduction

Central issues in the design of models and methods for adap-
tive forest management are the uncertainties characterising
future climate developments, their impacts on forests, the
way we model and describe these uncertainties, and the way
we assume or model how decision-makers take into account
past, current, and future information. A wide range of
decision-maker categories may be considered, including both
non-adaptive and adaptive decision-makers, the latter taking
into account that more information about climate and forest
development is forthcoming and may change the optimal
choice, within a continuous decision process (Bolte et al.
2009; Prato 2000; Yousefpour et al. 2012; Schou 2013).
Adaptive decision-making in forestry is mostly formulated
within the framework of stochastic dynamic programming,
which explores a well-defined decision space with well-
defined state transition probabilities, possibly decision-
dependent, and can determine an optimal solution by breaking
the problem down into a sequence of decision steps over time
or states and integrates explicitly across uncertain outcomes
(Armstrong et al. 2007; Jacobsen and Thorsen 2003).
Uncertainty about future climate change is, however, fun-
damentally different from many other uncertainties, whose
impact on optimal management have been explored at length
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in the literature (see reviews like Yousefpour et al. 2012 and
Hildebrandt and Knoeke 2011). Because future climate paths
depends on yet unknown decisions, global development and
still only partially understood dynamics of the global climate
and ecosystems, we cannot credibly model the decision-
makers perception of climate uncertainty as a stationary sto-
chastic transition function. Whereas we may have a reason-
able idea, e.g. of the stochastic processes driving prices, costs,
interest rates and other uncertainties, this is not the case for
climate change.

Therefore, it is perhaps not surprising that the IPCC pre-
dictions have described possible climate development in terms
of various scenarios, the likelihood of which is rarely de-
scribed but in qualitative terms.

In the present paper, we adopt a related approach and
assume the decision-maker relate to a limited set of possible
future climate developments, from the current climate to a
new climate regime. The decision-making challenge associat-
ed with the development of the changing climate is that while
climate may change in the future and be in a different regime
than the current, the path followed towards such a possible
new climate regime is unknown to us. The new climate regime
will perhaps only stabilise slowly—if at all—and the devel-
opment towards it is characterised by natural variation, which
itself may or may not change in scale (Scherrer et al. 2005).
This variation will reduce our ability to discern on which
trajectory the climate development is and towards which
future climate regime. Furthermore, there may be uncertainty
about the underlying speed of climate change and the possible
characteristics of future climate regimes (Allen et al. 2000;
Iverson and Perrings 2012). Thus, any series of future sto-
chastic realisations of climate states must be interpreted by the
decision-maker in the light of the best available and updated
knowledge and expectations—i.e. beliefs—about the likely
new long-run climate regime, the path towards it, and the
variation around it.

There are many forestry decisions where adaptive manage-
ment may be optimally implemented in a fairly reactive man-
ner. If a climate development affects forest productivity, thin-
ning and harvest schedules can be continuously adjusted as
the forest state changes. Precautionary management of forest
ecosystems is a good example of such a reactive decision for
adaptation to the risk of climate change. For instance,
Yousefpour and Hanewinkel (2009) examined adaptation to
climate change in the Black Forest area of south-western
Germany by the conversion of Norway spruce monocultures
towards mixed spruce beech forests asking for diversified
silvicultural interventions. From a decision-making point of
view, this type of decisions are not critical, as long as the
future developments are known steady states and the optimal
decision can be made now and do not change over time.
Therefore, the emphasis of this paper is on forest management
decisions where the long-term effects of climate change on
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forest ecosystems and associated economic outcomes are
unknown and likely to change what would be then—in the
future—considered optimal decisions now. For example,
when choosing tree species in the regeneration phase, atten-
tion to the future and long-term climate development is cru-
cial. Due to the nature of climate change uncertainty and the
value of knowledge and future information, we propose the
Bayesian updating approach (Bayes and Price 1763) as a
sound way of improving decisions over time by evaluating
new information, analysing alternative decisions and the im-
pacts of current expectations with respect to possible future
climate change developments. Bayesian updating is a process
where the perceived probability, here called beliefs, of differ-
ent outcomes is updated in a forward moving process based on
the data and observations at hand and prior information
(Crome et al. 1996; Kangas et al. 2000; Probert et al. 2010).

We develop a model framework that applies Bayesian
updating of beliefs about future climate change in the
decision-making process, and otherwise builds on a set of
hypothetical forest management outputs under a limited set
of possible and different climate change scenarios. Each com-
bination of management alternative and climate scenario may
represent a forest management regime with several possible
management actions for each climate scenario. Management
actions may be optimised contingent on the climate scenario,
or may simply be flat simulations. The Bayesian modelling
concept enables us to show how a decision-maker may inte-
grate new climate relevant information into his decision-
making by updating his beliefs about climate change direction
(Hauser and Possingham 2008; McDonald-Madden et al.
2010; Prato 2000; Probert et al. 2010). We show that the time
needed until the decision-makers beliefs concentrate on the
true climate trajectory depends on crucial aspects like the
divergence among potential climate trajectories, the speed of
change in the long-term regime shift and the short-term cli-
mate variability. Finally, we show the potential gain from
updating the beliefs by comparing the worst and the best
outcomes, respectively.

