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Abstract

We present a theory of choice in which attention to the features.of options is
determined by the decision maker’s categorization of the current problem in a
set of problems she solved in the past. Categorization dependson goal-relevant
and contextual problem-level features. The model yields heterogeneity in
attention and choice in a given problem based on différent past experiences
and instability when changes in irrelevant context 'cause re-categorization. We
show that heterogeneous and unstable repreSentations of a choice problem
unify major biases in judgment and decision making. JEL codes: D83, D91
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1 Introduction

Is Donald Trump a hardened criminal or the champion of ordinary Americans? Are
stocks an opportunity or a gamble? Is the car rental agency Avis a loser to Hertz or
an underdog worth trying? Do guns at home make you safer from potential intruders,
or less safe due to risk of an accident (Alsan, Schwartzstein, and Stantcheva [2])?

Economists trace choice to tastes or information. But even when these are con-
stant, changing attention to features can alter decisions. Avis’s advertising campaigh
“We are number two, we try harder” convinced many people to switch from Hertz
to Avis not with new facts, but by changing what they think about when renting'a
car. What shapes how we think about a choice problem? How does this, in_turn,
affect the choice we make?

We present a theory addressing these questions. Our broad idea i, that before
solving a problem, a decision maker (DM) must ask: what kind -6f*& problem is it?
What matters for solving it? This process is fundamentally cognitive. We formalize
this process and its impact on choice. In the problem recognition stép, the DM tunes
attention to features of the choice context (location, time,etc.) so as to maximize
the similarity between her current problem and a category.of problems she solved
in the past. The selected category pins down attention\to the attributes of choice
options (price, quality, etc.), which forms her méntal representation of the problem.
In the second step, the DM chooses by maximizingyher objectives given the mental
representation. By shaping how the DM thinks about the problem, irrelevant con-
text and past experiences create systematic heterogeneity and instability in choice,
holding tastes and information fixed:

When asked to identify the letter in the middle of a word, people recognize “A”
in C/-\T and “H” in T/-\E (Rumelhart and McClelland [105]), even though the
task and the target stimulus awe the same. Our theory explains this instability.
In the first step, the adjacent letters prompt the DM to recognize the problem as
solving “which word is=this?”. In turn, this category of problems focuses the DM
on features of the stringof letters, including the visual features of “/-\", that allow
her to fit a knownword, while neglecting discrepant features that may point to a
different representation. Context and experiences point to a known letter (A or H),
while the ambiguous symbol “/-\" in isolation may bring to mind a ladder or a
street sign, rather than a letter.

The same process is at play in consumer choice. A jam offered in a standard
jar(insa supermarket aisle prompts recognition of “buying” a staple good, focusing
attention on price. The same jam offered in a fancy jar on a wooden tasting board
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instead prompts recognition of “consuming” pleasure, focusing attention on quality.
The jam problem could be recognized either way, depending on the location and
other features, shaping attention to p or q. Three results follow.

First, changes in context cause sharp changes in valuation. A consumer recogniz-
ing choice as “buying” is insensitive to the jam quality relative to its price. By cueing
a cozy breakfast experience at home, the fancy jar on the wooden board increases
contextual similarity to “consuming”, inviting a switch to that category. Attention
to quality then increases relative to price, raising the jam’s valuation. Price sensi-
tivity is context-dependent because re-categorization causes a discontinuous fall in
attention to p relative to q.

Second, a frequently used category is more likely to be used todayy because
the DM endogenously focuses on the context congruent with it. A formerly poor
consumer is likely to notice that the jam costs money because thig featuré fits her
frequent poverty experiences. Reliance on “buying” then causes_her/ to be more
price elastic than a consumer without the same experiences, who! relies more on
“consuming” and focuses on pleasure. A “price-focused” .mental set can cause the
neglect of large benefits, as when modest medical co-pays reduce demand for valuable
care (Baicker, Mullainathan, and Schwartzstein [7], Chandra; Flack, and Obermeyer
[34]). Experiences create heterogeneous price elastieities at constant income and
tastes.

Third, a feature that is bottom-up salienty, due to its prominence (Bushong,
Camerer, and Rangel [29]) or contrast (Berdalo,/ Gennaioli, and Shleifer [25]), favors
a switch to a category in which it is foeal, reducing attention to other features. A
consumer may neglect the risk that the jamis spoiled in normal times. Yet, a public
concern that a few jars are contaminated makes quality salient, favoring a switch to
“consuming”. Attention is dragvn to quality, including sickness from contamination,
not to probabilities or prigé., As a result, valuation of jam falls dramatically and
becomes insensitive to ptice:, Re-categorization explains how unlikely risks can be
either neglected or exaggerated, and leads to predictions for when each occurs.

In our theory, decision weights traditionally viewed as stable preferences (e.g.,
price sensitivity) ombiases (e.g., probability weighting) are shaped by how the DM
recognizes and represents the problem, which shapes attention to the attributes of
a choice optionySection 2 introduces the model and show the unifying power of
this logic. \In Section 3 it generates heterogeneous and unstable price elasticities
(Wakefield and Inman [126]) and mental accounting (Thaler [119]-[120]). In Sec-
tion 4\it accounts for judgment biases typically explained by heuristics and their
instability (Tversky and Kahneman [123], Bordalo, Conlon, Gennaioli, Kwon, and
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Shleifer [20], Ba, Bohren, and Imas [6]), as well as for narratives (Andre, Roth,
Haaland, and Wohlfart [3] Andre, Pizzinelli, Roth, and Wohlfart [4]). In Section 5
the logic yields, through bottom-up salience, a theory of “framing effects” (Tversky
and Kahneman [124]) in both riskless choice (Enke and Zimmermann [45]) and risky
choice (Kahneman and Tversky [74]).

By modelling the problem recognition process, we link these biases to cognitive
proxies such as contextual similarity and experiences. The hallmark of categorization
is within person multi-modal attention shaped by context: a person’s attention.to
price compared to quality and thus her price elasticity should fall when context
becomes more similar to consuming, for instance due to an attractive shopping
environment. The hallmark of experiences is reliance on familiar categories:“people
who experienced painful losses are likely to focus on potential losses in contextually
similar problems, exhibiting risk aversion. Cognitive proxies allow” a_researcher to
separate representations from tastes and information.

Recent work studies bottom-up salience driven by prominénce (Li and Camerer
[81]) and contrast (Bordalo, Gennaioli, and Shleifer [21], K&szegl and Szeidl [77]),
and top-down attention shaped by goal optimality (Simg [116], Gabaix [52]) or priors
(Schwartzstein [110], Gagnon-Bartsch, Rabin, and Schwartzstein [54], Schwartzstein
and Sunderam [111]). Related approaches study insensitivity due to noise or un-
certainty (Woodford [127], Enke and Graeber [44])=Our innovation is to show how
recognition affects attention top down, based“en payoff-irrelevant context and ex-
periences, and how recognition delivers framing effects through the interaction of
top-down attention with bottom-up salient stimuli.

