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Abstract

Stylized characteristics, such as loss aversion, risk aversion for gains, risk seeking for losses,
overweighting of small probabilities, and diminishing sensitivity permeate both popular
science and scholarly treatises about how ‘people’ make decisions. This note highlights that
behavioral decision research is, in effect, a large-scale Linda problem: The likelihood that a
given individual satisfies the conjunction of many such stylized characteristics may be
vanishingly small. We concentrate on a case study, namely the pervasive
oversimplifications surrounding Amos Tversky and Daniel Kahneman’s Prospect Theory
and Cumulative Prospect Theory. Focussing entirely on evidence from within the original
papers, we show that each and every person may be a exception to (Cumulative) Prospect
Theory as advertised. Similar problems afflict many other behavioral research paradigms.
We call on scholars to relinquish overly simplified characterizations of choice behavior.
Telling practitioners and laypersons in stylized fashion how ‘people’ think promotes
conjunction fallacies on a huge scale. Rather than conceptualize individual differences as a
mere add-on to a schematic decision theory of central tendencies, decision scholars should
recognize heterogeneity as a major theoretical primitive when proposing new theories.

Keywords: Stylized features; scientific conjunction fallacy; theoretical scope
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Introduction

Summary statistics are ubiquitous. According to the U.S. census QuickFacts table
(https://www.census.gov/quickfacts/fact/table/US/PST045219), the modal race in
the U.S. is white, there are slightly more women than men, most people are between 18
and 65 years old, the mean travel time to work is about 27 minutes, the average household
size is 2.63, and the median household income is slightly over $60K. Regardless how
interesting these statistics may be, one must use them with caution. For example, it would
be a foolhardy business strategy, respectively disastrous public policy, for managers and/or
policy makers to treat ‘consumers’ or ‘citizens’ as though they were, essentially, white
women aged between 18 and 65, whose daily commute is about 27 minutes, and who live
with one or two other people in a household making altogether slightly more than $60K per
year, give or take some noiseﬂ The people who either match or closely resemble this
‘prototype’ presumably make up only a tiny fraction of all U.S. consumers. Regardless of
whether we consider consumer, health, manufacturing, service, or other industries, only the
most specialized of companies focus on customers with such a narrow profile, and when
they do, their goal is more likely to serve a niche market segment, rather than to target the
‘prototypical’ census respondent. We all know that incorrectly combining summary
statistics, which constitutes a logical fallacy of composition, contributes to disinformation
and can cause serious policy debacles. Just as it makes little sense to limit a business

strategy or public policy to the modal, mean, or median person according to

1 We use “double quotes” to quote verbatim, to indicate that a word may be used in more than one sense,
or to indicate a technical term whose definition we omit. We use ‘single quotes’ to highlight a vague or
ill-defined term.


https://www.census.gov/quickfacts/fact/table/US/PST045219
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socio-economic indicators, so should we avoid treating ‘people’ as approximate clones of a
mystical modal or median decision maker. In this note, we unpack this simple proposition
in the case of Kahneman and Tversky’s hyperinfluential (Cumulative) Prospect Theory
(Kahneman & Tversky, [1979; Tversky & Kahneman, 1992). Our goal is not to take a
stance on any particular theory like (Cumulative) Prospect Theory. Rather, for most of the
paper, we employ (Cumulative) Prospect Theory as a canvas on which to paint a picture
that applies to much of behavioral decision research, regardless of paradigm. (Cumulative)
Prospect Theory is a choice of great convenience because it is well known to the readers of
this journal. Because there are many diverse opinions as to what constitutes ‘genuine’
(Cumulative) Prospect Theory, in the interest of being as concrete and transparent as we
can, we focus on the theory as it was stated in its original publication. Our warnings about
conjunction fallacies apply to other versions of the theory and other theories as well.
(Cumulative) Prospect Theory is also widely used and broadly cherished across numerous
disciplines of basic and applied science. We touch on other paradigms and theories in a

later section.

Behavioral decision research is a Linda problem!

Successful popular science books, including Ariely (2010); [Kahneman (2011); Thaler
and Sunstein (2008), have propelled decision theoretic concepts such as reference points,
risk aversion, risk seeking, diminishing sensitivity, loss aversion, overweighting of rare
events, into popular culture. Scientific works overflow with stylized claims about how

‘people’ make decisions under risk (see, e.g Abdellaoui, L’'Haridon, & Paraschiv, [2011;
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|Ariely, Huber, & Wertenbroch| [2005; Barberis, 2013; Benartzi & Thaler, [1995; Birnbaum),

2008; [Birnbaum & Bahral, 2007; [Brandstatter, Gigerenzer, & Hertwig, 2006} |(Camerer &

11994} [de Langhe & Puntoni, 2015} [Diederich & Trueblood) [2018; [Feess, Miiller, &

[Schumacher], 2016; [Fennema & Van Assen, [1998; |Gehring & Willoughby, 2002} |Grolleau,

Kocher, & Sutan, [2016; [Harinck, Van Dijk, Van Beest, & Mersmann, 2007; [Henderson),

2012; [Kermer, Driver-Linn, Wilson, & Gilbert|, 2006; Levy, 2016; McGraw, Larsen

[Kahneman, & Schkade, 2010; [Timmer], [2012; [Tom, Fox, Trepel, & Poldrack, 2007} Trepel, |

[Fox, & Poldrack, 2005} Tversky & Kahneman, [1992; [Usher & McClelland], [2004;

Weingarten, Bhatia, & Mellers, 2019; |G. Wu & Gonzalez, [1996), oftentimes relying heavily

or even exclusively on the behavior of modal or median decision makers to draw inferences

from their own or others’ work.

To see the danger of such depictions, we need to look no further than the Linda

problem of Tversky and Kahneman| (1983) and others. In the Linda problem, put simply,

some research participants appear to think that there are more feminist bank tellers who
satisfy the characteristics of a fictitious woman called Linda than there are bank tellers
who match the same description. This is a mathematical impossibility since there are fewer
people who satisfy a combination of “feminist” and “bank teller” than there are people who
satisfy just one of these two characteristics. The phenomenon is also often referred to as a
representativeness heuristic according to which decision makers may violate the rules of
probability theory by over-estimating the number of people who satisfy a conjunction of

characteristics because it is ‘easier to imagine’ that they satisfy the combination of features
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than to entertain realistic nuanced scenarios. Listing “characteristics of human decision
making” in stylized fashion, as it is common in works that aim to educate scholars,
practitioners, and laypeople about decision making, has the potential to communicate
and/or nourish conjunction fallacies about human decision making behavior on a huge
scale.

Perhaps the most prominent example of a Linda problem fueling a large scale
research program is Kahneman and Tversky| (1979). They discussed a collection of
“pervasive effects” such as the “Allais paradox,” the “certainty effect,” the “isolation
effect,” and others, which they labeled as behavioral “tendencies” that challenge expected

utility theory as a descriptive model of decision making under risk.

Table 1
“Pervasive effects” of |[Kahneman and Tversky (1979) with lower and upper bounds on the
proportion of people who exhibit them.

