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Abstract

Decision-making processes increasingly involve ambiguity rather than risk, and multiple am-
biguities rather than a single one. In this article, we consider how different sources of ambiguity,
as well as two-source ambiguity, affect decision-making in relation to risk. We also examine the
value of information that eliminates or reduces ambiguity. Finally, we analyse the effect of am-
biguity preferences on the results. To this end, we propose an experiment in forest management
in the context of climate change, which is a typical decision-making situation involving multiple
ambiguities. We demonstrate that the various sources of ambiguity modify the optimal deci-
sion in comparison to situations involving risk. Furthermore, we demonstrate that ambiguity
aversion significantly impacts the optimal decision. The results reveal that the value of infor-
mation that eliminates one-source ambiguity is positive in both one- and two-source ambiguity
situations. However, ambiguity aversion has no significant impact on this value.
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1 Introduction

In many sectors and fields, decision-makers have to make decisions in ambiguous contexts, where
they cannot objectively determine the true probability of the stochastic events they are facing. This
ambiguity may be caused by a lack of scientific knowledge, conflicting expert opinions or natural
uncertainty in the decision-making environment.

Recently, literature has focused on decision-making in ambiguous contexts, highlighting the
importance of decision-makers’ sensitivity to ambiguity (Biihren et al., 2023). A variety of economic
decisions have been analysed in ambiguous situations, including insurance, portfolio choices, savings
decisions and the management of natural, agricultural and environmental resources (see Biihren
et al. (2023) for a recent review). In these situations, ambiguity usually stems from a lack of
knowledge regarding the probability of stochastic events. However, as decision-making processes
increasingly involve ambiguity rather than risk, they also involve two sources of ambiguity rather
than one. This means that decision-makers may have to make decisions in situations involving two
sources of ambiguity, which can make the context even fuzzier. In this case, considering only one-
source ambiguity can be limiting and does not fully represent the decision-maker’s environment.
This can lead to a decision being misinterpreted or the effect of ambiguity being underestimated.
In a decision-making environment involving two sources of ambiguity, information that eliminates
one source of ambiguity can be of considerable value.

In this context, the following research questions arise: how does two-source ambiguity affect
individuals’ decisions compared to one-source ambiguity? How does two-source ambiguity impact
the value of the information that eliminates one-source ambiguity? Do the answers to these ques-
tions depend on the ambiguity preferences of the decision-makers? We attempt to answer these
questions.

Since the Ellsberg paradox (Ellsberg, 1961), the question of how ambiguity affects individuals’
decision-making processes has generated a significant body of literature in economics. This has
partly developed around the theory of ambiguity, with alternative modelling frameworks such as
the smooth-ambiguity model proposed by Klibanoff et al. (2005), as well as the measurement of
ambiguity preferences, particularly through experimental economics (Chakravarty and Roy, 2009).
Ambiguity aversion has been found to have a significant impact in various contexts, such as in-
surance and prevention (Alary et al., 2013), portfolio choices (Gollier, 2011), the environment and
natural resources (Etner et al., 2021; Minnich et al., 2024; Watanabe and Fujimi, 2024), invest-

ment (Anantanasuwong et al., 2024), and management and marketing (Selivanovskikh et al., 2025),



among others. Similarly, many theoretical contributions have been made to the value of informa-
tion under ambiguity, proposed in different theoretical frameworks and considering information
that reduces or eliminates ambiguity (Quiggin, 2007; Snow, 2010; Attanasi and Montesano, 2012;
Hoy et al., 2014; Nocetti, 2018). It is generally accepted that the value of information is positive
and increases with ambiguity aversion. Empirical contributions are rarer and only partially confirm
the positive value of information and the fundamental role of ambiguity aversion (see, for example,
Peysakhovich and Karmarkar (2016) and Couture et al. (2024)). The various existing studies are
all based on a one-source ambiguity model, with the exception of Loisel et al. (2025). This study
proposes a theoretical framework for analysing the value of information with the aim of reducing
or eliminating ambiguity in forest management in the context of storm risk. They introduce two
potential sources of ambiguity: one linked to the variability of climate projections, and the other
resulting from differences in assessment between experts within the same climate scenario. Their
results, based on numerical resolution, show that forest owners averse to both risk and ambiguity
tend to shorten their rotation periods in contexts of risk or ambiguity regarding which climate
scenario will occur. However, the other source of ambiguity does not affect harvesting decisions.
Furthermore, greater risk aversion systematically reduces the optimal cutting age. However, am-
biguity aversion has no significant effect when considered in isolation. They also demonstrate that
the value of eliminating one-source ambiguity is positive but small, and almost negligible when
ambiguity arises from two sources.

This literature review reveals that, with the notable exception of the study by Loisel et al. (2025),
two-source ambiguity has been almost entirely overlooked. This work therefore has two objectives:
firstly, to demonstrate the impact of two-source ambiguity versus one-source ambiguity on decision-
making; and secondly, to examine the effect of two-source ambiguity on the information value that
eliminates one-source ambiguity. We also question how ambiguity preferences impact these results.
To achieve these objectives, we propose adopting the same context and theoretical framework as
Loisel et al. (2025). Consequently, we will apply our research questions to forest management in the
context of climate change, focusing particularly on storm risk. This case study provides a typical
example of a situation in which two-source ambiguity is relevant. Indeed, private forest owners must
decide on the optimal cutting age for the stand in three cases of ambiguity. Due to climate change,
which is characterised by various potential future climate scenarios, forest owners are confronted
with the first source of ambiguity, known as scenario ambiguity. The climate scenario provides an

example of a one-source ambiguity case, where the decision-maker does not know which scenario will



occur. Additionally, forest owners have imprecise knowledge of the frequency of damaging climatic
events, creating a second source of ambiguity. The second one-source ambiguity case is represented
by ambiguity regarding the frequency of a negative event within each scenario (i.e. frequency

ambiguity).!

Finally, two-source ambiguity is assumed when there is ambiguity on the scenario
and inside each scenario, and on the frequency of the negative event. In terms of methodology,
we conducted an online experiment with French private forest owners as subjects. We show that
the different sources of ambiguity modify the optimal decision with respect to what happens in
the event of risk. Furthermore, we demonstrate that ambiguity aversion significantly impacts the
optimal decision. The results also show that the value of information that eliminates one-source
ambiguity is positive in both one-source and two-source ambiguity situations. However, ambiguity
aversion has no significant impact on the information value.

The rest of the article is structured as follows. Section 2 presents the various concepts that
we use and the case study. Section 3 describes the experimental design, and Section 4 provides

statistics on the sample and the procedure. Finally, Section 5 indicates the results, and Section 6

provides a discussion and conclusion.

2 Decision-making under ambiguity and the value of information

We consider a problem involving ambiguous decision-making, where information is imprecise and
not all components of the problem are fully understood. This framework will be applied to forest
management in the context of climate change. It details the various components of the model and
explains how ambiguity is considered. Based on this, we will determine the value of information
within the framework. This will allow us to deduce two categories of theoretical prediction: one
relating to optimal decision-making and the other to willingness to pay for information. Finally,
we will demonstrate how each component of the decision will be operationalised in the experiment

using the forest management case study to illustrate climate-related ambiguity.