Most closely related to this paper is Bordalo, Conlon, Gennaioli, Kwon, and
Shleifer [20], who document mulfimodality and instability in choice and attention
in statistical problems. For instance,in the balls-and-urns problem (Edwards [41]),
people do not integrate the‘basewate and the likelihood into a potentially distorted
Bayesian judgment. They bimoedally cluster either on the base rate or on the like-
lihood, with measured=attention also clustering on these features. The authors
propose a model of probability judgment in which attention is driven by bottom-
up contrast and “prominence.” The current paper generalizes this model to non
statistical preblems and micro-founds prominence through recognition.

We build onythe psychology of similarity perceptions (Nosofsky [97], Tversky
[121]-[122] )y top-down attention (Itti and Baldi [69], Awh, Belopolsky, and Theeuwes
[5]),«and categories (Mack and Palmeri [88], Reed [101], Rosch and Lloyd [103]). In
Gilboa.and Schmeidler [56], Mullainathan [94], and Fryer and Jackson [49], the DM
pays full attention and uses knowledge from categories or similar problems to resolve
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uncertainty over an unknown attributes of current options. In our model, in con-
trast, there is no uncertainty and attention endogenously changes with experiences
and salient stimuli, leading to choice heterogeneity and instability even in simple
problems with full data. The resulting distortions then take the form of dampened
or amplified sensitivity to a known feature across options, unifying base rate neglect,
distorted price elasticities for known goods, and framing. Laibson [79] models con-
sumption habits as context driven changes in reference points. In Samuelson [107],
a DM co-categorizes dictator and bargaining games. Neither offers a general theoty
of problem recognition.!

Recent work on memory studies selective retrieval of the features of choice.options
(Bordalo, Conlon, Gennaioli, Kwon, and Shleifer [19], Fudenberg, Lanzamnis.and
Strack [50]-[51], Wachter and Kahana [125], Bordalo, Gennaioli, and Shleifer [24]).
In our model feature values are known, and memory shapes attention they receive.
Future work may study the two mechanisms together.

2 The Model

Section 2.1 describes how attention shapes valuation and choice. Section 2.2 de-
scribes how categorization and attention are jointly determined by recognition.

2.1 Attention and Valuation

A problem P includes: i) a nonempty finite’'menu O of lotteries defined on a finite
probability space (Q,QQ,P) and ii) a eontext vector kp = (kp;) that reports
features common to all lotteries“and ‘belonging to a finite set ®.

Each lottery o € O is a finite set of vectors y = (u, e), called atoms. Subvector u
reports the numerical valués of a finite set ® of payoff carriers (e.g., quality, price)
that we call hedonic features, 80 u € R®#. Subvetcor e reports the values of a finite
set g of event feattires, where each i € ®p is a partition of 2 (e.g., selected urn,
color of drawn ball). Thus e = (e;),cq, reports the cell in each partition in which u
is delivered.?

€D

In Salant and\Rabinstein [106] instability is due to the use of different choice functions for
different frames™Ellis and Masatlioglou [42] axiomatize utility that is stable within but not across
categoriesiof alternatives. Important work on categorization includes Mohlin [93] and Jehiel [70].

2Formally, in atom y = (u,e) let e; C 2 be a generic entry of e, i € ®p. Payoff u is delivered
in“event\D;ec s, €, whose probability is P (e) = P (Nica€i)-
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To illustrate, consider a lottery delivering a jam and a monetary payoff contingent
on the outcomes g or b of a wheel of fortune W. In state g, the lottery delivers a
good jam giving ¢, utils and a monetary payoff m, giving nm, utils, where n > 0
is the marginal utility of money. In state b it delivers a spoiled jam giving ¢, < gqq
utils and a monetary payoff m;, giving nm,, utils. The money payoff can be the jam’s
price, my = mp = —p < 0, but the example covers monetary lotteries if m, and m;
are general and ¢, = ¢, = 0.

There are four hedonic features: the good and bad jam qualities Qg and Qb, the
corresponding money payoffs Mg and Mb. Each feature takes value 0 in the State
where it is not delivered (e.g., Qg takes value 0 in state b and g, in g, etc.).\The
event feature is the wheel outcome, e € {g,b}. Thus, atom (u, ) reports‘in‘u.c R*
the value of hedonic features in state e. There are two atoms: one for(g, onefor b.3

In expected utility theory (EU), this description pins down valuatien:"the DM
multiplies the total hedonics of (u, e) by the probability of e and adds across events.
In our model, valuation depends also on the representation of P:a vec¢tor of attention
weights ap € |0, 1](1), where ® = &y U $p U Oy is the set ofshedonic, event, and
context features. Context weights ap,cq, shape problem récognition. We formalize
them later.

The other weights shape the DM’s sensitivity to her tastes v and to information
about e. The perceived value of hedonic featuré ». €@ is, given weight ap;, equal
to:

U; (OZP) :OéPJ'Ui—i-(l—ap,i) 'ﬂi, (1)

where u; is the value of the hedonic int the atom and wu; is its average value across
atoms in O.* For instance, less than full attention to the jam’s price, apy; < 1,
J € {g,b}, reduces perceived prieewariation in the choice set.

With a single event feature\JV, the perceived probability of its realization e is,
given weight apy, equal to;

P (e)*"
Zelew IED (el)C“P,W :
Less than fullcattention, apy < 1, causes the DM to smear the probability distribu-

tion of W towards a uniform, fully so if apy = 0. The DM overestimates the event
that the jam is"spoiled if she does not attend to its small numerical probability.

(2)

Pr(e;ap) =

STle atoms are (qg, My, 0,0, g) and (0,0, gy, nmp, b). The spoiled jam is not delivered in state

g.50%its value in this state is zero, and similarly for other non-delivered features.

— Uj
AFormally, u; = —Eoeozzw‘leo)f" -
o€0O
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The value of atom y under representation ap is the product of its perceived
probability in Equation (2) and its total perceived payoff computed using Equation
(1):

v(y;ap) = Pr(e;ap) Z u; (ap), (3)

i€dy
and the value of lottery o is the sum of its atomic values v (0;ap) = 3, v (y; ap).
In our example, up to a choice-irrelevant affine transformation, valuation satisfies:

v(oar) = 3 PO [ange (g —T,) +amaen (me — )] <)
ec{g,b}

If attention is full, ap = 1, we recover expected utility. If attention is net full,
Equation (4) nests well-known behavioral models.

If the jam is always good (P (b) = 0) and if m, = —p, we haye riskless choice
with weighted utility, v (0; ap) = apg (¢ —7) — apun (p — p)- “Attention to money
relative to quality ap/apg pins down price sensitivity, as in.Bordalo, Gennaioli,
and Shleifer [22]. Critically, if the DM neglects the spoiled jam payoffs (apgr, =
app = 0), she chooses “as if” choice is riskless even if\PA(h) > 0.