“Pervasive Effect” Problem Prop. V Prop. X Proportion of people exhibiting
Numbers in Vvs. W inXvs. Y [[V AND X] OR [V aND Y]]

Lower Bound  Upper Bound

Allais Paradox 1&2 .82 .83 .65 .99
Allais Paradox 3& 4 .80 .65 45 .85
Certainty Effect 5& 6 78 .67 45 .89

Possibility 7T& 8 .86 73 .59 .87
Reflection Effect 3& 3 .80 .92 72 .88
Reflection Effect 4 & 4 .65 .58 23 77
Reflection Effect T&T .86 .92 T8 94
Reflection Effect 8 & & .73 .70 43 97
Isolation Effect 4 & 10 .65 .78 b7 .88
Isolation Effect 11 & 12 .84 .69 .53 .85
Gains vs. Losses 13 & 13’ .82 .70 .52 .88
Prob. weighting 14 & 14 72 .83 .55 .89

Note. We treat the sample proportions of Kahneman and Tversky| (1979) as fully accurate
population proportions. In each pair of problems, we use V to denote the modal choice in
one problem and X to denote the modal choice in the other problem.
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For example, in Kahneman and Tversky’s Problems 1 & 2 on the “Allais paradox,”
the decision maker had the choice between option A and option B in Problem 1 and the
choice between C and D in Problem 2. An expected utility maximizer either prefers both A
to B and C to D or prefers both B to A and D to C. We will take Kahneman and Tversky’s
methods, measurements, and inferences at face value and presume that 82% of the
population prefers B to A, whereas 83% of the population prefers C to D. Based on that
assumption, how many individuals succumb to the type of Allais paradox that Kahneman
and Tversky considered? If those 82% of the population who prefer B to A also all prefer
C to D, and those 17% of the population who prefer D to C also all prefer A to B, then
99% of the population succumbs to this Allais paradox. However, if those 18% who prefer
A to B also prefer C to D, and those 17% who prefer D to C also prefer B to A, then

100-18-17=65% of the population succumb to this Allais paradox.

In Table [1, we tally Kahneman and Tversky’s “pervasive effects” accordingly. For
each pair of decision problems, we use V to denote the modal choice in one problem, and X
to denote the modal choice in the other problem. The right two columns give lower and
upper bounds on the proportion of the population who would show the “pervasive effect,”

either in the form of preferring both V and X, or in the form of preferring both W and Y.

Kahneman and Tversky| (1979) quite unambiguously promoted Prospect Theory as
a theory that can handle the conjunction of these behavioral phenomena within
individuals. Thinking of this problem as a large scale Linda problem, we can naturally ask

how many individuals appear to satisfy that conjunction. Clearly, similar to the original
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Linda problem, it cannot be more than the smallest value in the “upper bounds” column.
In other words, still taking Kahneman and Tversky’s measurements as true proportions of
the population, we note that only at most 77% satisfy the “reflection effect” of

Problems 4 & 4’ in the table. This means that at most 77% of the population show the
conjunction of these 12 “pervasive effects.” Kahneman and Tversky (1979) mentioned
additionally, for some of these behavioral regularities, such as their Allais paradox, that a
majority of individuals displayed the phenomenon (within person). Therefore, to be as
charitable to Kahneman and Tversky| (1979) as we can, let us briefly assume that every
phenomenon in the table has an incidence rate matching the upper bound (in the right
most column of the table). Under that very lenient assumption, how many people can be
exceptions to at least one of these “pervasive effects?” The answer is: Everybody can be an
exception! At the opposite extreme, using the lower bound in each row, each individual

person could be an exception to three or more of these 12 phenomena.

To summarize what we have found so far, the behavioral phenomena in [Kahneman
and Tversky| (1979) form a large scale Linda problem. While Kahneman and Tversky
(1979) unambiguously rely on the conjunction of these phenomena to motivate Prospect
Theory, and later Cumulative Prospect Theory, even if we take their own data as perfect
measurements of population proportions and even if we permit the most charitable
proportions of occurrences of these phenomena based on their numbers, at most 77% of the
population satisfies the conjunction of those 12 phenomena. It is mathematically possible,

with those given proportions, that nobody satisfies the conjunction. Yet, even if few people
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may display the conjunction of these properties, Kahneman and Tversky appear to
motivate Prospect Theory and Cumulative Prospect Theory by a need to capture the

combination of these phenomena within the same individuals.

Cumulative Prospect Theory (CPT)

As a single species, humans must share important invariants underlying decision
making. Yet, the sheer amount of variability in behavior also strongly suggests that this
invariant or aggregate structure, just like aggregate socio-economic indicators, is overlaid
with a wide spectrum of nontrivial individual differences. All too often, these individual
differences, rather than forming a theoretical primitive, are relegated to the role of
theoretical afterthoughts. They are often tagged on to enhance a schematic decision theory
about trends, significant effects, and central tendencies. As we see next, CPT allows for a

much more nuanced mind set.

To succeed, a descriptive theory of individual decision making needs to strike a
difficult balance between commonalities and differences among decision makers. Tversky
and Kahneman’s (1992) Nobel-Prize winning Cumulative Prospect Theory is a prominent
exemplar of such a theory: Its core mathematical formula might capture a universal
invariant, while its free parameters leave the door open to extensive heterogeneity.
According to the original version given in Eqs. 5-6 of Tversky and Kahneman (1992), CPT
uses a value function v, as well as two probability weighting functions w* and w™ for gains

and losses, that invoke parameters a;, 3,7, d, A, such that, writing x for money amount and
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p for a probability,

x* when z > 0 (with 0 < a <1),

~A(—z)?  when x <0 (with 0 < < 1;0 < \),

wt(p) = o (1197_ p)w)% (with 0 < v < 1), (2)
w(p) = P (with 0 < <1). (3)

=

(P’ +(1—p)°)

CPT further combines these equations via a composition rule to generate subjective
utilities of uncertain prospectﬂ While the parameter ranges in Equations are subject
to debateﬂ, they are popular in the literature because they capture the stylized behavioral
characteristics that TK emphasized in their paperﬁ

While the theory was formulated in a fashion that accommodates both invariance
and heterogeneity, and even though they carried out some individual subjects studies,
Tversky and Kahneman (henceforth TK) chose to rely heavily on summary statistics in
reporting and interpreting their findings. They reported (pp. 311-312) median estimated «
and [ values of 0.88, which they interpreted as showing “diminishing sensitivity,” a median
estimated X\ of 2.25, which they interpreted as “pronounced loss aversion,” a median

estimated 7 of 0.61 and a median estimated § of 0.69, which they interpreted as

2 This is the version of CPT that we concentrate on. One can apply similar techniques to consider
conjunction fallacies in the context of other variants of CPT. Note that problems with conjunction fallacies
would be amplified further if we considered generalizations of these formulae, because the theory would
allow for even more heterogeneity.

3 Enlarging the ranges of these parameters would create more opportunity for individual differences and
thereby amplify the danger of conjunction fallacies.