2.1 The decision-making context and the concept of ambiguity

In the context of climate change, forest management undoubtedly involves several sources of am-
biguity in the decision-making process. The classic decision for a forest owner is to determine the

optimal cutting age of a forest stand. However, forest growth is dynamic by nature and forests

My et al. (2024) refers to such a decision situation as probabilistic ambiguity.



evolve and face the risk of potential damage from a number of sources; the main one in Europe
being storms (Patacca et al., 2023).

Until now, forest owners have used historical trends to predict the probability of storms and,
consequently, made decisions about cutting age in risky environments. However, in the context
of climate change, it is meaningless to project historical trends into the future, as this future is
inherently uncertain. This means that forest owners have an incomplete understanding of the risk
of storm damage because climate change introduces ambiguity. While it is accepted that storm
risk will evolve in the future, its assessment depends on possible climate scenarios, and it is not
yet known which of these scenarios will actually materialise. Nevertheless, it is still possible to
objectively assess the risk of storms for a given climate change scenario. Such a decision-making
situation is typically ambiguous. More precisely, we consider three types of ambiguity in the context
of forest management. The first type of ambiguity arises from the climate scenario, in which the
forest owner does not know which scenario will occur (i.e., scenario ambiguity). The second one-
source ambiguity case involves ambiguity regarding the frequency of storms within each scenario
(i.e., frequency ambiguity). Finally, two-source ambiguity is assumed when there is ambiguity
regarding both the scenario and the frequency of the negative event within each scenario.

Very few papers have analysed ambiguity in a forestry context. The first was probably Kangas
and Kangas (2004). It proposed several theoretical frameworks that made it possible to address
the question of uncertainty in forestry. Brunette et al. (2013) analysed the impact of ambiguity
on the willingness of private forest owners to pay for full insurance against fire risk. The study
showed that, in an ambiguous context, the participants were consistently willing to pay more for
full insurance than in a risky situation. More recently, Brunette et al. (2020) have examined the
impact of risk aversion and ambiguity aversion on forest owners’ decisions to adapt to climate
change. They found that ambiguity aversion has no effect, whereas risk aversion has a negative
impact. To our knowledge, only one paper has addressed the impact of ambiguity and ambiguity
aversion on cutting age: the article by Loisel et al. (2025). The authors develop a theoretical model
that extends Reed’s (1984) risk-based Faustmann framework by incorporating ambiguity under the
assumption that forests are subject to storm risk. Using ? smooth ambiguity model, they examine
whether ambiguity intensifies the impact of risk, potentially lowering the optimal rotation age.
Their analysis explicitly considers the forest owners’ preferences regarding risk and ambiguity, and
evaluates the value of resolving ambiguity, effectively reducing the problem to one of risk. They

then apply and solve the model numerically through a case study of a beech stand.



2.2 The value of information

The concept of the value of information is an old one, initially formulated by Raiffa and Schlaifer
(1961). It is a decision analysis method used to quantify the potential benefit of additional in-
formation in situations of uncertainty (Keisler et al., 2014). It has been widely applied in various
fields, including health economics (Fenwick et al., 2020), engineering (Bratvold et al., 2009), natural
resource economics (Luhede et al., 2024), and agricultural economics (Bontems and Thomas, 2000).
For a review of the various fields of application of the value of information, see Keisler et al. (2014).
In general, the value of information is defined as the maximum amount a decision-maker would
be willing to pay for information before making a decision in a risky or uncertain context. This
definition allows the potential benefit of additional information in a risky context to be quantified
using a decision analytic method. The predictions obtained in Loisel et al. (2025) enable us to
compare the behaviors observed during the experiment with the trends identified by the model.
Like our experimental setup, the latter is based on the same assumptions, theoretical framework,
and decision criterion, and is applied to the same case study. Nevertheless, our main contribution
lies in analysing the value of information. In line with the theoretical framework of Loisel et al.
(2025), we successively specify the definition of the value of information in risky and ambiguous
contexts. In a risky context, the value of information is the difference in utility between making a
decision with and without risk. This is the threshold price at which the decision-maker is indiffer-
ent to whether or not they acquire additional information in order to make a decision. It is also
seen as the maximum price at which acquiring additional remains profitable. In a decision-at-risk

situation, the value of information under risk (VOIR) is calculated as follows:
Zp(a:) [Mama U(z,a) — VOIR} — Mazx, Zp(x)U(m, a)
x T

with any decision a where a € A, the set of decisions, the value of the random variable, called a state,
denoted by z, where x € X, the set of states, and the probability of p(z) such that ) __y p(x) = 1.
The payoff (profit or utility) of the decision-maker resulting from state x and action a is denoted

by v: Ax X —R: (z,a) — v(z,a).

The value of information under ambiguity is the difference in utility, as transformed by the
functional ®, between making a decision with and without ambiguity (but risk). This is also the

threshold price at which decision-makers are indifferent about acquiring additional information



that would put them in a risky situation, versus acquiring no information and remaining in an
ambiguous situation.
In a decision-at-ambiguity situation, the value of information under ambiguity (VOI4) is cal-

culated as follows:
Z P [Maxa ij(x)U(:U, a) — VOIA} = Mazx, Z P [ ij(a:)U(x, a)
j z i z

where ®(.) is the functional of the expected utility of final wealth representing the ambiguity prefer-
ences of the decision-maker and 1 is the subjective prior on the subjective probability distribution.

The principle and mathematical formalisation applied here to a one-source ambiguity situation
can easily be extended to a two-source ambiguity situation.? In what follows, we operationalise
these two concepts and their respective representations in decision-making situations involving risk,

one-source ambiguity, and two-source ambiguity.

We use the theoretical results of the model proposed by Loisel et al. (2025) to make predictions

that will be tested in the experimental section of the study.

2.3 Theoretical predictions

We formulate two types of theoretical predictions: one relating to the optimal cutting age, and the

other relating to the willingness to pay for information.

2.3.1 Theoretical predictions on the optimal cutting age

TP 1. Ambiguity decreases the optimal cutting age, leading forest owners to shorten rotations
compared to decisions made in a risky situation. Since risk already reduces the optimal cutting age
(compared to a risk-free situation), ambiguity exacerbates this effect.

When faced with ambiguity, forest owners modify their cutting age compared to when they
make decisions under risk. They reduce it because they adjust their behavior in response to the
ambiguity. Risk also reduces the cutting age, and ambiguity leads to the same trend. In risky con-

texts, forest owners’ decisions result from three opposing forces: the wealth effect, which promotes

*In the case of a two-source ambiguity situation, the probability of state p;(z) would also lie within a certain
interval [pj,min (), Dj,maz(z)]. An additional subjective prior on this probability distribution would also be necessary.
To avoid overcomplicating the paper with formalisation, we will not present it here, as it is not necessary for our
experimental approach.



earlier harvests to increase revenue; the risk effect, which favours early harvests to limit potential
losses; and the continuation effect, which favors delayed harvests to provide a steady stream of
income over time. The balance between these forces determines the optimal cutting age. In am-

biguous situations, the risk effect outweighs the other two effects.