In monetary lotteries (¢. = 0 for all e € {g, b}), inattention to the DGP, apy <
1, gives overweighting of unlikely events (Kalineman and Tversky [74]). Higher
attention to the upwside vs downside monetary payoff aprry/ap s yields payoft-
driven risk seeking (Bordalo, Gennaioli, and,Shleifer [21]).

This setting also embeds statisticalyproblems: a hypothesis is a lottery that
delivers a payoff of $1 if an outcome0f V" occurs and zero otherwise. We later allow
for multi-dimensional e, which produces’long-standing judgment biases.

Crucially, attention weights to features of tastes and information, (ap;), e HUD
depend on attention to context,weights (OzP,i)ieq)K. The reason is that attention to
context shapes problem recognition, as we show next.

2.2 Recognition and Choice

The context yector kp reports standard relevant features of P, such as the choice
set, the range of hedonics (e.g., available qualities or prices), and the list of events.®
It also reportsrirrelevant features such as time, location, or packaging, which can
affect_recognition. If the jam is offered with rich sensory features (e.g., a fancy jar)

*Featitres in kp can also include the average price level (expensive versus cheap goods problem)
or the‘average probabilities of specific events (high versus low risk problem).

7
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and the DM attends to them, she represents the problem P as “consuming” rather
than “buying”. This prompts focus on jam qualities and neglect of prices or risk. If
the DM attends to the supermarket location, she recognizes P as “buying”, causing
focus on price and neglect of quality.

Attention to context and recognition depend on the categories of problems the
DM solved in the past. To see how, we summarize the current problem as a vector
of attention plus context (ap, kp).

Categories. The DM’s memory database is partitioned into a set of categories.C'.
Past problems in category ¢ € C' are also summarized by an attention plus context
“prototype” vector (a., k.) and by their time-discounted frequency F, € R...°

Attention «, is the prototypical representation used in category ¢ problems: It
specifies the context diagnostic of experiences in ¢ (Rosch and Lloyd [103]) via'binary
attention a.; € {0,1} for i € . Eating jam mostly occurs at ‘homeZsbut in a
wide range of weather conditions, so location feature 7 is diagnostie.for this category,
a.; = 1, but weather feature ¢’ is not, a. = 0. Vector a, also reports the attention
a.; the DM paid to hedonics and events in ¢, ¢ € &y U ®g. When eating jam, the
DM is more focused on quality and less on price than when buying jam. Experiences
“olue” context with attention to relevant features.

Recognition. To solve P, the DM must decide ‘what kind of problem is this?
What matters for solving it?” To this end, she chogses attention ap and a category c
to maximize the total similarity between the etitzent problem (ap, kp) and a category
prototype (a, ke). Similarity is measured by a function S [(ap, kp), (ae, ke)] that
decreases if: i) the context k. of past proablems’in ¢ is different from current context
Kp, or ii) the representation «. used for problems in ¢ differs from the current one
ap. We use the separable form:

Y read (lap; — acyl) + Zz‘e@K apicid; (Kp, Ke,i)
|®] + | Pk

S (ap,kp), (ae, k)] = 14 . (5)
Discrepancies in atténtion are measured by d : [0,1] — [0, 1], which is strictly in-
creasing and convex. Discrepancies in context feature i € @ are measured by a
distance d; with values in [0, 1]. This functional form helps tractability, but our re-
sults rely on the general idea — central in psychology (Nosofsky [97]) — that similarity

6For4 DM facing a problem in period ¢ € N, a category ¢ C {1,...,t — 1} collects a set of
past_periods. Recency-weighted frequency is F. = > . §'"7, 8 € (0,1). The “prototype” can be
intérpreted as the average attention a. = ) .. a-/|c| used in these problems and the “average”

context . where, for every i € @y, k. ; minimizes some discrepancy from (K ;) .-
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falls in differences, and more so when these are more attended to.”

Total similarity multiplies S by F., capturing the idea that more familiar cat-
egories, higher F, are easier to retrieve. Similarity is also perturbed by a type I
extreme-value shock e, with precision parameter A > 0, reflecting random attention
to categories. This error structure is not necessary but yields convenient closed
forms.

Choice. Conditional on a draw (e.) the DM solves P as follows:

ceC
(") = argmax,, o pee FoSlamne), (k)] 46 L16)
0" = argmax,., v(o;ap). (0

In Equation (6) the DM represents the problem using category ¢ She=then
uses the endogenous weights a} to value and pick the best lottery of in Equation
(7). In rational choice, attention is full o} = 1 and the DM méaximizes v (0;1).
In our model, keeping v (0;1) fixed, attention and choice are heterogeneous due to
experiences F., and unstable due to context kp.

Rational accounts of heterogeneity and instability assume.that hedonics in v (0; 1)
directly depend on experiences through habits, as in Stiglerrand Becker [117], or on
context such as advertising, as in Becker and Murphy [14}. This account is tautolog-
ically consistent with choice because tastes are not measured directly, only choices
are. A deeper understanding of choice can be achieved by measuring beliefs, the
probabilities in v (0; 1), for instance about returns ‘to human capital (Manski [92])
or financial assets (Bordalo, Gennaioli, Isa Rorta, and Shleifer [26, 27]). Measured
beliefs narrow down unobserved variation/inytastes. Our model highlights a deeper
force: shifting attention to featurest The way the DM thinks about a problem can
affect her weighting of hedonics andwevents, which may be confused with differences
in tastes and information, respectively. Structure on ap is needed to identify the
drivers of choice.

Equation (6) imposes suchya’structure and links the theory’s endogenous objects,
attention and choice; t0 proxies for the cognitive process: experiences, features of
context, and similarity,, A growing body of work measures these proxies in the field
(for instance, usinghadministrative and text data), in the lab, or in surveys, and
shows that “‘even if they are unrelated to choice-relevant tastes or information —
they drivesbehavior through selective attention or memory mechanisms (Taubin-
sky, Buteray Saccarola, and Lian [118], Cenzon [33], Fan, Liang, and Peng [46], Ba,

"Consistent with an attention-dependent metric, Goldstone [58] shows that people trained to
relate, specific features among objects in one task subsequently perceive differences across those
features to be larger, and differences across other features to be smaller.
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Bohren, and Imas [6]). For consumer choice, Bordalo, Burro, Gennaioli, Nacamulli,
and Shleifer ([18]) show that advertising of a brand increases consumption of other
brands with similar ads, especially for consumers who have more experience with
those brands. In belief formation, Bordalo, Gennaioli, Lopez de Silanes, Schroder,
Shleifer, and van Rooij [28] show that macroeconomic narratives and the entailed ex-
pectations are influenced by recall of uninformative personal experiences, especially
in contextually similar domains.

