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ABSTRACT

Intertemporal judgements are susceptible to biases that can distort evaluations and lead to inconsistent choices. While time-
related biases have been studied extensively from a descriptive perspective, little attention has been given to prescriptive ap-
proaches and the complex trade-offs involved in multi-attribute decision-making (MADM). This study provides a comprehensive

review of the effects of such biases on the MADM process. Drawing on evidence from behavioural economics, psychology, and

decision analysis, we identify six time-related biases and analyse the vulnerabilities they can introduce at each step of the MADM

procedure. We also outline preliminary ideas that may help analysts and decision-makers reduce these biases in the unique
context of intertemporal multi-attribute problems. Our findings highlight the importance of addressing biases from the earliest
stages, such as problem structuring, and underscore the need for further empirical research to test and refine these proposed

strategies.

1 | Introduction

Many decisions require trade-offs between outcomes occur-
ring at different time points. While making these trade-offs,
decision-makers' judgements are generally affected by the res-
olution times of the outcomes (Fishburn and Rubinstein 1982).
A well-known example is that individuals prefer smaller, sooner
rewards over larger, later ones. This is mainly because of their
tendency to assign greater values to the outcomes as they move
toward the present time, a phenomenon known as delay dis-
counting (Samuelson 1937). Furthermore, numerous biases,
defined here as systematic departures from the normative stan-
dards of discounted utility theory, distort individuals' percep-
tions and affect time preferences (Thaler 1981). For example,
present bias refers to the tendency to place disproportionate
importance on immediate rewards, often undervaluing larger
or more beneficial future outcomes. This leads to short-sighted
evaluations and choosing alternatives that are inconsistent with
long-term goals (Herrnstein et al. 1997). These biases can some-
times be beneficial. For example, duration neglect (the tendency

to overlook the length of an experience) can promote preventive
disease screening (Redelmeier et al. 2003). Nevertheless, time-
related biases often interfere with intertemporal judgements.
They distort assessments and lead to undesirable outcomes such
as poor financial decisions (Morton and Fasolo 2009) or procras-
tination (Fredrickson and Kahneman 1993).

Extensive research on biases is grounded in empirical in-
vestigations that adopt a descriptive approach! (Hardisty
et al. 2013; Loewenstein et al. 2003). These studies often use
experimental tasks such as multiple price lists, convex time
budgets, or binary choice problems, where participants com-
pare outcomes with different resolution times. Researchers
then interpret these choices to infer underlying time prefer-
ences. For example, in a choice experiment conducted under
the assumption of zero inflation, consistently choosing
smaller, sooner rewards indicates a high discount rate. This
pattern suggests short-sighted decision-making. Descriptive
studies have provided valuable insights into understanding
intertemporal judgements and related biases across various
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fields, such as economics (Anderhub and Giith 2001; Fishburn
and Rubinstein 1982), health (Fuchs 1980; Zhang and
Rashad 2008), education (Finn and Miele 2016; Hoogerheide
and Paas 2012), and agriculture (Boonmanunt et al. 2020).
However, real-life decisions are far more complex than the
problems typically examined in experimental research. Most
decisions require comparing multiple alternatives while ac-
counting for several conflicting objectives. In other words,
real-life decisions involve trade-offs not only across time
points but also across attributes, which expands the decision-
making space and increases cognitive demands. Such com-
plexity calls for prescriptive approaches (Bell et al. 1988).
Although time-related biases are known to significantly influ-
ence judgements and preferences, their operation within com-
plex, prescriptive decision contexts remains underexplored.
Building on this gap, we formulate the following research
question: How do time preference and related biases influ-
ence the prescriptive decision-making process in multi-
attribute decisions, and what strategies can be employed
to reduce their negative effects?

Our approach to addressing this question involves three main
steps. First, we identify time-related biases and understand
their impact on judgement. Second, we examine the steps of the
multi-attribute decision-making (MADM) framework, assess-
ing how each can be affected by these biases. Finally, based on
an extensive review of behavioural decision research, we outline
practical suggestions to help facilitators reduce biases at each
step. For the purpose of this study, we focus on Multi-Attribute
Value Theory (MAVT), one of the fundamental MADM meth-
ods (Keeney and Raiffa 1975). MAVT is based on eliciting indi-
vidual preferences, representing them through a value function,
and performing multiple trade-offs. Because it relies heavily on
eliciting judgements from decision-makers, this method is par-
ticularly vulnerable to distortions caused by time-related biases.
Moreover, MAVT shares core principles and procedural steps
with many other MADM methods, despite variations in their
specific characteristics and evaluation mechanisms. Therefore,
the insights obtained from analysing the influence of such bi-
ases on complex decision-making within a prescriptive environ-
ment using MAVT may be extended to a broader set of MADM
approaches.

This study makes several key contributions to the literature.
First, it identifies six time-related biases and describes them as
systematic deviations from the discounted utility model. Second,
it extends previous research by identifying and discussing time-
related biases within the prescriptive framework of MADM.
This helps in understanding the biases in complex trade-offs
when there are multiple conflicting objectives. Third, it explic-
itly considers the role of facilitators and their interactions with
decision-makers. Fourth, by proposing potential mitigation
strategies for each step, this study offers practical ideas to assist
facilitators while also outlining a research agenda to empirically
test and further develop these strategies in this under-examined
yet important area.

The remainder of the paper is structured as follows: Section 2
reviews the concept of time preference and introduces six
time-related biases. The methodology of MADM is detailed in
Section 3, while Section 4 investigates the procedure through

the lens of time preference and biases. Finally, Section 5 outlines
the conclusions drawn from the study and suggests avenues for
future research.

2 | Time Preference and Biases

To illustrate how individuals evaluate outcomes over time under
the rationality assumption, we required a benchmark theory.
Accordingly, we adopted the discounted utility (DU) theory, the
most widely recognized framework for intertemporal choice. We
begin by summarizing the key assumptions of this model and
explaining how they define rational time preference, drawing
on the work of Samuelson (1937) and Koopmans (1960). We then
introduce six time-related biases, defined as systematic devia-
tions from one or more of these assumptions (von Winterfeldt
and Edwards 1986).

In the DU model, the total utility of a consumption stream from
period ¢ to period T is denoted by U, (c;, ... ,cr). It is defined as
the sum of the discounted utilities of consumption in each pe-
riod k, starting from the present ¢ and extending to the terminal
period T. Formally, this is expressed as:

Uy o ver) = 3 DOU(crpr), e

where u(ct ) represents the cardinal instantaneous utility de-
rived from consumption ¢, at period ¢ + k, and D(k) is the dis-
count function applied to period t + k, defined as:

k
D(k) = <%,,> , @

with p > 0 as the discount rate, reflecting the degree of prefer-
ence for present utility over future utility. In this formulation,
t and T denote discrete time periods with T > ¢, so that T — ¢ is
a non-negative integer. The index k € {0,1, ... ,T — t} denotes
the number of periods from the present, so that k =0 corre-
sponds to the current period ¢, and k =T —t corresponds to
the terminal period T. Throughout this section, indices such
as j, k, and [ denote non-negative integer delays from the pres-
ent period and are assumed to lie within the relevant finite
horizon. When two dated outcomes are compared, k and ! may
refer to any two distinct delays. If the comparison is intended
to represent an earlier outcome versus a later outcome, we as-
sume 0 <k <1< T —t. The formulation assumes a finite time
horizon from the present to the terminal period (Frederick
et al. 2002; Samuelson 1937).

Several key assumptions underlie the DU model. We summarize
these to provide a clear normative framework for identifying and
understanding time-related biases. The following definitions draw
on the work of Samuelson (1937), Koopmans (1960), Frederick
et al. (2002), and Fishburn and Rubinstein (1982).

Assumption 1. (Utility Independence or Time Separability):
The utility of each outcome c,,, contributes independently to
the overall utility. Formally, the intertemporal utility U,(c[) in
Equation (1) is the sum of discounted instantaneous utilities,
with the cardinal utility u(c, +k) independent of consumption at
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any other period ¢, ., for all j # k, where jand k are non-negative
integer delays within the planning horizon. This assumption al-
lows each period's consumption to be evaluated separately, en-
suring additive separability.

Assumption 2. (Constant Discount Rate and Exponential
Discounting): The value of a future reward declines at a constant
proportional rate per unit of time. This implies that discounting
follows an exponential form as specified in Equation (2).

This assumption presupposes that individuals have stable pref-
erences over time and their tendency to devalue future rewards
does not change across different time points.

Assumption 3. (Dynamic Consistency and Stationarity):
Decision-makers' preferences are consistent over time. If, at
time ¢, an outcome x received after k periods is preferred to an
outcome y received after [ periods, then the same preference or-
dering should hold when both outcomes are shifted forward by
the same amount of time. Formally:

vt >t,
3

where k and I are non-negative integer delays within the rel-
evant finite horizon. No strict ordering between k and [ is re-
quired in general; however, when the comparison concerns an
earlier versus a later outcome, we assume 0 < k < I. The shifted
datest’ + k and t’ + I are assumed to remain within the relevant
planning horizon.

Ct+k) >+l & (x,t'+k)> (y.t' +1),

This assumption implies that the relative valuation between out-
comes depends only on the time interval between them, not on
when they occur. It relies on the idea that individuals maintain
a consistent ranking of preferences over time.

Assumption 4. (Accurate Predictions and Full Cognitive
Competence): It is assumed that individuals have perfect knowl-
edge of their consumption stream and can accurately evaluate
future outcomes using the instantaneous utility and discount
functions. They are capable of making internally consistent and
informed judgements about future consequences. This assump-
tion reflects a rational, fully informed, and computationally ca-
pable decision-maker.

To identify biases specific to intertemporal decision-making
we examined the published bias codex, which comprises a
comprehensive list of more than 200 hundred decision biases
(Manoogian and Benson 2017), considered seminal bias and
time preference papers (Cooper and Meterko 2019; Ehrlinger
et al. 2016; Loewenstein and Prelec 1992; Montibeller and
von Winterfeldt 2015; Neal et al. 2022; Rambaud et al. 2023),
and went through multiple bias taxonomies (Arkes 1991;
Arnott 1998; Peon et al. 2017). By reaching definitions and
working mechanisms of all reported biases in the literature,
we identified the ones that directly influence individuals' in-
tertemporal judgements and distort time perceptions. This
systematic search yielded six biases: present bias, projection
bias, recency bias, impact bias, duration neglect, and planning
fallacy.

For each bias, we indicate the corresponding normative as-
sumption that is breached in biased behaviour. To clarify the
influences on judgements, we also include illustrative examples.
Gulum Tas et al. (2026) provides a detailed examination of the
underlying psychological mechanisms of these biases and their
presence across various fields. Whereas that study focuses on
biases in choice problems limited to alternative comparison
in single-objective problems, the present study examines the
multi-stage preference elicitation process for multi-attribute de-
cisions. Adopting a prescriptive perspective, it incorporates the
facilitator's role and suggests potential strategies for mitigation.
These strategies are informed by insights from the behavioural
decision research and MADM literature, as well as the observed
characteristics of the biases.

Present bias refers to the tendency of individuals to over-
value immediate rewards at the expense of future benefits
(Ainslie 1975). It stems from hyperbolic discounting, which
shows that the discount rate is not constant over time but de-
clines as the delay to a reward increases. Present bias causes
preferences violating the constant discount rate and exponential
discounting (Assumption 2) as well as the time consistency and
stationarity assumptions (Assumption 3). This bias manifests it-
self in behaviours such as prioritising short-term outcomes over
long-term planning, leading to sub-optimal decisions. For exam-
ple, a present-biased individual may prefer purchasing luxury
items for immediate gratification rather than saving for future
financial security despite the higher long-term benefits of eco-
nomic stability.

Projection bias is the tendency to overestimate the extent to
which future preferences and circumstances will align with
current tastes and conditions (Loewenstein et al. 2003). It
leads to a violation of the assumption of accurate predictions
(Assumption 4), as individuals mistakenly project their current
preferences onto future situations. As a result, it may cause dis-
torted utility estimates and irrational intertemporal trade-offs.
Projection bias reveals itself through behaviours such as mis-
judging future satisfaction with current preferences. For ex-
ample, a projection-biased individual who values a product's
price over its comfort may assume this preference will remain
unchanged. However, as preferences evolve, such short-sighted
judgements may lead to regret or financial loss.

Recency bias is a behavioural phenomenon that leads decision-
makers to overweight recent events over historical ones while
making evaluations (Ernst et al. 2018). This implies that the
utility at one time period is influenced by recent outcomes,
breaching additive separability and independence across time
(Assumption 1). Recency bias frequently leads to behaviours
such as overreacting to short-term trends and making judge-
ments that are overly influenced by the most recent experiences.
For example, a recency-biased investor may sell a stock that has
recently dropped in value, believing that the downtrend will
continue, even if the stock's long-term performance has been
strong and promising (Rabbani et al. 2021).

Impact bias refers to the tendency of individuals to overesti-
mate both the intensity and the duration of their emotional
reactions to future events (Wilson et al. 2000). It represents a
failure in the predictive accuracy of future utility, leading to
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FIGURE1 | Influence areas of the biases on the time axis.

choices violating the assumption of correct evaluation of future
consequences (Assumption 4). It often leads to overvaluing an-
ticipated outcomes and prioritizing choices based on exagger-
ated expectations about the future. For example, impact-biased
decision-makers might believe they will experience a powerful
sense of happiness if they purchase a particular product. Most of
the time, the intensity and length of this emotional state do not
persist as estimated, and they face low utilities or even financial
losses (Gilbert et al. 2002).