4 Like the original CPT paper, we do not look particularly closely at choice options with more than two
outcomes, where the form of the weighting function would differ the most from other models.
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“overweighting the probabilities of rare events.” We refer to Equations [1] - 3] with
a=p=088\ =225 ~v=0.61,and 6 = 0.69 as CPTygp. As we mentioned, we neither
intend to question nor endorse CPT as a theory. Some people may violate Equations 1 -
entirely. Others may satisfy the equations but violate C' PT;gp by having different
parameter values. We will emphasize that, even among those people who satisfy

Equations |1| - |3| together with the composition rule that combines them, and even taking
Tversky and Kahneman’s reported median parameter values as 100% accurate estimates of
the population medians, there may, nonetheless, be as much diversity in decision making
behavior as there is socio-economic diversity among those summarized by the U.S. Census

QuickFacts table.

We advocate that summarizing behavior or a theory through stylized properties,
median parameter values, or median responses, jeopardizes our very understanding of that
behavior, as well as our understanding of that theory. In our view this practice runs
fundamentally counter to good decision science. For example, CPT can jointly model
various phenomena that violate classical models like expected utility theory, but it also
leaves open the possibility that many individuals obey classical models. Yet, this is not
how either proponents or opponents typically characterize CPT. For instance, when TK
reported (p. 304) that 46% of Stanford students violated an independence property
required by expected utility theory, they did not highlight the flip-side that about half of
these participants may indeed have satisfied independence. As a consequence of this and

similar studies, many scholars presume that ‘people’ violate the property. Likewise,



ARE YOU AN EXCEPTION TO YOUR FAVORITE THEORY? 13

‘people’ allegedly use reference points, ‘people’ are risk averse for gains and risk seeking for
losses, ‘people’ are subject to diminishing sensitivity, and, ‘people’ overweight rare events.
While TK reported and acknowledged individual differences, they ultimately relied
heavily on strings of modal choices (see, e.g., their discussion of their Tables 1 and 2), as
well as on proportions of ‘correct predictions’ doubly aggregated across participants and
decisions (see e.g., their discussion of their Table 4) to promote CPT | For the remainder of
this note, we caution against over-interpreting the stylized characterization of decision
making associated with the median responses and median parameters in [Tversky and
Kahneman (1992), as well as other summary statistics. We are concerned that overly
abstract summary statistics may exercise a disproportionate and potentially
counterproductive influence on management and policy across all aspects of society, by

encouraging and rewarding systemic conjunction fallacies.

Exceptions, exceptions, exceptions.

The U.S. census QuickTable provides a very high level, and simple, summary of a
society that features great socio-economic diversity. How does this insight translate if we
were to treat the summary statistics in [Tversky and Kahneman! (1992) as a ‘QuickFacts
table” of human decision making? The initial goal of this project was straightforward:

Explore how much heterogeneity in decision making behavior is consistent with Tversky

5 Yet, like the conjunction of aggregate socio-economic indicators from the QuickFacts table is descriptive
of only few Americans, such aggregate measures are uninformative about a theory’s empirical fit or scope
(see also |Regenwetter & Robinson) [2017, who point out inherent logical inconsistencies in such methods
and measures). Our goal is not to discuss measures of fit per se, but rather the dangers associated with
stylized characterizations of behavior.
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and Kahneman’s own (1992) reported results. Suppose that everybody satisfies

Equations as well as the composition rule that combines them. Suppose also that the
population median values of «, (3,9, v, A are 0.88,0.88,0.69,0.61, and 2.25, i.e., suppose that
TK have correctly inferred these aggregate measures with perfect accuracy.

Of special importance here will be TK’s loss aversion study. To establish loss
aversion, TK asked participants to provide a dollar amount x such that they would be
indifferent between a 50/50 chance of winning a or b and a 50/50 chance of winning either
c or z. They used eight different decision problems that differed in their values of a, b, and
¢ and they reported the median observed value of x in each decision problem. In addition
to taking the median parameter values of «, 3,4, v, A at face value, suppose that the true
population median x values in TK’s eight (loss aversion) problems are indeed 61, 101, 202,
280, 112, 301, 149, and 401, respectively (Tversky and Kahneman, 1992, p. 312, Table 6),
i.e., suppose again that TK have correctly inferred these population characteristics with
perfect accuracy. We know that a few dozen summary statistics in the U.S. census
QuickTable abstract away from huge heterogeneity among about 300 million people. If we
take Tversky and Kahneman’s median parameters and median = values at face value, how

heterogeneous can 7 billion human decision makers be? The answer is surprising.

Exceptions to the mathematics of CPT:

We first discovered that our assumptions led to a contradiction! We found that it is
impossible, in Problem 7 of TK’s loss aversion study, to generate z < 149 using

Equations Hence, if the population median x for Problem 7 is indeed 149 (as TK
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reported), then at least half of the respondents are exceptions to CPT in that they must
violate Equations [IH3] Second, we discovered that, in Problem 8, it is impossible to have
TK’s reported median = of 401 while also having TK’s median v of 0.61. We have reported
these and other internal inconsistencies in the |Tversky and Kahneman| (1992) paper
elsewhere (Regenwetter, Robinson, & Wang, n.d.). As we have mentioned earlier, our goal
here is not to revisit TK’s methodology or quality of evidence, but rather to warn of
potential scientific conjunction fallacies. In order to proceed, we drop Problems 7 and 8 of
TK’s loss aversion study from further consideration because they would lead to mutually

incompatible constraints.

A hypothetical scenario:

We now concentrate on a presumed sub-population that satisfies Equations
(yielding 3 functional and range constraints), whose median parameter values match TK’s
reported medians (yielding 5 statistical constraints), and whose median = values in
Problems 1-6 in the loss aversion study match TK’s reported medians (yielding 6 statistical
constraints). These 14 constraints permit huge qualitative individual differences:
Everybody who satisfies CPT may nonetheless be an exception to one or several of the
theory’s prominently advertised, stylized, properties. Notice that this is, in fact, a desirable
feature of any theory that potentially aims to model all individuals. In other words, our
point is again not to label this as a weakness of CPT, but rather to warn against
conjunction fallacies in the description and interpretation of CPT by proponents and

opponents alike. The same point applies to other theories more broadly.
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Hl H2 H3 H4 H5 H6 H7 Medians

a 0.5 0.88 0.1 1 0.1 .95 1 0.88
g 0.88 046 0.99 0.1 1 0.66 1 0.88
A 0.093 9.67 4.11 0.681 0.001 9.95 2.25 2.25
o 04 0.9 0.1 0.69 1 1 0.1 0.69
v 0.2 1 0.61 0.1 0.264 0.95 1 0.61
Problem H, H, H; H, Hy Hg H; Medians
1 61 70 0.0002 234 1071 105 0.21 61

244 28 107°  9.36 1071 4.2 0.008 2.44
205 101 0.2 251 1077 170 041 101

4.1 2.02 0.0042 5.02 107° 3.4 0.008 2.02
695 145 202 269  0.0001 276  0.82 202

6.95 145 202  2.69 107 2.76  0.008 2.02
1418 179 11192 280 0.009 366  1.23 280

945 119 746 1.87 0.00006 2.44 0.008 1.87

) 225 88 970 72 112 129 50 112
5.83 1.27 31 0.73 207 263 0 2.07
6 900 215 44321 174 843 301 151 301

H~
R (DR DR (DR DI DR

10.0 0.87 589 0.32 9.24 2.01 0.0133 2.01

Table 2
Hypothetical parameter values, x values, and 0 = |(x — b)/(c — a)| values according to Hy -

H,. All medians, listed in the right most column, match those reported by Tversky and
Kahneman (1992).