Our model shows how to use these proxies to study selective “top-down” atten-
tion driven by problem recognition, which shapes choice even if domain relevant
tastes or information are fully available to the DM, such as when choosing.at ‘a su<
permarket between two known brands or when evaluating two statistical hypetheses
based on a described DGP. The problem recognition step makes furthér predictions
on the reasoning and narratives used to justify choices, which are now routinely mea-
sured in surveys (Haaland, Roth, Stantcheva, and Wohlfart [62];»Andre, Haaland,
Roth, and Wohlfart [3]), and on how these depend on bottom.up, salient features (Li
and Camerer [81]).

We next illustrate our model’s general predictions on representations. We then
link these predictions to choices and judgments.

2.3 General Predictions on Representations

Consider how the DM sets optimal attentien ap to match problem P to a given
category c¢. By Equation (6) an intefior-solution for a generic feature i € Py
satisfies the first order condition:

d (i —apy) = di (Kpi, Kei) Qe e (8)

Setting a representation @pyelose to the categorical one «. increases similarity to ¢
(the left hand side term), but’may highlight differences in context diagnostic of the
category, d; (Kp;, keihQei > 0 on the right hand side. We then obtain:

Proposition 1 Optimal attention at fixed category c,
ap(c) = argmax, o2 S [(ap, kp) , (ac, Ke)]

is equalto. category attention, ap;(c) = a.;, unless feature i € @k is diagnostic
of e,and discrepant with P, d; (kp;, kei) - @i > 0. In the latter case, attention to

10
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that feature is shrunk toward zero, ap;(c) < ac;, and the more so the higher is
d; (KvP,iy /‘fc,i) 8

For hedonics and events, attention fully adapts to the category’s a... The choice
implication is that the sensitivity of the DM’s valuation to price, qualities, and so
on, is shaped by the category.

Attention is instead lower than in a,. for contextual features where the prob-
lem differs from the category, the more so the greater the difference. As a conse-
quence, the perceived similarity of problem P to a category c is endogenous, given
by S (P,c) = F.[1 —d(P,c)], where

o d(|ae; —ap;l) + i api0cid; (Kpifke;
d(Pe)= min 2ier Ui = OnD % duicon Ariteidi Viryfhed
apel0,]® D] + |k

is the minimized distance from c¢. Endogenous inattention reduces the sensitivity of
similarity S (P, ¢) to contextual discrepancies d; (kp;, ki), with important implica-
tions. Equilibrium representations work as follows.

Proposition 2 Suppose that ap(c) # ap(c') for albc # ¢". The DM’s representa-
tion satisfies

B exp {\F. I —d (P, )]}
> vec xXpAAF I — d (P, )]}
Problem P is more likely to be représented using ap(c) when category c:

i) has a context closer to the.current one, 0 Pr (c|P) /0d; (kp, kei) < 0.
i) was used more frequently orrecently, O Pr (c|P) /OF, > 0.

Vee C. (9)

Due to the shock e.“categorization is stochastic, causing discrete switches in
attention to options“attributes. Our first behavioral prediction follows: within
person multi-modal valuation. In similar inference problems, a person can switch
from using only the base rate to using only the likelihood, as shown in Bordalo,
Conlon, Gennaioli, Kwon, and Shleifer [20]. This pattern does not arise with noisy
perception.of payofls/probabilities (Woodford [127]) or of the optimal action (Enke
and Graeber [44]). In these models, the weighting of the features is stable, so
valuation‘is'uni-modal. In the data it is not, and our model explains why.

8Hereoptimal attention is unique. The appendix relaxes this assumption.
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Relatedly, context creates systematic instability: a person is less likely to use
a category ¢ when a current context feature xp; becomes more discrepant from
the category’s k.;. A second behavioral prediction follows: valuation predictably
switches from one mode to another after changes in context. Changing the infer-
ence context from a balls an urns problem (Edwards [41]) to a normatively identical
taxicabs problem (Kahneman and Tversky [73]) causes many people to switch from
the base rate to the likelihood even though statistics are unchanged (Bordalo, Con-
lon, Gennaioli, Kwon, and Shleifer [20]).

Finally, experiences create systematic heterogeneity: people more familiar-with
a category ¢ (higher F.) are more likely to use it. A third behavioral predietion
follows: valuation differs across people, due not just to tastes but also to,differential
attention to features. In inference problems, some people are more likély to use the
base rate or the likelihood than others despite common incentives/andsinformation
(Bordalo, Conlon, Gennaioli, Kwon, and Shleifer [20]). This heterogeneity reflects
the fact that people endogenously neglect different features of context (those that are
dissonant with the categories they are familiar with). It also implies that the overall
distribution of valuations may appear unimodal (if many ‘categories are possible)
even if individual distributions are not.

Our theory generates famous problem solving errors (Bassok [12]). First, training
on a problem improves performance but expertise™is. too context specific (Camerer
and Johnson [30], Chase and Simon [36], Green, Rao, and Rothschild [60]). A DM
trained on inference with numerical priersiand likelihoods can reach the correct
solution with arbitrary values and yet fail to apply Bayes rules or conditioning when
the problem — and hence its context % has'no numbers (such as in Kahneman and
Tversky’s Linda problem [75]). Sécend, €xperience with a problem (high F.) causes
overgeneralization: the familidrity of some people with solving inference problems
may cause them to focus on theyempirical share of good to bad signals even when
this statistic is irrelevantiasfin.the case of the Gambler’s Fallacy studied in Section
4.

We next derive the.mplications of our model for riskless choice, statistical prob-
lems, and risky choige./Specific predictions depend on the set of categories C', which
we take as gigen, as does Mullainathan [94]. To discipline our analysis we restrict
attention to four.categories, two in riskless choice, two in statistical problems. The
conclusions, discuss ways to endogenize and measure a broader set of categories.
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3 Representations in Riskless Choice

The DM must choose whether or not to buy a jam. The state is not yet realized,
so we are in the case of Equation (4). The modal state g exhibits “normal” quality
q¢g = q and price p, = p. State b is an unlikely “shock” that the DM has never
experienced, and that throughout this section will be assumed to have subjective
probability P (b) = 0, so that its quality g, and price p, do not play a role.® Context
is a unidimensional situation, feature K, with value kp € [0,1]. There are two
categories: “buying” and “consuming.”

Buying. This category, denoted buy, reflects experiences in which the DM fo-
cuses on the pain of paying for jam and partly on its forecasted quality {otherwise
she would not buy), so ayy, = 1 > ag, = a. The unlikely shock b/is neglected,
agy = app = 0. Diagnostic context embeds various features such-as‘being at the
supermarket, captured by Ky, = 0. The buy prototype (tpuy, Kpuy ) 15'thus the vector
(Cbuy,Qgs Obuy, Mgs Cbuy,Qbs Obuy,Mbs QCbuy, W s Cbuy, K » Kbuy) = (0, 1, 050, gy w7, 1, 0).