Duration neglect is a cognitive bias in which the duration of an
experience has little or no influence on how it is later remem-
bered or evaluated (Fredrickson and Kahneman 1993). As a re-
lated concept, the peak-end rule suggests that an experience is
considered limited to its most extreme or recent moments. This
undermines the idea that each moment of consumption contrib-
utes independently to total utility, a core part of additive sep-
arability (Assumption 1). Duration neglect may lead to future
evaluations that are biased toward misremembered memories.
For instance, people tend to rate a longer but gradually improv-
ing medical procedure as less unpleasant than a shorter one that
ends abruptly with high pain (Yen et al. 2023). This happens be-
cause their memory of the experience is shaped more by how it
ends than by how long it lasts.

Planning fallacy, a concept introduced by Kahneman and
Tversky (1979), refers to the tendency of individuals to un-
derestimate the time and resources required to complete fu-
ture tasks, often resulting in optimistic plans. The DU model
assumes that decision-makers hold accurate forecasts about
future outcomes and their durations. However, the planning
fallacy leads individuals to systematically underestimate the
time and effort required to complete future tasks, resulting
in over-optimism about their future productivity. This cogni-
tive bias causes distortion in the expected utility of delayed
outcomes (Assumption 4). A typical example of the planning
fallacy is underestimating the time and budget required to
complete a project.

Despite their differences, all these biases affect trade-offs be-
tween the past, present, and future. Figure 1 illustrates the
influence areas of the biases on the time axis. Assuming the
decision is made in the present moment, the dashed arrows
represent how each bias shapes the judgements formed at this
point. For instance, because recency bias is about the influ-
ence of recently experienced incidents on evaluations, the
arrow starts from the recent past and goes toward the future.

Duration neglect, on the other hand, concerns the perceived
length of an experience and is primarily about the past.
Therefore, the influence range starts from the past and goes
toward the future, implying these distorted memories influ-
ence future evaluations.

Biases may also differ in terms of frequency of occurrence,
stakes of importance, the magnitude of negative impact, and the
ease of detectability and mitigation (Arkes 1991). These crite-
ria can help distinguish biases that are relatively easier to detect
and correct from those that represent more serious and chal-
lenging oversights. For example, by distorting health, savings,
and prevention decisions, present bias is frequently reported in
high-stakes decisions (O'Donoghue and Rabin 2015). It causes
strong devaluation behaviour and may require high effort to de-
tect and mitigate. On the other hand, the planning fallacy has a
narrower scope, primarily affecting project planning and bud-
geting. Compared to present bias, it is easier to detect and avoid
by referencing outcomes from similar past projects. Our discus-
sion of biases and the proposed mitigation strategies within the
MADM process is informed by these differentiating factors.

3 | Multi-Attribute Decision Making (MADM)

Multi-attribute decision-making (MADM) involves evaluating
alternatives characterized by multiple attributes and is used for
selection, sorting, or ranking. MADM methods can be broadly
categorized as utility-based, outranking, distance-based, and
pairwise comparison methods (see Greco et al. (2016) for de-
tails). In this study, we focus on the Multi-Attribute Value
Theory (MAVT) to explore how time-related biases affect the
decision-making process and what strategies can be promis-
ing for decreasing negative effects. While MAVT serves as the
primary method, the findings are intended to extend to other
methods. Early stages—such as setting objectives, identifying
attributes, and evaluating performance of alternatives—are
largely consistent across different MADM methods, allowing
our discussion of time preference and biases to remain widely
relevant. In the following, we outline the steps of MAVT based
on Keeney and Raiffa (1975) and briefly discuss their roles in the
decision-making process.

Step 1—Setting the objectives and alternatives: The first
step establishes the foundation for a systematic evaluation by
defining clear and measurable objectives and identifying all fea-
sible alternatives i = 1,2, ... ,m).
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Step 2—Identifying attributes related to objectives: This
step is about identifying attributes, Xj, (j = 1,2, ... ,n) that mea-
sure the performance of each alternative. Preferred attributes
should be measurable and comprehensive to ensure they fully
capture the decision-maker's needs in evaluating the perfor-
mance of alternatives (Keeney and Raiffa 1975).

Step 3—Evaluating the performance of alternatives on
defined attributes: Each alternative is evaluated based on the
identified attributes, providing quantitative and qualitative data
for decision-making. The performance of an alternative a; can
be represented as a vector of outcomes a; = (., &y, ... ,akn),
where ay; is the level achieved by the alternative a; for the j-th
attribute.

Step 4—Eliciting value or utility functions over levels of
attributes: A value function vj(akj) quantifies the decision-
maker's preference for various levels of the attributes X;. In case
of uncertainty involvement, a utility function can be used in-
stead. The decision-maker's value functions can be elicited by
using various methods, such as the lock-step procedure or mid-
value splitting technique.

Step 5—Eliciting scaling constants (also known as at-
tribute weights): The relative importance of attributes is de-
termined by assigning scaling constants 4;, (j=1,2, ... ,n) to
reflect their significance in the decision-making process (von
Winterfeldt and Fischer 1975). The scaling constants are nor-
malized such that Z;‘zl 4; =1, and they account for trade-offs
between attributes, ensuring that their influence is properly re-
flected in the overall evaluation.

Step 6—Aggregation: The performance of each alternative is
aggregated across all attributes to generate an overall score. The
overall value v(ay ) of an alternative a; is computed as:

v(a) = Zf Ay (ay), @

where v; (akj) is the normalized value of ay;, 4; is the scaling con-

stant of attribute X;and 4, > 0,and 37| 4;=1.

When two alternatives are compared, in order for one alter-
native to be preferred over the other (>) or to be indifferent
(~), its additive value (Equation 4) must be greater than (>)
or equal to (=) the additive value of the other alternative. The
additive value function can be used if the attributes are (i)
mutually preferentially independent and (ii) difference in-
dependent (Keeney and Raiffa 1975). If a weaker condition
is satisfied (mutual preferential independence and weak dif-
ference independence), multiplicative or other non-additive
value functions can be used (Currim and Sarin 1984; Dyer and
Sarin 1979).

In most of these steps, decision-makers must provide judgmen-
tal inputs and express personal preferences. While doing so, a
variety of biases can distort judgements throughout the pro-
cess (Montibeller and von Winterfeldt 2015; Rezaei et al. 2022).
Furthermore, this already complex evaluation process is fur-
ther complicated when intertemporal dynamics are integrated.

Therefore, analysing MADM steps through the lens of time
preference can enhance awareness and foster the development
of strategies to reduce biased judgements. Motivated by this, we
offer a comprehensive analysis and present several promising
ideas in the following section.

4 | Time-Related Biases in Multi-Attribute
Decision Making

This section analyzes the impacts of time-related biases at each
step of the MADM process and offers suggestions to reduce their
negative effects. For each suggestion, we point out which as-
sumption of the DU model (Section 2) it relates to, helping clarify
how the strategy may address departures from rational decision-
making. We also discuss how unaddressed biases at one step can
propagate through subsequent stages.

4.1 | Setting the Objectives and Alternatives

This step lays the foundation for evaluation, requiring sys-
tematic objective identification and thorough consideration of
alternatives, both of which can be distorted by time-related
biases. For example, the planning fallacy can lead to overly
optimistic estimates of required resources, resulting in the ex-
clusion or inclusion of particular objectives (Katt et al. 2021;
Konig et al. 2015). In addition, research indicates the dis-
tinction between setting sub-objectives and concentrating on
bigger ones regarding susceptibility to the planning fallacy
(Forsyth and Burt 2008; Hadjichristidis et al. 2014; Rodon and
Meyer 2012). If the decision-maker opts for large objectives in-
stead of setting sub-objectives, this might trigger less realistic
estimations in the following steps, such as attribute weight-
ing, where an inappropriate scope of objectives can result
in distorted importance weights (Rezaei et al. 2022; Weber
et al. 1988). Given additional research emphasizing the signif-
icance of the number of objectives and attributes in MADM,
it is crucial to be aware of planning fallacy and structure the
objective hierarchy systematically (Marttunen et al. 2018;
Poyhonen and Himéldinen 1998).

For many decisions, the objective set should extend beyond
current circumstances and encompass the problem while con-
sidering potential changes in the future. However, the projec-
tion bias and recency effect may cause setting objectives that
are valid for the present circumstances but not representative
in the long term (Conlin et al. 2007; Loewenstein et al. 2003).
For example, projection bias may cause individuals to set
short-sighted objectives by believing their current situation
will be the same in the future. Similarly, the recency bias may
lead people to rely too much on recent information and con-
sider recently encountered but unrepresentative objectives for
the problem.

Impact bias leads to overly concentrating on focal events and
disregarding the resilience of the human emotional system in
coping with negative feelings (Hoerger 2012; Lench et al. 2011).
This magnifies the difficulty of the current situation, leading in-
dividuals to underestimate their ability to cope with problems.
As a result, they may set redundant or unnecessary objectives.
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TABLE1 | Suggestions to reduce the impact of time-related biases in setting objectives and alternatives.

Time-related biases

Suggestions

Present bias » Using scenario analysis techniques (Motoki et al. 2023)

Rosenhead 2004)

Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and

« Nominal Group Technique (Delbecq and van de Ven 1971)

Projection bias + Value Focused Thinking (Keeney 1996)

Rosenhead 2004)

Recency bias
Rosenhead 2004)

Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and

Adopting perspective-taking (Kanten 2011)
Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and

« Nominal Group Technique (Delbecq and van de Ven 1971)
+ Keeping decision-makers accountable (Lau et al. 2016; Schillemans 2022)

Impact bias

Rosenhead 2004)

Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and

+ Using scenario analysis techniques (Motoki et al. 2023)
+ Using mental simulations (Buechel et al. 2017; Gilbert et al. 1998)

Duration neglect (the « Value Focused Thinking (Keeney 1996)

peak-end rule) + Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and
Rosenhead 2004)
Planning fallacy » Value Focused Thinking (Keeney 1996)

Rosenhead 2004)

Using problem structuring methods (Ackermann and Eden 2020; Eden 1988; Mingers and

+ Keeping decision-makers accountable (Lau et al. 2016; Schillemans 2022)
+ Using mental simulations (Buechel et al. 2017; Gilbert et al. 1998)

For instance, during the COVID-19 pandemic, some govern-
ments implemented mandatory vaccine policies to increase
vaccination rates rapidly. While these measures sought to ad-
dress immediate concerns about controlling the virus, they have
resulted in unintended consequences, such as reduced vaccine
confidence and decreased public trust (Bardosh et al. 2022).
These negative outcomes indicate how objectives driven by the
emotional intensity of the crisis might fail to account for long-
term consequences.

Sometimes the objective-setting requires the involvement of
multiple decision-makers. Participants discuss the problem from
various perspectives in groups and come up with a representative
objective set. While doing so, they may become subject to present
bias and recency bias. A few studies reveal that people become
more impatient and vulnerable to recent events in group discus-
sions compared to individual choices (Del Carpio et al. 2022;
Jackson and Yariv 2014; Sulistiawan and Rudiawarni 2019).
Consequently, group discussions may yield short-sighted objec-
tives if they are not handled systematically.

Time-related biases may also lead to a poor alternative list. The
peak-end rule and recency bias may lead to incorporating an ex-
treme or popular alternative that is not realistic or applicable in
the long term (Fredrickson and Kahneman 1993; Godovykh and
Hahm 2020; Hands and Avons 2001). Some alternatives may
stand out simply because they are related to intense or dramatic
experiences, while more stable, moderate, and potentially more
effective alternatives may be overlooked. Present bias may lead

decision-makers to consider alternatives that provide immedi-
ate benefits rather than ones that require an initial investment
or waiting (Augenblick and Rabin 2019; Cheung et al. 2022;
Hardisty et al. 2013). In this case, good alternatives might be
excluded only because of the undesirability of the waiting or
the necessity of initial investment. For example, imagine that
a group of policymakers is tasked with selecting a strategy
for managing Type 2 diabetes in a population (Eghbali-Zarch
et al. 2022). Present bias may lead to solutions that offer immedi-
ate benefits, such as prescribing drugs for lowering blood sugar
and providing quick relief. On the other hand, alternatives that
are related to lifestyle modifications can be overlooked because
they require effort, and their visible results are slow to appear.
From a similar point of view, projection bias may cause the in-
clusion of alternatives that do not apply to long-term changes.
The overestimated similarity between the present and the future
may lead to considering alternatives that are compatible with
current circumstances but not proper for the future (Buchheim
and Kolaska 2017; Conlin et al. 2007).