Table [2| helps us understand the range of possibilities. It shows the 11 statistical
constraints in the right most column. We created seven hypothetical decision makers such
that the median values of the parameters match the parameters in C' PTy;gp and such that
the values of x in Problems 1-6 (loss aversion study) give the median x values reported by
Tversky and Kahneman (1992). The CPT parameter values of the seven hypothetical
decision makers are given in the top section of the table. In the lower section, the table
provides the values of  and of § = |(x — b)/(c — a)| implied by H; - H7 for Problems 1-6.

Hand-in-hand with this table, Figures display the weighting functions and value
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Figure 1

Probability weighting functions w*, w™ as functions of p (left column) and value function v
as a function of x (right column), for the four different combinations of a, 8,7, 4, A, labeled
CPTygp as well as Hy - Hs of Table[d

Note: The vertical axis for v(x) is scaled differently for different cases in order to make
each shape clearly visible.
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Figure 2

Probability weighting functions w™, w™ as functions of p (left column) and value function v
as a function of x (right column), for the four different combinations of «, 8,7, 0, A, labeled
Hy - H; in Table|d

Note: The vertical axis for v(x) is scaled differently for different cases in order to make
each shape clearly visible.

functions associated with CPTy;gp and H, — H7, respectivelyﬁ

6 As a referee noted, while satisfying Equations and some of these weighting functions are not
monotononic.
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Exceptions to the stylized properties of CPT:

Table [2| gives a particularly good sense of the potential individual differences
regarding the presence and degree of loss aversion. Interpreting a median A value of 2.25 as
“pronounced loss aversion” (as [Tversky & Kahneman, 1992, do on p. 311) is misleading:
The small A values in Hy, Hy, Hs imply that arbitrarily close to half the population could
be exceptions to “pronounced loss aversion,” as defined by, say, A > 2, even if everybody
satisfied CPT. TK also used the transformed statistic # = |(x — b)/(c — a)|, whose median
is near 2 in Problems 1-6, to suggest that “for even chances to win and lose, a prospect will
only be acceptable if the gain is at least twice as large as the loss.” We pointed out already
that three values of A in Table |2| are small. In addition, however, the values of # vary
hugely both across decision problems as well as across columns. Even though the median 6
is near 2 in every decision problem, it would be profoundly incorrect to characterize Hq-H7
as though “losses loomed roughly twice as large as gains,” as the now popular saying goes.
In Table 1, fifteen 6 values, out of 42, are smaller than 1, and ten are larger than 5, for
example. While each column features one of the six median  and median 6 values, every

single column varies substantially in its x and 6 values.

To discuss some of the other stylized features of CPT, we turn to visualizations.
Our Figures 1 and 2 show w™, w™ (left column), and v (right column), for CPTygp as
well as for the seven other combinations of «, 3,7, 9, A we used in H; — H;. The top of
Figure [1f shows the famous value and weighting functions for C'PTy;gp, associated with

diminishing sensitivity, loss aversion, risk aversion, overweighting of small probabilities and
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underweighting of large probabilities. All too often, CPT as a whole is identified with these
specific curves. It is fairly hard to find examples of pictures, by anyone describing
Cumulative Prospect Theory, other than the famous inverse S-shaped weighting functions,
slightly more curved for gains than losses, associated with C'PTy;gp. An important core
feature of this pair of graphs is that it embodies a conjunction of phenomena. When
scholars or practitioners talk about CPT, they almost universally advertise this graph and
thereby they advertise the co-occurrence of the phenomena that it captures jointly. And

yet, empirical work pays little attention to issues of co-occurrence.

In our view, the broad preoccupation with C' PT)gp constitutes a systemic scientific
conjunction fallacy: Different parameter values generate a very broad variety of value and
weighting functions. For large ~, d, small probabilities are heavily overweighted in a broad
range of probabilities, whereas, for small ~, d, only a small range of small probabilities is
overweighted. For a near 0 the value function quickly approaches 1, and for § near zero it
quickly approaches A. At the other extreme, for a and  near 1, value of money
approximates an identity function for gains, respectively A times identity for losses. Each
of Hi-H; contradicts the popular stylized characterization of how ‘people’ make decisions
according to CPTygp, in at least some way. For instance, H; strongly underweights a
much broader range of probabilities and it shows little loss aversion. Hj is nearly calibrated
in how it interprets probabilities and it shows no loss aversion. Hj strongly underweights
nearly all probabilities for losses, has huge diminishing sensitivity for gains (risk aversion),

but not for losses and, furthermore, is extremely loss averse. H, shows nearly the opposite
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pattern of behavior from Hj. In contrast, Hs weights probabilities for gains linearly,
underweights a broad range of probabilities for losses, shows large diminishing sensitivity
for gains, and no loss aversion in the range of X values we display. On the other hand, Hg
is nearly calibrated in how it weights all probabilities, whereas H; weights probabilities for
gains linearly but underweights all probabilities for losses. Neither of the latter
hypothetical cases show diminishing sensitivity for gains and both are loss averse. Several
of these figures also make it very salient how § and A work in tandem to determine
whether or not, and for what range of X values, a person is loss averse. Every one of
Hi-H7, while satisfying CPT, is an exception to at least one of CPT’s prominent
qualitative features, yet, collectively, they perfectly match TK’s median parameter values
and median responses in Problems 1-6 of their loss aversion study. In sum, a collection of
stylized features of a theory, when bundled together, may neither represent nor

approximate even a single individual.

THE FOURFOLD PATTERN: Even understanding the joint occurrence of a collection
of, say, four key qualitative features, is both a challenge and a valuable goal. Consider, for
instance, the famous fourfold pattern of risk attitudes, namely “risk aversion for gains and
risk seeking for losses of high probability; risk seeking for gains and risk aversion for losses
of low probability” (Tversky and Kahneman, 1992, abstract). CPT and the fourfold
pattern deserve a much higher level of nuance, both theoretically and empirically, than

they are usually given (for some notable exceptions, see, e.g., Erev, Ert, Plonsky, Cohen, &

Cohen, 2017; [Murphy & ten Brincke, |2018).
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Starting with theoretical nuance, as formulated in Equations depending on the
stimuli and the parameter values, CPT need not imply a fourfold pattern. Consider the
stimuli that TK used in their own fourfold pattern study. Among their 8 Gain lotteries
with low probability of winning, our hypothetical decision maker Hj prefers the lottery
over the sure amount in 3 stimuli (37.5% risk seeking); among their 17 Gain lotteries with
high probability of winning, Hj never prefers the lottery (0% risk seeking); among both
their 8 Loss gambles with small probability of losing as well as their 17 Loss gambles with
large probability of losing, Hs prefers the lottery in every instance (100% risk seeking in
both cases), a striking violation of the fourfold pattern. In a different paper (Regenwetter
et al., n.d.), we have shown that Equations permit almost any conceivable proportion
of risk seeking choices in the 8 low-probability Gain prospects and the 8 low-probability
Loss prospects that Tversky and Kahneman used in their own fourfold pattern study.
Moving to empirical nuance, the percentages of risk seeking choices displayed by Tversky
and Kahneman’s Subject 9 (Tversky and Kahneman, 1992, p.308, Table 4) were 16%, 0%,
80% and 100%, respectively. The empirical data for this decision maker are much more
similar to hypothetical decision maker H3 than they are to a fourfold pattern. Not only
does CPT not necessarily imply a fourfold pattern, Tversky and Kahneman’s own data also
show substantial individual differences in displayed choice behavior, with the empirical
fourfold pattern only emerging as a stylized feature at a high level of aggregation. Claiming
that ‘people’ display a fourfold pattern, in our view, constitutes another systemic scientific

