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摘要

二分法 (the bisection method)被應用於所謂的權衡法 (trade-off paradigm, Abdellaoui,

2000; Wakker and Deneffe, 1996)，以測量決策理論中評估效用的無異點。然而其精

確度可能受到兩項因素的影響：一是參與者選擇反應中的隨機性，二是二分演算

法本身的邊界設定規則。本研究旨在檢驗二分法 (包含其簡化版本 SimpBisection)

之有效性，並探討其他適測性心理物理學方法，如 ASA、PEST與 MOBS，作為

估計無異點的可能替代方法。本研究進行了兩項模擬實驗，採用 Abdellaoui et al.

(2016)中用以測量價值函數的實驗設計，比較各種無異點估計方法的表現。模擬

結果顯示，在相同終止準則下，所有方法的估計大致不偏。然而，若邊界設定不

當，二分法可能會產生有偏估計。在測試的方法中，ASA有最高的效率性，但通

常需要較多次的迭代數。當迭代次數有限 (但非極少)時，對選擇行為較為確定的

參與者而言，採用固定初始邊界的二分法與 SimpBisection均能展現良好的效率

性。相對地，對於選擇行為較隨機性的參與者，ASA與 SimpBisection則為較佳

的選擇。鑑於實際實驗常見參與者異質性及限制迭代次數的情況，SimpBisection

可視為各方法間的良好折衷方案。

關鍵字：二分法、無異點、損失趨避、展望理論、模擬研究、隨機逼近法、
價值函數
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Abstract

The bisection method has been implemented within the so-called trade-off paradigm (Ab-

dellaoui, 2000; Wakker and Deneffe, 1996) to elicit indifference points for utility assess-

ment in decision theory. However, its precision may be affected by two factors: response

randomness in participants’ choices and the boundary determination rules inherent in the

bisection algorithm. This study aims to evaluate the validity of the bisection method —

including a simplified version, SimpBisection — and to explore adaptive psychophysi-

cal methods such as ASA, PEST, and MOBS as potential alternatives for eliciting indif-

ference points. Two simulation studies were conducted to compare the performance of

these elicitation methods under the experimental design of Abdellaoui et al. (2016) for

measuring the value function. The simulation results show that, under the same stopping

criterion, all methods are largely unbiased. However, the bisection method can produce

biased estimates if the boundary settings are poorly chosen. Among the tested methods,

ASA demonstrates the highest efficiency, although it typically requires more iterations

to complete the procedure. When the number of iterations is limited (but not too small),

both the bisection method (with fixed initial boundaries) and SimpBisection perform ef-

ficiently for participants exhibiting more deterministic choice behavior. For participants

v
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with greater choice randomness, ASA and SimpBisection offer better alternatives. Given

the prevalence of participant heterogeneity and practical constraints on iteration counts in

real experiments, SimpBisection appears to be a reasonable compromise.

Keywords: bisection, indifference point, loss aversion, prospect theory, simula-

tion, stochastic approximation, value function
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Chapter 1 Introduction

In the study of preference, a common procedure often involves judging between un-

certain or risky alternatives, referred to as prospects (or called gambles, lotteries). For

instance, in the certainty equivalent method, the decision maker is asked to determine a

sure amount that is equivalent to a risky prospect. In the probability equivalent method,

the probability of outcomes in a risky prospect is adjusted by the decision maker to match

the equivalence to a sure amount. And in the trade-off method, one outcome in one of

the prospects is adjusted by the decision maker to establish equivalence between the two

prospect options (Wakker and Deneffe, 1996; Wakker, 2010).

Across these procedures, in each trial one target property, such as the size of an out-

come or the probability of an event, may vary in one of the two options, and requires the

decision maker to identify the specific quantity that makes the two options indifferent.

To obtain this so-called “indifference point,” a straightforward approach is to directly ask

participants to report it (i.e., the matching procedure described in Tversky et al., 1988).

However, experimental evidence suggests that the matching procedure tends to overesti-

mate the indifference point (Bostic et al., 1990; Tversky et al., 1990), and that the choice-

based procedure serves as a more reliable alternative. In the choice-based procedure, a

participant is presented with pairs of prospects in each trial — one of which includes the

target — and is asked to choose a preferred option. The target is then updated based on the

participant’s choice and presented in the next iteration until the procedure terminates. By

analyzing the participant’s choices, especially the level of the target where the preference

switches, it is possible to identify the indifference point.

1
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The bisection method introduced by Abdellaoui (2000) is an example. It was first ap-

plied to eliciting the weighting function, and subsequently used in various aspects, mostly

on the measurement of prospect theory (Abdellaoui et al., 2007; Abdellaoui et al., 2016;

Bleichrodt and L’Haridon, 2023). In the bisection method, an interval is first identified

that is expected to cover the indifference value. During each iteration, the midpoint of the

interval is presented to the participant, and the interval is subsequently halved based on

their choice. For example, if the option with current stimulus is preferred, the upper bound

of the current interval is then lowered to current midpoint; otherwise, the lower bound is

adjusted accordingly. After several iterations, the final working interval narrows down

with a small width and one can estimate the indifference point with its midpoint.

However, little justification or theoretical basis about the bisection method has been

made. In this thesis, we highlight two potential error sources the bisection method has

overlooked. The first arises from the randomness inherent in participants’ choice re-

sponses, and the second is related to the determination of the initial boundary of the in-

terval. These problems might introduce errors, which would be propagate to subsequent

stages in the experimental procedure.

To address to these issues, we introduce some psychophysical methods for thresh-

old estimation as alternatives to elicit indifference points. These methods include ASA,

PEST and MOBS. To inspect and compare the performance between these methods, two

simulation studies are conducted with different settings. We choose the experiment in Ab-

dellaoui et al. (2016) as the benchmark to perform simulations and to make comparisons,

the reason being that their experiment comprehensively inspects prospect theory and loss

aversion without parametric assumptions. Furthermore, the bisection method is mostly

utilized in their other experiments with similar procedures.

2
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The experimental procedure of Abdellaoui et al. (2016) was also adopted in a study

we had conducted to examine loss aversion, in which we utilized a simplified version of

the bisection method for eliciting indifference points (see Chapter 3 for details). The ex-

isting (unpublished) data we had collected were analyzed and compared to two previous

studies: Abdellaoui et al. (2016) and Bleichrodt and L’Haridon (2023). While our results

share similarities with findings in the literature, we encountered a challenge with our sim-

plified bisection — namely, that the obtained sequence of indifference points sometimes

violate an expected non-decreasing order, which we refer to as monotonicity.1 This condi-

tion should hold under the current experimental procedure, assuming that the underlying

value function is strictly increasing. This further motivates the present study. By compar-

ing different elicitation methods, it may provide extra insights into our existing data and

possibly offer guidance for further research.

This thesis is structured as follows. First, in Chapter 2, we review the theoretic foun-

dation of prospect theory and introduce the experiment of Abdellaoui et al. (2016) as a

basis for our simulation settings. The analysis of existing data is also presented in Chapter

2. Chapter 3 introduces the bisection method with other adaptive psychophysical methods

in the context of eliciting indifference points. The simulation settings across two studies

are described in Chapter 4, and the results are presented in Chapters 5 and 6, respectively.

Finally, in Chapter 7, we sum up the results, provide suggestion on the choice between

methods, and discuss the limitations and further extensions about the present study.