4.2 | Suggestions to Reduce the Impact of Biases in
Setting Objectives and Alternatives

As illustrated in Table 1, several ideas may be helpful for ad-
dressing these negative effects. Because this initial step mainly
involves structured thinking and forecasting, the suggested
ideas primarily relate to Assumption 4 of the DU model, which
concerns accurate predictions and evaluations.
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Using a systematic approach rather than a casual interview may
reduce the negative effects of biases. Value-focused thinking
(VFT) is a method that helps define objectives by grounding
decision-makers to focus on their core values before exploring
alternatives (Keeney 1996). Its hierarchical structure clarifies
how objectives relate to one another and ensures that all sub-
objectives align with these core values. VFT may help control
some of the negative consequences associated with the planning
fallacy. Because the objective hierarchy is based on thoughtfully
identified values, the method may reduce the risk of includ-
ing unrealistic objectives. This, in turn, can help manage the
number of sub-objectives. Systematically thinking about values
might also help decision-makers to broaden their perspectives
and avoid projecting their current preferences onto the future.
By encouraging decision-makers to reflect deeply on long-term
values rather than momentary preferences, a facilitator may
initiate future-oriented thinking, thereby helping to overcome
projection bias. In addition to objective setting, VFT supports
comprehensive alternative selection. Decision-makers can gen-
erate more innovative alternatives than simply evaluating pre-
existing ones when they consider values. For example, the risk of
including extreme alternatives because of the peak-end rule can
be controlled in this way.

Problem-structuring methods (PSMs) may serve as promising
strategies for reducing present bias, the planning fallacy, pro-
jection bias, and recency bias. PSMs are used for identifying key
elements of a complex issue and organizing its components in
a framework toward a solution (Mingers and Rosenhead 2004).
One widely used PSM is cognitive mapping, which helps indi-
viduals or groups visually represent causal relationships and ob-
jectives in a hierarchical format (Eden 1988). By following the
systematic process of cognitive mapping, a facilitator ensures
that the relationships between objectives are considered from a
holistic perspective. In doing so, the dominant effect of recently
encountered events (recency bias) or the decision-makers' ten-
dency to project their current preferences onto future objectives
(projection bias) can be controlled to some extent. By eliciting
all relationships between components and displaying connec-
tions between current actions and their potential long-term
outcomes, participants can become more resistant to present
bias with cognitive mapping. Cognitive mapping also improves
structural clarity. It allows for exploring the full set of relation-
ships between objectives and alternatives. This may support
more realistic planning and reduce the planning fallacy. When
decision-makers have a clearer picture of dependencies and
consequences, they are less likely to underestimate timelines
or overcommit to unrealistic goals. This, in turn, helps avoid
setting redundant objectives or including unnecessary alterna-
tives. Another advantage of cognitive mapping is its facilitation
of collaborative thinking. Engaging a diverse group of decision-
makers brings together a wide array of perspectives. This diver-
sity can play a balancing role: when a shared map is developed,
and consensus is reached, opposing viewpoints often cancel out
extreme or biased judgements (Bang and Frith 2017). As aresult,
group-based cognitive mapping can mitigate the effects of indi-
vidual cognitive distortions, such as recency and present biases.
Other problem-structuring methods, such as scenario planning
and strategic options development and analysis (SODA), may be
used for reducing biases (Ackermann and Eden 2020). For exam-
ple, SODA encourages participants to explore multiple ‘what-if’

scenarios, which fosters future-oriented thinking and may re-
duce present bias. Scenario analysis similarly enables decision-
makers to assess how their objectives might perform across a
range of future environments (Schoemaker 1995). Facilitators
can guide decision-makers to consider plausible future states,
helping them anticipate external changes and adjust objectives
to remain achievable and relevant. This broadens their under-
standing of the problem and available resources, reducing over-
optimism and may mitigate the planning fallacy.

Using a method to facilitate decision-maker engagement for
brainstorming may help reduce group-level present bias (Bang
and Frith 2017). The Nominal Group Technique (NGT) stands
as a promising method for providing a structured framework
and ensuring the contribution of all participants (Delbecq and
van de Ven 1971). It encourages a wide range of ideas and mini-
mizes the influence of dominant participants in brainstorming.
Applying NGT may help facilitators control biases that can be
exacerbated by group dynamics (Gallagher et al. 1993). Since the
method provides a systematic way to manage group interaction
and organize ideas, the temptation associated with present bias
might be balanced. Similarly, because all participants contribute
systematically, recently encountered issues (recency bias) are
less likely to distort the objective-setting process, and dominant
voices can be counterbalanced by alternative viewpoints. This
reduces the risk of groupthink (DiPierro et al. 2022) and pre-
vents the escalation of commitment in group decision-making
processes (Mannion and Thompson 2014).

Initiating mental simulations can help avoid unrealistic and re-
dundant objective settings caused by planning fallacy and im-
pact bias (Buechel et al. 2017; Finkenauer et al. 2007; Gilbert
et al. 1998; Wang and Chiou 2022). Another approach is to en-
courage stepping outside of the current viewpoint by adopting
perspective-taking techniques. Research by Kanten (2011) has
shown that decision-makers who adopt an external or future-
oriented perspective, whether through consultation with ex-
perts or by engaging in perspective-shifting exercises, are less
likely to fall into the trap of projection bias. Planning fallacy, re-
cency bias, and impact bias can be reduced by keeping decision-
makers accountable (Lau et al. 2016; Schillemans 2022; Siddiqui
et al. 2014). For example, suppose the facilitator senses that the
decision-maker has a planning fallacy and includes particular
objectives. In that case, they can ask them to provide evidence
based on similar past decisions or data. Alternatively, they might
encourage participants to think of the worst- and best-case sce-
narios and justify the inclusion of a particular objective.

4.3 | Identifying the Attributes

Determining appropriate measurement units plays a crucial
role in this step. There is a relationship between duration ne-
glect and the preferred information format. While numerical
formats often lead to duration neglect, graphical formats can
be more resilient to this problem (Liersch and McKenzie 2009).
Therefore, it is important to select measurement units for attri-
butes that do not obscure time-related aspects in the following
steps. This point is further reinforced by research on scaling bi-
as—a set of biases that arise when there is a mismatch between
how information is measured or presented and how individuals
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TABLE 2 | Suggestions to reduce the impact of time-related biases in identifying the attributes.

Time-related biases

Suggestions

Present bias + Adopting neutral frames and using validated measurement units (Strijbosch et al. 2019;

Weingarten et al. 2021)

« Conducting the brainstorming sections systematically (Keeney 1996)

Sticking to the same salience level between the attributes (Carvalho et al. 2016; Guan et al. 2022)
Inviting multiple experts or decision-makers (Keeney 1996)

Projection bias « Conducting the brainstorming sections systematically (Keeney 1996)

(Chanel et al. 2023)

Recency bias

(Chanel et al. 2023)

Inviting multiple experts or decision-makers (Keeney 1996)
Envisioning the future and imagining potential changes regarding the suggested attributes

Envisioning the future and imagining potential changes regarding the suggested attributes

+ Conducting the brainstorming sections systematically (Keeney 1996)

Impact bias

Duration neglect

Planning fallacy

et al. 2019)

(Chanel et al. 2023)

Inviting multiple experts or decision-makers (Keeney 1996)

Representing attributes with neutral and factual terms (Liersch and McKenzie 2009)
Adopting perspective taking methods (Buechel et al. 2017; Gilbert et al. 1998)

Increasing the familiarity of experts with the problem (C. Morewedge et al. 2005)
Using graphical information formats (when applicable) (Liersch and McKenzie 2009)

Inviting multiple experts or decision-makers (Keeney 1996)
Encouraging decision-makers to examine past decisions and their attributes (Strijbosch

Systematically listing all possible attributes (Strijbosch et al. 2019)
Envisioning the future and imagining potential changes regarding the suggested attributes

interpret or respond to it (Montibeller and von Winterfeldt 2015;
Poulton 1982).

When an objective requires evaluation using a time-dependent
attribute, the temporal framing of that attribute can shape how
it is perceived and may induce time-related biases (Finkenauer
et al. 2007; Peetz et al. 2010; Weingarten et al. 2021). For in-
stance, consider a manager tasked with minimizing the duration
of a product development cycle. In this example, the total time
taken to complete the desired developments serves as a time-
dependent attribute for evaluating the success of the project. If
the timeline is framed in terms of ‘months remaining’ instead of
‘months completed’, this may trigger present bias and cause pri-
oritising short-term gains. Present bias may also cause inclusion
of criteria that focus excessively on immediate gains (Hunter
et al. 2018; Kang and Tkeda 2016; Meier and Sprenger 2010;
Millemaci and Waldmann 2016). Research shows that some
individuals may have subjective time periods in mind, which
distorts their temporal perceptions in judgement (Balakrishnan
et al. 2020; Jang and Urminsky 2023; Zauberman et al. 2009).
Treating time-related outcomes based on subjective rules and
limited time horizons may lead to non-comprehensive attributes
or adopting unclear, unnatural, or indirect measures. Given
the importance of using comprehensive, non-proxy attributes,
it is crucial to account for present bias at this stage (Gregory
et al. 1987; Keeney and Raiffa 1975).

Projection bias and recency effect may lead to using attributes
that are perceived as representative in the present but not ap-
plicable for the future (Augenblick and Rabin 2019; Chang

et al. 2018). Limiting their perspective to a recent event may
cause people to use a measure that is irrelevant to the general
problem. Similarly, the peak-end rule causes people to remember
incidents limited to extreme points, and this tendency may lead
to choosing an attribute that is not representative (Weingarten
et al. 2021). Individuals with impact bias may prefer emotion-
ally salient attributes even if they are less relevant or difficult
to measure in practice (Gilbert et al. 1998; Hoerger 2012; Lench
et al. 2011; Wilson et al. 2000). Due to the planning fallacy,
decision-makers may overlook attributes related to risks or prac-
ticalities (Katt et al. 2021; Konig et al. 2015). Their optimism
leads them to focus on positive attributes that may not be rep-
resentative. For example, a public health agency selecting a vac-
cination model for an emerging disease like COVID-19 (Saadi
et al. 2021) might include cost per vaccination or ease of logis-
tics, while neglecting supply chain risks or public acceptance-
related attributes. As a result, the evaluation may be limited and
fail to meet population needs.

4.4 | Suggestions to Reduce the Impact of Biases in
Identifying the Attributes

Several strategies may reduce biases (Table 2), including in-
creasing decision-makers' familiarity with the objective set (C.
Morewedge et al. 2005). Greater engagement with the problem
helps individuals recognize long-term influences and generate
more representative attributes. The facilitator should ensure
decision-makers are familiar with the objective set, aware of
possible long-term influences, and have the understanding and
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expertise to come up with representative attributes. In align-
ment with this idea, using multiple decision-makers to incorpo-
rate diverse perspectives can reduce individual biases and lead
to a better attribute set (Charness and Sutter 2012; Keeney 1996).
As discussed earlier, managing the brainstorming sessions and
group discussions systematically may be useful when there is a
group of decision-makers.

Given that varying levels of salience can induce present bias
in judgements (Carvalho et al. 2016; Guan et al. 2022; Malkoc
et al. 2010), it is essential to maintain consistent levels of detail
(van Ittersum et al. 2007). It helps that none of the attributes
receives more attention in the next steps. Another crucial fac-
tor is the frame of attributes and preferred measurement units
(Carvalho et al. 2016; Guan et al. 2022). The identified attributes
should not have a gain or loss implication since it may trigger
present bias. The facilitator should adopt as neutral as possible at-
tribute frames (Hardisty et al. 2013; Malkoc et al. 2010) and ben-
efit from external, validated measures when possible (Strijbosch
et al. 2019; Weingarten et al. 2021). Using objective, well-defined
external measurements can help to decrease present bias.
Avoiding language or formats that excessively emphasize either
the short- or long-term outcomes is also crucial. Especially time-
related attributes should not have delay or speed-up glances that
are known to trigger present bias (Loewenstein 1988). These
ideas are closely linked to Assumptions 2 and 3 of the DU model.
Careful attribute identification can support dynamic consis-
tency in subsequent steps.

In some cases, using graphical information can provide a more
intuitive understanding and reduce duration neglect (Liersch
and McKenzie 2009). The facilitator can structure time-oriented
attributes in such a way that numerical formats are supported
by visual aids. By enhancing decision-makers' recall of the dura-
tions of past experiences, this strategy aligns with Assumption 2
of the DU model and facilitates considering each period's
contributions.

Challenging the “current state” thinking may help reduce pro-
jection bias and recency effect (Loewenstein 1988; Loewenstein
and Prelec 1992). When a decision-maker introduces an attri-
bute, the facilitator can ask them to envision future scenarios
and consider how preferences might change over time (Chanel
et al. 2023). By doing so, they can be motivated to think whether
the attribute they suggest is the result of their projection or
recency-biased preferences, or if it is really a suitable, long-
lasting measurement unit. Similarly, the facilitator can ask
decision-makers to justify each proposed attribute and explain
how they address not only current needs but also future ones.
Alternatively, by adopting reverse thinking, similar explanations
might be asked for the excluded attributes to ensure they are not
excluded because of their dissimilarity to the current states of
the decision-makers. These suggestions relate to Assumption 4
of the DU model and assist decision-makers in making informed
assessments of the anticipated future representativeness of the
attributes they identify.

Encouraging perspective-taking can help reduce impact bias
(Buechel et al. 2017). By considering others’ viewpoints, indi-
viduals better regulate emotional reactions and may identify
more representative measures (Boltz and Yum 2010; Gilbert

et al. 2002). Facilitators can prompt decision-makers to adopt
the perspective of a colleague or affected party, fostering
broader evaluation of attributes beyond personal experience. In
some cases, the chosen attribute may have the risk of trigger-
ing impact bias in the following steps. This can be controlled
if the facilitator ensures that emotionally charged attributes are
represented in neutral and factual terms. For example, poten-
tial attributes and related datasets can be presented in tables or
charts to emphasize facts over emotional appeal (Liersch and
McKenzie 2009).