1.1 Relation to earlier work

There is a significant body of research on how various sources
and forms of uncertainty and risks can be handled in forest
management (for recent reviews of this, see Eriksson 2006;
Hanewinkel et al. 2011; Hildebrandt and Knoeke 2011;
Yousefpour et al. 2012). As described by Yousefpour et al.
(2012), only a limited number of studies address adaptive
forest management with climate uncertainty. Many of these
rely on simulation analyses to evaluate decision alternatives,
and they take little account of the facts that (1) much more will
be learned about actual climate change as time passes, and (2)
this will allow forest managers to re-evaluate decision alter-
natives at later stages, which will (3) change their possibilities
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of making optimal decisions to adapt to actual climate
development.

We remain inspired by this literature in its approach to
deliberately integrate a model of the decision-makers’ pro-
cessing of forthcoming information into the analysis of deci-
sion alternatives (McDonald-Madden et al. 2010; Probert
et al., 2010; Iverson and Perrings 2012). However, we stress
that this literature relies on the ability to define for a given
period the stochastic process of relevant variables and their
development in the state space. For example, estimates of
empirical distributions and data generating processes for
prices that can be assumed valid for future prices develop-
ments are used to construct transition probability matrixes in
closed form, which can be applied validly to assess the
expected value of different decision alternatives. Acknowl-
edging that future climate change is inherently uncertain, we
therefore resort to Bayesian updating, and draw inspiration
from recent studies in the field of biological conservation
(McDonald-Madden et al. 2010; Probert et al. 2010). More-
over, it is essential to consider a range of possible changes in
climate regimes (low change—high change) and the stochas-
tic nature of changes. This modelling framework is presented
in the following with an illustrative example of species selec-
tion in forestry.

2 Material and methods
2.1 Models of possible climate trajectories

Climate development and future climate trajectories are of
course complex and multidimensional by nature. For the
purpose here, we allow ourselves to represent possible climate
changes in a very simplified way. We model climate develop-
ment using a single-state variable. It could be interpreted as an
indicator of climate rather than a single variable like temper-
ature or precipitation. We assume the deterministic part of a
given possible climate trajectory from current to future climate
regimes can be described with a simple Gompertz time-
dependent deterministic growth functions (Tomar and Ranade
2002). Furthermore, the annual variation around any trajecto-
ry is assumed to be i.i.d (independent and identically distrib-
uted) stochastic shocks according to a Wiener noise process
with constant variance, 02, across state, time, and climate
models. The deterministic part of the absolute climate state x
for climate trajectory 7 at time # is given by the model i:

Xit = Ximax€XP (ln (X”O/X""“‘) X exp(*ait)) (1)

Ximax 1S the maximum possible level of x in climate trajectory 7,
towards which the climate converge and is assumed to stabi-
lise. The initial climate state at /=0 is x;y, which is constant

across trajectories. The deterministic drift is «;, a scaling
parameter for regime i. We selected a set of values for these
constants and parameters, to illustrate a variety of simplified
alternative climate trajectories a decision-maker may face, cf.
Table 1.

We consider / models of how the climate may develop such
that the observed state of the climate, x,” at time ¢ (given the
unobserved climate trajectory model i) is given by:

x;) =Xy + E,’FN(XI‘Z, Uiz) (2)

Where, =1,...T, i=1,...,I, x; the mean trajectory by model
i attime 7 as given by Eq. (1), and ¢;, is a stochastic variation in
climate with normal distribution around the mean 0 and sce-
nario specific variance, 0. As a result, the observed climate
state at time ¢ belongs to a noncommittal probability distribu-
tion on climate change, i.e., N(x;; 0,-2).

2.2 The decision-maker’s beliefs and processing
of information

We have defined a set of potential climate development sce-
narios as predicted by the various models, of which only one
can be the true in any specific case (if-then analysis). We now
set up a decision framework where the decision-maker holds a
set of beliefs regarding the probability of each possible climate
model i={1, ..., I}being the true one. We also show how the
decision-maker may change his beliefs using Bayesian
updating given and depending on any new observations.

Let w;, be the belief in a particular climate change trajecto-
ry, such that beliefs are complete:

m

> wi = 1,20 for all it (3)

i=1

Thus w;, is the decisions maker’s perceived probability at
time ¢ that a climate change trajectory i is the true representative
of the climate development {w;=Pr(model;, 7)} given all the
information available). As time goes and new knowledge
about the climate is obtained through monitoring, as given by
x,°, the plausibility of each climate trajectory model is

Table 1 Parameters used to simulate slow, medium or fast changes
towards low, medium or high future stabilised climate states (Model I-11I)

Future climate state

High Medium Low
Xmax 5.00 4.00 2.00
a 0.15 0.10 0.05
Xio 0.05 0.05 0.05
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reassessed and the weights, w;, are updated. Here, a complete
faith in a model is indicated by w;=1, and w;=0 stands for a
null faith. We make use of this information to update our
beliefs in each of the alternative models, using Bayes’ theorem:

wier1(x0) = Pr(model;|x?)