1Indeed, our experimental results show a high proportion of participants violating monotonicity.

3
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Chapter 2 Prospect Theory

2.1 Review of Prospect Theory

Kahneman and Tversky (1979) introduced the prospect theory as a framework to de-

scribe how individuals evaluate risky prospects. Unlike traditional expected utility theory,

prospect theory posits that individuals’ decisions are influenced by two key principles: (1)

outcomes are evaluated based on gains or losses (relative to a reference point), rather than

final assets; and (2) the value of each outcome is not weighted by probability, but by a de-

cision weight. To further generalize the original prospect theory, Tversky and Kahneman

(1992) later proposed the cumulative prospect theory (CPT) that can be applied to study-

ing prospects with uncertainty (i.e., the probability an event may happen is unknown) and

also prospects with any finite number of outcomes.

For instance, consider a binary risky prospect: (x, p; y), which has probability p yield-

ing a payoff x and a probability 1−p yielding a payoff y. The outcome (x or y) is referred

to as a gain if it is greater than the reference point x0, and as a loss if it is lesser than x0.

A prospect is called mixed if it contains both gains and losses. A gain prospect contains

no losses, while a loss prospect contains no gains. In the notation (x, p; y) for a mixed

prospect, x > y; for a gain prospect, x ≥ y; and for a loss prospect, x ≤ y.

If the (x, p; y) is a mixed prospect, its CPT valuation is given by

V ((x, p; y)) = w+(p)v(x) + w−(1− p)v(y).

5
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If (x, p; y) is a gain prospect or a loss prospect, its CPT valuation is given by

V ((x, p; y)) =


w+(p)v(x) + (1− w+(1− p))v(y), x ≥ y ≥ x0,

w−(p)v(x) + (1− w−(1− p))v(y), x0 ≥ y ≥ x,

where v(·) is the value function with v(x0) = 0; it represents the relationship between

outcome and its psychological evaluation. And w+(·), w−(·) are the weighting functions

for gains and losses respectively; they represent the decision weight of actual probability

of an event.

2.2 Measuring Prospect Theory

In applying CPT to real-world behavior, it is often essential to measure individual

values and weighting functions (for a review of different approaches in measurement,

see Fox and Poldrack, 2014). For instance, based on the trade-off method, Abdellaoui

et al. (2016) proposed an experiment to measure the entire value function across gains and

losses, resulting a standard sequence that is equally spaced on the value function. The

method makes no assumptions about the parametric form of the value function and does

not require measuring any decision weights. A key advantage of this method is that it

enables the examination of loss aversion, which requires to elicit both gains and losses

simultaneously. Additionally, the method can be extended to measure the value function

in decisions under uncertainty, making it possible to observe CPT completely.

The procedure is sketched in Figure 2.1. In each trial, the participant is presented

with a pair of prospects (or a pair containing a prospect and a sure value), and the goal

is to obtain the target value (see the solid-lined rectangle in Figure 2.1) that makes both

6
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Figure 2.1

A Sketch of the Experimental Procedure in Abdellaoui et al. (2016)
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Note. G, l1, and g1 are predetermined parameters and solid-lined rectangles represent

target values to be estimated.

options be indifferent to him/her. The various iteration methods to approximate the target

values—the main focus of the present study—will be explored in the next section.

The experiment has three stages, the first stage connects the domains of gains and

losses, while the second and the third stages respectively elicit the standard sequence for

each domain.

The first stage of the experiment has three parts, which would elicit L, x+
1 and x−

1

respectively. For the first part, given a predetermined gain G, a loss L is elicited to make

(G, 0.5;L) indifferent to a certainty 0. Suppose 0 is the reference point (v(0) = 0), from

the indifference relation (G, 0.5;L) ∼ 0 we have:

w+(0.5)v(G) + w−(0.5)v(L) = v(0) = 0. (2.1)

7
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A gain x+
1 is then elicited to make (G, 0.5; 0) indifferent to a certainty gain x+

1 . Next,

a loss x−
1 is elicited such that (L, 0.5; 0) ∼ x−

1 . Hence,

w+(0.5)v(G) = v(x+
1 ), (2.2)

w−(0.5)v(L) = v(x−
1 ). (2.3)

Combining (2.1), (2.2) and (2.3), one sees that the quantities of (L, x+
1 , x

−
1 ) elicited from

the first stage satisfy

−v(x+
1 ) = v(x−

1 ). (2.4)

The domains of gains and losses are then connected.

For the following stages, standard sequences were elicited in both gain and loss do-

mains. In the beginning of the second stage, a predetermined loss l1 ∈ (L, 0) is given, and

a loss L2 would be elicited to make (x+
1 , 0.5;L2) ∼ (0, 0.5; l1). That is,

w+(0.5)v(x+
1 ) + w−(0.5)v(L2) = w+(0.5)v(0) + w−(0.5)v(l1),

or

v(x+
1 )− v(0) =

w−(0.5)

w+(0.5)
(v(l1)− v(L2)) . (2.5)

Once we have L2, then x+
2 can be elicited with the indifference relation: (x+

2 , 0.5;L2) ∼

(x+
1 , 0.5; l1). Thus we have

v(x+
2 )− v(x+

1 ) =
w−(0.5)

w+(0.5)
(v(l1)− v(L2)) . (2.6)

From (2.5) and (2.6), we have

v(x+
2 )− v(x+

1 ) = v(x+
1 )− v(0). (2.7)

8
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Equation (2.7) shows that the difference between the value of x+
2 and x+

1 equals to the

difference between x+
1 and 0. This implies that the values of x+

2 , x
+
1 and 0 are equally

spaced. Moreover, by eliciting x+
i+1 such that (x+

i+1, 0.5;L2) ∼ (x+
i , 0.5;L2), we can

elicit the x+
3 , x

+
4 , ..., x

+
kG

with the following relationship:

v(x+
i+1)− v(x+

i ) = v(x+
1 )− v(0), i = 1, 2, ..., kG,

where kG is the number of data points the experimenter aims tomeasure in the gain domain.

The third stage is similar to the second stage, but it intends to construct the stan-

dard sequence in the loss domain. Given a predetermined gain g1 ∈ (0, G), a gain G2 is

elicited to make (G2, 0.5; x
−
1 ) ∼ (g1, 0.5; 0). Once G2 elicited, we can further determine

x−
2 , x

−
3 , ..., x

−
kL
in a similar way to obtain

v(x−
i+1)− v(x−

i ) = v(x−
1 )− v(0), i = 1, 2, ..., kL,

where kL is the number of data points the experimenter aims tomeasure in the loss domain.

Very often, the experimenter would set kL = kG = k.

The above procedure elicits the standard sequence {x−
k , ..., x

−
1 , 0, x

+
1 , ..., x

+
k }, which

serves as a foundation for analyzing the value function. Additionally, the standard se-

quence enables the experimenter to examine loss aversion (Kahneman and Tversky, 1979;

Tversky and Kahneman, 1992), a key property of the value function in the CPT frame-

work. Among several definitions of loss aversion, Abdellaoui et al. (2007) and Abdellaoui

et al. (2016) highlighted that the definitions of Kahneman and Tversky (1979) and Köb-

berling and Wakker (2005) are empirically most useful. Based on these definitions, three

indices can be computed to estimate loss aversion.