Planning fallacy can be reduced by encouraging decision-
makers to examine past similar decisions to identify attributes
they may have overlooked. Thinking about the attributes of pre-
vious projects or similar problems may help people see the cur-
rent problem from a more realistic point of view and not overlook
the attributes regarding risk or delays (Strijbosch et al. 2019). In
addition, listing all the potential attributes and examining them
in detail may also help in this matter (Keeney 1996). The facilita-
tor may initiate a discussion about the suggested attributes and
motivate people to talk about their representativeness for differ-
ent future states. This can help them to consider risk-related as-
pects and reduce the effect of the planning fallacy. In alignment
with Assumption 4, these strategies are meant to help decision-
makers toward consistent evaluations and informed attribute
choices.

4.5 | Evaluating the Performance of Alternatives
on Defined Attributes

Time-related biases can distort the way decision-makers
perceive and interpret the performance of alternatives. For
instance, the present bias may cause decision-makers to overes-
timate the performance of alternatives that offer immediate ben-
efits, undervaluing those with long-term advantages (Millemaci
and Waldmann 2016). From a similar point of view, projection
bias may lead to judging alternatives based on the current cir-
cumstances rather than perceiving them in the objective deci-
sion context (Loewenstein et al. 2003). For example, a stressed
decision-maker may rate an alternative lower on the ‘ease of
implementation’ attribute, not due to the alternative's actual
complexity, but because their current state influences their per-
ceptions of its performance.

Recency bias may lead to considering recent positive or nega-
tive incidents over long-term performance trends, resulting in
distorted evaluations (Che et al. 2020). For example, if an alter-
native was recently associated with a setback, decision-makers
may rate it lower, despite a strong overall track record. From a
similar point of view, the facilitator might rely on the most re-
cent data points or decision-maker opinions while constructing
the performance matrix. Ignoring long-term trends can distort
the overall evaluation of alternatives.

Impact bias may cause one to overestimate the emotional signif-
icance of certain outcomes, resulting in exaggerated evaluations
of an alternative's performance on specific attributes (Wilson
and Gilbert 2005). For example, decision-makers might overrate
an alternative because they expect it to bring intense satisfaction
even if such emotional responses are likely to be short-lived. The
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format in which data are presented can influence the perceived
performance of alternatives. For example, when performance is
assessed using longitudinal data rather than summary scores,
the peak-end rule may distort evaluations, leading decision-
makers to focus disproportionately on the most intense moments
of the trajectory while overlooking the overall performance of
outcomes. Similarly, the planning fallacy can cause decision-
makers to underestimate the effort, time, or resources required
for certain alternatives, leading them to assign overly optimistic
scores to attributes like feasibility. For example, an alternative
might be rated as easier than it actually is due to an overly opti-
mistic view of challenges caused by the planning fallacy.

4.6 | Suggestions to Reduce the Impact of Biases in
Evaluating the Performance of Alternatives

As summarized in Table 3, there are several approaches that
may potentially reduce the negative effects of biases during per-
formance evaluation. Reference Class Forecasting (RCF) is a
method for improving the accuracy of predictions by basing esti-
mates on actual outcomes from comparable past projects, rather
than relying solely on subjective evaluations (Flyvbjerg 2007).
RCF follows three main steps: (i) Identify a reference class (a
group of similar past projects), (ii) Establish a statistical distri-
bution of outcomes by gathering data on the performance of al-
ternatives, and (iii) Compare the alternatives to this reference
distribution to make forecasts. The method forces decision-
makers to take the “outside view” and grounds performance
judgements in empirical evidence from past cases (Batselier and
Vanhoucke 2016). Although primarily recognized for its role in
mitigating the planning fallacy, it may help reduce the influ-
ence of present bias, projection bias, recency bias, and duration
neglect. Using the full distribution of historical outcomes, RCF
limits the effect of current conditions that may distort future
expectations (projection bias) and smooths the impact of recent

performance changes by highlighting long-term trends (re-
cency bias). This strategy supports more accurate evaluations by
grounding judgements in observed outcomes from similar cases,
thereby reinforcing Assumption 4 of the DU model.

A common practice in economics is discounting future conse-
quences at a constant rate and using the net present values in
evaluations (I. Fisher 1930; Mishan and Quah 2020). A single
consolidated score aggregates all future impacts and is used as
a basis for performance evaluations. In this method, explicitly
stating the discount rate helps mitigate present bias. However, it
is crucial to select the discount rate based on empirical evidence
rather than intuition. This approach may also reduce recency
and projection biases. In discounting, the entire stream of out-
comes is taken into account rather than focusing disproportion-
ately on recent periods (reducing recency bias). It also reduces
reliance on subjective impressions by expressing performance
in systematically time-adjusted terms (reducing projection
bias). Using a constant discount rate (Assumption 2) preserves
the independent contribution of each outcome (Assumption 1)
and supports consistent evaluations over time (Assumption 3),
thereby satisfying most conditions of the DU model.

Presenting the performance profiles of alternatives over time
with graphs or visuals may help reduce biases (Eberhard 2023;
Wall et al. 2021). By illustrating the entire trajectory at once, the
facilitator helps decision-makers to consider the general picture
and not overly depend on recent fluctuations in their perfor-
mance evaluations (recency bias). Similarly, visual represen-
tations put peaks of high or low performance trajectories into
context and lower the risk of overemphasizing extreme points
in a series (the peak-end rule). The facilitator can present the
data in a proper visual format and motivate decision-makers to
consider the performance of alternatives over an extended pe-
riod of time. Reflection is essential at this stage since it allows
individuals to pause, critically examine information, and align

TABLE 3 | Suggestions to reduce the impact of time-related biases in evaluating the performance of alternatives.

Time-related biases

Suggestions

Present bias

Quah 2020)

Discounting future outcomes and using condensed values in performance evaluation (Mishan and

Adopting Reference Class Forecasting (Batselier and Vanhoucke 2016; Flyvbjerg 2007)

« Prompting reflections and considering full performance history (Isler et al. 2020; Yelbuz et al. 2022)
« Using visual tools to show long-term performance trends (Eberhard 2023; Wall et al. 2021)

Projection bias « Adopting Reference Class Forecasting (Batselier and Vanhoucke 2016; Flyvbjerg 2007)

« Prompting reflections and considering full performance history (Isler et al. 2020; Yelbuz et al. 2022)
Recency bias « Discounting future outcomes and using condensed values in performance evaluation (Mishan and

Quah 2020)

« Adopting Reference Class Forecasting (Batselier and Vanhoucke 2016; Flyvbjerg 2007)

« Using visual tools to show long-term performance trends (Eberhard 2023; Wall et al. 2021)
Impact bias « Using visual tools to show long-term performance trends (Eberhard 2023; Wall et al. 2021)

« Prompting reflections and considering full performance history (Isler et al. 2020; Yelbuz et al. 2022)
Duration neglect « Using visual tools to show long-term performance trends (Eberhard 2023; Wall et al. 2021)

« Prompting reflections and considering full performance history (Isler et al. 2020; Yelbuz et al. 2022)
Planning fallacy « Adopting Reference Class Forecasting (Batselier and Vanhoucke 2016; Flyvbjerg 2007)

« Using visual tools to show long-term performance trends (Eberhard 2023; Wall et al. 2021)
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their evaluations with data (Criado-Perez et al. 2024; Yelbuz
et al. 2022). These suggestions primarily relate to Assumption 4
in the DU model, which posits that decision-makers can ratio-
nally evaluate performance over time.

4.7 | Eliciting Value/Utility Functions

Research consistently shows that temporal location significantly
influences the value of alternatives (Ernst et al. 2018; Godovykh
and Hahm 2020; Jang and Urminsky 2023; Krieger et al. 2021;
Motoki et al. 2023; Weingarten et al. 2021). When there are
various resolution times to consider simultaneously, present
bias may distort the shape of the value functions by systemat-
ically shifting the perceived values of certain attribute levels.
Furthermore, how alternatives are presented on a time horizon
also plays a significant role. For example, there is a difference
between framing the questions as deferral or expedited regard-
ing being subject to present bias (Malkoc and Zauberman 2006).
The desirability of any attribute level would differ depending on
whether it is framed as delaying the outcome versus speeding it
up (Loewenstein 1988). Since people dislike delays more than
they like speeding up rewards, their evaluations will be affected
by the time frame.

When there is uncertainty, utility functions are employed instead
of value functions. One of the critical parameters in utility elici-
tation is the risk preferences of individuals, which might also be
subject to biases (Chanel et al. 2023; Karl et al. 2021; Nofsinger
and Shank 2019; Schleich et al. 2019). The duration neglect may
increase sensitivity to small probabilities and transform the risk
preferences of decision-makers (Chanel et al. 2023). If a risk-
neutral decision-maker is biased by duration neglect, they may
become risk-averse, and eventually, their utility function might
change. On the other hand, research reveals that individuals
who have planning fallacy are more likely to be risk-seeking,
which may result in a more convex utility function (Puri and

Robinson 2007). Moderated risk preferences and the resulting
utility functions can distort the aggregation of attributes, poten-
tially leading to the rejection of superior alternatives.

Besides influencing risk preferences, planning fallacy may
also lead to over—/undervaluation of the attribute levels (Katt
et al. 2021; Konig et al. 2015). Since they overlook the potential
obstacles and assign disproportionate values to attributes that
appear easy to achieve, these decision-makers might end up
with distorted functions.

Environmental and physiological factors are also crucial.
Research on projection bias reveals that current circumstances,
including weather, visceral factors, air quality, financial well-
being, and health, are difficult to isolate from judgements
about future preferences (Buchheim and Kolaska 2017; Chen
et al. 2019; Loewenstein et al. 2003). If decision-makers are
under the influence of one or more of these factors during elic-
itation, they are less likely to think or behave rationally. They
might project influences of their current situation onto the fu-
ture and end up with short-sighted assessments. Similarly, ex-
periments from behavioural economics reveal that recency-bias
causes people to be unable to extend the evaluation period, and
form values only considering recently encountered, limited in-
formation (Cakici and Zaremba 2023; Hao et al. 2016; Irani and
Kim 2023; Rabbani et al. 2021). In such cases, the elicited value
functions are unlikely to fully reflect the individuals' prefer-
ences, limiting the potential to arrive at a satisfactory solution.

4.8 | Suggestions to Reduce the Impact of Biases in
Eliciting Value/Utility Functions

As summarized in Table 4, a few strategies can potentially re-
duce the impact of biases. Mitigating the negative effects first re-
quires awareness (Balakrishnan et al. 2020). A facilitator should
acknowledge decision-makers' time preferences and approach

TABLE 4 | Suggestions to reduce time-related biases in eliciting value or utility functions.

Time-related biases

Suggestions

Present bias

Providing a waiting period between information receiving and elicitation steps (Imas et al. 2022)

« Group decision making (Delbecq and van de Ven 1971)

Projection bias « Eliciting functions in a controlled environment (Buchheim and Kolaska 2017; Loewenstein

et al. 2003)

et al. 2021)

Recency bias

Controlling for psychological drivers and visceral effects (G. Fisher and Rangel 2014; Haushofer

Performing multiple measurements (Strijbosch et al. 2019)

« Group decision making and accountability (Delbecq and van de Ven 1971; Lau et al. 2016;

Schillemans 2022)

Impact bias

Motivating people to think about multiple time points (Lench et al. 2011; C. Morewedge et al. 2005)

« Group decision making and accountability (Delbecq and van de Ven 1971; Lau et al. 2016;

Schillemans 2022)

Duration neglect « Performing multiple measurements (Strijbosch et al. 2019)
« Using external information sources (Roy and Christenfeld 2007)

Planning fallacy

Exercising episodic future thinking (Atance and O'Neill 2001; Schacter et al. 2017)

« Considering empirical benchmarks from historical datasets (Shmueli et al. 2016)
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elicitation tasks systematically. Providing decision-makers with
a waiting period to elaborate more on different attribute levels
may reduce present bias (Imas et al. 2022). If this time between
information receiving and value elicitation is spent for careful
elaboration and reflection, the temptation of immediacy can be
reduced (Criado-Perez et al. 2024; Isler et al. 2020). The facilitator
may also initiate a discussion and motivate decision-makers to
reflect on the decision context. These practices help them to bet-
ter understand the problem and provide informed judgements.

Before elicitation, it might be useful to discuss with decision-
makers the number of time horizons to be considered and the
discount rates to be applied to different attributes (Mishan and
Quah 2020). Defining these elements in advance makes the tem-
poral assumptions of the analysis explicit and provides a clear
frame for subsequent judgements. This early clarification can
also help limit distortions such as present bias, and it is consis-
tent with Assumptions 2 and 3 of the DU model. Encouraging
decision-makers to consider multiple future time points simul-
taneously can help reduce their tendency to focus excessively on
the timing of one outcome. For example, while eliciting the value
function of the environmental impact attribute in a problem,
thinking about multiple future time points such as 1 year, 5years,
and 10years may help decision-makers avoid disproportionately
focusing on immediate costs or benefits. The facilitator can ask
decision-makers to imagine how the values they provided may
differ for these future time points. This mental exercise may fos-
ter a broader assessment, allowing for a better understanding
of the attribute's long-term implications (Lench et al. 2011; C.
Morewedge et al. 2005), aligning with Assumption 1.