TP2. Ambiguity aversion has a negligible effect on the optimal cutting age when the owner has a
given level of risk aversion.

As a forest owner becomes more risk averse, the risk effect, which reduces the optimal cutting
age, becomes more important than the other two effects. This leads to a shorter rotation period.
For risk-averse forest owners, ambiguity aversion has little influence on the optimal cutting age. It
only slightly affects the value of the optimisation criterion, which decreases as ambiguity aversion
increases. This occurs through a modification of the wealth effect; however, the impact remains

limited.

2.3.2 Theoretical predictions on willingness to pay for information

TP3. The value of information to eliminate ambiguity is positive.
As previously mentioned, the value of information is equal to the difference in utility between
the risk and ambiguity cases. According to the theoretical model, this value is positive for risk-

and ambiguity- averse forest owners.

TPJ. Ambiguity aversion has no impact on willingness to pay for information.
The value of information that resolves ambiguity remains relatively constant, regardless of the
level of ambiguity aversion. This suggests that the amount of information value depends solely on

the level of ambiguity, not on ambiguity aversion.

2.4 Operationalisation for the case study

In our experiment, we present the forest owners with a scenario in which they own a one-hectare,
even-aged beech (Fagus sylvatica) stand in the Grand-Est region of France. This stand is at the
very beginning of its rotation period,® and was planted or regenerated in the current year. During

its rotation, the stand is exposed to storm risk.

3The rotation is the period of time from the plantation (or regeneration) up to the final cutting.



Due to climate change, scientists have identified three potential storm occurrence scenarios:
actual, optimistic and pessimistic (based on the IPCC’s climate scenario). For each scenario, it is
possible to quantify the storm risk objectively. We refer to this situation as scenario ambiguity.
This is a situation where there is ambiguity over which scenario will occur, but the probability
of a negative event in each scenario is known. In this case, the unknown is which scenario will
occur. In practice, the actual scenario estimates a storm in the Grand-Est region every 55 years,
the optimistic scenario every 47 years, and the pessimistic scenario every 23 years (Bréteau-Amores
et al., 2020).

We then consider another possible source of ambiguity that is independent of the first source,
and linked to the fact that knowledge of the probability of a storm is not assumed to be perfect
within each possible scenario, but there is still some uncertainty as to how it is quantified. This
probability then belongs to a range of probabilities, creating a second ambiguity that we refer to
as frequency ambiguity. Under frequency ambiguity, the unknown is thus the probability of the
negative event occurring in each scenario. In the actual scenario, a storm occurs between once
every 60 years and once every 50 years [1/60; 1/50]. In the optimistic scenario, estimations range
from one storm every 52 years to one storm every 42 years [1/52; 1/42]. In the pessimistic scenario,
the interval is between one storm every 25 years and 21 years [1/25; 1/21].4

Finally, we consider a situation where both types of ambiguity are present, creating what is
known as two-source ambiguity.

In summary, we will place the decision-maker in four contexts: risk (R), scenario ambiguity
(SA), frequency ambiguity (FA) and two-source ambiguity (TSA). Figure 1 represents these four
contexts, with ambiguous information shown in grey.

In order to evluate the value of information, we ask decision-makers to indicate their willingness

to pay (WTP) in order to eliminate scenario ambiguity under risk and two-source ambiguity:

e WTP to know the scenario under risk (either 1/55, 1/47 or 1/23): willingness-to-pay to move

from scenario ambiguity to risk.

e WTP to know the scenario under two-source ambiguity (either [1/60; 1/50], [1/52; 1/42] or

[1/25; 1/21]): willingness-to-pay to move from two-source ambiguity to frequency ambiguity.

This means that we are interested in the value of the information that removes one source

“In the pessimistic scenario, to avoid introducing excessive ambiguity-related bias, which could be perceived as an
increase in ambiguity, the interval chosen to characterise ambiguity was made consistent with those chosen for the
other two scenarios.



RISK (R) SCENARIO AMBIGUITY (SA) FREQUENCY AMBIGUITY (FA)

Actual Actual Actual
Optimistic Optimistic Optimistic
I Pessimistic
Pessimistic Pessimistic

Y

TWO-SOURCE AMBIGUITY (TSA)

Actual
Optimistic

Pessimistic

Figure 1: Schematic representation of the risk and ambiguity contexts.

of ambiguity in a context of one-source ambiguity (moving from one-source ambiguity to risk) or
two-source ambiguity (moving from two-source ambiguity to frequency ambiguity). In this case,
we want to isolate the explicit effect of the two-source ambiguity and highlight the weight of each
ambiguity. The answers to these two questions enable us to observe the effect of the two-source
ambiguity on the value of information that eliminates one-source ambiguity (in this case, scenario

ambiguity).

3 Experimental design

To address this decision-making process in ambiguous situations, we conducted an experiment com-
prising three parts. The first part elicits the participants’ preferences regarding risk and ambiguity.
The second part focused on the forestry decision-making scenario, while the third part gathered

socio-economic characteristics.®

3.1 Preferences towards risk and ambiguity

To quantify individuals’ preferences, we adopted the classical Multiple Price List methods proposed
by Holt and Laury (2002) to elicit risk preferences and by Chakravarty and Roy (2009) to elicit

ambiguity preferences.

5The experimental protocol and the data are freely available online: Brunette, Marielle; Couture, Stéphane, 2025,
”InFor : Impact of Information about climate change in Forest”, https://doi.org/10.57745/I9ML8R, Recherche Data
Gouv.
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Table 1 presents the methodology employed to quantify risk aversion.

Table 1: Elicitation of risk preferences.

Option A Option B
Decision | Probap | Gain € | Probap | Gain € A | B Proba p | Gain € | Probap | Gain €
1 10 7 90 5 o o 10 13 90 0
2 20 7 80 5 o o 20 13 80 0
3 30 7 70 5 o o 30 13 70 0
4 40 7 60 5 o o 40 13 60 0
5 50 7 50 5 o o 50 13 50 0
6 60 7 40 5 o o 60 13 40 0
7 70 7 30 5 o o 70 13 30 0
8 80 7 20 5 ) o 80 13 20 0
9 90 7 10 5 o o 90 13 10 0
10 100 7 0 5 o o 100 13 0 0

The subjects have to choose their preferred option (Option A or B) ten times (Decision 1-10).
For example, Decision 1 involves choosing between Option A, which offers the chance to win €7
with a 10% probability or €5 with a 90% probability, and Option B, which offers the chance to win
€13 with a 10% probability or nothing with a 90% probability. Option A is considered the safer
option, whereas Option B is considered riskier. The number of safe options chosen by the subjects
represents our risk aversion index: the more safe options chosen, the higher the risk aversion. Five
safe choices correspond to risk neutrality (see Table 12 in Appendix A).

The methodology used to elicit ambiguity aversion is very similar, and is presented in Table 2.

Table 2: Elicitation of ambiguity preferences.