9
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Kahneman and Tversky (1979) defined loss aversion as −v(−x) > v(x) for all x >

0. To operationalize their definition, −v(−x+
i )

v(x+
i )

and −v(x−
i )

v(−x−
i )

for i = 1, ..., k is computed

whenever possible. Usually, v(−x+
i ), v(−x−

i ) are not directly observed, hence need to be

determined by linear interpolation. Either its median or its mean can be used as an index

to measure loss aversion. A participant is classified as loss averse if more than half of the

values in
{

−v(−x+
i )

v(x+
i )

,
−v(x−

i )

v(−x−
i )

∣∣∣ i = 1, . . . , k
}
exceed 1, as gain-seeking if more than half are

below 1, and as loss-neutral if none of these inequalities hold.

Köbberling and Wakker (2005) viewed loss aversion as a kink at the reference point.

They defined loss aversion as v′↑(x0)

v′↓(x0)
> 1, where v′↑(x0) is the left derivative of the value

function at the reference point, and v′↓(x0) is the right derivative at the reference point. For

the procedure in Abdellaoui et al. (2016), x0 = 0, and x+
1 , x

−
1 are the closest points to the

reference point. This implies that v′↑(x0)

v′↓(x0)
can be approximated by

(
v(0)−v(x−

1 )

0−x−
1

/
v(x+

1 )−v(0)

x+
1 −0

)
.

Further, given that v(x+
1 ) = −v(x−

1 ), the ratio then equals
x+
1

−x−
1

. A participant is classified

as loss averse if the ratio x+
1

−x−
1

exceeds 1, as gain-seeking if it is below 1, and as loss-neutral

if it equals 1.

2.3 Existing Data

The above-mentioned procedure has been used in Abdellaoui et al. (2016), Bleichrodt

and L’Haridon (2023) and also in our previous (unpublished) study. This section summa-

rizes the results from these studies. In particular, we focus on the loss aversion coefficients

and the classifications, as these are the main analyses in these studies.

Our experiment parameters G, g1, and l1 were set as +2000,+300,−300, respec-

tively, across experiments. However, there are two difference across these studies. First,
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the desired data points for each domain, k, is set as 6 in Abdellaoui et al. (2016) and 5

in Bleichrodt and L’Haridon (2023) and k = 8 in our study. To align with these stud-

ies while preserving as many data points as possible, the analysis below perform only

using {x−
6 , . . . , x

+
6 }. Second, for the eliciting indifference in each data point, the first

two studies utilized the “Bisection-Slider” method with four iterations, while we used the

“SimpBisection” method with five iterations (The procedure of these elicitation methods

are detailed in Chapter 3).

Additionally, in our earlier study, 87 participants were recruited, 14 of whom violated

monotonicity in the standard sequence — specifically, cases where the sequence did not

satisfy x−
6 ≤ ... ≤ x−

1 ≤ 0 ≤ x+
1 ≤ ... ≤ x+

6 .2 The proportion is higher than that

reported in Abdellaoui et al. (2016) and in Bleichrodt and L’Haridon (2023)— 3 out of 75

participants and 10 out of 122 participants, respectively. For fear that these participants

may provide noises to the data, we excluded them from the results below.

Table 2.1 summarizes the aggregate estimate of loss aversion coefficients and the

classification of loss attitude from our data and previous research.3 Across these stud-

ies, the majority of the participants were classified as loss-averse, and the median of loss

aversion coefficient exceeded 1, regardless of the definition used. These results resemble

the description of loss aversion in prospect theory. However, there are some differences

between the results of these studies. For both definitions, our estimates are closer to the

results of Bleichrodt and L’Haridon (2023): they exhibit smaller loss aversion coeffi-

cients and classify fewer participants as loss-averse compared to Abdellaoui et al. (2016)

(Chi-squared test for homogeneity: χ2(2, N = 257) = 9.1169, p = .01048 from the def-

2Since the standard sequence satisfies v(x−
6 ) ≤ ... ≤ v(x−

1 ) ≤ 0 ≤ v(x+
1 ) ≤ ... ≤ v(x+

6 ), the above
inequality should be hold given that v(·) is strictly increasing.

3Abdellaoui et al. (2016) and Bleichrodt and L’Haridon (2023) did not specify whether mean or median
values were used to compute the coefficient following the definition of Kahneman and Tversky (1979).
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inition of Kahneman and Tversky, 1979; χ2(2, N = 266) = 7.8213, p = .02003 from

the definition of Köbberling and Wakker, 2005). The difference may be attributed to the

heterogeneity of participants’ loss attitudes across studies.

Table 2.1

Loss Aversion Coefficients and Classification Results

Definition Study Median
[IQR]

Loss
Averse

Gain
Seeking

Loss
Neutral

Kahneman and
Tversky (1979)

Current (Mean) 1.33
[0.97 - 2.24]

49 22 2Current (Median) 1.32
[0.95 - 2.26]

Abdellaoui et al.
(2016)

2.21
[1.06 - 5.52] 58 10 1

Bleichrodt and
L’Haridon (2023)

1.46
[0.82 - 2.96] 73 39 3

Köbberling and
Wakker (2005)

Current 1.29
[0.91 - 2.00] 45 28 0

Abdellaoui et al.
(2016)

1.88
[1.06 - 4.50] 56 12 3

Bleichrodt and
L’Haridon (2023)

1.35
[0.95 - 2.55] 73 35 14
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Chapter 3 Methods for Eliciting Indifference Points

In the experimental procedure of Abdellaoui et al. (2016), it is crucial to elicit indiffer-

ence points with high precision. This is because the experimental stimuli are sequentially

chained — each elicitation task builds on responses from earlier ones. As a result, any

error in the early estimates can propagate to subsequent trials, compounding over time

and ultimately leading to biased measurements. To mitigate this issue, a choice-based

procedure is employed for inferring indifference, as it tends to produce more consistent

measurements compared to matching procedure (Bostic et al., 1990).

The following sections provide an overview of choice-based methods for eliciting

indifference points. We first introduce the bisection method and some of its modifications,

pointing out potential problems theymay give rise to. We then exploremethods commonly

used in psychophysics and discuss their application to the domain of eliciting indifference

points.

3.1 The Bisection Method

The bisection method has been used in research involving non-parametric methods

for eliciting value and weighting functions (Abdellaoui, 2000; Abdellaoui et al., 2007).

Its procedure is described below.

Suppose there is a pair of prospect, with one of them containing the target T that

we want to elicit to make the pair indifferent. In the bisection method, one first needs to

decide on an interval (a, b) that should cover T . At the beginning, the pair is presented
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with T as the midpoint of the interval m0 = a+b
2
, and the participant is asked to choose

the preferred prospect. The interval is then updated according to the participant’s choice.

If the option containing T is chosen, meaning that option is more preferred, the updated

interval containing the indifference point becomes (a,m0). Conversely, if the other option

is chosen, the interval is updated to (m0, b). In the next trial, T is presented as the midpoint

of the updated interval. This procedure repeats until a specified number of iterations is

reached. The final presented T is then taken as the estimate of the indifference point.