The facilitator should also control for potentially confounding
variables like weather, air quality, health, and financial stress
(Briz et al. 2015; Buchheim and Kolaska 2017; Chen et al. 2019;
Conlin et al. 2007; Loewenstein et al. 2003). For example, they
should not prefer a day with extreme weather for elicitation,
especially if the problem includes planning-related attributes.
Because people often assume that current conditions will persist
into the future, their responses are likely to be shaped by extreme
weather events and the restrictions these conditions impose
(Loewenstein et al. 2003). Controlling for external factors relates
to Assumptions 1 and 3 of the DU model by helping with balanced
contributions from time points and consistency in judgements.
Doing a pretest and trying to understand the current status of
decision-makers before starting the elicitation can be helpful. For
instance, in a problem that requires value elicitation for monetary
attributes, the facilitator may apply a short prescreening survey
and identify the participants who have experienced financial pres-
sure recently. These participants can be flagged and observed for
signs of discomfort or distraction during the procedure. By doing
so, the elicited functions can then be interpreted with the unique
circumstances of these individuals in mind. Prescreening gives
the facilitator the opportunity to get to know decision-makers
better. Alternatively, for health-related problems, facilitators may
ask decision-makers to complete a well-being test to reveal pain
or discomfort that could affect evaluations. These strategies relate
to Assumption 4 of the DU model, supporting decision-makers in
forming well-informed judgements.

Risk preferences must be thoughtfully examined in relation to
their underlying drivers, such as stress (Haushofer et al. 2021)

and visceral influences (Briz et al. 2015; Fisher and Rangel 2014).
The facilitator should select a time for elicitation when the
decision-maker is in a neutral emotional state, free from the
influence of visceral factors such as hunger or thirst, and fully
prepared to engage with the task. As discussed earlier, these
states can be identified by conducting a short survey or directly
communicating with decision-makers. If the facilitator thinks
decision-makers are stressed or influenced by visceral factors,
they should focus on these problems before starting with elici-
tation. Creating a calm, distraction-free environment, encour-
aging decision-makers to share their concerns and feelings, and
providing regular breaks to prevent fatigue can all be helpful.
In relation to Assumption 4, these ideas help decision-makers
engage more and provide informed judgements.

Instead of eliciting the value or utility functions once, doing mul-
tiple measurements may help to control for duration neglect and
recency biases (Strijbosch et al. 2019). The dominant influence
of recently encountered events on judgements can be balanced if
the measurements are repeated at different times. This sugges-
tion relates to the utility independence principle of the DU model
(Assumption 1) and increases the likelihood of evaluating each
period independently, without them influencing or distorting one
another. However, as elicitation is an interactive and cognitively
demanding process, conducting multiple measurements can lead
to decision fatigue. Facilitators should be mindful of this and de-
sign the process to minimize unnecessary cognitive load while
maintaining the quality of the elicited preferences.

Episodic future thinking (EFT) refers to a cognitive ability
to imagine and simulate specific events that can happen in
the future, and it can serve as a promising strategy for reduc-
ing planning fallacy (Atance and O'Neill 2001). The facilitator
can prompt decision-makers to adopt EFT, enabling them to
better anticipate potential obstacles and provide more realistic
judgements about the outcomes (Schacter et al. 2017). Another
strategy for reducing the planning fallacy might be provid-
ing empirical benchmarks from historical datasets (Shmueli
et al. 2016). Drawing on a similar past example can encourage
decision-makers to approach the problem holistically and con-
sider potential obstacles.

Individuals generally elicit values by comparing the desirabil-
ity of different levels to a reference point in mind. If they have
distorted memories, they will likely end up with biased value
functions (Roy and Christenfeld 2007). For example, duration
neglect may result in the elicitation of functions based on an
altered reference point. The facilitator could ask more detailed
questions or use external information sources. Prompting
decision-makers to provide more detailed narratives of their ex-
periences (Schwarz 1999), asking follow-up questions that chal-
lenge oversimplifications, and leveraging external data (Wilson
and Schooler 1991) are among the strategies that can be used
to reduce these memory problems. These ideas help decision-
makers better anticipate their future preferences and are there-
fore related to Assumption 4 of the DU model.

Inviting multiple decision-makers with diverse viewpoints can
help balance short- and long-term considerations (Charness
and Sutter 2012). Although collective decision-making could
help attenuate extreme preferences and present bias, it is crucial
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to ensure structured deliberation and facilitated discussions.
Embracing a systematic procedure can bring implicit individual
biases to the surface and encourage group members to reflect on
their preferences (Dalkey and Helmer 1963). Receiving feedback
from each other or trying to reach a consensus in a group setting
can help decision-makers realize if and how their judgements
might be biased (relates to Assumption 4). In addition, group
decision-making can benefit from the accountability aspect,
which has been found to serve as an effective strategy against
recency and impact biases (Lau et al. 2016; Schillemans 2022).

4.9 | Eliciting Attribute Weights

Time-related biases can distort decision-makers' preferences
and judgements, leading to higher or lower attribute weights.
Present bias will likely lead individuals to assign higher weights
to attributes that reveal sooner benefits (immediate gratification)
(Cheunget al. 2022; Hardisty et al. 2013; Shiba and Shimizu 2020).
When an attribute involves a waiting period or outcomes emerg-
ing in the distant future, decision-makers may perceive it as less
desirable. They might be more likely to trade off this attribute for
immediate gains, leading to lower scaling constants.

The temporal framing of attributes can shape decision-makers’
willingness to pay (Frederick et al. 2002). As a result, they
may end up with higher or lower weights (Hardisty et al. 2013;
Malkoc et al. 2010; Thoma and Tytus 2018). For example, if an
attribute is framed with an acceleration glance, it can get higher
weights because of present bias. On the other hand, framing an
attribute with a delay hint may lead the same decision-maker to
assign a lower weight to this attribute.

Because of the peak-end rule and recency bias, decision-makers
tend to remember extreme examples or recently encountered

events more vividly. Given that memory is an indispensable
factor while identifying the relative importance of an attri-
bute, these outliers could influence the trade-off procedure as
being salient (Chen et al. 2020; Forster and Kuhbandner 2022;
Hoogerheide and Paas 2012; Krieger et al. 2021; Rabbani
et al. 2021). For example, suppose that a group of authorities is
tasked with formulating a national healthcare policy after ex-
periencing a pandemic outbreak and its severe consequences.
These decision-makers may place significantly higher weights on
pandemic-related attributes, such as supply chain robustness or
crisis response capacity, while potentially undervaluing future-
oriented and less salient attributes, such as preventative health-
care and environmental sustainability (Guerriero et al. 2020).
From a similar point of view, projection bias may cause assign-
ing higher weights to attributes similar to current preferences.
Believing current preferences will remain unchanged can lead
individuals to prioritize attributes relevant to present circum-
stances, often overlooking a thorough evaluation of their long-
term implications (Augenblick and Rabin 2019; Briz et al. 2015;
Chang et al. 2018; G. Fisher and Rangel 2014; Lemay et al. 2015).

When a sequence of undesirable events ends with a positive ex-
perience, people remember the duration as shorter and the expe-
rience much positive. Suppose there is an attribute related to the
duration of an experience in an MADM problem. In this case,
the decision-maker may be unable to call memories correctly,
which causes assigning distorted importance weights to these
attributes (Hetou et al. 2021; Redelmeier et al. 2003). For exam-
ple, if a patient’s memory is distorted by duration neglect about
the length of a painful medical procedure they went through,
they will likely assign a lower weight to this attribute next time
(Yen et al. 2023).

Decision-makers with impact bias may assign higher weights
to some attributes by assuming their future impacts will be

TABLE 5 | Suggestions to reduce time-related biases in eliciting attribute weights.

Time-related biases

Suggestions

Present bias « Using a systematic method instead of direct rating (Keeney and Raiffa 1975)
« Using mental simulations (Buechel et al. 2017; Gilbert et al. 1998)

Projection bias « Using social distance phenomenon (Bauckham et al. 2019; Buechel et al. 2014; Gilbert et al. 1998)
« Using mental simulations (Buechel et al. 2017; Gilbert et al. 1998)
« Using a systematic method instead of direct rating (Keeney and Raiffa 1975)

Receny bias « Using time-reversal heuristic (Ernst et al. 2018)
« Using social distance phenomenon (Bauckham et al. 2019; Buechel et al. 2014; Gilbert et al. 1998)
« Using mental simulations (Buechel et al. 2014; Gilbert et al. 1998)
« Adopting different perspectives (Boltz and Yum 2010; Thoma and Tytus 2018)

Impact bias « Motivating people to think about multiple time points (Eastwick et al. 2008; Lench et al. 2011)
« Using mental simulations (Buechel et al. 2017; Gilbert et al. 1998)
 Using social distance phenomenon (Bauckham et al. 2019; Buechel et al. 2014; Gilbert et al. 1998)

Duration neglect « Using external information sources (Kanten 2011; Katt et al. 2021; Peetz et al. 2010; Weick and

Guinote 2010)

et al. 2009)

Planning fallacy

Encouraging retrospective reflection and increasing familiarity of decision-makers (C. K. Morewedge

Exercising episodic future thinking for the attributes (Atance and O'Neill 2001; Schacter et al. 2017)
Considering empirical benchmarks from historical datasets (Shmueli et al. 2016)
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powerful and prolonged (Buechel et al. 2014; Karl et al. 2021;
van Dijk et al. 2008). Continuing with the national healthcare
policy example, if the decision-makers believe failing supply
chain robustness will cause them a feeling of powerful regret in
the future, they may overestimate the impact of this feeling and
assign higher importance to this attribute. Similarly, planning
fallacy may cause decision-makers to assign lower or higher
weights to some attributes by making overoptimistic judge-
ments (Katt et al. 2021; Konig et al. 2015).

4.10 | Suggestions to Reduce the Impact of Biases
in Eliciting Attribute Weights

Table 5 illustrates a few useful strategies. Given the extensive
research highlighting the differences in attribute weighting
methods and their susceptibility to various biases (Montibeller
and von Winterfeldt 2015; Péyhonen and Hdméldinen 2001),
preferring a well-structured elicitation method not only helps
maintain consistency but also can mitigate present and pro-
jection biases. For example, opting for a method that requires
decision-makers to perform multiple explicit trade-offs can help
initiate a thought process to consider the long-term effects of
each attribute. By doing so, decision-makers can reflect their
judgements more deliberately rather than impulsively favouring
short-term attributes (Assumption 4). Additionally, tools such
as consistency ratios built into systematic weighting methods
can help facilitators uncover inconsistencies in decision-makers’
preferences and take action to ensure that assigned weights are
consistent not only with the overall decision context but also
with individuals' long-term objectives (Assumption 3).

While determining the importance of the attributes, the facil-
itator may support decision-makers with external information
sources rather than solely relying on memories and intuitions
(Assumption 4). This can reduce duration neglect and recency
bias (Kanten 2011; Katt et al. 2021; Peetz et al. 2010; Weick and
Guinote 2010). For example, when evaluating a time-related at-
tribute, providing decision-makers with information about the
duration of a similar past incident can help reduce bias (Batselier
and Vanhoucke 2016; Flyvbjerg 2007). When external sources
are unavailable, a facilitator can encourage retrospective re-
flection and motivate decision-makers to rethink their past
experiences (Isler et al. 2020; Morewedge et al. 2009; Yelbuz
et al. 2022).

A facilitator can help decision-makers elicit attribute weights
aligned with their values rather than biased judgements by shift-
ing their time perception. For instance, if they are aided to adopt
the time reversal heuristic and reverse past events' chronolog-
ical order while deciding on the importance level of related
attributes, they can become less subject to recency bias (Ernst
et al. 2018). This strategy helps ensure that different time points
are considered equally when forming judgements about weights
(Assumptions 1 and 4).

Another strategy for managing the influences of the current cir-
cumstances or recently experienced events can be motivating
decision-makers to embrace the social distance phenomenon
(Bauckham et al. 2019; Peetz et al. 2010). If they are encour-
aged to distance themselves from the problem and look at the

attributes from a different point of view, decision-makers can ex-
tend the evaluation beyond recent experiences (Assumption 4).
For instance, the facilitator may ask, “What would your col-
league (or your future self) think about the importance rela-
tionship between these attributes?’. This perspective reduces
the over-involvement of present circumstances and helps
decision-makers to judge attribute importance from a broader
perspective.

The facilitator may reduce the influence of impact bias by moti-
vating decision-makers to think about multiple future aspects of
an attribute (Eastwick et al. 2008; Lench et al. 2011). In relation
to Assumption 4 of the DU model, broader thinking with mul-
tiple parameters can lead to more balanced trade-offs and re-
duce the influence of impact bias (Yelbuz et al. 2022). Similarly,
encouraging future simulations with data-driven methods, such
as what-if scenarios or visualizations of long-term trends, can
help the facilitator control impact bias in attribute weighting
(Eberhard 2023).

Decision-makers with planning fallacy may underweight risk-
related attributes and overweight positive ones. Episodic future
thinking could help counteract these tendencies by encouraging
decision-makers to envision future scenarios more realistically
(Atance and O'Neill 2001; Schacter et al. 2017). The facilitator
could motivate episodic future thinking for mentally simulating
scenarios where risks could materialize. Imagining potential fu-
ture obstacles may lead to revising the timeline to include con-
tingency for risks and to re-evaluate the attribute weights.