Urn A : Urn B :
5 blue balls, 5 yellow balls 10 balls, colors not known
Decision Gain in € Gain in € A | B Gain in € Gain in €
if yellow ball if blue ball if yellow ball if blue ball
1 13 0 o o 9 0
2 13 0 o o 9 0
3 13 0 o o 9 0
4 13 0 o o 9 0
5 13 0 o o 9 0
6 13 0 o o 9 0
7 13 0 o o 9 0
8 13 0 o o 9 0
9 13 0 o o 9 0
10 13 0 o o 9 0

The subjects have to choose their preferred urn (Urn A or B) ten times (Decisions 1-10). Urn
A contains 5 yellow and 5 blue balls, whereas Urn B contains 10 balls of an unknown colour
distribution. For example, Decision 1 involves choosing between Urn A, which offers a €13 reward

with a 50% probability (one chance in two of picking a yellow ball) or nothing with a 50% probability
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(one chance in two of picking a blue ball); and Urn B, which offers either a €9 reward or nothing,
with unknown probabilities. Urn A is considered the risky option, whereas Urn B is considered
ambiguous. The number of risky options chosen by the subjects is our index of ambiguity aversion:
the more risky choices made, the higher the ambiguity aversion. Five risky choices correspond to

ambiguity neutrality (see Table 12 in Appendix A).

3.2 Forestry decision-making scenario

In this part of the experiment, the forest owners must decide on the cutting age for the various
scenarios presented in Fig. 1, as well as concerning their willingness to pay to eliminate one-source
ambiguity, in order to assess the value of information. Each of these decisions is described in more

detail below.

3.2.1 Cutting age in various scenario

As indicated in Section 2.4, forest owners are exposed to four potential contexts: Risk (R), sce-
nario ambiguity (SA), frequency ambiguity (FA) and two-source ambiguity (TSA). In each of these
contexts, they must decide on the optimal cutting age for their one-hectare, even-aged beech (Fa-
gus sylvatica) stand in the Grand-Est region of France. Under risk and scenario ambiguity, the
probability of storm occurrence is precise (actual: 1/55; optimistic: 1/47; and pessimistic: 1/23),
whereas under frequency ambiguity and two-source ambiguity, it is imprecise (actual: [1/60; 1/50];
optimistic: [1/52; 1/42]; and pessimistic: [1/25; 1/21]).

Consequently, the cutting age indicated by the private forest owners in eight different situations

is summarised in Table 3.

Table 3: The various contexts that the forest owners are facing.

Variable Description

R_actual The participant is in the Actual scenario (1/55).

R_optimist The participant is in the Optimistic scenario (1/47).

R_pessimist The participant is in the Pessimistic scenario (1/23).

SA The participant may be either in the actual (1/55), the optimistic
(1/47), or the pessimistic scenario (1/23).

FA _actual The participant is in the Actual scenario [1/60 ; 1/50].

FA _optimist The participant is in the Optimistic scenario [1/52 ; 1/42].

FA _pessimist The participant is in the Pessimistic scenario [1/25 ; 1/21].

TSA The participant may be either in the actual [1/60 ; 1/50], the optimistic
[1/52 ; 1/42], or the pessimistic scenario [1/25 ; 1/21].

12



3.2.2 Value of information

In addition, we asked the owners what their willingness to pay was to eliminate scenario ambiguity
in a one-source ambiguity context (WTP_R) and a two-source ambiguity context (WTP_TSA), as
described in Table 4.

Table 4: Questions concerning WTP

Variable Description

WTP_R WTP to know the scenario (either 1/55, 1/47 or 1/23).
— to move from SA to R.

WTP_TSA WTP to know the scenario (either [1/60 ; 1/50], [1/52 ; 1/42] or [1/25
; 1/21])).
— to move from TSA to FA.

The subjects must choose one option from seven possibilities, ranging from €0 to €150 and
divided into seven ascending classes of €25 each.
The answers to these two questions will enable us to estimate the value of eliminating one source

of ambiguity in context involving one or two sources of ambiguity.

3.3 Socio-economic characteristics

The third part of the questionnaire asks private forest owners about their personal characteristics
such as gender, age, marital status, highest qualification, number of household members, number
of children, occupation and monthly income. It also asks about the characteristics of the forest,

such as total forest area, main and secondary species and whether there is an insurance contract.

4 Participants and procedure

The experiment was computerised in collaboration with an engineer from the Laboratory of Ex-
perimental Economics in Strasbourg. It was conducted online in December 2023. The National
Centre of Private Forest Property® sent the experiment by email to 850 private forest owners in
the Grand-Est region in north-eastern France. Seventy-nine of them completed the in full, giving

a response rate of 9.3%.” To encourage full responses, we indicated that 40 participants who com-

5The National Centre of Private Forest Property is the public body responsible for developing the sustainable
management of private forests: some 3.5 million French forest owners covering 12.6 million hectares, or around 23%
of French land.

"The sample size is in line with previous studies involving samples of forest owners, such as in Brunette et al.
(2013), Musshoff and Maart-Noelck (2014) and Sauter et al. (2016).
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pleted the questionnaire would be by randomly selected to receive a €100 voucher from a brand
specialising in forest products.

The experiment was designed using a within-subjects approach. All 79 respondents answered all
of the questions. The three parts of the experiment were always presented in the same order. Firstly,
risk and ambiguity preferences were elicited. Secondly, the forestry decision-making scenarios
were presented. Finally, socio-economic characteristics were collected. In the second part of the
experiment, however, potential order effects between the risk and ambiguity scenarios are controlled
for. Some participants are first presented with decision-making situations in a risky context and
then an ambiguous ones, while others start with an ambiguous situation and then a risky one.

Tables 5 and 6 describe our sample of private forest owners. On average, the forest owners who
participated in the experiment were around 60 years old, and owned around 87 hectares of forest.

The typical forest owner in our sample is a retired, married man with a high level of education.

Table 5: Descriptive statistics for continuous variables.

Variable \ N \ Minimum \ Maximum \ Mean \ Std Dev.
Forest owners’ characteristics
Age [79] 25 [ 83 [ 6151 | 12.861
Forest characteristics
| Total forest area | 79 | 0.1 | 1500 | 87.184 | 229.8239

These descriptive statistics can be compared with national statistics concerning private forest
owners. Indeed, even though its was conducted in 2012, the last Agreste survey (Agreste, 2014)
provides a precise description of the population of the French private forest owners. As in the
Agreste survey (30% women and 70% men), our sample is composed of a majority of men (96.2%),
but the proportion of men in our sample is much higher. The mean age of private forest owners in
the metropolitan France is 64; in our sample it is 61.5, which is very close. In both our sample and
the Agreste survey, more than half of the private forest owners are retired. However, the survey
indicates that farming is the second most common activity, which is not reflected in our sample.
The average forest area in our sample is of 87 hectares, which is clearly higher than the national
average of 6.5 hectares. Finally, 19.5% of the private forest owners in our sample have an insurance
contract, which is significantly higher than the national average of 4.55% (52,000 private forest
owners out of 1,142,000 ones). Overall, our sample provides a good representation of the target

population.
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Table 6: Descriptive statistics for discrete variables.