The key part is how to determine the boundaries (a, b) at the beginning. Sometimes,

it can be inferred by applying stochastic dominance to rule out cases where an option

dominates the other. For example, when eliciting a certainty equivalent x+
1 with the in-

difference relation (G, 0.5; 0) ∼ x+
1 , where G > 0, stochastic dominance implies that if

x+
1 ≥ G, it is preferred to (G, 0.5; 0), and if x+

1 ≤ 0, it is not preferred. Hence, a rea-

sonable boundary can be set as (0, G). However, not all pairs can be used to determine

both upper and lower boundaries through this condition. For example, when eliciting an

outcome L with (G, 0.5;L) ∼ 0, stochastic dominance only implies that L should be less

than 0, otherwise one would strictly prefer the prospect option. In such cases, researchers

have proposed two rules to determine the other boundary: one is to fix the interval width

at a certain value (for example, 5000 in Abdellaoui, 2000), while the other is to fix the

starting point of the target such that the pair have the same expected value (Abdellaoui

et al., 2007; Abdellaoui et al., 2016). For the latter, the undetermined boundary can be

specified in reverse, provided that the starting point is the midpoint of the boundaries.

While the bisection method efficiently narrows down the possible interval covering

the indifference point, we propose two problems that may arise. First, it does not account

for randomness in decision-making (Mosteller and Nogee, 1951). In the bisection proce-
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dure, the interval is narrowed with each update, and the discarded half is never revisited

once a choice is made. This means that if a choice inconsistent with the underlying value

function has made, the resulting estimate becomes biased, regardless of how many iter-

ations will be conducted. Second, since the bisection method searching is done within a

specified interval, it would be problematic if the interval is not selected properly at the

beginning. If the interval does not cover the true value, the process cannot converge to the

indifference point.

3.1.1 Bisection-Slider and SimpBisection

Two modifications of the original bisection method are presented and studied in this

thesis: “Bisection-Slider” and “SimpBisection.”

The Bisection-Slider method, which combines bisection and matching, was used in

Abdellaoui et al. (2016) and Bleichrodt and L’Haridon (2023). In this procedure, the par-

ticipant first faces n−1 iterations of bisections, then is asked to control a slider (scrollbar)

to match two prospects. The possible range for response is three times wider as the inter-

val resulting from the final bisection, which may address potential errors from previous

choices. As the matching procedure may introduce bias and noises, the appropriateness

of such combined method still needs to be validated. In a recent study, Bleichrodt and

L’Haridon (2023) measured x+
3 twice as a consistency check, from which it can be in-

spected that the difference between these measurements, the first to the third quartiles

are −500, 0 and 10, respectively, and its standard deviation is 1150. It suggests that the

Bisection-Slider method may provide noisy measurements.

The simplified bisection method (SimpBisection) is used in our previous research.
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Instead of maintaining the upper and lower boundaries in each iteration, this approach fol-

lows the inherent property of the bisection method as its update rule— the difference (step

size) between the current stimulus and the next stimulus is halved in each iteration. In its

implementation, an initial value is set to make the two options have equal expected values,

and the initial step size is half the absolute value of this starting point. The next stimulus

is determined by increasing or decreasing the current level by the step size, depending on

the participant’s choice, after which the step size is halved for each subsequent iteration.4

Like the original bisection method, the procedure terminates after a specified number of

iterations.

3.2 Adaptive Psychophysical Methods

To overcome the aforementioned problems that the bisection method may cause,

we introduce some adaptive psychophysical methods as alternatives to elicit indifference

points.

In psychophysics, a main topic is to studying the psychometric function, which de-

scribes the relationship between external stimuli and internal representation. For example,

in a discrimination experiment, when a target stimulus x is paired with a fixed reference

stimulus b, how likely is it that the participant will say x is greater than b? The relation-

ship can be described by a psychometric function Pr(x, b), the probability of choosing x

over b. One aspect of psychophysics aims to find the stimulus strength that corresponds

to a threshold in the psychometric function. For instance, one may seek to find x such

4This updating rule implicitly limits the possible range SimpBisectionmay explore. To see this, suppose
the starting point is S0 > 0, then the initial step size is S0

2 . Since the step size is halved at each iteration, the
farthest points it may reach after N iterations are S0 ± S0

∑N
k=1(

1
2 )

k, which lie within (0, 2S0). A similar
argument can be applied to the case where S0 < 0.
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that Pr(x, b) = 75%. This is called “threshold estimation.” In this sense, eliciting indif-

ference point is similar to a threshold estimation study with a 50% threshold, where the

decision maker is equally likely to choose either option.

Traditional psychophysical methods for threshold estimation include the method of

limits, the method of adjustment, and the method of constant stimuli. However, these

methods have some deficits, one of which is a lack of experimental efficiency. Adaptive

methods were developed to improve and speed up the experimental procedure (for a re-

view, see Treutwein, 1995). Among these, we introduce three non-parametric methods:

ASA, PEST and MOBS. Below, we briefly describe these methods.

3.2.1 ASA

“Accelerated Stochastic Approximation” (ASA, Kesten, 1958) is a modification of

the Robbins-Monro process (Robbins and Monro, 1951) designed to enhance the speed of

convergence. It has been proved that such a sequence converges to the threshold stimuli

Xθ, provided that the underlying psychometric function is monotonic (Kesten, 1958).

Specifically, for a given stimulus level Xn at trial n, ASA updates the next stimulus

level Xn+1 according to the following rule:

Xn+1 =


Xn − c

n
(Zn − θ), n = 1, 2,

Xn − c
2+m

(Zn − θ), n > 2,
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where Zn is an indicator variable defined as

Zn =


1, if prospect with the target chosen,

0, otherwise.

The parameter θ represents the target threshold and m denotes the number of choice re-

versals observed up to the current trial. Lastly, c is a constant, which can be thought as

proportional to the initial step size. Note that, under the current setting where θ = 0.5, the

step size is symmetric in both directions, and the constant c is twice the initial step size.

The procedure stops when the step size is smaller than a specified minimum step, and

the final estimate is the last tested level.

3.2.2 PEST

Taylor and Creelman (1967) introduced PEST (Parameter Estimation by Sequential

Testing) to increase experimental efficiency in threshold estimations of the psychomet-

ric function. Subsequently, Bostic et al. (1990) applied PEST to determine the certainty

equivalents of prospects, and Luce (2000) provided a summary of its rules in the context

of estimating certainty equivalents. We adopt their modifications in our procedure.

In each trial, the target’s outcome size decreases (or increases) by a step if the option

was chosen (or not chosen) in the previous trial. Once an initial step size is established,

the PEST procedure updates the subsequent step sizes according to the following rules:

1. Each time the choice is changed from the previous one, the step size is halved.

2. For the second consecutive step in the same direction, the step size remains un-
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changed from the previous trial.

3. Starting from the fourth consecutive step in the same direction, the step size doubles

with each step, unless it exceeds the predefined maximum step size.

4. The size of the third consecutive step in a given direction depends on the sequence

of steps preceding the most recent reversal: (1) If the step immediately before the

reversal is a result of doubling, the third step is not doubled. (2) Conversely, if the

step before the reversal is not doubled, the third step is doubled to the second step.

Similar to ASA, the PEST procedure stops when the step size attains predetermined

minimum step size, and the final estimate is the last tested stimulus level.

3.2.3 MOBS

Inspired by the binary search in searching an ordered array, Tyrrell and Owens (1988)

introduced MOBS (Modified Binary Search). While the method shares similarities with

the bisection method, additional rules are incorporated to account for response errors.