4.11 | Propagation of Time-Related Biases in
the MADM Process

As briefly mentioned in previous sections, biases in the initial
steps can trigger a cumulative chain reaction, propagating dis-
tortions throughout subsequent steps of the MADM process.
Since each step's outcome becomes the input for the next, and
the problem's foundations are laid in the initial stages, biases
arising early in the process can have disproportionately large ef-
fects. For example, if the planning fallacy leads to setting biased
objectives in the first step, this can affect attribute identification,
influencing which attributes are considered and how they are
prioritized. Moreover, the number and nature of identified attri-
butes will affect how scaling constants are distributed and val-
ues are elicited, potentially reinforcing biased perspectives. As a
result, the aggregated values of the alternatives will be affected,
and this sequence of distortions will ultimately lead to the se-
lection of a less desirable alternative. Therefore, initial steps re-
quire particular attention to ensure the problem is structured
systematically and the influences of time-related biases are re-
duced as much as possible.

It is also possible that a bias emerging within a step is inten-
sified by another bias either in the same step or across steps.
For instance, a projection bias and recency effect can have this
type of relationship in the attribute weighting step. While the
recency effect leads decision-makers to believe that recently en-
countered attributes hold much more importance than others,
projection bias may intensify this belief for attributes with fu-
ture implications. Eventually, these two biases may cause the
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over-weighting of some attributes. The successive dynamic of
the MADM framework necessitates a holistic approach and
robust mitigation at each phase of the evaluation to avoid such
negative effects.

It can also happen that the adverse effects of biases cancel each
other out, as discussed by Lahtinen and Hédméldinen (2016).
Depending on the sequence of steps followed in the decision-
making process, some biases may lead to different results, either
by accumulating in favour of one alternative or canceling each
other's effects throughout the evaluation. While some biases
distort intertemporal judgements, their interplay can sometimes
result in a balancing effect. For example, impact bias magnifies
the intensity of emotional outcomes, while duration neglect un-
derestimates the length of experiences. In choosing between two
alternative projects, impact bias may cause an overestimation of
the satisfaction from completing an important short-term project.
On the other hand, duration neglect might result in undervaluing
the steady benefits of a longer-term project. Together, these two
biases may lead to a more balanced assessment. Recognizing po-
tential cancellations or propagation within or across the steps re-
quires a careful understanding of how each bias operates within
the MADM process. The insights provided by this research are
intended to support and enhance these practices.

5 | Conclusion and Future Research Directions

This study explored time-related biases in the prescriptive con-
text of the MADM. Our critical review of the MAVT framework
reveals numerous vulnerabilities at various stages, contributing
to the literature by discussing potential distortions in evalua-
tions and proposing some ideas for mitigation. A thorough anal-
ysis of each step demonstrates that the MADM process might be
highly susceptible to time-related biases, necessitating careful
consideration from the initial stages of objective setting toward
attribute weighting and value elicitation. We illustrated how
unaddressed biases can lead to follow-up problems and cause
undesired outcomes. Our review highlights the imperative of in-
corporating related behavioural insights and adopting system-
atic methods for mitigation at each step. From a practical point
of view, this study helps practitioners and facilitators to under-
stand the role of biases in intertemporal trade-offs and make
more informed decisions with MADM methods.

The findings of this study should be interpreted in light of
certain limitations. First, we reviewed the literature, which
mainly relies on choice experiments, and projected the empir-
ical findings onto the MADM process to discuss the potential
impacts of the biases. Although these studies were cautiously
taken from the literature and discussed in relation to the
MADM dynamics, real-life problems may introduce different
challenges. Experimental validation of the reported deviations
will be crucial to generalizing our findings. Subsequent inves-
tigations could also examine the reported ideas through real-
life case studies, investigating how time-related biases emerge
in specific contexts and how they can be mitigated in prac-
tice. Such case studies may yield valuable insights for better
understanding the role of these biases in real-world decision-
making. Second, given the limited literature in the prescrip-
tive domain, we approached all time-related biases with equal

consideration, regardless of whether they might be perceived
as more serious or more trivial. Future research could build on
this by developing a taxonomy of these biases, enabling facil-
itators to more effectively prioritize mitigation efforts. Third,
this study has presented several promising ideas that could in-
form debiasing strategies in MADM processes. However, these
ideas are primarily conceptual and have not yet been empiri-
cally tested. Future research should focus on validating these
approaches through controlled experiments and real-world
case studies to evaluate their effectiveness and refine their
practical application. A promising avenue for further investi-
gation involves assessing the suitability of the proposed miti-
gation ideas for certain decision situations. Fourth, this study
employed MAVT, a value/utility-based method, to discuss the
identified biases and mitigation strategies. Although the ex-
amined steps are largely common to many MADM methods,
future research could explicitly test other approaches, such
as pairwise comparison. Additionally, comparing the suscep-
tibility of different methods to biases presents an interesting
avenue for further investigation.

We believe this study will spark further research into time pref-
erences and biases in MADM, leading to more resistant decision-
making frameworks. In parallel, more debiasing strategies will
be developed and validated, considering the unique dynamics
of the trade-off process. By understanding and mitigating inter-
temporal biases, we can achieve more reliable decisions, benefit-
ing from more practical applications.
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Endnotes

'In this study, descriptive refers to understanding how people make
decisions based on observed behaviours or empirical data, while nor-
mative concerns ideal standards, focusing on what rational individuals
should do. Prescriptive approaches address methods to guide decision-
makers toward better solutions (Bell et al. 1988).

References

Ackermann, F., and C. Eden. 2020. “Strategic Options Development and
Analysis.” In Systems Approaches to Making Change: A Practical Guide,
139-199. Springer London.

Ainslie, G. 1975. “Specious Reward: A Behavioral Theory of
Impulsiveness and Impulse Control.” Psychological Bulletin 82, no. 4:
463-496.

Journal of Multi-Criteria Decision Analysis, 2026

150f 19

85U80 |7 SUOIWOD 3AEaID) 3|qedl|dde 8y Aq peusenof are Sa|oILe YO ‘8SN JO Sa|NI 1o ARIq1T3UIIUO A8|IAA UO (SUOIPUOD-PUE-SWLBY/W0D" A3 1M Afe.d 1BUI|UO//SANU) SUORIPUOD PUe Swie 18U 88s *[9202/90/60] Uo AreidqiT8ulluO AB|IM ‘1A NL A SE002BPOW/Z00T OT/I0p/wW00" A3 1M ARe.q iUl juo//Sdny Woi) papeo|umoq ‘Z ‘920z ‘09ETE60T


http://chatgpt.com
http://grammarly.com

Anderhub, V., and W. Giith. 2001. “On the Interaction of Risk and Time
Preferences: An Experimental Study.” German Economic Review 2, no.
3:239-253.

Arkes, H. R. 1991. “Costs and Benefits of Judgment Errors: Implications
for Debiasing.” Psychological Bulletin 110, no. 3: 486-498.

Arnott, D. 1998. “A Taxonomy of Decision Biases. Monash University,
School of Information Management and Systems, Caulfield”.

Atance, C. M., and D. K. O'Neill. 2001. “Episodic Future Thinking.”
Trends in Cognitive Sciences 5, no. 12: 533-539.

Augenblick, N.,and M. Rabin. 2019. “An Experiment on Time Preference
and Misprediction in Unpleasant Tasks.” Review of Economic Studies 86,
no. 3: 941-975.

Balakrishnan, U., J. Haushofer, and P. Jakiela. 2020. “How Soon Is Now?
Evidence of Present Bias From Convex Time Budget Experiments.”
Experimental Economics 23, no. 2: 294-321.

Bang, D., and C. D. Frith. 2017. “Making Better Decisions in Groups.”
Royal Society Open Science 4, no. 8: 170193.

Bardosh, K., A. De Figueiredo, and S. Baral. 2022. “The Unintended
Consequences of Covid-19 Vaccine Policy: Why Mandates, Passports
and Restrictions May Cause More Harm Than Good.” BMJ Global
Health 7, no. 5: e008684.

Batselier, J., and M. Vanhoucke. 2016. “Practical Application and
Empirical Evaluation of Reference Class Forecasting for Project
Management.” Project Management Journal 47, no. 5: 36-51.

Bauckham, G., R. Lambert, and L. Renoult. 2019. “Predicting Our Own
and Others' Future Preferences: The Role of Social Distance.” Quarterly
Journal of Experimental Psychology 72, no. 3: 634—642.

Bell, D. E., H. Raiffa, and A. Tversky. (Eds.) 1988. Decision Making:
Descriptive, Normative, and Prescriptive Interactions. Cambridge
University Press.

Boltz, M., and Y. Yum. 2010. “Temporal Concepts and Predicted
Duration Judgments.” Journal of Experimental Social Psychology 46, no.
6:895-904.

Boonmanunt, S., T. Lauer, and A. Weiss. 2020. “Field Evidence on
the Role of Time Preferences in Conservation Behavior.” Journal of
Environmental Economics and Management 104: 102368.

Briz, T., A. Drichoutis, and L. House. 2015. “Examining Projection
Bias in Experimental Auctions: The Role of Hunger and Immediate
Gratification.” Agricultural and Food Economics 3, no. 1: 1-17.

Buchheim, L., and T. Kolaska. 2017. “Weather and the Psychology of
Purchasing Outdoor Movie Tickets.” Management Science 63, no. 11:
3718-3738.

Buechel, E., J. Zhang, and C. K. Morewedge. 2017. “Impact Bias or
Underestimation? Outcome Specifications Predict the Direction of
Affective Forecasting Errors.” Journal of Experimental Psychology:
General 146, no. 5: 746.

Buechel, E., J. Zhang, and J. Vosgerau. 2014. “More Intense Experiences,
Less Intense Forecasts: Why People Overweight Probability
Specifications in Affective Forecasts.” Journal of Personality and Social
Psychology 106, no. 1: 20-36.

Cakici, N., and A. Zaremba. 2023. “Recency Bias and the Cross-Section
of International Stock Returns.” Journal of International Financial
Markets Institutions and Money 84: 101738.

Carvalho, L., S. Meier, and S. Wang. 2016. “Poverty and Economic
Decision-Making: Evidence From Changes in Financial Resources at
Payday.” American Economic Review 106, no. 2: 260-284.

Chanel, O., S. Lyk-Jensen, and J. Vergnaud. 2023. “Does Affective
Forecasting Error Induce Changes in Preferences? Lessons From
Danish Soldiers Anticipating Combat in Afghanistan.” Defence and
Peace Economics 34, no. 5: 660-683.

Chang, T., W. Huang, and Y. Wang. 2018. “Something in the Air:
Pollution and the Demand for Health Insurance.” Review of Economic
Studies 85, no. 3: 1609-1634.

Charness, G., and M. Sutter. 2012. “Groups Make Better Self-
Interested Decisions.” Journal of Economic Perspectives 26, no. 3:
157-176.

Che, Y., H. Feng, and D. A. Hennessy. 2020. “Recency Effects and
Participation at the Extensive and Intensive Margins in the Federal
Crop Insurance Program.” Geneva Papers on Risk and Insurance-Issues
and Practice 45, no. 1: 52-85.

Chen, S., P. Qin, and C. Wei. 2019. “Recency and Projection Biases
in Air Quality Valuation by Chinese Residents.” Science of the Total
Environment 648: 618-630.

Chen, Z., X. Wang, and J. Wang. 2020. “An Integrated Probabilistic
Linguistic Projection Method for MCGDM Based on ELECTRE Il and the
Weighted Convex Median Voting Rule.” Expert Systems 37, no. 6: €12593.

Cheung, S., A. Tymula, and X. Wang. 2022. “Present Bias for Monetary
and Dietary Rewards.” Experimental Economics 25, no. 4: 1202-1233.

Conlin, M., T. O'donoghue, and T. Vogelsang. 2007. “Projection Bias in
Catalog Orders.” American Economic Review 97, no. 4: 1217-1249.

Cooper, G. S., and V. Meterko. 2019. “Cognitive Bias Research in
Forensic Science: A Systematic Review.” Forensic Science International
297: 35-46.

Criado-Perez, C., C. Jackson, and C. G. Collins. 2024. “Cognitive
Reflection and Decision-Making Accuracy: Examining Their
Relation and Boundary Conditions in the Context of Evidence-Based
Management.” Journal of Business and Psychology 39, no. 1: 249-273.

Currim, I. S., and R. K. Sarin. 1984. “A Comparative Evaluation of
Multiattribute Consumer Preference Models.” Management Science 30,
no. 5: 543-561.

Dalkey, N., and O. Helmer. 1963. “An Experimental Application of the
Delphi Method to the Use of Experts.” Management Science 9, no. 3:
458-467.

Del Carpio, M. B., F. Alpizar, and P. J. Ferraro. 2022. “Time and Risk
Preferences of Individuals, Married Couples, and Unrelated Pairs.”
Journal of Behavioral and Experimental Economics 97: 101794.

Delbecq, A. L., and A. H. van de Ven. 1971. “A Group Process Model
for Problem Identification and Program Planning.” Journal of Applied
Behavioral Science 7, no. 4: 466-492.

DiPierro, K., H. Lee, and J. J. Choi. 2022. “Groupthink Among Health
Professional Teams in Patient Care: A Scoping Review.” Medical Teacher
44, no. 3: 309-318.