Variable [ Percentage
Forest owners’ characteristics
Gender (N=79)
- Men (=1) 96.2
- Women (=2) 3.8
Marital status (N=79)
- Married or cohabiting and living as a couple (=1) 84.8
- Married or cohabiting and living separately (=2) 2.5
- Single (=3) 7.6
- Divorced (=4) 2.5
- Widowed (=5) 2.5
Higher diploma (N=79)
- No diploma (=1) 0
- GCSE, youth training NVQ level 1 et 2., BTEC First Diploma, NVQ level 1 (=2) 17.7
- A level (=3) 8.9
- Diploma of Higher Education (=4) 22.8
- Bachelor (=5) 16.5
- Master, PhD (=6) 34.2
Member households (N=79)
-1 11.4
-2 59.5
-3 8.9
-4 15.2
- 5 and + 5.1
Children households (N=79)
-0 34.2
-1 13.9
-2 29.1
-3 12.7
-4 and + 10.2
Monthly individual net income (N = 79)
- less than €800 (=1) 1.3
- between €800 and €1199 (=2) 1.3
- between €1200 and €1499 (=3) 5.1
- between €1500 and €1999 (=4) 16.5
- between €2000 and €2999 (=5) 34.2
- between €3000 and €3999 (=6) 5.1
- greater than €4000 (=7) 19
- do not wish to answer (=8) 17.7
Profession (N = 79)
- Farmers (=1) 5.1
- Craftsmen, shopkeepers and company directors (=2) 2.5
- Executives and higher intellectual professions (=3) 19
- Intermediate professions (=4) 10.1
- Employees (=5) 5.1
- Manual workers (=6) 0
- Retired (=7) 55.7
- Other non-working occupation (=8) 2.5
Forest characteristics
Main species (N=76)
- Conifer (=0) 25
- Broadleaves (=1) 75
Secondary species (N=75)
- Conifer (=0) 12
- Broadleaves (=1) 69.3
- Conifer and broadleaves (=2) 18.7
Insurance contract (N=77)
- No (=0) 80.5
- Yes (=1) 19.5
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5 Results

Before presenting and analysing the results regarding optimal decision-making in ambiguous situa-
tions and the value of information, we will focus on quantifying the risk and ambiguity preferences
of the decision-maker, which are fundamental to explaining the heterogeneity of the values of the

target objects in our study.

5.1 Risk and ambiguity preferences

In general, we obtain that the average number of safe choices in our sample is 5.77, while the average
number of risky choices is 5.24. This suggests that, on average, our subjects are slightly risk-averse
and slightly ambiguity-averse. Looking at the distributions (Table 7), we observe an heterogeneity
in preferences within our sample, with strong anchoring to average numbers on the one hand and
quite marked extreme values, on the other hand, for both risk and ambiguity preferences. Grouping
the distributions into three categories reveals that 31 private forest owners are risk-averse, 30 are
risk-neutral, and 18 are risk-loving, while 24 are ambiguity-averse, 36 are ambiguity-neutral and 19
are ambiguity-loving. This suggests that a relatively high proportion of decision-makers are willing

to take risks and accept ambiguity.

Table 7: Elicitation of risk and ambiguity preferences.

No. of decision | No. of safe choice | No. of risky choice
0 4 6
1 0 0
2 0 1
3 2 1
4 12 11
5 30 36
6 8 9
7 6 3
8 3 5
9 2 0
10 12 7
Average 5.77 5.24
Std dev 2.439 2.294

These results can be compared to those of other studies that have also investigated the risk
and ambiguity preferences of private forest owners. For example, Brunette et al. (2020) used the
same methodology to obtain an average of 5.58 safe choices and 6.40 risky choices for a population
of French and German foresters (with 5.98 and 6.51 for the French foresters, respectively). This
suggests that, although the trends are similar, the forest owners in our sample are slightly less

risk-averse and less ambiguity-averse.
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5.2 Optimal choice of cutting age in various scenarios

Table 8 shows all the optimal cutting ages obtained in the various scenarios. By way of example,
column “SA” refers to scenario ambiguity, where forest owners must decide on the cutting age
when they do not know which scenario they are in (one storm occurs every 55, 47 or 23 years).

The average cutting age indicated is 76.86 years.®

Table 8: Cutting age in the various contexts (N=79).

R_actual | R_opti. | R_pessi. SA FA _actual | FA_opti. | FA_pessi. TSA
Age (in years) 80.06 75.80 70.62 76.86 82.06 78.99 69.81 78.20
std dev [31.272] | [32.565] | [37.884] | [32.933] [32.892] [34.459] [38.432] [33.093]

In the current risky situation, with a risk of 1/55, the average optimal cutting age is 80.06
years. This cutting age is consistent with that observed in reality for the targeted species, as it
is common to harvest this species at around 80 years (ONF, 2007). This situation will serve as
our benchmark and basis for comparison with the optimal ages obtained in the different ambiguity
scenarios. Initially, however, we will examine the effect of an increase in risk. A slight increase
in risk (1/47) leads to a decrease in the optimal cutting age. Increasing the level of risk (i.e.,
doubling it from 1/55 to 1/23) exacerbates this effect. In risky situations, it is accepted that forest
owners’ behavior is guided by three contradictory effects: the wealth effect, the risk effect, and
the continuation effect (Couture and Reynaud, 2008; Brunette et al., 2015). When risk increases,
the risk effect, which favors harvesting, is noted to prevail and encourage the owner to reduce the

cutting age.

The results on the effect of ambiguity from this table can be presented in two ways.
Firstly, we will examine the impact of a one-source ambiguity on optimal choice based on two
comparisons. First, we compared the current risk situation with a one-source ambiguity scenario
(R-actual vs. SA). We compared then the risk situation with the frequency ambiguity for the three
possible cases (R vs. FA comparison). We demonstrate that ambiguity about scenario (SA) reduces
the optimal cutting age as compared to R_actual. This result confirms the theoretical prediction

TP1 which states that ambiguity reduces the optimal cutting age. Consequently, forest owners

8In Appendix B, we test whether the difference in cutting age between two scenarios is significant or not, and this
for all possible bilateral comparisons between the eight scenarios. We demonstrate that, in general, the difference is
significant. We use a non-parametric test (the Wilcoxon signed rank test) since the distributions of the cutting age
in the eight scenarios do not conform to the normality hypothesis.
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are led to shorten the rotation period compared to decisions made in a risk situation. We observe
that the effect of one-source ambiguity on the optimal cutting age depends on the initial level of
risk considered: R_actual < FA_actual; R_opti < FA _opti; R_pessi > FA_pessi. We highlight an
observed reversal phenomenon which, at present, we can only attribute to a pessimistic attitude on
the part of forest owners. This result calls the validity of theoretical prediction TP1 into question
to some extent, suggesting that the source of ambiguity may affect the outcome.