However, Treutwein (1995) criticized that these rules are heuristic and lacking of theoret-

ical justification.

The rules of the MOBS procedure, adapted to the context of the current experiment,

are outlined below. One can also refer to Anderson and Johnson (2006) for an example.

1. The range in which the target T is located is defined by two boundaries (a, b). Each

boundary is implemented by a three-element stack: the high-stack and the low-

stack. The top element of each stack represents the current boundary value, while

the lower elements store previous boundaries. Initially, all elements of the high-
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stack are set to represent the upper bound of T , and the elements of the low-stack

are set to lower bound of T . In each trial, one of these stacks is updated.

2. The target is presented as the midpoint between the top element values of the two

stacks unless the alternative rule is applied.

3. With each response, one of the boundaries is updated. In line with the bisection

method, if the option containing T is chosen, the current target value is added to the

top of the low-stack. Conversely, if the option not containing T is chosen, the value

is added to the top of the high-stack. For the updated stack, the previous elements

are shifted down one position, and the bottom element is discarded.

4. When two consecutive choices are identical, the next stimulus is the top element

from one of the stacks: if the option containing T is chosen twice consecutively,

the next stimulus is the top element of the low-stack; if the option not containing T

is chosen, the next stimulus is the top of the element of high-stack. If the new pre-

sentation is inconsistent with the participant’s previous choices, the stack undergoes

a process called regression.

5. Regression involves shifting all elements of a stack upward, discarding the top ele-

ment, and replacing the bottom element with the initial boundary specification.

6. This process continues until the following two termination criteria are met: (1) A

specified number of reversals in choices have occurred. (2) The last is smaller than

5% of the total measuring range.

As Tyrrell and Owens (1988) acknowledged, the 5% stopping criterion in the final

rule is arbitrary. Alternatively, it can be aligned with the stopping rules of PEST or ASA

by specifying a minimal step size.
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Chapter 4 Simulations

To study and compare the performance between different elicitation methods, we

conducted a series of Monte Carlo simulation. In the simulation, decisions were mod-

eled as an ideal agent following CPT with a choice function that incorporates the ran-

domness of choice. The agent’s underlying value function was predetermined and hence

known. This simulated agent was then paired with various indifference-elicitation meth-

ods, repeating the experimental procedure described in Abdellaoui et al. (2016) for 1000

times. Also following their settings, the experiment parameters G, g1, and l1 were set as

+2000,+300,−300, respectively; the number of data points for each domain was set as

k = 6.

The sections below describe the simulation details about the ideal agent, including

the underlying preference and choice mechanism, and the implementation of elicitation

methods.

4.1 Ideal Agent

Stott (2006) has suggested a combination of power value function and logistic choice

function be the best parametric form for modeling under CPT with stochastic choices.

Hence we designed the ideal agent with such combination.
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First, the value function is a pairwise power function:

v(x) =


xα, x ≥ 0 ,

−λ|x|β, x < 0 ,

where the parameters α and β capture the curvature of the value function in the gain and

loss side, respectively, and λ, the loss aversion coefficient, indicates the steepness of value

function in the loss domain compared to the gain domain. For these parameter values, we

followed the estimates from Tversky and Kahneman (1992) and set them to α = β = 0.88

and λ = 2.25.

For the weighting function, since p = 0.5 is the only possible risk in the experiment,

instead of assuming any functional form, we simply set w+(0.5) = w−(0.5) = 0.5.

Lastly, consider the choice function. Suppose an agent is evaluating two prospects,

A and B, with respective values V (A) and V (B) determined by CPT. We modeled the

agent’s choice using a logistic function, such that the probability of choosing A is

Pr(A) =
1

1 + e−ϕ(V (A)−V (B))
,

where ϕ > 0 is a parameter that captures the degree of randomness in the agent’s decision-

making process. A higher value of ϕ indicates that the agent’s choices are more determin-

istic, closely following the value difference between the two prospects. Conversely, a

lower value of ϕ implies greater randomness in the agent’s choices, making them less

sensitive to the value difference.

In previous research, the median of estimates of ϕ ranged from 0.06 to 0.25 (Nilsson

et al., 2011; Glöckner and Pachur, 2012; Scheibehenne and Pachur, 2015). However, these
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studies employed prospects with smaller stakes than those used in the current experiment.

Given the potential scale dependence of the power value function, these prior estimates of

ϕ may not directly apply to the present paradigm. Instead of relying on these estimates,

we set ϕ based on the first trial of our experiment. In this trial, the agent faces a choice

between (2000, 0.5;−2000) and 0. We specified the value of ϕ such that the probability

of making an error (i.e., selecting a prospect with the lower CPT value) in that trial is

10−8. This yields a baseline value of ϕ = 0.0367. To capture individual differences in

choice consistency, three levels for this parameter were used: ϕ = 0.367, ϕ = 0.0367, and

ϕ = 0.00367, corresponding to high, moderate, and low consistency, respectively.5

As a remark, in the bisection-slider method, the ideal agent occasionally needs to di-

rectly report its indifference value. To account for response error, we modeled the agent’s

response as following a normal distribution with a mean equal to the true indifference

value and a standard deviation of 20.

4.2 Elicitation Methods

Table 4.1 summarizes the elicitation methods and their variants used in our simu-

lation. Based on their underlying logic, these methods are generally classified into two

categories: the bisection-based methods that maintain an interval intended to cover indif-

ference points, and the non-bisection methods that do not. The bisection-based methods

include Bisection, Bisection-Slider, and MOBS, while the non-bisection methods consist

of ASA and PEST. However, SimpBisection does not fully align with either category, as

it neither maintains an interval nor requires specification of an initial step size. Therefore,

5To quantify how these levels reflect choice consistency: when ϕ = 0.367, the error rate in the first
trial is below 10−15, whereas for ϕ = 0.00367, it exceeds 0.1.
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we treat SimpBisection as a distinct method, independent of the two main categories. Key

features and parameters for these elicitation methods include: (1) the boundary-setting

rule for the bisection-based methods or the initial point for the non-bisection methods and

SimpBisection; (2) the initial step size for the non-bisection methods; and (3) the stopping

criterion. These features and its realization in the simulation study are described below.

Boundary setting rule/Initial point: For the bisection-based methods, once the

boundary is determined, the starting point is the midpoint of the interval. Two rules to de-

termine the initial boundaries were applied in the simulation study: one fixed the boundary

width to 5000 (Fixed Boundary Width), and the other set the pair of prospects with equal

expected value (Equal-Expectation).

For the non-bisection methods and SimpBisection, instead of determining bound-

aries, the initial value needs to be specified at the beginning. This value can be assigned

in a deterministic manner or with added fluctuation to avoid the influence of the starting

position. Accordingly, two variants were proposed: one assigned the initial point such

that the two prospects have the same expected value (Equal-Expectation), while the other

introduced randomness by adding noise drawn from a normal distribution with a mean of

zero and a standard deviation of 100, rounded to the nearest multiple of 5 (Random Initial

Points).

Initial step size: For the bisection-based methods, this is determined by the initial

interval range. For the non-bisection methods, this should be specified: it was set to 320

for PEST and ASA in current simulation. In SimpBisection, the initial step size was the

absolute value of the starting point divided by 2.