Pr(x?|model;) Pr(model;, ¢)

== (4)
Z Pr(x¢|model;) Pr(model;, ¢)

i=1

where Pr(x,°|model;) is normally distributed with the probabil-
ity density function:

¢(x’0_x”) - e%<(—2)2> (5)

o oV 2T

The weights at time 7+ 1 depend on the applied climate model,
the alternative models contained in 7, and the observed climate
state x,” at time ¢. The values of x,” could be drawn by Monte
Carlo techniques from a normal distribution i.e. N(x;,0.%) to
simulate particular sequences of climate realisations.

2.3 The decision-maker’s objective

The decision-maker evaluates the decision alternatives to
achieve an objective, which could follow any economic, so-
cial, ecological interest or a mixture thereof. We consider a
decision-maker with economic interest, who aims at
maximising the land expectation value (LEV) of a forest by
choosing at each time step the decision alternative in the forest
management that implies the best expected LEV, with expec-
tations being based on his beliefs about climate change. The
LEV measure can reflect a particular management, which is
maximised conditional on the different climate change sce-
narios being true. This method is applicable to forest manage-
ment scenarios where a set of sequential decisions must be
made and the underlying system dynamics are Markovian. We
determine the management action, depending on the objec-
tive, time, and the current state of the system. In our problem,
the state variable is an information state or belief in each
model, w;,. For each time step, all possible decisions are
evaluated for every possible combination of a discretised set
of model weights, W,={w;; w»; ...; w;,} obtained at each time
step using Bayes’ theorem (see Eq. 4).

We use E(w,, f) to denote the expected present value of a
management decision, a,; so that the optimal action a,; satisfies:

I
max E(W,,t) = Zw,-,LEVi, (atj) (6)

aj -
v i=1
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The value function E(W,, f) is the weighted sum of the
expected LEVs from action j given model i, and the reward
received at the decision point z. Note that the expectation
applies the subjective probability or belief weights, w;;, that
come from Eq. 4, and it is this updating and combination
process that ensures the management is adaptive in nature,
in the sense that new decisions will reflect the updated beliefs,
taking the novel information into account. Note, however, that
the distribution of beliefs (representing probabilities) is not
stationary over time, and depends on the specific realisation of
the true underlying climate trajectory.

In the real option literature, the concept of the “value of
waiting” is used to describe the value of adaptive behaviour
compared to a non-adaptive approach. For the Bayesian
updating approach, a similar simple measure does not exist,
as decision-makers do not know the future probability space
and more importantly do not share the same belief of it. Unless
the distribution of beliefs in the population of decision-makers
is known, little can therefore be said on the average value of
waiting. Instead, we illustrate very simply, the value in case
the beliefs are most wrong compared to the revealed. This
gives a measure of how wrong a decision-maker can be
assuming the wrong climate trajectory—within the span of
analysed climate regimes.

2.4 The hypothetical decision problem

We cast our conceptual model and decision problem in the
form of a choice of one among several possible species in a
reforestation decision. While this decision problem only oc-
curs once in every rotation in a single forest stand, it occurs
continuously at a forest level. It is this continuous decision that
we look at. We assume that a decision Aas to be taken at time 7.
In other words we do not optimise the timing of the decision,
and hence do not allow a decision of ‘No afforestation’. We
consider four species to be selected for a forest plantation in
the central European temperate zone. Two species are consid-
ered to benefit from future climatic changes. These two spe-
cies are “climate-winners” and could increase the LEV of
plantations if climate change in that direction. These tree
species will be more or less reactive to the change, and we
assume one with a high (Swinner1) and another with a low
(Swinner2) iIncrease in wood production. In addition, we define
one tree species to be a “climate-loser” species which would
face a decrease in wood production under climate change
(Sioser), but is superior to both the climate winners, under
current climate. Finally, a “climate-indifferent” species is con-
sidered as a species which does not respond to the expected
levels of climate change at all (Si,gifferent)- In the conditions of
central Europe, these assumptions may correspond to the
performance of European beech (Fagus sylvatica) and Nor-
way spruce (Picea abies) with high (Syinner1) and low
(Swinner2) increase in annual productivity, respectively
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Table 2 Coefficients of the models (p and r for each model 7) used to
predict the LEV (e.g. in 100 €/ha) of the future production

Swirmcrl Sloscr Swirmch Sindiffcrcnt
p 2.0 49 35 4.7
r 1.5 -0.2 1.0 0.0

(Jacobsen and Thorsen 2003; Spiecker 2003; Yousefpour and
Hanewinkel 2009). A good example of loser species (Sjoser)
could be Scots pine (Pinus sylvestris) reported to lose produc-
tivity and vitality under climate change in central European
forests (Sykes and Prentice 1996). Another example of a
species perceived as indifferent to climate change (Singifferent)
would be Douglas fir (Pseudotsuga menziesii) although
criticised as being exotic to central European ecosystems
(Spiecker 2003).