Secondly, we compare the impact of two-source ambiguity with that of a one-source ambiguity
(TSA versus SA). Two-source ambiguity leads to a consistently higher cutting age than one-source
ambiguity (TSA > SA). This suggests that decision-makers respond differently to the two types
of ambiguity. Overall, forest owners appear to be optimistic about the frequency of the negative

event in a two-source ambiguity situation. We can summarise these findings as follows:

Result 1: The effect of one-source ambiguity on the optimal cutting age depends on
the nature of the source (frequency or scenario ambiguity). Conversely, a two-source
ambiguity leads the forest owner to increase the cutting age compared to a situation

where ambiguity arises from a single source.

Additionally, our findings show that both scenario ambiguity (SA) and two-source ambiguity
(TSA) lead to a shorter optimal cutting age than the actual risk (R-actual) scenario. The resulting
decisions can be ranked as follows: R_actual > TSA > SA. In the R_actual scenario, the probability
of a storm is 1/55. Under SA, this probability may be the same or higher, while under TSA, it is
generally similar (between 1/60 and 1/50) or higher. Therefore, the ranking R_actual > TSA >
SA is not surprising, due to the higher expected likelihood of a storm.

Next, we will try to identify the determinants that explain the optimal cutting ages in the differ-
ent contexts by running classical linear regressions (Table 9). The results presented are confirmed
by the power analysis presented in Appendix D in Tables 14 and 15.

Interestingly, risk preferences only impact decisions in risky contexts (R_actual and R_opti.),
with the exception of FA _pessi. However, the impact is positive, meaning that the cutting age
increases with risk aversion. While it is widely accepted that risk aversion reduces the optimal
cutting age, some authors, such as Gong and Lofgren (2008), have studied situations in which risk
aversion increases the optimal cutting age compared to under risk neutrality. Furthermore, when

a decision to cut is made, three potentially contradictory effects come into play: the income effect,
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Table 9: Regression results for the cutting age.

R R R SA FA FA FA TSA
_actual _opti. _pessi. _actual _opti. _pessi.
Constant 3.125%* 2.841%% | 2.665%*F | 3.145%* | 3.141** 2.886** | 2.578%F | 3.053**
No. safe choices 1.789* 2.019%* 1.552 0.952 1.450 1.463 1.692%* 1.217
Age -1.152 -1.111 -1.471 -1.130 -0.672 -0.593 -1.567 -0.822
Total forest area 2.869** 3.168** | 2.143%F | 2.813%*% | 3.061** 2.530%* | 2.125%* | 3.193**
Secondary species 2.134%* 1.743% 1.175 1.696* 2.292%* 2.259%% | 2.015%* | 2.373**
Main species 1.706%* 1.801* 1.550 1.510 1.005 0.010 0.730 1.227
No. of risky choices | -2.132 ** | -2.148%** -1.635 -1.930% | -2.580%* | -2.182** -1.569 -2.585%*
Adjusted R? 0.154 0.171 0.089 0.107 0.148 0.110 0.095 0.158
F3

*sig. at 1%, *¥ sig. at 5%, * sig. at 10%

the risk effect, and the continuation effect. These effects may explain the heterogeneity of behavior
observed, even in the presence of risk aversion (Couture and Reynaud, 2008).

Another interesting result concerns the ambiguity preferences. Indeed, we can observe that this
variable is always negative. This indicates that as the ambiguity aversion increases, the optimal
cutting age decreases. This is significant most of the time, except in the “pessimistic scenario”,
both under risk and ambiguity. Two other variables are always significant: total forest area and
secondary species (except for R_pessi.). They both significantly and positively impact the cutting
age: the larger the total forest area, the older the forest will be; the more diverse the stand (a mix
of conifers and broadleaves rather than conifers or broadleaves alone), the older the forest will be.
Previous studies have shown that a large forest area increases the cutting age, and that diversifying
the forest - a risk-hedging practice - enables forest owners to postpone the cutting age (Amacher
et al., 2004; Couture et al., 2016).

The main result obtained from the effect of ambiguity aversion on the optimal cutting age can

be summarised as follows:

Result 2: Ambiguity aversion reduces the cutting age.

This result partially validates the theoretical prediction TP2, showing that ambiguity aversion
affects the cutting age. However, in our case, the effect is clearly defined and significant, rather
than negligible.

Ambiguity aversion has a significant negative impact on the decision to cut, in both one-
source and two-source ambiguity situations. The effect of ambiguity aversion on forest management
decisions has received little attention in the forest economics literature. While Brunette et al.

(2020) found that ambiguity aversion had no significant effect on the forest management adaptation
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decision, Brunette et al. (2013) found that it impacts insurance decisions against fire risk. Our
results contribute to this debate, suggesting that ambiguity aversion is a key factor to consider

when making decisions under ambiguity.

5.3 Value of information

In this subsection, we examine the provisions for obtaining information from forest owners, with the
aim of eliminating or reducing ambiguity. The first focuses on analysing the value of the information
itself, while the second looks at how ambiguity aversion affects this value. This revision also draws

on theoretical predictions regarding the willingness to pay for information.

5.3.1 The information values obtained to eliminate or reduce ambiguity

Two categories of information value can be identified: 1/ the value associated with transitioning
from a one-source ambiguity to a situation of risk, and 2/ the value of information that enables
transitioning from two-source ambiguity to one-source ambiguity. By analysing the responses of
decision-makers regarding their willingness to pay to eliminate one-source ambiguity from seven
possibilities, we can determine the individual value of information in eliminating one-source am-
biguity. Table 10 presents the distribution of the answers relating to the value of information in
eliminating one source ambiguity in a one-source context (WTP_R) and in a two-source context
(WTP_TSA). For example, the first column (WTP_R) shows that 35.4% of respondents chose
Option 0 (€0 per hectare), 16.5% chose Option 1 (from 1 to €25 per hectare), and so on.”

Table 10: Information value for the total sample (N=79).

WTP_R WTP_TSA
Option (€) No. subj. (%) | No. subj. (%)
0 (€0) 3% (35.4) 3 (35.4)
1 (€1 to €25) 13 (16.5) 16 (20.3)
2 (€26 to €50) 15 (19) 15 (19)
3 (€51 to €75) 3 (3.8) 1(1.3)
4 (€76 to €100) 8 (10.1) 7 (8.9)
5 (€101 to €125) 3 (3.8) 2 (2.5)
6 (€126 to €150) 1(1.3) 2 (2.5)
7 (> €150) 8 (10.1) 8 (10.1)
Average 2.04 1.96
Std Dev. 2.273 2.284
€/ha 26.96 24.04

9In Appendix C, we present the value of the information for two subsamples: forest owners who are ambiguity
averse and those who are not.
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For most forest owners, the value of information is positive. However, a significant proportion
report a value of zero. It is worth noting that more than one third of the sample has an information
value of zero (Option 0), regardless of the scenario. We can see that 10% of the sample has a very
high information value, greater than €150 per hectare (Option 7). Between these two extremes,
Option 1 (from 1 to €25 per hectare) is the most frequently selected option, followed by Option 2,
regardless of the scenario.