Consuming. This category, denoted con, reflects experienees“in which the DM
focuses on the pleasure of jam, while paying less attention to the purchase price.
Ex-post, the DM focuses on the realized quality during eensumption, ex-ante she
focuses on the modal quality. From the ex-ante perspective, which is relevant for
our current exercise, the DM attends to quality ‘and.partially to price, ag, = gy =
1 > a = ayg = . Diagnostic contexterefleets features of tasting, such as
being in one’s kitchen, captured by kep, = 1. The consuming prototype is then
(acon,an Qeon,Mgs Cecon,Qbs Ccon,Mby Ne, W » Xeon/K » K:con) = (17 «, 17 Q, Qeon, W 17 1)

In this setup, the experiences im‘icon ‘entail an accurate perception of normal
quality ¢, while experiences in bugpnentail an accurate perception of normal price p
and choice is seen as riskless. To properly trade off ¢ and p the DM should integrate
the valuation of quality in“comand of price in buy. However, con and buy are
segregated in different centexts k. and they compete for the DM’s representation
based on: i) the DM sdfamiliarity F. and ii) the current context kp.

9This will be relaxed in\Section 5.2.
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3.1 The Context Dependent Consumer

With attention distance d (z) = /2, and context distance dy (z, 2’) = |z —2'|, where
Z denotes the single context dimension in kp, e.g., location, we have:

S [(O[p, KJP) ) (aca lic)] = (10)
| largs = acql +larg — acug| +lapz — 1|+ 2apz - |kp — Al
R :

For each category ¢ € {con,buy}, the DM sets the attention ap (c¢) that maxi-
mizes similarity, producing two competing representations. The resulting similarities
to P give, as a function of current context xp, the following result.

Proposition 3 (Representation and Similarity) Given optimalweights ap (c) =
(agq(c), amg(c), az(c)) on normal quality, price, and on context'for category c, we
have:

1. To represent P as buy, the DM sets ap (buy) = (o, 1,1) if kp < 1/2 and
ap (buy) = (a,1,0) if kp > 1/2. Thus, S (P, buy) =k, max [1 — kp/4,7/8].

2. To represent P as con, the DM sets ap (con) = (1,a,1) if kp > 1/2 and
ap (con) = (1,0,0) if kp < 1/2. Thus, S (P,eon) = F,,, max [(3+ kp) /4,7/8].

The DM focuses on the jam’s priceand, neglects its quality when using buy,
and the reverse with con. Moreover; shie focuses on context when it resembles
the category, namely low kp for bay ‘and high for con, and neglects it otherwise.
Neglecting the problem’s context-reduces similarity to the category (the DM knows
that context should match),“but focusing on the associated discrepancy reduces
similarity even more.

Maximal similarity S (R, ¢)inhcreases in the category’s frequency F, and decreases
in the distance between its context x. and kp. With negligible shocks €., A — oo,
recognition in Equation (6) yields the following result.

Propositioni4 (Categorization and Valuation) The DM categorizes P as buy

if kp < K (%) and as con otherwise, where k() is increasing. Valuation satisfies:
COoNn,

- Fpu
ag—mnp if kKp < k(7%
Fcon (11)

v (jam; op) =
7 q—omp if rp> k(2
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The DM recognizes P as “buying” if context s p is sufficiently similar to K,y = 0,
and as consuming otherwise. buy more likely prevails if this category is relatively
more frequent, higher Fy,,/F,.,. Figure 1 assumes that the categories are equally
frequent Fy,, = Fiop, = F and plots: 1) the similarity of P to each category in Panel
A and ii) the valuation function (11) in Panel B. Two properties stand out.

First, valuation of the jam is unstable. Categorization changes from buy to con
as context crosses kp = 1/2 from below, causing attention to quality and valuation
to shift upward. The DM is “stingy at the supermarket” (kp < 1/2) and may fail fo
buy even if ¢ > np, but “neglects opportunity cost at home” (kp > 1/2), enjoving
the jam even if ¢ < np. Second, price sensitivity is high for kp < 1/2_and, low
for kp > 1/2. A vertically superior jam located on a rational indifferénce-curve
q — np = u is under-valued in buy and over-valued in con.

First model prediction: a person’s price sensitivity should weakly decline if
context becomes more similar to consuming experiences and less so, te”buying ones.
Selling the jam in a fancy jar on a wooden tasting board evokes special occasions
of enjoying treats at home, while reducing similarity tetvbuying staple products,
boosting sensitivity to quality and reducing that to priee.

This predictions accounts for realistic instability in\price elasticity. Wakefield
and Inman [126] show that a person is price inelastie if she categorizes the good
as “hedonic” and price elastic if she categorizessthe good as “functional”. This
phenomenon reflects the role of context, €mbedded in the good itself or in the
situations in which it is typically consumed. Theé context of a “friday night takeout”
prompts focus on pleasure due to past‘treat experiences, encouraging people to
order an extra appetizer or dessert." The context of a work lunch prompts focus on
minimizing spending, increasing-the'price sensitivity.

Context based instability‘explains why uninformative advertising and spurious
differentiation can tranform a-good from “functional” to “hedonic”: they increase
the similarity of context to.com; leading to the relative neglect of price. By creating
a “living room” experience, a comfortable cafe draws attention to coffee taste and
sociality, increasing valuation even for people who get the drink to go. By drawing
attention to sources‘inm’tropical island or glaciers, branded water draws attention to
its freshness; increasing valuation even for a standard product. A context driven
shift from“buying” to “consuming” causes de-commoditization.!”

0Bordale, Gennaioli, and Shleifer [23] first explored de-commoditization, and its inverse com-
moditization, in terms of selective attention to quality and prices respectively. The mechanism
therenis bottom up contrast in a vertically differentiated market. In Section 5 we examine how
bottem up drivers of salience complement the categorization mechanism.
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Figure 1:

aF
= S(t, buy)
— S(t, con)
3F
Buying Consuming
0 1 1
2
/’ /
q—a-p
_ m—y(t, buy)
-k = y(t, con)
a-q-—p
0 1 1
2
K

Panel A plots similarity S (P, ¢) to categories con and buy, Equation 10. Panel B plots valuation, Equation (11),
that follows from categorization into the most similar category.

The model also makes predietions based on experiences. Suppose that the fre-
quency of buy is higher than that of con, Fyyy > Fon. In Figure 2 the similarity
to buy uniformly increases-from the dashed to the solid blue line, promoting that
category at any contextykp. The consumer is more price-elastic even if her true
marginal utility of money 7 is the same. Endogenous attention causes insensitivity
to discrepangies with buy, leading to a much higher threshold x*, also relative to
the cutoff £** attained if the DM fully attends to context (green line in Figure 2).