At the forest level, species selection takes place every time
new areas are to be regenerated, and we assume this to happen
at all-time intervals ¢. Thus, the decision-maker at each deci-
sion point # adjust the species choice to current beliefs about
future climate, cf. Eq. (6).

An example may illustrate the decision problem: If envi-
ronmental changes are assumed negligible and annual volume
increment is the same as under the current climate, or climate
change is slow and effects on the forest are limited, planting
Stoser OF Sindifferent May be favoured. Otherwise, if a decision-
maker believes changes will be larger, a favoured action may
be to select climate-winner species like Syinner1 OF Swinnera- AS
times passes the decision-maker may change his beliefs, and
thus change his preferred choice of tree species to adapt
management to perceived futures.

The decision-maker in the model is assumed to know that
LEV of species j depends on the climate variable x;, (see Eq. 1)
according to the linear model LEV,(a,)=p;+r;*x;. We
choose a hypothetical set of parameters (p,r) for all J species,
and deliberately adjust these to ensure that illustrative patterns
of interest will emerge, in particular that all tree species may

be the preferred species for some expectations of climate
development. The coefficients for the four species are fixed
as shown in Table 2.

Applying the parameters of Tables 1 and 2 along with the
relations between the deterministic component of climate state
development, Eq. (1), and the LEV of each species, we show
in Table 3 the resulting hypothetical LEV performance mea-
sures for the four species across the three climate scenarios
and the three decision points in our model: 2010 (¢=0), 2020
and 2030.

Applying the coefficients in Table 3, and three alternative
climate models, we simulate the decisions of a forest owner
maximising the land value and updating his beliefs on climate
development as described above. As each set of realisations
(Monte Carlo simulations) is unique and will yield a specific
series of beliefs, belief updates, and related decisions, we
simulate a large number of realisations and evaluate the typ-
ical decision across simulations using MATLAB. In the fol-
lowing, we present the results of predictions, belief updates,
the decisions taken with and without Bayesian updating, and
the economic consequences of applying such an adaptive
decision-making. Moreover, the sensitivity of the updating
process to the model’s specific variance o, is analysed and
the effects are discussed.

3 Results

To assess the change in belief in each climate model and the
potential trajectory of the plantations’ outputs over the plan-
ning horizon, we simulated the implementation of optimal
strategies as perceived by the decision-maker, given his be-
liefs. Simulations were run from relevant starting states with
initial priors (wy, w,, w;), being the beliefs in the different
climate models. Monte Carlo simulations were repeated for
each climate trajectory model (100,000 iterations for each
period), defining each one in turn to be the true model from
which realisations would be drawn and the decision-maker

Table 3 The level of the deterministic component of the climate state variable and the performance of the four species at these climate states, applying
the linear relation between LEV, x;, and using the parameters of Tables 1 and 2

Climate model, i 1 1T 11

Year, ¢ 2010 2020 2030 2010 2020 2030 2010 2020 2030
Xt 0.12 0.51 1.25 051 2.16 3.67 1.25 3.67 4.67
LEV, Swinnerl" 2.17 2.76 3.87 2.76 523 7.50 3.87 7.50 9.00
LEV, Sioser 4.88 4.81 4.68 4.81 4.51 424 4.68 4.24 4.06
LEV, Swinner2" 3.62 4.01 4.75 3.62 5.66 7.17 4.75 7.17 8.17
LEV, Sindiferent 4.70 4.70 4.70 4.70 4.70 4.70 4.70 4.70 4.70

x;; the climate variable

# Species performance measured in land expectation value (LEV 100 €/ha)
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Fig. 1 Update of the belief in the true climate over time, depending on
initial beliefs (at 2010=Period-1) and the assumed true climate model I
(a), II (b) and III (c)

react to. At each time step, the optimal action, given updated
beliefs, was implemented in the plantation area (s) normalised
to 1, given the time steps of current beliefs {w;.; woy; ...;
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Fig. 2 Species selection depending on initial beliefs (0—1) at the begin-
ning of period 1 (before any updating). Axes of ternary plot illustrate the
beliefs in each climate change model (/;_; for models I-111, respectively).
For example, the grey array shows that if the beliefs in climate models I-
I are 0.4, 0.2 and 0.4, respectively, the optimal adaptive decision is Sjoger
(the hollow black circle)

wj3,.}. Observed climate state (x,”) were drawn from a normal
distribution with the mean given by the underlying true cli-
mate model, and a standard deviation of 0.3 (Allen et al.
2000). Based on the observed climate state, the belief in each
model was updated (Eq. 4) for the next period, taking annual
steps. The process of implementing actions, acquiring climate
observations and updating beliefs was calculated in each of
the three decision points (2010, 2020, and 2030).