Table 10 also shows the average value of information and the standard deviation in brackets. To
obtain the average information value from the responses in terms of intervals, proceed as follows.
For example, the first column, “WT P_R”, implies that the average option indicated by the whole
sample is 2.04. Using the Option 2 interval (€26 and €50), we can calculate that 2.04 corresponds
to an information value of €26.96/ha. Therefore, the average information value for eliminating

ambiguity is €26.96/ha, and the average information value for reducing ambiguity is €24.04/ha.

5.3.2 Information value and the effect of ambiguity

There was considerable heterogeneity in the responses relating to the value of the information,
with responses distributed fairly widely and showing fairly high extremes. This observation applies
to both distributions. The value distributions for eliminating one-source ambiguity are slightly

t.10

different, but this difference is not significant.””. The value of information of the information in

eliminating one-source ambiguity depends on whether the ambiguity is one- or two-source.!!

The value of information that eliminates one source of ambiguity in a context of one-source
ambiguity (average 2.04) is higher than the value of information that eliminates one source of
ambiguity in a context of two-source ambiguity (average 1.96). When faced with a context of one-
source ambiguity, decision-makers prefer to pay more for information that eliminates ambiguity,
compared to when faced with a context of two-source ambiguity. This is because, after obtaining
the information and eliminating the ambiguity, decision-makers will find themselves in a risky
situation. This is a situation that most decision-makers prefer due to their aversion to ambiguity.
Consequently, the value of information appears lower when it only partially reduces the ambiguity

of a situation, making it slightly less ambiguous, than when it converts an ambiguous situation into

a risky one. This result can be interpreted as the effect of ambiguity on the value of information.

10We performed a non-parametric test, a Friedman two-factor analysis of variance for linked samples, because the
two distributions are not normal. There was no significant difference between the two distributions (test statistic:
0.000).

"NHowever, a mean comparison test (non-parametric Wilcoxon signed-rank test Z = -0.641; p = 0.521) shows that
the difference is non-significant.
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These findings lead to the next result:

Result 3: The value of information that eliminates one-source ambiguity is always
positive, but higher when the aim is to eliminate ambiguity in order to transition to
a risky situation than when the aim is simply to reduce ambiguity when transitioning

from two sources of ambiguity to one.

This comparison confirms the theoretical prediction TP3, which states that the value of infor-

mation that eliminates ambiguity is positive.

5.3.3 The value of information and aversion to ambiguity

Additionally, we performed an ordered logit analysis in an attempt to explain the different options
chosen to characterise the value of information that eliminates ambiguity in the two contexts. Table
11 presents the estimation results. These results are confirmed by the power analysis presented in

Appendix D in Table 16.

Table 11: Regression results for the value of information.

WTP_R | WTP_TSA
No. safe choices 0.018 0.040
Gender 0.731 -0.776
Age -0.011 -0.029
Total forest area 0.000 0.000
Secondary species -0.312 -0.158
Main species -1.409%* -1.034*
No. of risky choices -0.025 0.055
Insurance contract -0.696 -0.166
Profession 0.139 0.112
Monthly net income | 0.301%* 0.180

*** sig. at 1%; ** sig. at 5%; * sig. at 10%

Surprisingly, neither risk aversion nor ambiguity aversion has a significant impact on the value
of information in either context. This result differs from those obtained in the previous literature.
Indeed, Snow (2010) proved that the value of information that resolves ambiguity increases with
ambiguity and ambiguity aversion. Similarly, Attanasi and Montesano (2012) obtained similar re-
sults within the framework of Choquet’s model. Couture et al. (2024) focus on the value of two
types of information that lead to an ambiguity reduction, analysing their properties as a function

of attitude towards ambiguity. They demonstrate that both types of information are favourably
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valued when the decision-maker is ambiguity-averse. We find that the value of information is pos-
itive for all types of forest owners. This may be because all forest owners are concerned about
the ambiguity characterised here by the risk of storms and climate change, and wish to have more
knowledge about these phenomena. This may be a context-specific effect. This analysis yields the

following result:

Result 4: Ambiguity aversion has no significant impact on the information value.

Result 4 confirms the theoretical prediction TP4 that ambiguity aversion does not affect the
willingness to pay for information.

Additionally, we observe that only two variables have a significant effect: the main species
and income. When the main species is broadleaf rather than coniferous, the information value is
significantly reduced. This suggests that the private forest owners with broadleaf stands are less
willing to pay for information. We assume that the decisions of owners of broadleaved stands are
less reactive to information than those of other forest owners, to explain this result. In the context
of one-source ambiguity, the value of information that eliminates this ambiguity increases with the
monthly net income. In such a context, a private forest owner with a higher income is more likely

to value the information more highly.

6 Conclusion

This article addresses the optimal choices made by decision-makers in ambiguous contexts, as well
as the value of information that eliminates ambiguity. We apply our analysis to the case of a
private forest owner whose forest may be damaged by a windstorm with an unknown probability
(frequency ambiguity), in a climate change context (scenario ambiguity). The private forest owner
may then be faced with two sources of ambiguity occurring simultaneously. The presence of this
ambiguity can affect both the optimal decision and the value of information that eliminates a one-
source ambiguity. In this context, it is important to assess the information related to the knowledge
of future climate scenarios in order to justify the current public investment made in systems and
models for understanding and observing the climate.

This research align with the existing behavioural economics literature that focuses on how am-

biguity and ambiguity aversion affect decision-making under uncertainty. Our analysis is based
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on a simple model in which a decision-maker must make a decision with random outcomes. This
random component is either perfectly or imprecisely known, which characterises different informa-
tional and decision-making contexts in risky or ambiguous situations. Our approach is original in
that we consider an additional source of ambiguity in a classical context of ambiguity, thus creating
a situation of two-source ambiguity. This model enables us to determine the value of information
that eliminates ambiguity in contexts of either one- or two-source ambiguity; the challenge lies in
emphasising the significance of two-source ambiguity. We adopt an experimental economics ap-
proach in a decision-making context where two-source ambiguity is fundamental: the management
of a forest at risk of storms in a climate-change context.

Our results demonstrate that two-source ambiguity consistently leads to a decrease in the opti-
mal cutting age, with ambiguity aversion exacerbating this reduction. Furthermore, we demonstrate
that the value of the information that eliminates ambiguity is positive and independent of ambiguity
aversion.

These findings highlight the potential impact of policies designed to assist decision-makers
by eliminating the ambiguity they face. As policy instruments can be informative, our results
confirm that an informative policy could benefit forest owners, particularly in a context of two-
source ambiguity. Additionally, analysing the optimal design for collecting this information and
determining whether this collection should be financed or subsidized by public authorities would
be interesting. Finally, our results show that it is not essential to consider the heterogeneity of
forest owners’ preferences when analysing the overall impact of information policies.

From a different perspective, we believe that it would be interesting to focus on the represen-
tation of ambiguity, which can affect both probability and damage. It would also be relevant to

assess the value of information that completely eliminates two-source ambiguity.
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A Classification in terms of preferences.

Table 12 presents the categorisation of the subject’s function of the number of safe choices (risk
aversion) or of risky choices (ambiguity aversion): the higher the number selected, the higher the

aversion.