conjunction fallacy.
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Ultimately, the stylized fourfold pattern is a huge abstraction across stimuli and
people. We briefly consider the impact, just of individual differences alone, on the fourfold
pattern and why even a modest goal in moving beyond stylized theory is a big goal.
Regardless of how many people do or do not satisfy CPT, and taking the proportions in
Tversky and Kahneman’s (1992) Table 4 at face value, suppose that 88% of decision
makers are ‘consistently’ risk averse for gains of high probability, 87% are ‘consistently’ risk
seeking for losses of high probability, 78% are ‘consistently’ risk seeking for gains of low
probability, and 80% are ‘consistently’ risk averse for losses of low probability. Under these
assumptions, how many people would satisfy the heavily advertised fourfold pattern?
Could we conclude that most people do? Under the above assumptions, anywhere between
33% and 78% of the population fall into that stylized mold, whereas anywhere between
22% and 67% are exceptions to the stylized feature of a fourfold pattern. If the four
component events were mutually independent, the joint probability that a randomly
sampled individual shows a fourfold pattern would be .88 x .87 x .78 x .80 = .48. In that
case, fewer than half of the population would satisfy the ‘behavioral regularity’ of a
fourfold pattern. If each of the four stylized component properties of the fourfold pattern
were to hold for 75% of the population, then anywhere between 0% and 75% of the
population would satisfy the fourfold pattern. In this latter example, and in the ‘best case
scenario’ that indeed 75% did, then a person would satisfy one of the four properties if and
only if they satisfied the entire fourfold pattern. In that case, a quarter of the population

would wiolate all four component properties of the fourfold pattern. In our view, it would
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be worthwhile to also study those two billion decision makers closely.

Keeping track of heterogeneity

How can behavioral decision research move beyond systemic scientific conjunction
fallacies? Again, thinking about socio-economic indicators can provide guidance. The
QuickFacts table of the U.S. census provides summary statistics of what are, in reality,
jointly distributed random variables. For instance, race, gender, age, commuting time,
household size, and income are, in actuality, jointly distributed. Understanding the
socio-economic make-up of the U.S. population, beyond simple summary statistics, hinges
on better understanding important features of the joint distribution of these indicators. To
be successful, companies aim to understand some of the relevant co-occurrences and
synergies of socio-economic features that characterize their customers and clients. Another
useful case study to learn from is climate change. The rise in average temperatures, what is
commonly referred to as “global warming,” seems entirely innocuous by itself. On the
surface, that stylized fact does not seem to have major implications for business strategy or
public policy. Yet, the heterogeneity that goes with this stylized fact is far less innocuous:
(Co-)occurrence of extreme weather of every imaginable kind. Different disasters, often
occur even in close temporal or geographic proximity. Drought in the West coincides with
flooding in the East, freezing in the South coincides with polar melting in the North.
Average precipitation or average temperatures obstruct these phenomena. Dismissing such
phenomena as “errors” or “noise” around an average would, in our view, be

counter-productive. Indeed, Climate Science is somewhat successful in getting out the
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message: The outlook of ever more extreme and variable weather has led many industries

and governments to take huge strategic initiatives.

In our view, the decision sciences deserve a similar broadening and unpacking of
perspectives. Stylized facts about hypothetical constructs such as risk attitudes, attitudes
to gains and losses, the use, non-use, or location of reference points, the reliance on
compensatory strategies (like CPT) or noncompensatory strategies (such as some simple
heuristics) while easy to understand, and while offering descriptive convenience in stylized
form, may prevent managers and policy makers from seeing a fuller picture. As a case in
point, consider the range of decision behaviors associated with the Covid-19 pandemic.
Business leaders, politicians, and policy makers alike both display and face enormous
differences and disagreements in risk attitudes, in reference point setting, selective
attention, framing, and in the types of compensatory or heuristic decision strategies that
they seem to either advertise or decry. The pandemic is a particularly striking example
where profound individual differences in decision making, ranging from very simple
heuristics to elaborate compensatory calculus, from extremely risk seeking to extremely
risk averse, are on prominent display, are heavily discussed on a national scale, and have
enormous societal impact. In our view, any pandemic policy response that presumed that
‘people’ essentially satisfy the conjunction of behavioral phenomena in Kahneman and
Tversky (1979) or are essentially clones of C'PTygp, give or take some noise, would be
entire hopeless and bound to fail (instead, see Erev, Plonsky, & Roth, 2020, for a study

that models a heterogeneous population in which some people panic and others are
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complacent). This concern is not specific to (Cumulative) Prospect Theory. As we have
furthermore seen, CPT can actually accommodate much heterogeneity. The concern
applies most strongly to the broad range of theories that fail to treat individual differences
as a theoretical primitive and that, instead, merely aim to characterize trends or central

tendencies.

We are not at all the first to ring the alarm bells. There is already extensive work in
the literature on CPT that aims to keep track of various types of heterogeneity. Broadly
speaking, this work falls into two categories. One category operates at the level of
behavioral phenomena (or mathematical axioms in the theory domain) where it keeps track
of individual differences or other types of heterogeneity. The other category considers
Equations or variants thereof where it keeps track of heterogeneity typically in terms of

parameters or functional forms.

The first category includes work on axiom testing that attends to individual
differences (e.g., Birnbaum, 2004, [2007; Birnbaum & Bahraj, 2007, 2012; Birnbaum &
Navarrete, 1998; [Birnbaum, Patton, & Lott, 1999; Brooks, Peters, & Zank, 2014; Brooks &
Zank| 2005; |Chung, von Winterfeldt, & Luce, [1994; Ho, Regenwetter, Niederée, & Heyer,
2005; Tsai & Bockenholt, 2006). Some work in this category also studies how a given
behavioral phenomenon can vary across stimuli (e.g., |Conlisk, [1989) and how behavior

varies with experience (e.g., Erev et al., |2020).

The second category of approaches looks through a theoretical lens, and implicitly

or explicitly treats the parameters of CPT as jointly distributed random variables. In this
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approach, some papers have classified participants by the shape of their utility and/or

probability weighting functions (see, e.g., |[Abdellaoui, 2000; Bleichrodt & Pintol 2000).

Similarly, some papers carried out individual subject analyses of Equations or variants
thereof. They typically listed or enumerated the number of people who satisfied a given

combination of properties, such as, say, how many had concave utility with overweighting

of small probabilities, (e.g. Birnbaum & Chavez, |1997; Fan, Budescu, & Diecidue, 2019;

\Gonzalez & Wu| [1999; [Stott, [2006; |S.-W. Wu, Delgado, & Maloney, 2009). Another

collection of works modeled heterogeneity with hierarchical Bayesian approaches and

estimated joint distributions of parameters (for prominent examples, see [Kellen, Pachur, & |

Hertwig, [2016; Murphy & ten Brincke, 2018; [Nilsson, Rieskamp, & Wagenmakers, [2011;

Pachur, Schulte-Mecklenberg, Murphy, & Hertwig, [2018; [Scheibehenne & Pachur, 2015).