3.1 Belief update over time

In the following, the results of a sensitivity analysis are shown
for different sets of initial beliefs, given different assumptions
about the true underlying climate model (moderate, medium, and
high change in the climate variable, cf. Table 1). Figure 1 shows
examples of belief updates and the time needed to recognise the
true underlying climate. We have analysed the sensitivity of the
procedure to different sets of initial beliefs, with decadal
updating and with three decision points distributed over 30 years.
Figure 1a shows that for our choice of climate trajectories and
variability, just 10 years of observations provide enough infor-
mation to update our beliefs towards the true climate change
scenario, when this is the scenario of moderate change (climate
model I). This result shows little sensitivity to the initial beliefs.

Figure 1 shows the corresponding time needed to update our
beliefs towards true climate model if medium (Fig. 1b, climate
II) or high changes (Fig. 1c, climate III) in climate are expected.
Unlike in Fig. 1a, we see that for these trajectories (which are
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a
OSloser @Swinner2 m Sindifferent
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@ Swinner2

0 0.2 0.4 0.6 0.8 1

Fig.3 Species selection depending on initial beliefs (0—1) at #=0 (#;_3) and
decision points period 2 (a) and period 3 (b) under low climate
change (I)

also designed to be closer to each other, cf. Table 1) there is a
need for longer periods of observations for beliefs to converge
towards the true underlying climate, and moreover, due to the
annual variation, even with 30 years of observations confidence
in the true model is not absolute cf. Fig. 1b, c. Initial beliefs play
a great role for approaching the recognition of the true climate
and the stronger the initial belief in the true model, the faster the
belief converges. The process of updating with Bayesian ap-
proach is depending on the model’s specific variance ¢,=0.3.

a
OSloser @Swinner2 | Sindifferent [ Swinner1

b

O Swinner1

Fig. 4 Species selection depending on beliefs (0-1) at =0 (/;_3) and
decision points; periods 2 (a) and period 3 (b) under medium climate
change (II)

Therefore, the sensitivity of this process to a lower ¢,=0.1 or
higher 0,=0.5 variance is analysed and the results are shown in
Appendix A. We comment on this point in the discussion.

3.2 Optimal decision on species selection

Optimal decision on species selection depends not only on the

performance of the species under different climate conditions
but also on the decision-maker’s beliefs regarding the climate

%‘%%% IN-\)A @ Springer
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a
@ Swinner2 O Swinneri

b

O Swinner

Fig. 5 Species selection depending on beliefs (0-1) at /=0 (W'3) and
decision points; periods 2 (a) and period 3 (b) under high climate change (IIT)

development. The optimal decision at the beginning of the
first period (starting point, t=0) is based on the initial beliefs,
i.e. no updating has occurred in model time. Figure 2 shows
the optimal species selection for different combinations of
initial beliefs in period 1 (¢=0). As follows from Table 3, Sjoger
is the most dominant decision alternative in this case, whereas
Swinnerz could be considered for some beliefs, but only if the
decision-maker is fairly sure that climate II is the true under-
lying model (complete belief in medium climate change).
Notice that none of the other tree species are chosen.

@ Springer ?; gﬁ“{t

a
OSloser @Swinner2 m Sindifferent [ Swinner1

b

0 0.2 0.4 0.6 0.8 1

Fig. 6 Species selection for different decision points; periods 2 (a) and period
3 (b) depending only on initial beliefs (without updating over time, W;_3)

Figures 3, 4, and 5 show the decision in different periods
after updating of initial beliefs, and depending on the initial
beliefs at t=0, as well as depending on what climate change
trajectory is true (I, II or III).

Across time, regarding climate model I where a negligible
change in climate is expected, the dominating species selected
would be Sjpser and Swinnerz, ¢f. Fig. 3. These two species
respond the most positively to the moderate change scenario
and provide the highest LEV from plantation projects. Howev-
er, Sioser 18 perceived to provide more benefits at earlier stages
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Table4 Largest possible gain in LEV (land expectation value in 100€/ha) by making the best possible decision vs. worst decision. Best decision is made

having perfect information and the worst choice is a non-adaptive decision

Climate model, i 1 1T 111

Year, ¢ 2010 2020 2030 2010 2020 2030 2010 2020 2030
LEV best option 4.88 4.81 4.75 4.81 5.66 7.5 4.75 7.5 9

Best SpeCieS chosen Sloser* Sloser* SwinnerZ* Sloser* Swinner2* Swinnerl* SwinnerZ* Swinnerl* Swinner]*
LEV worst option 2.17 2.76 3.87 2.76 4.51 4.24 3.87 4.24 4.06
Worst species chosen Swirmerl* Swinnerl* Swinnerl* Swinnerl* Sloser* Sloser* Swinnerl * S]oser* Sloser*
Largest possible gain (%) 121 % 74 % 23 % 74 % 25 % 77 % 23 % 77 % 122 %

(Fig. 3a) and Syinner> at later stages (Fig. 3b), as climate change
has progressed. Sigiferent 1S @n Option in a very unique case and
only in the second period (w;=0.6 and w,=0.4). In the second
period, both Sjoser and Syinnerz may become the most desirable
alternatives and the optimal decision depends strongly on initial
beliefs. In the third period, with even moderate change well
progressed, Syinnerz dominates the decision space irrespective
of the decision-maker’s initial beliefs.