Dyer, J. S., and R. K. Sarin. 1979. “Measurable Multiattribute Value
Functions.” Operations Research 27, no. 4: 810-822.

Eastwick, P., E. Finkel, and G. Loewenstein. 2008. “Mispredicting
Distress Following Romantic Breakup: Revealing the Time Course
of the Affective Forecasting Error.” Journal of Experimental Social
Psychology 44, no. 3: 800-807.

Eberhard, K. 2023. “The Effects of Visualization on Judgment and
Decision-Making: A Systematic Literature Review.” Management
Review Quarterly 73, no. 1: 167-214.

Eden, C. 1988. “Cognitive Mapping.” European Journal of Operational
Research 36, no. 1: 1-13.

Eghbali-Zarch, M., R. Tavakkoli-Moghaddam, and S. Masoud. 2022.
“Prioritizing the Glucose-Lowering Medicines for Type 2 Diabetes by
an Extended Fuzzy Decision-Making Approach With Target-Based
Attributes.” Medical & Biological Engineering & Computing 60, no. 8:
2423-2444.

Ehrlinger, J., W. O. Readinger, and B. Kim. 2016. “Decision-Making and
Cognitive Biases.” Encyclopedia of Mental Health 12, no. 3: 83-87.

16 of 19

Journal of Multi-Criteria Decision Analysis, 2026

85U80 |7 SUOIWOD 3AEaID) 3|qedl|dde 8y Aq peusenof are Sa|oILe YO ‘8SN JO Sa|NI 1o ARIq1T3UIIUO A8|IAA UO (SUOIPUOD-PUE-SWLBY/W0D" A3 1M Afe.d 1BUI|UO//SANU) SUORIPUOD PUe Swie 18U 88s *[9202/90/60] Uo AreidqiT8ulluO AB|IM ‘1A NL A SE002BPOW/Z00T OT/I0p/wW00" A3 1M ARe.q iUl juo//Sdny Woi) papeo|umoq ‘Z ‘920z ‘09ETE60T



Ernst, A. F., R. Hoekstra, E. J. Wagenmakers, A. Gelman, and D. van
Ravenzwaaij. 2018. “Do Researchers Anchor Their Beliefs on the
Outcome of an Initial Study? Testing the Time-Reversal Heuristic.”
Experimental Psychology 65, no. 3: 158-169.

Finkenauer, C., M. Gallucci, and M. Pollmann. 2007. “Investigating
the Role of Time in Affective Forecasting: Temporal Influences on
Forecasting Accuracy.” Personality and Social Psychology Bulletin 33,
no. 8:1152-1166.

Finn, B., and D. Miele. 2016. “Hitting a High Note on Math Tests:
Remembered Success Influences Test Preferences.” Journal of
Experimental Psychology: Learning, Memory, and Cognition 42, no. 1: 17.

Fishburn, P. C., and A. Rubinstein. 1982. “Time Preference.”
International Economic Review 23, no. 3: 677-694.

Fisher, G., and A. Rangel. 2014. “Symmetry in Cold-To-Hot and Hot-To-
Cold Valuation Gaps.” Psychological Science 25, no. 1: 120-127.

Fisher, 1. 1930. The Theory of Interest as Determined by Impatience to
Spend Income and Opportunity to Spend It. Macmillan Company.

Flyvbjerg, B. 2007. “Curbing Optimism Bias and Strategic
Misrepresentation in Planning: Reference Class Forecasting in
Practice.” European Planning Studies 16, no. 1: 3-21.

Forster, M., and C. Kuhbandner. 2022. “Are Student Teachers' Overall
Expected Emotions Regarding Their Future Life as a Teacher Biased
Toward Their Expected Peak Emotions?” Frontiers in Psychology 13:
816456.

Forsyth, D., and C. Burt. 2008. “Allocating Time to Future Tasks: The
Effect of Task Segmentation on Planning Fallacy Bias.” Memory &
Cognition 36, no. 4: 791-798.

Frederick, S., G. Loewenstein, and T. O'Donoghue. 2002. “Time
Discounting and Time Preference: A Critical Review.” Journal of
Economic Literature 40, no. 2: 351-401.

Fredrickson, B., and D. Kahneman. 1993. “Duration Neglect in
Retrospective Evaluations of Affective Episodes.” Journal of Personality
and Social Psychology 65, no. 1: 45.

Fuchs, V. R. 1980. Time Preference and Health: An Exploratory Study.
National Bureau of Economic Research.

Gallagher, M., T. Hares, and I. Webb. 1993. “The Nominal Group
Technique: A Research Tool for General Practice?” Family Practice 10,
no. 1: 76-81.

Gilbert, D., M. Gill, and T. Wilson. 2002. “The Future Is Now: Temporal
Correction in Affective Forecasting.” Organizational Behavior and
Human Decision Processes 88, no. 1: 430-444.

Gilbert, D., T. Wilson, and T. Wheatley. 1998. “Immune Neglect:
A Source of Durability Bias in Affective Forecasting.” Journal of
Personality and Social Psychology 75, no. 3: 617-638.

Godovykh, M., and J. Hahm. 2020. “Does the Sequence of Presentations
Matter for Academic Conferences? An Application of the Peak-End
Rule in Event Management.” Journal of Convention & Event Tourism
21, no. 3: 201-224.

Greco, S., J. Figueira, and M. Ehrgott. 2016. Multiple Criteria Decision
Analysis. Vol. 37. Springer.

Gregory, W. F., D. Nirmala, and L. David. 1987. “Preferences for Proxy
Attributes.” Management Science 33, no. 2: 198-214.

Guan, L., Z. Huang, and S. Jin. 2022. “Time Preference and Nutrition Label
Use: Evidence From China.” Economics and Human Biology 47: 101184.

Guerriero, C., A. Haines, and M. Pagano. 2020. “Health and Sustainability in
Post-Pandemic Economic Policies.” Nature Sustainability 3, no. 7: 494-496.

Gulum Tas, P., Y. Maknoon, and J. Rezaei. 2026. “Time's Influence:
A Systematic Review of Biases in Intertemporal Decision-Making.”
Annual Review of Psychology 77: 223-254.

Hadjichristidis, C., B. Summers, and K. Thomas. 2014. “Unpacking
Estimates of Task Duration: The Role of Typicality and Temporality.”
Journal of Experimental Social Psychology 51: 45-50.

Hands, D., and S. E. Avons. 2001. “Recency and Duration Neglect in
Subjective Assessment of Television Picture Quality.” Applied Cognitive
Psychology 15, no. 6: 639-657.

Hao, Y., H. Chu, and K. Ko. 2016. “The 52-Week High and Momentum in
the Taiwan Stock Market: Anchoring or Recency Biases?” International
Review of Economics and Finance 43: 121-138.

Hardisty, D., K. Appelt, and E. Weber. 2013. “Good or Bad, We Want It
Now: Fixed-Cost Present Bias for Gains and Losses Explains Magnitude
Asymmetries in Intertemporal Choice.” Journal of Behavioral Decision
Making 26, no. 4: 348-361.

Haushofer, J., P. Jain, and D. Ndetei. 2021. “Stress May Increase Choice
of Sooner Outcomes, but Not Temporal Discounting.” Journal of
Economic Behavior & Organization 183: 377-396.

Herrnstein, R. J., H. Rachlin, and D. I. Laibson. (Eds.). 1997. Matching
Law: Papers in Psychology and Economics. Russell Sage Foundation.

Hetou, K., D. Halstuch, and N. Power. 2021. “A Randomized Controlled
Trial of a Modified Cystoscopy Technique Using the Peak-End Rule in
Order to Improve Pain and Anxiety.” Urology 154: 33-39.

Hoerger, M. 2012. “Coping Strategies and Immune Neglect in Affective
Forecasting: Direct Evidence and Key Moderators.” Judgment and
Decision Making 7, no. 1: 86-96.

Hoogerheide, V., and F. Paas. 2012. “Remembered Utility of Unpleasant
and Pleasant Learning Experiences: Is All Well That Ends Well?”
Applied Cognitive Psychology 26, no. 6: 887-894.

Hunter, R., J. Tang, and F. Kee. 2018. “Association Between Time
Preference, Present-Bias and Physical Activity: Implications for Designing
Behavior Change Interventions.” BMC Public Health 18, no. 1: 1-12.

Imas, A., M. Kuhn, and V. Mironova. 2022. “Waiting to Choose: The
Role of Deliberation in Intertemporal Choice.” American Economic
Journal. Microeconomics 14, no. 3: 414-440.

Irani, M., and H. Kim. 2023. “The Consequences of Non-Trading
Institutional Investors. Financial.” Management 3: 433-481.

Isler, O., O. Yilmaz, and B. Dogruyol. 2020. “Activating Reflective
Thinking With Decision Justification and Debiasing Training.”
Judgment and Decision Making 15, no. 6: 926-938.

Jackson, M., and L. Yariv. 2014. “Present Bias and Collective Dynamic
Choice in the Lab?” American Economic Review 104, no. 12: 4184-4204.

Jang, M., and O. Urminsky. 2023. “Cross-Period Impatience: Subjective
Financial Periods Explain Time-Inconsistent Choices.” Journal of
Consumer Research 50, no. 4: 787-809.

Kahneman, D., and A. Tversky. 1979. “Prospect Theory: An Analysis of
Decision Under Risk.” Econometrica 47, no. 2: 363-391.

Kang, M., and S. Ikeda. 2016. “Time Discounting, Present Biases, and
Health-Related Behaviors: Evidence From Japan.” Economics and
Human Biology 21: 122-136.

Kanten, A. 2011. “The Effect of Construal Level on Predictions of
Task Duration.” Journal of Experimental Social Psychology 47, no. 6:
1037-1047.

Karl, M., F. Kock, and J. Gauss. 2021. “Affective Forecasting and Travel
Decision-Making: An Investigation in Times of a Pandemic.” Annals of
Tourism Research 87:103139.

Katt, B., A. Tawfik, and J. Hornstein. 2021. “The Planning Fallacy in the
Orthopedic Operating Room.” Cureus 13, no. 1: €12433.

Keeney, R. 1996. “Value-Focused Thinking: Identifying Decision
Opportunities and Creating Alternatives.” European Journal of
Operational Research 92, no. 3: 537-549.

Journal of Multi-Criteria Decision Analysis, 2026

17 of 19

85U80 |7 SUOIWOD 3AEaID) 3|qedl|dde 8y Aq peusenof are Sa|oILe YO ‘8SN JO Sa|NI 1o ARIq1T3UIIUO A8|IAA UO (SUOIPUOD-PUE-SWLBY/W0D" A3 1M Afe.d 1BUI|UO//SANU) SUORIPUOD PUe Swie 18U 88s *[9202/90/60] Uo AreidqiT8ulluO AB|IM ‘1A NL A SE002BPOW/Z00T OT/I0p/wW00" A3 1M ARe.q iUl juo//Sdny Woi) papeo|umoq ‘Z ‘920z ‘09ETE60T



Keeney, R., and H. Raiffa. 1975. Decision Analysis With Multiple
Conflicting Objectives: Preferences and Value Tradeoffs. John Wiley &
Sons.

Konig, C.J., A. Wirz, and R. Weidmann. 2015. “The Effects of Previous
Misestimation of Task Duration on Estimating Future Task Duration.”
Current Psychology 34: 1-13.

Koopmans, T. C. 1960. “Stationary Ordinal Utility and Impatience.”
Econometrica: Journal of the Econometric Society 28: 287-309.

Krieger, K.,J. Davis, and J. Strode. 2021. “Patience Is a Virtue: Exploiting
Behavior Bias in Gambling Markets.” Journal of Economics and Finance
45, no. 4: 735-750.

Lahtinen, T. J., and R. P. Himéldinen. 2016. “Path Dependence and
Biases in the Even Swaps Decision Analysis Method.” European Journal
of Operational Research 249, no. 3: 890-898.

Lau, T., C. Morewedge, and M. Cikara. 2016. “Overcorrection for
Social-Categorization Information Moderates Impact Bias in Affective
Forecasting.” Psychological Science 27, no. 10: 1340-1351.

Lemay, E., J. Lin, and H. Muir. 2015. “Daily Affective and Behavioral
Forecasts in Romantic Relationships: Seeing Tomorrow Through the
Lens of Today.” Personality and Social Psychology Bulletin 41, no. 7:
1005-1019.

Lench, H., M. Safer, and L. Levine. 2011. “Focalism and the
Underestimation of Future Emotion: When It's Worse Than Imagined.”
Emotion 11, no. 2: 278-285.

Liersch, M., and C. McKenzie. 2009. “Duration Neglect by Numbers-
and Its Elimination by Graphs.” Organizational Behavior and Human
Decision Processes 108, no. 2: 303-314.

Loewenstein, G. 1988. “Frames of Mind in Intertemporal Choice.”
Management Science 34, no. 2: 200-214.

Loewenstein, G., M. O'donoghue, and T. An Rabin. 2003. “Projection
Bias in Predicting Future Utility.” Quarterly Journal of Economics 118,
no. 4:1209-1248.

Loewenstein, G., and D. Prelec. 1992. “Anomalies in Intertemporal
Choice: Evidence and an Interpretation.” Quarterly Journal of Economics
107, no. 2: 573-597.