Since different hierarchical Bayesian papers report different (posterior) distributions on the

CPT parameters, future work still needs to figure out how to consolidate these. This

category of work also attends to different functional forms of CPT (e.g., Blavatskyy & |

Pogrebna, 2010; |Stott, |2006).

Beyond Cumulative Prospect Theory

Stylized characterizations of decision making behavior are not at all limited to
discussions surrounding (Cumulative) Prospect Theory or even risky choice. Nor are we
alone in raising concerns about the scientific conjunction fallacies that go hand in hand
with stylized theory across the entire spectrum of behavioral decision research. In this

section, we touch on a few examples that highlight the scope of the problem.
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Birnbaum| (2008)) discussed numerous “paradoxes of risky choice,” relying heavily
(but not exclusively) on comparing modal choices with choices predicted by a CPT
competitor model called TAX. For instance, Birnbaum’s Table 1 considered modal choice
on 10 different choice tasks. For every one of these problems separately, most people chose
as predicted by “Prior TAX,” namely 62%, 74%, 73%, 94%, 57%, 65%, 66%, 62%, 67%,
and 67%. How plausible is “Prior TAX,” which Birnbaum| (2008) advertises as modeling
the conjunction of those 10 features, as a model of an individual decision maker? Assuming
that Birnbaum’s percentages are completely accurate population percentages, how many
people satisfy the “Prior TAX” preference pattern among these 10 problems? At best 57%
do. How many people could be exceptions to that version of TAX? Everybody can be an
exception to at least one prediction. It is even easy to imagine a population distribution in
which everybody is an exception to three or more of these 10 phenomena. We do not mean
to promote this idea, but if one were to assume, for simplicity, that the 10 phenomena were
independent events, then the probability that a randomly sampled individual satisfied the
combination of phenomena would be 0.021: Everyone but two percent of the population
would violate “Prior TAX” in at least some way. Note that |Birnbaum| (2008) did not rely
exclusively on patterns of modal choices and that the paper did emphasize individual
differences. Furthermore, like the general CPT, the general TAX model has parameters
that can vary. Yet, papers like Birnbaum| (2008) could still do far more to explicitly warn
readers of possible conjunction fallacies in the interpretation of their findings. In fact, the

problem centrally affects the very design of Birnbaum’s study: Just like we pointed out for
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CPTyep in the first half of the paper, we would have to emphasize that treating “Prior
TAX” as a proxy for TAX has a conjunction fallacy baked in. More generally, research

study “recipes” for generating interesting phenomena (usually to challenge a target theory),

such as those underlying Birnbaum| (2008) and [Tversky and Kahneman (1992), are designed

to provide evidence separately for separate phenomena, often with limited attention to the

co-occurrence of such phenomena that would help prevent scientific conjunction fallacies.

Moving slightly beyond risky choice, consider the famous phenomenon of

“ambiguity aversion,” and the “Ellsberg’s paradox” (Ellsberg, |1961), which is often

depicted in stylized fashion (see, e.g., Camerer & Kunreuther, 1989). Some work has shown

this phenomenon to be highly dependent on both individuals and stimuli (see, e.g.,

Budescu, Kuhn, Kramer, & Johnson| 2002; Kocher, Lahno, & Trautmann, [2018). The

same applies for the Allais paradox (see, e.g., Conlisk, 1989). Similarly, context effects,
such as the “compromise effect,” the “similarity effect,” and “asymmetric dominance,”

while well documented separately, appear to be rare within the same individual (Huber, |

Payne, & Puto, [2014; [Huber & Putol [1983; [Liew, Howe, & Little, [2016; [Spektor, Kellen, & |

Hotaling], [2018; |Trueblood, Brown, & Heathcote, 2015).

Related to all of these, and similarly to Birnbaum (2008), a prominent study by

Erev et al. (2017) considered 14 phenomena, including replications of prior studies

regarding these phenomena. Again, such phenomena may vary extensively across people,

stimuli, and other factors. In their Appendix E, Erev et al.| (2017) reported how many

individuals displayed each phenomenon, as well as the correlations among individual
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tendencies to exhibit those phenomena. Taking their methodology and stimuli at face
value, and treating their estimates as completely accurate reflections of population
proportions, 33% of the population shows their “Allais paradox,” 59% of people show their
“reflection effect,” 66% show their “reversed reflection effect,” 54% show “overweighting of
rare events,” 58% display “underweighting of rare events,” 67% are loss averse, 60% show
their “magnitude effect,” 61% are risk averse, 63% are ambiguity averse, whereas 56%,
52%, 54%, 91%, respectively 74% show a series of five other phenomena. Trusting these as
fully accurate population proportions, at most 33% of the population can show the
conjunction of the 14 phenomena, since only 33% show Erev et al’s version of the Allais
paradox. At worst, nobody shows the conjunction of these phenomena. Many of Erev et
al’s (2017) correlations among the individual tendencies to display these phenomena were
close to zero. We do not mean to promote this idea, but if one were to assume, for
simplicity, that the 14 phenomena were independent events, then the probability that a
randomly sampled individual satisfies the combination of phenomena would be 0.00066. By
that calculus, hardly anyone is described by a theory that ‘people’ satisfy the conjunction

of such phenomena.

Recall our recommendation to think conceptually of the CPT parameters as jointly
distributed random variables, and our earlier review of papers that took such approaches.
Similarly, a major point of [Erev et al.| (2017) was to model behavioral phenomena jointly,
rather than separately (as did Kahneman & Tversky, 1979). They also specified joint

distributions of parameters (o, ki, B, 0;, Vi, ¢i) in their BEAST model (p. 387) so as to
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model and capture individual differences. Yet, in our view, in this and similar papers
across behavioral decision research, there is still much room to attend to scientific
conjunction fallacies and prevent them. For instance, even though |Erev et al.| (2017)
reported both the proportions of, and correlations among, individuals who showed each of
the 14 behavioral phenomena under consideration, that information was reported in an
appendix. Like many other papers in behavioral decision research, the paper prominently
listed a collection of phenomena of interest without explicitly warning readers that it is

logically invalid to infer that they hold jointly in (many) individuals.

Behavioral decision research is not the only domain that has to grapple with this
problem. In macro-economics, there is much ongoing work that evaluates the potential
pitfalls of representative agent models, according to which the choices of many individuals
can be summarized with a single ‘representative decision-maker’ (e.g., Benninga &
Mayshar], 2000; Chan & Kogan, 2002; Hara, [2006; [Hara, Huang, & Kuzmics, [2007; [Harrison
& Rutstrom, 2008; Kirman, [1992; Munshi, |2004; Wang, [1996). For instance, Hara et al.
(2007) considered heterogeneous individuals with both convex or concave risk tolerances.
They proved analytically that a representative agent’s risk tolerance is nonetheless strictly
convex. The authors emphasized how dramatically this limits the representative agent
model: “ ...this implies that the representative consumer may well be very different from
any individual in the economy, his utility function may not even be in the same class as
every individual’s” (p. 653). Using intertemporal choice as an example paradigm, and in a

similar vein, Chen, Regenwetter, and Davis-Stober| (2021) warned that econometric models
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such as logit and probit models may tell nothing about anyone’s individual preference.
These efforts to keep track of heterogeneity are an important step towards recognizing

conjunction fallacies regarding economic behavior.