In case that climate model II represents the real future
climate development driving simulations on which beliefs
are updated, Syinner2 becomes dominant after 10 years of
climate observation, cf. Fig. 4. Once more and as shown in
Fig. 4a, Singifrerent 1S the expected preferred decision in just two
particular situations (initial beliefs w;=0.2 and w3;=0.8,
w1=0.4 and w,=0.6) and Syimmer1 cOmes into consideration
for the first time for a high initial belief on climate II (w,=0.6,
0.8, and 1). Sjyeer 1s N0 longer in a dominant position in this
case, where climate change will quickly reduce the beliefs in
climate scenario I, and is the preferred decision in a small area
of the beliefs space (w3>0.6 and w;=0). In the third period,
after 20 years of climate observation, and the concentration of
belief mass on the true, medium climate scenario (II), Syinner1
is generally the most desirable choice, Fig. 4b.

In case of a high climate change (climate model I1I, Fig. 5),
Swinner1 0ccupies the decision space even from the second
period (Fig. 5a) and is totally dominant in the third period
Fig. 5b. Syinner2 18 still an option in the second period and in
cases of some belief in climate I along with III. Neither Sjoge;
nor Sindifferent cOUld compete with Syinner1 OF Swinnerz Under
highly changing climate conditions and disappear from deci-
sion space in the second and third periods.

3.3 Optimal decision on species selection without updating

Ignoring the value of continuous belief updating may change the
optimal results and decisions on species selection. In this case, if
the decisions depend only the initial, fixed beliefs and the ob-
served performance of each species at the time of decision (thus
allowing some information to be used); we reach the decision
results illustrated in Fig. 6 for periods 2 (Fig. 6a) and 3 (Fig. 6b).
There is an obvious difference between these decisions and the

decisions based on Bayesian updating (as shown in Figs. 3, 4,
and 5). As a result of the relative ranking under different scenar-
ios, one of the most important observations is that, without
updating, there will be no absolutely dominant decision (species
selected) during the 30-year decision period, as in Fig. 6.

In order to get an idea of the potential gain of updating the
beliefs, as compared to not updating them, we show the
outcome of the worst decision, given a climate change trajec-
tory (Table 4). If climate trajectory III is going to be realised,
choosing )¢+ Will be the worst decision, resulting in a LEV
which only constitutes 45 % of the outcome of the best
(Swinner1+) in the third period. Across all climate trajectories it
is seen that the LEV is reduced 44-81 % by choosing the worst
possible species to the realised climate. Thereby, the value of
the adaptive behaviour will therefore be somewhere between
this and 0, depending on how wrong the initial beliefs are.

4 Discussion

The contribution of our study is to highlight how the use of the
Bayesian approach to analysing possible decision-making be-
haviours to handle climate uncertainty in forest management is
a valuable addition to the study of adaptive management in
general and is very likely to play a central role in the future
practice and analysis of adaptive forest decision-making, in
particular for irreversible or costly decisions of long-term im-
pact. Furthermore, the Bayesian analysis has the additional
benefit of presenting key findings in a format that is more
easily interpreted by researchers and enables them to more
easily communicate their findings to natural resource practi-
tioners and policy makers (Ticehurst et al. 2011). For decisions
with smaller long-term impacts, such as the choice of thinning
intensity and the time of thinning, the value of climate-adaptive
behaviour is limited and practical decision-making will there-
fore tend to depend more on, e.g., timber prices than on climate
development (Yousefpour et al. 2012; Pukkala and Kelloméki
2012). Hauser and Possingham (2008) argue that the optimal
active adaptive management may in fact be precautionary over
short to medium time horizons, rather than experimental and
deliberately incorporating learning.

%‘%%% IN-\)A @ Springer
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In our hypothetical and fairly simple case here, we have
shown how a decision-maker may use new information, the
observed climate stare, to revise his perceptions about the
possible climate development. We show how, depending on
initial beliefs, this may lead to a faster or slower convergence to
a belief reflecting the actual development. In our simple model,
we simplified possible climate change developments to being
one out of only three illustrative alternatives. In principle,
however, there is no limitation on the number of climate models
that can be applied, and implementing the concept for a large
number of models is a technical and computational issue only.
However, it is useful to consider the extreme bounds of the
climate development pathways from low change to the highest
credible change in the climate state. This also applies with
respect to the number of management alternatives, which can
exponentially expand the solution space. To cope with this
problem, dynamic programming provides a unique solution to
cut the decision space (Armstrong et al. 2007; Jacobsen and
Thorsen 2003; Eriksson 2006), which is providentially com-
patible with the Bayesian adaptive approach (McDonald-Mad-
den et al. 2010; Probert et al. 2010). Therefore, one possible
future research avenue of interest is to combine the present
concept of knowledge updating based on Bayesian theory with
dynamic programming to solve comprehensive forest manage-
ment problems. A daunting challenge for that endeavor is,
however, that the state space will need to be expanded consid-
erable with the possible belief configurations of owners and
their state dependent transition probabilities to new beliefs.