Malkoc, S., and G. Zauberman. 2006. “Deferring Versus Expediting
Consumption: The Effect of Outcome Concreteness on Sensitivity to
Time Horizon.” Journal of Marketing Research 43, no. 4: 618-627.

Malkoc, S., G. Zauberman, and J. Bettman. 2010. “Unstuck From the
Concrete: Carryover Effects of Abstract Mindsets in Intertemporal
Preferences.” Organizational Behavior and Human Decision Processes
113, no. 2: 112-126.

Mannion, R., and C. Thompson. 2014. “Systematic Biases in Group
Decision-Making: Implications for Patient Safety.” International
Journal for Quality in Health Care 26, no. 6: 606-612.

Manoogian, J., and B. Benson. 2017. “Cognitive Bias Codex”.

Marttunen, M., V. Belton, and J. Lienert. 2018. “Are Objectives
Hierarchy Related Biases Observed in Practice? A Meta-Analysis of
Environmental and Energy Applications of Multi-Criteria Decision
Analysis.” European Journal of Operational Research 265, no. 1:
178-194.

Meier, S., and C. Sprenger. 2010. “Present-Biased Preferences and Credit
Card Borrowing.” American Economic Journal: Applied Economics 2,
no. 1: 193-210.

Millemaci, E., and R. Waldmann. 2016. “Present-Biased Preferences
and Money Demand.” Economist 164, no. 2: 187-207.

Mingers, J., and J. Rosenhead. 2004. “Problem Structuring Methods
in Action.” European Journal of Operational Research 152, no. 3:
530-554.

Mishan, E. J., and E. Quah. 2020. Cost-Benefit Analysis. 6th ed.
Routledge.

Montibeller, G., and D. von Winterfeldt. 2015. “Cognitive and
Motivational Biases in Decision and Risk Analysis.” Risk Analysis 35,
no. 7: 1230-1251.

Morewedge, C., D. Gilbert, and T. Wilson. 2005. “The Least Likely of
Times: How Remembering the Past Biases Forecasts of the Future.”
Psychological Science 16, no. 8: 626-630.

Morewedge, C. K., K. S. Kassam, and E. M. Caruso. 2009. “Duration
Sensitivity Depends on Stimulus Familiarity.” Journal of Experimental
Psychology. General 138, no. 2: 177-186.

Morton, A., and B. Fasolo. 2009. “Behavioural Decision Theory for
Multi-Criteria Decision Analysis: A Guided Tour.” Journal of the
Operational Research Society 60, no. 2: 268-275.

Motoki, K., T. Saito, and T. Takano. 2023. “Imagine Distant-Future
Outcome: Mental Simulation of COVID-19 Vaccinations.” Journal of
Experimental Psychology. Applied 29, no. 2: 207-220.

Neal, T., P. Lienert, and J. P. Singh. 2022. “A General Model of Cognitive
Bias in Human Judgment and Systematic Review Specific to Forensic
Mental Health.” Law and Human Behavior 46, no. 2: 99.

Nofsinger, J., and C. Shank. 2019. “DEEP Sleep: The Impact of Sleep on
Financial Risk Taking.” Review of Financial Economics 37, no. 1: 92-105.

O'Donoghue, T., and M. Rabin. 2015. “Present Bias: Lessons Learned
and To Be Learned.” American Economic Review 105, no. 5: 273-279.

Peetz, J., R. Buehler, and A. Wilson. 2010. “Planning for the Near and
Distant Future: How Does Temporal Distance Affect Task Completion
Predictions?” Journal of Experimental Social Psychology 46, no. 5:
709-720.

Pedn, D., M. Antelo, and A. Calvo-Silvosa. 2017. “An Inclusive Taxonomy
of Behavioral Biases.” European Journal of Government and Economics
(EJGE) 6, no. 1: 24-58.

Poulton, E. 1982. “Biases in Quantitative Judgements.” Applied
Ergonomics 13, no. 1: 31-42.

Péyhonen, M., and R. P. Hamildinen. 1998. “Notes on the Weighting
Biases in Value Trees.” Journal of Behavioral Decision Making 11, no.
2:139-150.

Péyhonen, M., and R. P. Himildinen. 2001. “On the Convergence of
Multiattribute Weighting Methods.” European Journal of Operational
Research 129, no. 3: 569-585.

Puri, M., and D. T. Robinson. 2007. “Optimism and Economic Choice.”
Journal of Financial Economics 86, no. 1: 71-99.

Rabbani, A. G.,J. E. Grable, and Z. Yao. 2021. “Financial Risk Tolerance
Before and After a Stock Market Shock: Testing the Recency Bias
Hypothesis.” Journal of Financial Counseling and Planning 32, no. 2:
294-310.

Rambaud, S., P. Fernadndez, and I. Oller. 2023. “A Systematic Review
of the Main Anomalies in Intertemporal Choice.” Journal of Behavioral
and Experimental Economics 104: 101999.

Redelmeier, D., J. Katz, and D. Kahneman. 2003. “Memories of
Colonoscopy: A Randomized Trial.” Pain 104, no. 1-2: 187-194.

Rezaei, J., A. Arab,and M. Mehregan. 2022. “Equalizing Bias in Eliciting
Attribute Weights in Multiattribute Decision-Making: Experimental
Research.” Journal of Behavioral Decision Making 35, no. 2: €2262.

Rodon, C., and T. Meyer. 2012. “Searching Information on the Web
and Planning Fallacy: A Pilot Investigation of Pessimistic Forecasts.”
European Review of Applied Psychology 62, no. 2: 103-109.

Roy, M. M, and N. J. Christenfeld. 2007. “Bias in Memory Predicts Bias
in Estimation of Future Task Duration.” Memory & Cognition 35, no. 3:
557-564.

18 of 19

Journal of Multi-Criteria Decision Analysis, 2026

85U80 |7 SUOIWOD 3AEaID) 3|qedl|dde 8y Aq peusenof are Sa|oILe YO ‘8SN JO Sa|NI 1o ARIq1T3UIIUO A8|IAA UO (SUOIPUOD-PUE-SWLBY/W0D" A3 1M Afe.d 1BUI|UO//SANU) SUORIPUOD PUe Swie 18U 88s *[9202/90/60] Uo AreidqiT8ulluO AB|IM ‘1A NL A SE002BPOW/Z00T OT/I0p/wW00" A3 1M ARe.q iUl juo//Sdny Woi) papeo|umoq ‘Z ‘920z ‘09ETE60T



Saadi, N,, Y.-L. Chi, and A. Vassall. 2021. “Models of COVID-19 Vaccine
Prioritisation: A Systematic Literature Search and Narrative Review.”
BMC Medicine 19: 1-11.

Samuelson, P. A. 1937. “A Note on Measurement of Utility.” Review of
Economic Studies 4, no. 2: 155-161.

Schacter, D. L., R. G. Benoit, and K. K. Szpunar. 2017. “Episodic Future
Thinking: Mechanisms and Functions.” Current Opinion in Behavioral
Sciences 17: 41-50.

Schillemans, T. 2022. “Accountability and the Quality of Regulatory
Judgment Processes. Experimental Research Offering Both
Confirmation and Consolation.” Public Performance and Management
Review 45, no. 3: 473-498.

Schleich, J., X. Gassmann, and C. Faure. 2019. “A Large-Scale Test of the
Effects of Time Discounting, Risk Aversion, Loss Aversion, and Present
Bias on Household Adoption of Energy-Efficient Technologies.” Energy
Economics 80: 377-393.

Schoemaker, P. 1995. “Scenario Planning: A Tool for Strategic
Thinking?” Sloan Management Review 36, no. 2: 25-40.

Schwarz, N. 1999. “Self-Reports: How the Questions Shape the
Answers.” American Psychologist 54, no. 2: 93-105.

Shiba, S., and K. Shimizu. 2020. “Does Time Inconsistency Differ
Between Gain and Loss? An Intra-Personal Comparison Using a Non-
Parametric Elicitation Method.” Theory and Decision 88: 431-452.

Shmueli, O., N. Pliskin, and L. Fink. 2016. “Can the Outside-View
Approach Improve Planning Decisions in Software Development
Projects?” Information Systems Journal 26, no. 4: 395-418.

Siddiqui, R., F. May, and A. Monga. 2014. “Reversals of Task Duration
Estimates: Thinking How Rather Than Why Shrinks Duration
Estimates for Simple Tasks, but Elongates Estimates for Complex
Tasks.” Journal of Experimental Social Psychology 50: 184-189.

Strijbosch, W., O. Mitas, and M. Bastiaansen. 2019. “From Experience
to Memory: On the Robustness of the Peak-And-End-Rule for Complex,
Heterogeneous Experiences.” Frontiers in Psychology 10: 1705.

Sulistiawan, D., and F. Rudiawarni. 2019. “Do Stock Investors Need
to Discuss to Reduce Decision Bias?” Investment Management and
Financial Innovation 16, no. 3: 1-9.

Thaler, R. 1981. “Some Empirical Evidence on Dynamic Inconsistency.”
Economics Letters 8, no. 3: 201-207.

Thoma, D.,and A. Tytus. 2018. “How Cross-Linguistic Differences in the
Grammaticalization of Future Time Reference Influence Intertemporal
Choices.” Cognitive Science 42, no. 3: 974-1000.

van Dijk, W., C. Finkenauer, and M. Pollmann. 2008. “The Misprediction
of Emotions in Track Athletics: Is Experience the Teacher of All
Things?” Basic and Applied Social Psychology 30, no. 4: 369-376.

van Ittersum, K., J. M. Pennings, and H. C. van Trijp. 2007. “The
Validity of Attribute-Importance Measurement: A Review.” Journal of
Business Research 60, no. 11: 1177-1190.

von Winterfeldt, D., and W. Edwards. 1986. Decision Analysis and
Behavioral Research. Cambridge University Press.

von Winterfeldt, D., and G. W. Fischer. 1975. “Multi-Attribute Utility
Theory: Models and Assessment Procedures.” In Utility, Probability, and
Human Decision Making: Selected Proceedings of an Interdisciplinary
Research Conference, Rome, 3-6 September, 1973, edited by D. Wendt
and C. A. VIek, vol. 11, 47-85. Springer Science & Business Media.

Wall, E., A. Narechania, and A. Endert. 2021. “Left, Right, and
Gender: Exploring Interaction Traces to Mitigate Human Biases.”
IEEE Transactions on Visualization and Computer Graphics 28, no. 1:
966-975.

Wang, C., and W. B. Chiou. 2022. “Greater Required Effort May Induce
Closer Perceived Proximity to the Task Deadline, Leading to Less

Underestimation of Task Completion Time.” Educational Psychology
42,no. 1: 108-118.

‘Weber, M., F. Eisenfiihr, and D. von Winterfeldt. 1988. “The Effects of
Splitting Attributes on Weights in Multiattribute Utility Measurement.”
Management Science 34, no. 4: 431-445.

Weick, M., and A. Guinote. 2010. “How Long Will It Take? Power Biases
Time Predictions.” Journal of Experimental Social Psychology 46, no. 4:
595-604.

Weingarten, E., G. Zauberman, and K. Diehl. 2021. “Duration Sensitivity
of Key Moments.” Cognition 214: 104750.

Wilson, T., and D. Gilbert. 2005. “Affective Forecasting: Knowing What
to Want.” Current Directions in Psychological Science 14, no. 3: 131-134.

Wilson, T. D., and J. W. Schooler. 1991. “Thinking Too Much:
Introspection Can Reduce the Quality of Preferences and Decisions.”
Journal of Personality and Social Psychology 60, no. 2: 181-192.

Wilson, T., T. Wheatley, and D. Axsom. 2000. “Focalism: A Source of
Durability Bias in Affective Forecasting.” Journal of Personality and
Social Psychology 78, no. 5: 821-836.

Yelbuz, B. E., E. Madan, and S. Alper. 2022. “Reflective Thinking
Predicts Lower Conspiracy Beliefs: A Meta-Analysis.” Judgment and
Decision Making 17, no. 4: 720-744.

Yen, H. K., S. Y. Cheng, and C. H. Chiang. 2023. “Adding a Nonpainful
End to Reduce Pain Recollection of Pap Smear Screening: A Randomized
Controlled Trial.” Pain 164, no. 8: 1709-1717.

Zauberman, G., B. Kim, and J. Bettman. 2009. “Discounting Time
and Time Discounting: Subjective Time Perception and Intertemporal
Preferences.” Journal of Marketing Research 46, no. 4: 543-556.

Zhang, L., and I. Rashad. 2008. “Obesity and Time Preference: The
Health Consequences of Discounting the Future.” Journal of Biosocial
Science 40, no. 1: 97-113.

Journal of Multi-Criteria Decision Analysis, 2026

19 of 19

85U80 |7 SUOIWOD 3AEaID) 3|qedl|dde 8y Aq peusenof are Sa|oILe YO ‘8SN JO Sa|NI 1o ARIq1T3UIIUO A8|IAA UO (SUOIPUOD-PUE-SWLBY/W0D" A3 1M Afe.d 1BUI|UO//SANU) SUORIPUOD PUe Swie 18U 88s *[9202/90/60] Uo AreidqiT8ulluO AB|IM ‘1A NL A SE002BPOW/Z00T OT/I0p/wW00" A3 1M ARe.q iUl juo//Sdny Woi) papeo|umoq ‘Z ‘920z ‘09ETE60T