Marketing research has developed powerful approaches to capture systematic
differences between groups of people. Most notably, segmentation methods partition a
population of interest according to various characteristics, such as demographics (Smith,
1956). In the context of decision theories, segmentation methods may allow to keep track
of systematic differences in decision making between subpopulations of various kinds (see
also Bockenholt & Dillon, |1997, for an example). However, even there, some scholars (e.g.,
Johnson, 2006) have warned against overly stylized descriptions of behavior because
segmentation analysis or classification of people by “types” may overlook important
individual differences. Related to marketing, behavioral decision research has explored
ways to capture individual differences by modeling decision characteristics as a function of
age, culture, education, gender, or various (other) socio-economic features (see, e.g. Booij,
van Praag, & van de Kuilen, [2010; Harrison & Rutstrom, 2008). The core idea of these
paradigms is to provide a coarse summary by lumping together individuals who are similar
on some key dimensions of decision-making. We would reiterate Johnson’s (2006) warning
that these approaches can also be overly stylized and we reinforce our earlier caution

against conjunction fallacies here as well.

A final related phenomenon is Simpson’s paradox (Blyth, [1972; Curley & Browne,

2001; [Simpson), [1951) which has important implications in many disciplines. It refers to



ARE YOU AN EXCEPTION TO YOUR FAVORITE THEORY? 33

situations where a relationship between two variables observed at the level of individuals or
subgroups, disappears, or reverses when considering the same data at the aggregate. For a

review and tutorial see Kievit, Frankenhuis, Waldorp, and Borsboom (2013).

Solutions

Perhaps a major driver of stylized decision theory, even among quantitatively savvy
scholars, is the intuitive fear that genuine accounts of heterogeneity would lead to
unfalsifiable theories and data overfitting. A common heuristic belief is that theories with a
large number of parameters can ‘fit anything.” While such rules of thumb might be
reasonable in some circumstances, parsimony need not equal frugality of parameters. There
are widespread misunderstandings about what constitutes testable theories. These
misconceptions form a major obstacle to advanced behavioral decision research with
heterogeneity as a core primitive.

We can model commonalities and differences using axiomatizations of decision
theories, combined with probabilistic mixtures. Specifically, starting from a collection of
behavioral properties, one can study mathematically what it means for everybody to
satisfy their conjunction (see also Davis-Stober & Regenwetter, 2019, for related
discussions). For instance, the combination of the three axioms called “transitivity,”
“completeness,” and “asymmetry,” in conjunction, define strict linear orders. Consider a
master set of 10 choice options. A binary relation is a set of ordered pairs of elements of
the master set. There are 2'9%9 = 1.2 x 10%7 distinct binary relations. Of these

~ 1,200, 000, 000, 000, 000, 000, 000, 000, 000 relations, just 10! = 3,628,800, are strict
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linear orders. At the same time, if there are 3.6 million different ways to satisfy the

b ANA4

conjunction of “transitivity,” “asymmetry,” and “completeness,” for 10 choice alternatives,
then there is potential for a huge amount of heterogeneity, even when everyone is
transitive. On the surface, despite the reduction by 21 orders of magnitude above, this may
seem unparsimonious, maybe even vacuous. To understand the parsimony of strict linear
orders, it is useful to note that this heterogeneity is dwarfed by the amount of
heterogeneity among preferences that violate “transitivity,” while also jointly satisfying
“asymmetry” and “completeness.” For 10 options, there are 2(2) — 3,628,800 = 3.5 x 103
such preferences, seven orders of magnitude more than strict linear orders. A probability
distribution over 3,628,800 strict linear orders has 3,628,799 degrees of freedom. If one
presumes/forces “asymmetry” and “completeness” in observed choices via a
two-alternatives forced-choice paradigm, the 45 binary choice probabilities induced by all
possible distributions over 3.6 million strict linear orders form an extremely parsimonious
convex polytope that only occupies 1.15 in 10'° of the space of all such probabilities

(Regenwetter, Davis-Stober, Smeulders, Fields, & Wang), 2021). At the same time, 45

Bernoullis/Binomials generate 45 degrees of freedom in the data, compared to 3.6 million

999,999,999

degrees of freedom in the model. Yet, 10.000,000,000

of all possible parameter values of these
45 Bernoullis/Binomials are incompatible with any probability mixture of 3.6 million strict
linear orders. The conceptual, mathematical, methodological, and statistical questions

associated with this sort of approach are manifold. We do not discuss them here (but see,

e.g., Birnbaum)| 2011} Davis-Stober, [2009; [Heck & Davis-Stober| 2019; Hertwig & Pleskac,
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2018; Regenwetter, 2020; Regenwetter & Cavagnaro, 2019; Regenwetter, Dana, |

Davis-Stober, & Guo, 2011} Regenwetter & Davis-Stober, 2017; Regenwetter et al., [2021]

2014; [Regenwetter & Robinson, 2017, [2019; [Smeulders, Davis-Stober, Regenwetter, &

Spieksmal, 2017; Zwilling et al., 2019, for pointers and discussions).

Over the past decade, some progress has been made with this type of approach. The

most extensive paradigm has been the study of mixtures of strict linear orders (Birnbaum |

ket al., [1999; Brown, Davis-Stober, & Regenwetter] 2015; |[Cavagnaro & Davis-Stober| 2014;

Dai, 2017; [Davis-Stober, Park, Brown, & Regenwetter, [2016; [Fiorini, 2004; McCausland, |

Davis-Stober, Marley, Park, & Brown| [2020; Regenwetter et al., 2018} [Regenwetter, Dana, |

& Davis-Stober}, 2010, 2011; Regenwetter, Dana, Davis-Stober, & Guo, 2011)). Similarly,

Regenwetter and Davis-Stober| (2012) considered all possible conjunctions of the axioms of

“negative transitivity” and “asymmetry” on five choice alternatives, permitting mixtures of
the resulting strict weak orders within individuals, as well as comparing individuals with
each other. Similarly, individual preference states can also be heuristics in a heuristic
toolbox.

Besides considering all possible conjunctions for a set of axioms and all possible
probability distributions over those preference patterns, one can instead take a theory like
CPT, consider the preference patterns associated with different combinations of parameter

Valuesﬂ, and consider all possible probability distributions over those preference patterns.

\Guo and Regenwetter (2014) took this approach for the “PRAM?” theory of Loomes (2010).