Second)model prediction: Take two people A and B having the same income
and tastes (same 1 and ¢). The person with the higher relative frequency of buy
experiences (higher Fp,, /Fron) should be weakly more price elastic in any context p.
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Figure 2:

4F | ~_
—_ \\\\
. RN = S(t, buy)
-~ So
e Seeo = S(t, con)
\\\\ SS
\\\\ p SS
3F —— - b L L EL P L L
Buying “~~._ Consuming
0 1 K™ K 1
- —
qg-a-p
—_ — V(t, buy)
R Rl L e T e I el et T
by —y(t, CON)
a-q—p
0 K" 1

X NI~

Increasing the frequency Fp,, increases similarity S(Pjbuy), incfeasing the range of context xp where P is
categorized as buy. This includes the range kp € (%, k*) where the DM maximizes similarity by neglecting
discrepant context.

Familiarity with reasoning/about,prices prompts the DM to recognize the current
choice as “buying”, increasing the price sensitivity.

The role of experiénices=explains the puzzling heterogeneity of price elasticities.
People with experiences of poverty are more price elastic across situations (Shah,
Zhao, Mullainathany and Shafir [114]). Having experienced high opportunity costs,
they tend to4see price as highly relevant. This is overgeneralization, not a higher
opportunity_costn or a Bayesian prior. It can cause large mistakes when quality
q is high, such’as saving on valuable medical treatment by focusing on low co-pays
(Baigker, Mullainathan, Schwartzstein [7], Chandra, Flack, Obermeyer [34]). Price
fotus can persist even if the DM is no longer poor, contributing to variation in price
elastieities and thriftiness for given income and wealth (Hoch, Kim, Montgomery,
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and Rossi [68], Rick, Cryder, and Loewenstein [102]). Measured experiences help
test our mechanism: Link, Peichl, Pfauti, Roth, and Wohlfart [82] show that people
with high inflation experiences attend more to inflation today.'*

3.2 Mental Accounting

People use different accounts to track costs and benefits in different situations, lead-
ing to opportunity cost neglect, sunk cost fallacy, non-fungibility of money, and_so
on. Consider the following examples.

Opportunity Cost Neglect. Many years ago a person bought for $20 a bottle of
wine worth $75 today. The person drinks the wine today. What is the cost'she.feels?
Many people say zero or $20 (Thaler [119]). They neglect the opportunity eost of
drinking, the $75 market price.

Sunk Cost Fallacy. A person bought a $20 ticket to a football game that takes
place a month later. On the game day, there is a severe blizzaxd. Does the person
drive to the game? Would she drive had she been given the ticket for free? Frequent
answers are “yes” to the first question, and “no” to the second, violating revealed
preference: if the blizzard is severe enough, not drivingsto the game is optimal
regardless of having paid the ticket price.

Opportunity cost neglect has been attributed tfo-the temporal remoteness of the
wine’s purchase price (Gourville and Soman~{59]), while the sunk cost fallacy has
been explained with diminishing sensitivity, (Thaler [119]) or distaste for “waste”
(Shafir and Thaler [113]).'?

We show that both phenomena arise from categorization in our baseline consumer
problem, which yields new predictions.” In both examples, we are in an ex-post
situation where the “not-normal” state b has realized. In the wine problem, a shock
affects the price, which increasessby Ap > 0. In the football problem, a shock affects

1 Context-based instability and Jexperience-based heterogeneity interact in driving categoriza-
tion. Instability can explain why even the poor can “splurge” in contexts associated with con-
sumption pleasure, such as festivals or “treat” goods such as cigarettes (Banerjee and Duflo [8]),
or why a person who grew/up poor is less price elastic in new goods, such as i-Phones or travel,
whose context is distant from her buy experiences in items such as clothes or food.

12K 68szegi and "Matgjka [76] offer a model of rational inattention which produces instances of
behavior linked, to mental accounting when hedonics are noisy. For substitute goods, attention
is optimally focused on features that distinguish them, leading to category-budgets. The same
mechanism leads to naive diversification if goods are complements. However, this model does not
explainvthe sunk cost fallacy or the wine example, or more generally the role of context in driving
instability.
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quality, which changes by Ag < 0. Anomalies then arise because the consumer
neglects these shocks due to categorization into consuming or buying.

In the wine example, the DM must evaluate the cost of drinking so both the
original purchase price p and the capital gain Ap are relevant. In the football
example, the DM must evaluate the benefit of driving to the game, so both the
quality forecast ¢ at the time of buying and the disutility of driving Aq are relevant.
As a function of attention weights, valuations in the two problems are:

v(cost of drinking; ap) = ayp+ aanAp, (12)
v(driving; ap) — v(not driving; ap) = agq+ aagAg. (13)

With full attention, decisions are rational. In the wine problem, ay; = axi = 1
valuation equals the market price, p + Ap = $75 (Equation 12)./Inwthe’ football
problem, ag = aag = 1 the decision is to go to the game if and 6nly if ¢ + Ag > 0.

However, the consuming and buying categories do not attend to these features
fully. Con fully attends to actual quality, which is now realized"in b, S0 acong =
Qeon,AQ = 1, but it only partially attends to the price at which the good was bought,
Qeony = « € (0,1), and it fully neglects the capital gain, which is not typically
attended to when enjoying consumption, ccon,anr = 0x, On the other hand, buy fully
attends to the price paid and partially attends the.quality forecast ex-ante, during
the buying decision, apyy v = 1 and gy, =@ € (0,1). It however neglects both
quality shocks and capital gains, cpuy AQ-=\puy,am = 0, which were not attended
to when buying. These categories prompt evaluations:

ap if ap = ap(con)
p if ap = ap(buy)
(¢ +Aq) if ap = ap(con)

aq if ap = ap(buy)

v(cost of drinkingpap) = { : (14)

v(driving; ap) — v(net driving; ap) = {

In the wine problent;, “consuming” focuses the DM on the pleasure of drinking,
causing opportunity cost neglect. If a« = 0 the DM reports a zero cost, like many
experimental subjects.®® “Buying” instead focuses the DM on the purchase price p,
which is also reported by several subjects. The capital gain is still neglected: it was
not attended*te when buying the bottle.

13 Puring consumption, with prices not explicitly mentioned, we often feel no opportunity cost.
Fréderick, Novemsky, Wang, Dhar, and Nowlis [48] show that describing how savings can be used
for other purchases substantially decreases the probability of spending.
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In the football problem, “consuming” focuses the DM on the qualities of driving:
seeing the game ¢ but also on the blizzard Aq < 0, leading to the rational evaluation.
“Buying” instead focuses the DM on the purchase price p and the normal benefit
of seeing the game ¢. The blizzard shock is neglected: it was not attended to when
buying the ticket.

The context kp of the vignette affects the modal answer by shaping similarity to
different categories. In the wine problem, the description “drinks the wine” prompts
similarity to con (high kp in Figure 1), favoring opportunity cost neglect. In the
football problem, the choice of “going versus not going to the game” evokes a buying
problem (low kp in Figure 1), promoting neglect of the blizzard, but less so if the
ticket was given for free and did not involve a decision to buy.