Stopping criterion: We mentioned in the previous chapter that the stopping criteria
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between these methods do not agree. In the simulation, we considered two kinds of stop-

ping criterion. In Study 1, we followed the convention used in the non-bisection methods:

the process was stopped when its step size attains a minimum step, which was fixed at 5

(a very small value compared to the stakes). In Study 2, we adopted the bisection con-

vention, in which the process stopped after a specified number of trials, which was set to

either 5 or 10 separately.

Table 4.1

Summary of Elicitation Methods

Category Method Variant Initial Step Size

Bisection-Based
Bisection Equal-Expectation

Fixed Boundary Width NABisection-Slider
MOBS

Non-Bisection ASA Equal-Expectation
Random Initial Points 320PEST

SimpBisection Equal-Expectation
Random Initial Points abs(starting point)/2
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Chapter 5 Study 1

In Simulation Study 1, we aim to compare the performance of different elicitation

methods. To ensure comparability under the same stopping criterion, we set all methods

to terminate when the final step size is smaller than 5. Given the degrees of randomness

ϕ at three levels — large (ϕ = 0.367), medium (ϕ = 0.0367) and small (ϕ = 0.00367)

— the agent repeated the experiment and the standard sequence were collected for each

repetition.

The aggregated results are presented in Figure 5.1. Each point represents the mean

value from 1,000 repetitions for x+
i and x−

i , i = 1, ..., 6. The extended line width indi-

cates the range within which 95% of the simulation points fall, serving as a proxy for the

95% confidence interval (CI). The y-axis represents the corresponding values of v(x+
i )

and v(x−
i ). For simplicity, these values are assumed to be integers ranging from -6 to

6, as they are equally spaced. Each panel corresponds to a specific elicitation method.

Different initialization variants for these methods are labeled with the suffixes fixbnd (in-

dicating fixed boundary width for the bisection-based methods) and randInit (indicating

random initial points for the non-bisection methods and SimpBisection). Methods without

suffixes use equal-expectation scheme for boundary or starting point initialization. The

black dashed line and hollow dots indicate the true values of the sequence {x−
6 , ..., x

+
6 }.

The plot omits the condition when ϕ is small for visualization purposes.

Two observations can be made from the plot. First, for the bisection-based methods,

setting boundaries following equal-expectation scheme leads to biased estimates, whereas
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Figure 5.1

Overall Simulation Results for the Value Function
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all other methods produce unbiased estimates. Second, even with initial boundary width

fixed, the bisection-based methods still have wider 95% CI, compared to other methods.

Next, we examine the bias across different methods (and initialization schemes) for

the three levels of ϕ. The results are shown in Figure 5.2. All methods are unbiased, except

for the bisection-based methods using equal-expectation scheme at all levels of ϕ, and

those using fixed boundary width scheme when the level of ϕ is small. The observed bias

likely arises because, under equal-expectation scheme, the initial boundary is sometimes

too narrow to capture the true parameter. However, this bias can be mitigated by setting

a wider width, as in the fixed boundary width initialization scheme. Notably, when ϕ

is small, the equal-expectation variant exhibits a smaller bias than the fixed boundary

width variant. While this may initially seem counterintuitive, we propose that although the

narrower boundary introduces bias, it also limits the scale of error introduced by “wrong”
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decisions. Hence, the equal-expectation variant produces consistent levels of bias across

different settings of ϕ, and is less biased than the fixed boundary width variant when ϕ is

small.

Another consideration is that one might suspect the bias is created by the specific

specification of the value function. To address this issue, we varied the λ values in the

underlying value function and ran additional simulations. The results, shown in Figure

5.4, demonstrate that the equal-expectation boundary setting still produces biased mea-

surements when ϕ is large or medium.

In terms of statistical efficiency between different methods, Figure 5.3 shows the

RMSE (Root Mean Square Error) for the different methods. When ϕ is large, all methods

perform similarly well, having low RMSE values. However, when ϕ is medium or small,

ASA achieves the lowest RMSE, followed by PEST, MOBS, Bisection and Bisection-

Slider, and finally SimpBisection.

From these results, ASA appears to outperform all other methods, especially when

the participants’ choices involve higher levels of randomness. However, ASA has a sig-

nificant drawback: it is time-consuming, requiring over 100 iterations per point to meet

the stopping criterion (see Table 5.1). This is undesirable in empirical research. In con-

trast, Bisection, Bisection-Slider and SimpBisection require less than 10 trials per esti-

mate, making them fastest and most efficient among all these other methods. Neverthe-

less, the current stopping rule may be unnecessarily strict for ASA. For example, with

an initial step size of 320, it would take at least 64 iterations to meet the stopping crite-

rion, even though ASA may have already converged earlier.6 These findings motivate the

6We conducted additional analysis to explore this possibility. In this analysis, the procedure was set to
terminate when 6 reversals occurred within the last 8 iterations. The results suggest that, on average, both
variants of ASA require approximately 11, 17, and 19 iterations per point for large, medium, and small ϕ
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next simulation study, which examines the performance under conditions with a limited

number of iterations.

Figure 5.2

Bias of Elicited xi at Three Levels of ϕ in Study 1
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Figure 5.3

RMSE of Elicited xi at Three Levels of ϕ in Study 1
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levels, respectively. The resulting bias and RMSE were also similar to those obtained under the current
criterion (see the ASA column in Figures 6.1 and 6.2).

30

http://dx.doi.org/10.6342/NTU202501601


doi:10.6342/NTU202501601

Table 5.1

Mean Iteration Count for Each Point in Study 1

ϕ Method Mean Iteration Count

Large

Bisection 8
Bisection_fixbnd 9
Bisection-Slider 8
Bisection-Slider_fixbnd 9
MOBS 14
MOBS_fixbnd 16
ASA 117
ASA_randInit 117
SimpBisection 9
SimpBisection_randInit 9
PEST 16
PEST_randInit 16

Medium

Bisection 8
Bisection_fixbnd 9
Bisection-Slider 8
Bisection-Slider_fixbnd 9
MOBS 16
MOBS_fixbnd 21
ASA 138
ASA_randInit 138
SimpBisection 9
SimpBisection_randInit 9
PEST 21
PEST_randInit 21

Small

Bisection 7
Bisection_fixbnd 9
Bisection-Slider 7
Bisection-Slider_fixbnd 9
MOBS 16
MOBS_fixbnd 23
ASA 144
ASA_randInit 144
SimpBisection 9
SimpBisection_randInit 9
PEST 23
PEST_randInit 23
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Figure 5.4

Bias of Elicited xi, Varying in λ, in Study 1
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Chapter 6 Study 2

In Simulation Study 2, we set the stopping criterion to a limited iterations. The pro-

cedure terminated when a specified number of iterations (5 or 10) was reached, and the

final presentation was used as the measurement. The bisection-based methods with equal-

expectation initiation scheme were excluded due to their biasedness demonstrated in the

previous simulation. To address the time-consuming issue of ASA, we also proposed a

hybrid variant that combines Bisection with ASA (“Bisection-ASA” thereafter). During

the early stage, the procedure began with the bisection method and switches to ASA when

the step size became smaller than 500. The step size when ASA initiates was set to 100

(i.e., c = 200). Aside from these adjustments, the simulation settings were identical to

those in Study 1.