As illustrated in our results, using observed climate state, ¥, to
update beliefs will make these converge towards the true climate
model over time. In our hypothetical example, it takes just a
decade (10 years) of observation to concentrate beliefs on the true
climate model if the climate change development is very low. It
takes more time (up to three decades) if a medium or high change
in climate state (Fig. 1) is the true underlying driver of observa-
tions. This is due to the fact that these trajectories diverge slowly
from each other, but quickly diverge from the low change
scenario, and due to the considerable per period variation in
climate, cf. Eq. (2). The scale of the annual variation around
the climate trajectories clearly has an impact on how early and
easy a decision-maker can infer which climate trajectory is most
likely to be the one driving observations. In our simulations, we
used a fixed rate of 0,=0.3. We analysed the sensitivity of
updating procedure to different rates in Appendix A and find
that a higher variance (0,=0.5) of annual deviations from the
mean, x;, delays the time when the decision-maker become
confident about what is the true underlying climate model. If
the possible state space for climate development is modelled with
many, close trajectories around which variance is high. On the
contrary, a lower variance 0;=0.1 shortens the time needed to
concentrate beliefs on the true condition of climate change. An
issue discussed in the climate change debate is whether climate
change will increase annual variability in climate states. That
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would in our model correspond to a time varying o, which could
easily be implemented. Clearly, the implications would still be to
reduce the tendency of decision-maker beliefs to concentrate on a
specific climate trajectory.

Hauser and Possingham (2008) declare that the choice of
prior weights (beliefs) for alternative hypotheses can have an
important effect on future learning and consequently on the
optimal decisions. Moreover, individual decision-makers
would naturally interpret the results of applying different man-
agement actions through their own prior beliefs about the
relative validity of different climate change models (Iverson
and Perrings 2012). In our example of species selection under
different climate states, Syinner1 and Swinnerz Were the optimal
competing decisions when a significant change in climate state
was observed (see Figs. 2, 3, and 4). Siygiferent @S @ climate-
indifferent, but moderately productive species came out as a
preferred choice under very specific combinations of beliefs
and true scenarios (see Figs. 3 and 4). Sjoser Was modelled as
sensitive to larger changes in climate, and we saw that this
cause Sjser to be a dominant optimal decision only in the earlier
phases of climate change but even for moderate changes it lost
its position as soon as a change in climate state was realised (see
Figs. 2, 3, and 4). The productivity levels have been set artifi-
cially here, but also set to reveal generally likely differences
between alternatives: Species that have been strong in past and
current climates, but may suffer from significant climate change
(represented by Sioser in our model here), will be preferred by
decision-makers with strong belief in no or moderate climate
change, and by decision-makers that are not receptive to new
information documenting climate change effects.

This way of modelling species choice of course also has
limitations, and a few words may be needed to reflect on the
impacts at forest level. Considering what would happen at forest
level for a decision-maker adjusting his beliefs and hence deci-
sions over several decades, we should start by acknowledging
that the initial state of the forest may determine for many decades
still, a dominant part of the composition. Even if relative perfor-
mances of species change or are expected to change, it is rarely
optimal to cut existing stands prematurely (Pukkala and
Kellomiki 2012). Thus, at forest level, the composition changes
only slowly in our model as the decision-maker switches pref-
erences among possible species according to his updated beliefs
(see, e.g. Yousefpour et al. 2012). Another aspect we should
consider here is that we assume land quality to be homogenous,
but there may be areas of a forest where the relative performance
of the species will be different due to local site aspects (hydrol-
ogy, wind exposure etc. —irrespective of climate change effects.
Finally, our decision-makers chose according to expected LEV,
and hence ignore variation—they are essentially assumed risk-
neutral. It is well-known that risk aversion may lead to decision-
makers favoring some mixture, a portfolio, of species (Neuner
et al., 2013). A clear challenge in this context is of course that
there is little empirical knowledge on the variance and co-
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variance of species performance outcomes across climate change
scenarios, and thus an optimal portfolio is not easily assessed.
For the Bayesian updating, it is not possible to estimate
directly a value of waiting. However, within the frame of the
analysed climate trajectories of our model, it can be shown that
having the worst expectation at the third period can result in a
LEV down to 45 % of the one choosing the best adaptive
decision. Consequently, the value of updating the system lies
between 0 and 56 % (Table 4) resulting in up to 122 % more
LEV than the worst i.e. non-adaptive decision. In this paper, we
have not modelled the possibility of postponing the decision,
i.e., the value of waiting. Schou (2013) is an example of an
approach looking at the irreversibility of the decision and com-
puted the LEV gain of waiting for novel information over time.