This analysis then yields two comparative statics:

1. Frequency. People with higher F},,, exhibit less opportunity/costsneglect and
more sunk cost fallacy. These could be people with poverty experiences or, in the
wine example, people who have bought wine but have not yet drunk it (so recency
weighted frequency of buying is high). In the football example, people who bought
season tickets face one buying experience but many consuming ones; they have a
high F.,,, which undermines buy and reduces the sunk'cost-fallacy.

2. Instability. Making the blizzard more salientuin jthe description or making
an ex-ante plan for bad weather should increasé reliance on con, reducing the sunk
cost fallacy. Making the re-selling of the swine more salient, either as a forgone
opportunity with consumption or as a pessibility when buying, should hinder con
and opportunity cost neglect. A wine trader has a frequent buy category that attends
to the capital gain, so she exhibits léss opportunity cost neglect (List [83]).

These predictions are based onsthe same mechanism: context and experiences
prompt different categorizations of\the same problem, focusing attention on differ-
ent features and shaping choice.\Problem recognition also explains non-fungibility:
transferring money into a‘category prompts recognition of “buying in that category”,
promoting in-categoryspending. Mental categories also create commitment (Thaler
[119]): setting up a “rainy day” account prompts recognition of “minimizing oppor-
tunity costs”, raising similarity to buy, and discouraging spending. Account names
focus the consumer on different goals, affecting how they recognize the problem and
make their cholees (Henderson and Peterson [66]).
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4 Representations in Judgments

Expectations and probability judgments highlight the role of selective attention
to different pieces of information. People with high inflation experiences attend
more to inflation and its surges than people without such experiences (Gennaioli,
Leva, Schoenle, and Shleifer [55], Link, Peichl, Pfauti, Roth and Wolfhart [82]).
Professionals and households use narratives or models that attend to different data,
and change over the cycle (Andre, Haaland, Roth, and Wohlfart [3], Bastianellg,
Décaire, and Guenzel [11]). Bordalo, Conlon, Gennaioli, Kwon, and Shleifer<][20]
show that in famous biases in i.i.d. draws and inference problems (Benjaminy[15])
are also linked to changing attention to specific features.

These findings reject models of optimal beliefs or of stable heuristi¢s/distertions
of true probabilities (Grether [61]). We next show that this heterogeneity and in-
stability emerges naturally from endogenous recognition of different”statistical cat-
egories, unifying judgment and decision-making, and yielding“hew predictions.

4.1 Generalizing the Model

To allow for general DGPs, the event vector e is multisdimensional. In balls and urns
problems, one feature is urn selection ey € {urn“Asurn B}, the other is the color of
the ball drawn from the urn ep € {red, blue}.-The eyent of selecting an urn and then
drawing a ball from it is e = (ey, eg), with probability P (e) = P (eg |ey) - P (er).
We generalize to multi-step causal modeéls by an order < over event features in ®p.
The true probability of atom y = (use) With' e = (e;) g, 1s:

P(e)= ] Pl Njcsey) (15)

sedp

Attention shapes the"DMis/sensitivity to the probability of different events, as
in Equation (2). Limited=attention to event s, aps < 1, distorts its conditional
probability into B (es];%s ;). In the limit of zero attention, aps = 0, event
s is “edited out”, which prevents the conditioning of downstream events s’ > s
on it. Formally, let edited vector e (ap) report the correct event, es (ap) = e, if
aps > 0 and setyé; (ap) = Q otherwise, so that any realization of a neglected event
is allowed.'® The perceived probability Equation (15) is then:

14Observe that the discrepancy of how « ps = 0 is treated here and in the single event feature
environment of Section 2.1 is only apparent. Indeed, under both formulations Pr(e;ap) is a
constant that does not affect the relative evaluation of alternatives.
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Pr(e;ap) o< J] Pled] Njcs € (ap)*™, (16)
sedbp

normalized so that probabilities across all e add to one. Equation (16) nests Grether’s
[61] formula, but here with endogenous weights. Valuation works as in Section 2:
atom y is replaced by its edited version y(ap) = (u(ap),e (ap)) where u (ap) satis-
fies (1). As in Equation (3), the value of y (ap) multiplies its perceived probability;
and hedonics. The value v (0; ap) of the edited lottery adds the values of its atoms.
Full attention, ap = 1, recovers rationality.

4.2 Biases in i.i.d. Draws and Inference

To jointly capture judgments about inference and i.i.d. sequences,/(consider a prob-
lem with NV 4 2 event features. First, a coin (or urn) is selectedvof type ey € ©.
This is followed by a sequence of N i.i.d. draws (ej)je{l,...,N} in {h,t} with outcomes
heads or tails, whose probability is pinned down by ey. The last feature is the se-
quence’s share of heads es € {x/N}, ., ny- Using Equation (16), the estimated
probability of sequence e is given by:

N
Pr(e;ap) < P(eslen (ap), ..., ev (ap))™ HP (eilesa1 (ap),..ev (ap))™ P (er)™,
i<l
(17)
which factorizes the distorted probabilities of the selected coin ey, of its realized
flips (ej)j e{1,..N}’ and of the share of heads eg. Full attention to these features gives
a correct estimate.

We consider two categories,based on the features we just described, capturing
different statistical problems,> T%o context features play a central role: the coin
selection and sequence lengthydenoted U and N respectively.

Frequency estimation. This category, freq, refers to experiences of estimating
the probability of<a single draw from a known process, e.g., the probability that a
fair coin lands on h'er’t. Among the N 4 2 features in e, attention a,¢, focuses on
the i.i.d. draw corresponding to the hypothesis, for instance the first flip, oy = 1
and «; = O+for all other ¢ € ®5. This category has two diagnostic context features:

15Here the decision rule computes the relative probability of hypotheses as the relative value
of twonlotteries (as in Savage [109], Section 9, we can allow for incentive compatible elicitation of
multiple’évents). We can also apply our model to similarity judgments between objects A and B,
as i, Tversky’s famous Austria example (Tversky [122], see Appendix B.4).
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i) the coin is fair, Kf.equ = 0.5 (denoting the probability of h) and ii) there is a
single draw, K freqn = 1.

Agnostic inference. Category inf refers to experiences based on i.i.d. noisy
signals without having a DGP prior, for instance judging the quality of a restaurant
based on a few reviews. Attention a;,s focuses on the share of positive signals (which
in this case is a sufficient statistic for the DGP), setting ag = 1 and «; = 0 for all
other i € ®p. The category also has two diagnostic context features: i) the coin
type is not known, k,ru = [0, 1], and ii) there are at least two draws (selection. 6f
the DGP and one or more signals), ki, rn > 2.