Figure 6.1 shows the results of bias in Study 2.7 In most cases, five iterations are in-

sufficient to produce unbiased estimates for all x+
i and x−

i , particularly for points farther

from the reference point. This is possibly due to error propagation. Despite this, Simp-

Bisection remains largely unbiased, even when only five iterations. When the iteration

number is increased to 10, the methods generally become largely unbiased. Under large

and medium ϕ, the maximum bias at a single point across all methods falls within ±350.

However, under small ϕ, the bisection-based methods and Bisection-ASA still yield bi-

ased estimates, even when 10 iterations are used. Lastly, for non-bisection methods and

7When the ϕ level is small, the simulated agent’s choices become highly random, potentially leading
to program errors in the MOBS and SimpBisection methods. As a result, these erroneous simulated data
points were removed from the analysis. The most extreme case occurred with MOBS at five iterations,
where 110 out of 1000 simulated results were discarded. In all other conditions, no more than 12 results
were discarded, so this should not significantly impact the final analysis.
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SimpBisection, the initialization scheme appears to have little influence on bias.

Figure 6.2 illustrates the RMSE across different settings in Study 2. For visualization

purpose, Figure 6.3 presents the relative RMSE compared to the bisection method. It is

calculated as the ratio of RMSE of a method to that of the bisection method. A value

less than 1 indicates that the method has a lower RMSE. It can be observed that when

ϕ is large, Bisection and Bisection-Slider exhibit the lowest RMSE under both 5 and 10

iterations compared to all other methods. However, as the ϕ level changes to medium

and 10 iterations are taken, Bisection-ASA and ASA has the smallest RMSE compared

to other methods except for x−
1 , x

+
1 , and ASA has the smallest RMSE when the ϕ level

becomes small. Its relative RMSE are close to 1 when the ϕ levels are large and medium;

under small level of ϕ, it is even lower than 1 at some points. Results also show that,

although the procedures differ slightly, SimpBisection achieves similar — and in some

cases even better — performance compared to Bisection.

As a note, the strong performance of Bisection-Slider under a small trial number

might stem from the simulation setup, which produced a precise response during the

matching task. The simulation result in Bisection-Slider may be spurious since past re-

search has pointed out the bias in the matching procedure. In future study, empirical data

are needed to validate the effectiveness of Bisection-Slider compared to other methods.

In a recent article, Bleichrodt and L’Haridon (2023) conducted the same experiment with

identical stakes as in the bisection-slider procedure. They measured x+
3 twice as a con-

sistency check. We computed the difference between repeated measures and estimate the

standard deviation of the random error (the estimation details can be found in the Ap-

pendix). The estimate is 813.227, which is much larger than in our simulation setting.
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Figure 6.1

Bias of Elicited xi at Three Levels of ϕ in Study 2
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Figure 6.2

RMSE of Elicited xi at Three Levels of ϕ in Study 2
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Figure 6.3

Relative RMSE of Elicited xi at Three Levels of ϕ in Study 2
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Besides the bias and RMSE of each points in the standard sequence, we also analyze

three different loss aversion indices. Two of them follow the definition in Kahneman
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and Tversky (1979), computed from the mean or the median of −v(−x+
i )

v(x+
i )

and −v(x−
i )

v(−x−
i )

for

i = 1, ..., 6. The other one follows the definition of Köbberling and Wakker (2005), that

is, the ratio x+
1

−x−
1

. These indices are named by their definition and computations, hence

called “KT_mean,” “KT_median” and “KW,” respectively. Since the estimates of x+
i and

x−
i were generally biased across different methods with varying degrees of randomness

ϕ when five iterations were used, it makes little sense to compute and compare the loss

aversion estimates under such situations. In the text below, we only show the results where

10 iterations were used.

Figure 6.4 shows themean of the estimates and the rangewhere 95%of the simulation

results fall, as a proxy of 95% CI. The black dashed line in the plot indicates the true loss

aversion coefficient value according to that index. First, one can see when ϕ is large or

medium, the estimates across different methods are unbiased under 10 iterations, whereas

all methods yield more or less bias and a wider range of 95% CI when the ϕ level is small.

For example, for PEST on the KW coefficient estimate, a great notion of 95% CI covers

values less than 0, which is unreasonable. It can also be seen clearly in Figure 6.5.

Second, in terms of efficiency, the RMSE results can be seen in Figure 6.6. While

Bisection, Bisection-Slider and SimpBisection yield the lowest RMSE when ϕ is large,

Bisection-ASA yields the lowest RMSE when ϕ is medium. When ϕ is small, the results

are mixed. However, since all these methods are not very precise in this situation, it may

mean less in discussing the performance between one to another. From the analysis of

loss aversion coefficients, SimpBisection exhibits similar RMSE to those of the bisection

method when ϕ is large or medium.

Lastly, we analyze the proportion of simulated data that violates monotonicity. Such
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Figure 6.4

Loss Aversion Indices Estimates and 95% Confidence Interval (Iteration = 10)
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violations may raise concerns about whether participants fully understood the instructions

or properly engaged with the experiment. Consequently, experimenters may exclude these

cases from the final analysis. However, such violations could also stem from inherent

choice randomness rather than true deviations in preference. Given the effort required to

collect experimental data, minimizing these violations is crucial.

Table 6.1 summarizes the proportion that violating monotonicity across different

methods excluding cases with no violations. For the bisection-based methods, the vio-

lation is very unlikely to occur, as stochastic dominance is assumed and the estimates are

therefore constrained within a reasonable interval. Among the remaining methods, PEST

and SimpBisection show higher violation rates, especially when ϕ is at small level. The

combination of the randomness in participants’ choice and the tendency of SimpBisection
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Figure 6.5

Bias of Loss Aversion Indices Estimates (Iteration = 10)
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Figure 6.6

RMSE of Loss Aversion Indices Estimates (Iteration = 10)
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to produce violations under fixed number of iterations may explain the increased violation

rate in our (unpublished) data.

In conclusion, Study 2 shows that the bisection method performs well with a lim-

ited number of iterations when participants’ choices are more deterministic. However,

when choices involving higher randomness, ASA emerges as a better alternative. Under

extreme conditions — where participants respond almost entirely at random — none of

the methods yield precise estimates. The performance of the Bisection-ASA hybrid lies

between the twomethods: when Bisection performs poorly and ASA excels, or vice versa,

Bisection-ASA generally achieves intermediate performance, making it a balanced com-

promise. SimpBisection performs similarly to the bisection method and can also serve as

a viable alternative. These methods are recommended for the current experimental set-

ting. That said, the final choice of method should still depend on the characteristics of

the participants. The study also underscores the importance of participant screening dur-

ing recruitment, as individuals with highly random response patterns are likely to produce

noisy data regardless of the elicitation method used.

Lastly, regarding the number of iterations, using only five iterations is likely to yield

biased estimates, even when participants are more deterministic (i.e., with a higher level

of ϕ). Past research often fixed the number of iterations to determine the indifference

point. For example, Abdellaoui (2000), Abdellaoui et al. (2007), and our study, used 5-7

iterations, while Abdellaoui et al. (2016), Bleichrodt and L’Haridon (2023) used only four

iterations (three bisections plus one slider matching task). We recommend using more

iterations per data point to obtain more precise estimates. However, we also understand

that some experiments may need to limit a smaller number of iterations due to time or

practical constraints. For researchers seeking a faster elicitation procedure, SimpBisection
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may be a good alternative, as it yields unbiased estimates across different levels of ϕ even

with just five iterations.