Appendix A

Table 5 Sensitivity analysis of beliefs update to observation variances

As a concluding remark, we highlight that the present study
should be considered an inspirational basis only for many
possible future developments in the field of knowledge man-
agement, climate change uncertainty and development in for-
est resource management. More attention is needed to inves-
tigate the benefits, the limitations and the practicability of
Bayesian approaches as well as other theories for knowledge
update and adaptive management of natural resources under
climatic changes.
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Climatic observation

0=0.1

0=0.5

Climate change Model Climate Change Model

Climate change Model Climate Change Model

I 1I I I I i
Period Period Period Period Period Period
1 2 3 1 2 3 1 2 3 1 2 3 1 2 3 1 2 3
000 100 100 000 100 100 100 100 1.00 000 000 100 000 0.00 003 100 1.00 1.00
0.00 053 100 020 100 100 080 1.00 1.00 0.00 000 0.13 020 043 099 080 092 1.00
0.00 036 1.00 040 1.00 1.00 060 1.00 1.00 0.00 000 0.07 040 0.67 099 060 0.82 1.00
0.00 027 100 060 100 1.00 040 1.00 1.00 0.00 000 0.05 060 08 100 040 0.67 099
0.00 022 100 080 100 1.00 020 1.00 1.00 0.00 000 0.04 08 092 100 020 043 099
0.00 0.18 100 100 100 100 000 1.00 1.00 0.00 000 0.03 100 1.00 100 0.00 0.00 0.03
020 100 1.00 000 053 100 08 1.00 100 020 077 1.00 000 0.00 003 080 098 1.00
020 100 100 020 100 100 060 1.00 100 020 051 1.00 020 037 099 060 0.88 1.00
020 100 1.00 040 100 1.00 040 1.00 100 020 038 099 040 059 100 040 073 1.00
020 100 1.00 060 100 1.00 020 1.00 100 020 030 099 060 074 100 020 048 099
020 100 100 0.80 100 100 000 100 100 020 025 099 080 084 100 0.00 0.00 0.03
040 100 1.00 000 036 1.00 060 100 1.00 040 090 1.00 000 0.00 003 060 095 1.00
040 100 1.00 020 100 1.00 040 1.00 100 040 069 1.00 020 032 099 040 080 1.00
040 100 1.00 040 1.00 1.00 020 1.00 100 040 056 1.00 040 053 100 020 055 099
040 100 1.00 060 100 100 000 1.00 1.00 040 048 1.00 060 0.67 100 0.00 0.00 0.05
060 100 1.00 0.00 027 100 040 1.00 1.00 060 095 1.00 000 0.00 003 040 090 1.00
060 100 1.00 020 100 100 020 1.00 100 060 079 1.00 020 028 099 020 0.64 1.00
060 100 1.00 040 100 1.00 000 1.00 1.00 0.60 067 1.00 040 048 1.00 0.00 0.00 0.07
080 100 1.00 0.00 022 100 020 1.00 1.00 080 098 1.00 000 0.00 003 020 077 1.00
080 100 1.00 020 100 100 000 1.00 1.00 080 084 1.00 020 025 099 0.00 000 0.13
1.00 100 100 0.00 018 1.00 000 1.00 100 1.00 100 1.00 0.00 0.00 003 0.00 0.00 1.00
o=variance (0> ) in Wiener noise process used for the realisation of climate observations
Climate Change Scenarios I-III1=low, medium, and high change in climate state
Periods 1-3=decision points at 2010, 2020, and 2030
1
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Appendix B

Table 6 Land expectation value (LEV) of optimal decisions based on
Bayesian updating

Initial beliefs ~ Climate I Climate II Climate I1I
Period Period Period
wy, W, Wi 1 2 3 1 2 3 1 2 3

0 1 475 689 475 475 750 751 475 750 900
02 08 470 567 475 470 590 750 470 748 900
04 0.6 473 566 475 473 576 750 473 743 900
0.6 04 476 566 475 476 570 750 476 735 900
08 0.2 478 566 475 478 567 750 478 714 900
0 1 0 481 566 475 481 566 750 481 566 900
02 0 0.8 472 480 475 472 498 750 472 750 900
02 02 0.6 474 470 475 474 535 750 474 747 900
02 04 04 477 477 475 477 544 750 477 740 900
02 06 02 480 493 475 480 547 750 480 722 900
02 08 0 482 505 475 482 550 750 482 565 900
04 0 06 476 480 475 476 471 750 476 750 900
04 02 04 478 474 475 478 501 750 478 745 900
04 04 02 481 470 475 481 520 750 481 730 900
04 06 0 484 470 475 484 529 750 484 564 900
06 0 04 480 480 475 480 475 750 480 750 900
06 02 02 482 476 475 482 478 750 482 739 900
06 04 0 485 473 475 485 502 750 485 562 900
08 0 02 484 480 475 484 478 750 484 749 900
08 02 0 487 477 475 487 470 750 487 557 900
1 0 0 483 480 475 483 480 750 488 473 900
Average 479 510 475 479 533 750 479 686 900
Std. dev. 5 56 0 5 63 0 5 92 0

S O O O O

Initial beliefs beliefs on climate models (I-1II) at first decision point i.e.
2010; Climates I-III Climate models for low, medium and high change in
climate state; Periods 1-3 decision points at 2010-2030 with 10 years
interval; W,—W3 belief on climate models I-III [0,1]; Std. dev. Standard
deviation (of average outcome based on different set of initial beliefs)
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