"|Guo and Regenwetter| (2014), [Regenwetter and Robinson (2017), [Regenwetter et al. (2014), as well as
[Zwilling et al. (2019) approximated the collection of possible preference patterns in a given theory by
running a discrete and fine-grained grid-search of the theory’s parameter values.
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Regenwetter et al. (2014) and Zwilling et al.| (2019) did the same for two different versions

of Cumulative Prospect Theory. Likewise, Regenwetter and Robinson| (2017) employed the

same approach to model mixtures of the preference patterns associated with various models
related to CPT. These random preference models treat binary choice probabilities as

marginals of probability distributions over preference patterns. For a related approach, see

Birnbaum’s extensive research program on “true and error models” (e.g., Birnbaum & |

Bahra, 2007, [2012; Birnbaum & Quispe-Torreblanca, 2018). For a related recent

(parametric) idea, see Bhatia and Loomes| (2017), who highlighted the importance of

distinguishing between, what they labeled “preference noise” and “response noise.”
Similarly, hierarchical Bayesian models like the ones we reviewed for CPT, which typically
model individual differences and response noise jointly through a hierarchy of parametric

distributions, can be applied to a broad range of theories and research paradigms (see, e.g.,

Lee, 2006; [Lee & Newell, |2011; van Ravenzwaaij, Moore, Lee, & Newell, |2014).

There are also situations, in which modal choice is informative about individuals.
An obvious case are data from a single individual who provides multiple observations for

various pairwise choices who has a single underlying preference pattern and makes

probabilistic errors in responses, e.g., via a “weak utility model” (Block & Marschak, |1960;

Luce & Suppes, 1965). For data pooled across people, modal choice is informative when the

individuals in question share a common latent (unanimous) preference, such as a collective

weak utility model. For more details, see also the tutorials and reviews of [Regenwetter and|

Davis-Stober| (2017); Regenwetter et al. (2021, 2014); Zwilling et al.| (2019).
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Conclusion and Discussion

SCIENTIFIC CONJUNCTION FALLACIES IN DECISION RESEARCH: This paper pOiIltS
out the elephant in the room. As Kirman (1992) put it rather poetically, three decades
ago, “...it is clear that the ‘representative’ agent deserves a decent burial, as an approach
to economics analysis that is not only primitive, but fundamentally erroneous” (p.119).
There is no doubt that both TK and many scholars in the field are aware of individual
differences. However, in our view, the field vastly underestimates the qualitative nature of
behavioral heterogeneity. While we certainly agree that papers need to summarize their
findings, we also believe that authors should throttle back on abstract summary statistics.
They should avoid over-interpreting trends in their data. They should include explicit
disclaimers about the limitations of their summary statistics. Scholars should
systematically cross-check their own conclusions for scientific conjunction fallacies, they
should avoid language that suggests or promotes such logic errors, and they should
explicitly warn readers of potential fallacies of sweeping generalization and of fallacies of
composition (Regenwetter & Robinson, 2017). As many have advocated before us, scholars

should steer clear of statistics that readers readily mis- or over-interpret.

For instance, Tversky and Kahneman should have, at the very least, added
inter-quartile ranges or box-and-whisker plots to their C'PT)y;gp median parameter
estimates. The preoccupation with stylized aggregate features, and how ‘people’ choose,
does a disservice to applied decision science, management science, and policy making, as

well as to numerous other disciplines across basic and applied science. When we summarize
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findings with aggregated measures or aggregated parameter values, when we treat
variability as mere noise, we perpetuate profound misconceptions of the genuine
heterogeneity in behavior. These common practices also misrepresent (Cumulative)
Prospect Theory’s and other theories’ genuine scope. Our examples show how strong these
differences can be, even among those people who perfectly satisfy (Cumulative) Prospect
Theory. This insight has important implications for researchers, managers, and policy
makers. No business would bet huge stakes on treating everyone as an approximate clone of
a middle-aged caucasian woman living in a median-sized household with a median income.
In most of the world, very few real-estate developers can build homes, offices, or businesses
that require weather conditions to remain right at annual mean all year long. The
automotive industry designs vehicles to be resilient to a broad range of driving conditions,
even without measuring the joint distributions of all relevant parameters. Agronomists

intently study the sensitivity of their crops to deviations from average climate conditions.

In the same vein, even taking [Kahneman and Tversky| (1979) and [Tversky and
Kahneman (1992) at face value, one should not bet on finding large numbers of people
consistently matching the stylized mold of (Cumulative) Prospect Theory along which the
two theories are routinely advertised by both proponents and opponents. We have also
seen that similar challenges with logical conjunctions apply across a broad range of
behavioral decision research paradigms. Managers and policy makers should scrutinize the
sensitivity of business plans and policies to violations of stylized decision theory. They

should invest intellectual capacity into enhancing the resilience of management and policy
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solutions to violations of stylized theory. If behavioral decision theory is to make itself
useful for applied decision science, then it must graduate from over-simplifications. Any
theory of decision making, CPT or other, if applied too narrowly, may end up properly
representing or serving nobody. Fverybody may well be an exception to either an entire
theory (e.g., violate Equations altogether), or, while satisfying the theory, be an
exception to some of the advertised stylized properties when the latter are not actually
universally implied by the theory in question. In that sense, even taking Kahneman and
Tversky’s own (1979, 1992) seminal findings fully at face value, everyone may well be an
exception to (Cumulative) Prospect Theory. The same may apply to the reader’s own

personal favorite decision theory, whatever that might be.

CosT-BENEFIT ANALYSIS: The difficulties, costs, and enormous benefits of
measuring the joint distribution of socio-economic measures are the reason why countries
like the United States run a national census and other large-scale studies. The importance
of understanding climate change has led many governments and businesses around the
globe to invest huge amounts of resources into climate science, climate resilience, and
climate preparedness. Like economics and climate, decision making affects virtually every
aspect of human activity. While it is undoubtedly difficult and expensive to model,
measure, and understand heterogeneity of decision making across mankind, decision science
should invest intellectual capital into at least five key areas: 1) Complement and enhance
business strategies and government policies with careful sensitivity analyses to gauge their

susceptibility to violations of stylized theory. 2) Based on lessons learned in sensitivity
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analyses, develop ways to render business strategies and government policies resilient to
violations of stylized theory. 3) Develop strategies to move beyond stylized theory, e.g.,
investigate much more deliberately and vigorously when and where which decision
theoretic constructs apply and how they vary, co-occur, and co-vary across 7 billion people.
Studying the co-occurrence of heuristics, biases, or reasoning errors is hugely important
and useful. For instance, a referee has pointed out that a leading cause of accidents is the
joint occurrence, hence compounding, of multiple human errors. 4) Even if this is difficult
or seems redundant, scholars should warn practitioners against conjunction fallacies and
communicate scientific information using language that eschews such fallacies. 5) Even
though this encounters hurdles with curriculum design, business school, public policy
school, and other faculty should thoroughly train their students to recognize and combat
conjunction fallacies. In particular, they should carefully avoid these fallacies in their own

decision classes by steering clear of stylized depictions about how ‘people’ behave.

Psychology has embarked on a number of remarkable initiatives to make the
discipline more relevant and to enhance the external validity of its claims. Many of these
are either anti-fraud or methodological innovations, such as pre-registration, meta-analysis,
advanced stimulus and study design, replication, prediction tournaments, and others.
While these efforts bring great benefits, they can also carry very serious potential costs:
Unfortunately, none of these initiatives automatically guards against logical errors in
scientific reasoning, such as the systemic conjunction fallacies that plague behavioral

decision research. On the contrary, nearly all of these efforts have the inherent potential to
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repeat, reinforce, and perpetuate conjunction fallacies about how ‘people’ make decisions.
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