Table 12: Classification in terms of preferences.

No. of safe/risky choices Classification
0-1 Highly lover
2 Very lover
Lover
Slightly lover
Neutrality
Slightly averse
Averse
Very averse
Highly averse

0O Ut kW

P
=
o

B Bilateral comparison: Wilcoxon signed rank test

Risk_actual | Risk_optimist | Risk_pessimist | Amb_TSA | Amb_freq | Amb_freq | Amb_freq

_actual _optimist _pessimist

Amb_scenario -3.010%* -0.424 -3.853 *** -0.744 -3.031%* -0.221 -4.520 ***

Risk_actual - -4.170%** -4.479%** -1.828%* -0.629 -1.762% -4.988***

Risk_optimist - - -3.564%** -1.299 -4.317%%* -0.773 -2.506%*

Risk_pessimist - - - -4.073%¥F* | _4.862FF* | _3.561*** -2.506**

Amb_TSA - - - - -2.699** -0.222 -4.813%**

Amb_freq_actual - - - - - -3.687FF* | 5 282%**

Amb_freq_optimist - - - - - - -4.798***
Amb_freq_pessimist - - - - - - -

¥ gig. at 1%, *F sig. at 5%, * sig. at 10%

C Information value and distributions for ambiguity averse and

non-ambiguity averse respondents

Table 13 provides information for the entire sample. In this section, we divide the sample into
ambiguity-averse and non-ambiguity-averse owners.

We observe that ambiguity-averse respondents have a similar WTP to eliminate scenario am-
biguity (2.08) as non-ambiguity-averse respondents (2.02). However, their WTPs differ when it
comes to reducing the ambiguity: 2.17 for ambiguity-averse owners versus 1.87 for non-ambiguity-

averse ones. Ambiguity-averse owners seem to place a greater value on reducing ambiguity than
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non-ambiguity-averse owners do. We performed a non-parametric test to compare the means of
two independent samples, and we found no significant difference (Mann-Whitney U = 631.000; p
= 0.750).

Table 13: Distributions of the information value to eliminate one-source ambiguity for the total
sample (N=79), the ambiguity-averse decision-makers (N=24) and the non-ambiguity averse ones
(N=55).

Total Sample Ambiguity averse Non-ambiguity averse
N=79 N=24 N=55
WTP_R WTP_TSA WTP_R WTP_TSA WTP_R WTP_TSA

Option (€) No. subj. (%) | No. subj. (%) | No. subj. (%) | No. subj. (%) | No. subj. (%) | No. subj. (%)
0 (€0) 28 (35.4) 28 (35.4) 9 (37.5) 9 (37.5) 19 (34.5) 19 (34.5)
1 (€1 to €25) 13 (16.5) 16 (20.3) 3 (12.5) 3 (12.5) 10 (18.2) 13 (23.6)
2 (€26 to €50) 15 (19) 15 (19) 5 (20.8) 5 (20.8) 10 (18.2) 10 (18.2)
3 (€51 to €75) 3 (3.8) 1 (1.3) 1(4.2) 0 (0) 2 (3.6) 1(1.8)
4 (€76 to €100) 8 (10.1) 7 (8.9) 2 (8.3) 3 (12.5) 6 (10.9) 4(7.3)
5 (€101 to €125) 3 (3.8) 2 (2.5 1 (4.2) 0 (0) 2 (3.6) 2 (3.6)
6 (€126 to €150) 1(1.3) 2 (2.5) 0 (0) 1 (4.2) 1(1.8) 1(1.8)
7 (> €150) 8 (10.1) 8 (10.1) 3 (12.5) 3 (12.5) 5(9.1) 5 (9.1)
Average 2.04 1.96 2.08 2.17 2.02 1.87
Std Dev. 2.273 2.284 2.394 2.479 2.240 2.212
€/ha 26.96 24.04 27.92 30.08 26.48 21.88

D Power analysis

In this section, we present the power analyses performed on the two regressions of the article

presented in Tables 9 and 11. These power analyses are based on the linear approximation of these

models and are presented in Table 14, 15 and 16.

Table 14: Regression results for the cutting age: linear approximation for the power analysis.

R_actual R _opti R_pessi. SA

F statistic | Power | F statistic | Power | F statistic | Power | F statistic | Power
Constant 9.767F** 0.926 8.071*** 0.878 7.100%** 0.840 9.893%** 0.929
No. safe choices 3.202* 0.551 4.076** 0.638 2.408 0.457 0.907 0.246
Age 1.326 0.310 1.233 0.296 2.163 0.426 1.276 0.302
Total forest area 8.232%** 0.884 10.039*** 0.932 4.592%* 0.683 7.913%** 0.873
Secondary species 4.554** 0.680 3.037* 0.532 1.380 0.317 2.877* 0.514
Main species 2.912* 0.518 3.243* 0.555 2.402 0.457 2.279 0.441
No. of risky choices 4.546** 0.679 4.613%* 0.685 2.674 0.490 3.723% 0.605
Adjusted R? 0.154 0.171 0.089 0.107

FFF sig. at 1%, ¥ sig. at 5%, * sig. at 10%
For the power analysis o = 0.10
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Table 15: Regression results for the cutting age: linear approximation for the power analysis.

FA _actual FA _opti. FA _pessi. TSA
F statistic | Power | F statistic | Power | F statistic | Power | F statistic | Power
Constant 9.863*** 0.928 8.239*** 0.887 6.647%* 0.818 9.319%** 0.916
No. safe choices 2.101 0.418 2.140 0.423 2.862* 0.512 1.481 0.332
Age 0.451 0.174 0.352 0.158 2.456 0.463 0.675 0.210
Total forest area 9.368*** 0.917 6.399%* 0.805 4.517** 0.677 10.193%** 0.935
Secondary species 5.254%* 0.734 5.103%* 0.723 4.061** 0.637 5.632%* 0.759
Main species 1.011 0.262 0.000 0.100 0.533 0.187 1.504 0.335
No. of risky choices 6.658** 0.818 4.760** 0.697 2.462 0.464 6.683* 0.820
Adjusted R? 0.148 0.110 0.095 0.158

¥ sig. at 1%, ** sig. at 5%, * sig. at 10%
For the power analysis o = 0.10

WTP_R WTP_TSA

F statistic Power F statistic | Power
Constant 0.649 0.206 0.140 0.123
No. safe choices 0.112 0.119 0.539 0.188
Gender 0.025 0.104 0.789 0.228
Age 0.703 0.214 1.413 0.322
Total forest area 0.006 0.101 0.007 0.101
Secondary species 0.327 0.154 0.380 0.162
Main species 3.779* 0.610 4.674%* 0.689
No. of risky choices 0.054 0.109 0.023 0.104
Insurance contract 1.609 0.350 1.027 0.264
Profession 0.531 0.187 0.409 0.167
Monthly net income 1.519 0.337 2.718 0.495
Adjusted R? -0.033 -0.002

¥ sig. at 1%; ** sig. at 5%; * sig. at 10%

For the power analysis a = 0.10
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Table 16: Regression results for the value of information: linear approximation for the power
analysis
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