Table 6.1

Proportion of Violations in Monotonicity

ϕ Method Iteration = 5 Iteration = 10

Large PEST_randInit 6.2% 0%

Medium

ASA 0.1% 0%
ASA_randInit 0.2% 0%
SimpBisection 0.8% 0.1%
SimpBisection_randInit 1.1% 0.3%
PEST 14.6% 0.8%
PEST_randInit 17.7% 1%

Small

ASA 31.8% 31.9%
ASA_randInit 33.5% 33.1%
Bisection-ASA 0% 1%
SimpBisection 91.3% 90.2%
SimpBisection_randInit 90.9% 86.6%
PEST 70.7% 69.8%
PEST_randInit 75% 69.1%
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Chapter 7 Discussion

In this thesis, we examined the bisection method introduced by Abdellaoui (2000)

and some of its modifications, as well as several adaptive psychophysical methods, in the

context of eliciting indifference points. Using the experimental setup of Abdellaoui et al.

(2016) as a basis, we conducted two simulation studies under different settings to compare

the performance of these methods.

Study 1 showed that when the number of iterations was not limited, all methods, ex-

cept the bisection-based method using the equal-expectation boundary scheme, produced

unbiased estimates. Among these methods, ASA had the lowest RMSE, albeit with the

highest iteration count. Conversely, the bisection method achieved estimates with only

one-tenth iterations to ASA, highlighting its experimental efficiency. Motivated by the

efficiency of the bisection method, Study 2 constrained the number of iterations to 5 and

10. The results indicated that five iterations per estimate was insufficient for most meth-

ods to attain unbiased estimates. When the number of iterations was limited to 10, the

bisection method performed best when participants’ choices were relatively deterministic.

ASA outperformed the bisection method in scenarios involving higher levels of random-

ness in participants’ responses. Simulations also showed that our SimpBisection method

performs comparably to the bisection method, and remains unbiased even when only five

iterations are used.

The simulation results provide evidence supporting the use of the bisection method

under some circumstances. With careful attention to boundary settings, the bisection
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method yields precise estimates within a limited number of iterations when participants’

choice are not extremely random. For experiments involving participants with higher lev-

els of choice randomness, ASAwith more iterations emerges as a preferable alternative. A

hybrid of the bisection method and ASA also performs well across different situations, it

may serve as a conservative choice when the experimenter has little prior knowledge about

participants’ characteristics. Lastly, SimpBisection is recommended in experiments with

only small number of iterations allowed.

For future works, empirical studies are crucial and necessary for further validation,

as simulations cannot fully account for real-world situations. Such studies would not only

test the robustness of these methods, but also help quantify the level of choice random-

ness in participants — capturing not just general variability but also time-varying patterns

of inconsistency, such as those caused by fatigue or adaptation during the experiment.

Empirical evidence could offer additional insights and provide better guidance for exper-

imenters in selecting the method that best fits their needs.

Another possible future direction is improving the current methods. The performance

of these elicitation methods may benefit from incorporating behavioral measures beyond

mere choice responses. For example, response time may provide additional informa-

tion about one’s preference, particularly in stochastic choice behavior (Alós-Ferrer et al.,

2021). Incorporating response time as an input may help algorithms to elicit indifference

points more efficiently. Recently, Yang and Hsu (2024) generalized the ASA algorithm to

incorporate response time, and demonstrated a lower MSE compared to the original ASA.

Such modifications are worth investigating in future research.

Additionally, the boundary setting schemes for the bisection-based methods could
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be further refined. Rather than relying on fixed rules (as the two schemes we have in-

vestigated in the current study), adaptive boundary setting strategies may be explored.

Experimenters could first explore the unbounded direction to identify the point where the

participant reverses their response. This reversal point could then serve as a customized

initial boundary. Currently, we are attempting to implement an adaptive boundary scheme

in bisection-based methods. The procedure begins by setting the starting point using the

equal-expectation approach. The algorithm then adjusts the target value by increasing

or decreasing it in fixed step sizes (e.g., 500 units) until the agent reverses their choice,

thereby revealing a preference change. The point at which this reversal occurs is used as

a personalized boundary for the bisection-based elicitation methods. Preliminary results

suggest that this adaptive scheme can reduce the large bias observed in bisection-based

methods and Bisection-ASA, specifically under small ϕ condition within 10 iterations. It

also achieves a lower RMSE than ASA under the same conditions. These results suggest

the potential of the adaptive boundary scheme to enhance elicitation accuracy. However,

this strategy requires several iterations for boundary identification, which may in turn in-

crease the number of trials for elicitation. Despite this trade-off, the promising initial

findings indicate that adaptive boundary setting is a worthwhile direction for further in-

vestigation to assess its robustness and practical viability.

Lastly, the methods examined in this thesis may also be extended to domains beyond

eliciting the value function in prospect theory. For example, the bisection method has

been employed in the non-parametric elicitation of the weighting function (Abdellaoui,

2000; van de Kuilen and Wakker, 2011). These experiments aim to elicit a probability

that makes a participant indifferent between two prospects, rather than an outcome. Sim-

ilarly, a well-known procedure developed by Holt and Laury (2002) for measuring risk
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aversion involves finding a switching probability between a risky, high-payoff prospect

and a safe, low-payoff prospect. While the multiple price list technique is commonly used

here, it has been criticized for its susceptibility to framing effects, central tendency biases,

and the occurrence of multiple switching points—often considered indicators of low data

quality (Andersen et al., 2006, see also Csermely and Rabas, 2016; Yu et al., 2021). Mod-

ified versions of ASA or bisection-based approaches could be adopted to address these

limitations.
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Appendix A — Supplemental Results in Study 2

A.1 Analysis of Bleichrodt and L’Haridon (2023) consistency check

data

The data from Bleichrodt and L’Haridon (2023) repeatedly measured x+
3 twice to

serve as a consistency check. We utilized these data to estimate the variance of the random

error involved in the Bisection-Slider task. Among the four variants of the experiment in

the research, we only inspected the high-stakes experiment for risk to analysis since it

matches our design in both stakes and the decision under risk setting.

To specify the error term, we assume that the value a participant would report in the

slider task follows

Sij = τi + ϵij ,

where Sij denotes the participant i’s report in the j-th measurement in the slider task, τi

is the true indifferent value of the participant i that matches two prospects, and ϵij is the

random error. For simplicity, we assume that all participants share the same degree of

error, that is, ϵij ∼ N(0, s2) and independently for each i, j.

The difference (∆i) for the same participant between both measurements of x+
3 can

be formulated as

∆i = Si1 − Si2 = ϵi1 − ϵi2 ,

which has a variance of 2s2. Hence we can estimate s2 by the sample variance of the

difference between two measurements divided by 2.
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However, in order to reduce possible noises, we did not include all participants’ data

in the estimation. First, we excluded the data which violates monotonicity. Second, the

upper and lower 2.5% of the extreme value in the difference data were excluded. The

remaining 106 data points were used to compute the estimate of s, leading to the estimate

provided in the main text: ŝ = 813.227.

To help visualization, we provide the distribution of the difference data and a normal

distribution curve of N(0, 2ŝ2) in Figure A.1

Figure A.1

Distribution of Difference Data in Bleichrodt and L’Haridon (2023)
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