When solving a statistical problem P, these categories compete for recognition;
based on experiences and context. To illustrate, we show how the model generates
the Gambler’s Fallacy: people underestimate the probability of obtaining, with a
fair coin, an unbalanced sequence such as hhhhhh relative to a balanced.enhe of the
same length, such as htthht. The model clarifies the conditionssunder which this
bias arises, and makes new predictions. (We study biases in inference problems in
Appendix B).

Current Problem P. The atoms of the i.i.d. problem we consider entail a fair
coin, ey = 0.5, but specify different flips e; and share of hieads es. The hypotheses
are two specific atoms (here, the sequences), one balanced and the other not. The
context vector xkp reports that the coin is fair, kKgg=="0.5, and that the number of
draws is kpny = Np + 1.16

The problem does not perfectly fit either, category, freq or inf, that the DM is
familiar with. The coin is fair, kpyy = 0.5, which matches the frequency category but
not inference, but there are many draws, which matches inference but not frequency.

Based on her categories, the DM can recognize P as freq by focusing on the
fair coin feature. This recognition draws her attention to the 50:50 nature of flips.
Alternatively, the DM canecognize the problem as inf by focusing on the length
of the sequence. This recognition draws her attention to the share of heads. Denote
by dy the similarity distanc¢e in the length of sequence feature N. With negligible
shocks €., A = 0o, werobtain the following result.

Proposition(5 Suppose that dy (Np + 1, kingn) = 0 for all Np > 2. There is a
threshold N (Fpweq/ Fing) with N (-) increasing in its argument, such that the DM
recognizes £ as freq if Np < N (Fpreq/Fing) and as inf otherwise. Estimated odds

165 fi"Section 2, the context vector can include other features such as “the outcomes of the
coin‘ecoineide with the hypotheses”, or features of sequences such as “h and t are alternating”. We
abstract from these features because they do not play a role in this application.
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satisfy:

v (htht...htht; o) 1 if Np <N (e 1)
cat) P(es=0.5| . Ffreq :
v (hhhh...hhhh; o) e N e

The DM recognizes P as frequency estimation if Np is low enough. She recognizes
P as inference otherwise. Sequence length Np shapes recognition because it is
diagnostic of the two categories. Experiences also matter: higher relative familiarity
with freq, higher F,e,/Fi,s, favors this category over inference.

Critically, if Np is low, the DM recognizes freq, she focuses on the“fairness
of the coin, and hence she correctly estimates the odds of sequences (despite her
mis-estimation of their absolute probabilities).

In contrast, if Np is high, then categorization switches to i feand the DM
focuses on the share of heads, which is indeed relevant in inference.” This causes
her to represent P as assessing the “share of heads equivalenée class” of htht....htht
and hhhh...hhhh. This class is larger for balanced hypothesess.causing the GF. The
inference representation causes the GF not because the DM, believes that the coin
type is not known. In fact, she uses the fair coin tocompute the probability of e in
Equation (16). It causes the GF because “inferencel ‘prompts the DM to focus on
a feature of hypotheses, their share of heads, that.causes question substitution. As
a consequence, the DM makes an incorrect.Computation.

Our mechanism for the GF makes new predictions based on sequence length Np
and on other cognitive proxies. The first is experiences F.: a DM who recently
solved many inference problems should, be more likely to commit the GF than one
who has not, due to lower Fp e/ Fms.  The second is salience: making the 50:50
nature of flips more prominent,in thé choice context should hinder the recognition
of the inf category and thedGFE, as’shown by Bordalo, Conlon, Gennaioli, Kwon, and
Shleifer [20].'7 In Appendix By2; we show that competition between the freq and in f
categories also accounts for multi-modality and instability in inference (Benjamin
[15], Bordalo, Conlon, Geénnaioli, Kwon, and Shleifer [20]).

We also shed light<on the use of misspecified models neglecting the selection or
correlation across sources of information (Enke and Zimmermann [45], Enke [43]).
This evidénce detects heterogeneity (some people account for correlation, others

1"Rabin“and’ Vayanos [99] show that a DM who incorrectly believes in the GF may exhibit a
nonmonotonic pattern of under/overreaction depending on whether the DGP is independent or
autocorrelated. Their model cannot explain why the same person exhibits the GF on one occasion
but‘not on a normatively equivalent occasion based on changing context.
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neglect it) and instability (neglect is stronger if sequences are longer, including
based on redundant signals). Such biases emerge from recognition of inference, which
focuses the DM on the share of heads, causing the neglect of the serial correlation.
This account is consistent with the bias becoming: i) stronger with longer sequences
and ii) weaker when selection in bottom-up salient. Individual level heterogeneity
may in turn be due to experience with different problems.

This logic also sheds light on the use of narratives. People scarred by high in-
flation (Malmendier, Nagel, and Yan [91]) may view economic forecasting as “fore-
casting the costs of inflation” , neglecting contemporaneous low unemployment.“Lhe
same people can however focus on unemployment when it is salient in the, media:
When thinking about a shock to interest rates, households tend to focus on supply-
side mechanisms, which are more familiar to them, but converge to a/demand-side
view when cued to think about business owners (Andre, Pizzinelli, Rothy.and Wohl-
fart [4]). Investors may perceive an electric car company as belonging to the mature
automotive sector, but become more optimistic if the firm reframes its business as
“software”, due to shifting attention across the firm’s features (Sarkar [108]).

5 Bottom-up Attention and Framing

The allocation of attention is not determined exclusively top-down: it is also ex-
ogenously shaped by bottom-up salience. People attend more to known taxes when
those appear on the price tag (Chetty, Looneyyand Kroft [37]) and prefer goods that
are physically present (Bushong, Cantererjand Rangel [29]). They also attend more
to contrasting payoffs (Bordalo, Geénnaieli, and Shleifer [21]-[22], Koszegi and Szeidl
[77]).'® The interaction of bottefisup,salience and categorization yields a theory of
framing: drawing attention to an already known feature of the problem can change
how people solve it (Bordale/etyal [20], Enke and Zimmermann [45]). These fram-
ing effects are readily_testablé because bottom-up salience can be experimentally
controlled.

5.1 Bottom-up Salience

If a feature“is.shrouded, it has minimal bottom-up salience. If it is not shrouded,
its salience is shaped by: i) sensory prominence and ii) contrast.

8Sec Lanzani [80] for the revealed preference axioms underpinning these effects.
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Sensory prominence is captured in the description of P which, like the problem
itself, is also an attention and context vector (as,ks). Subvector ks reports the
described context, which captures all that the DM perceives, so kp = ks. It is in
part set by nature (e.g., “the sky” is exogenously part of ks in an outdoor task),
partly designed (e.g., a monetary lottery could be labeled as a “stock market bet”).
Subvector a; € [0, 1]¢reports the prominence of different features in the description
of P. If as; = 0 the feature i is shrouded as in Gabaix and Laibson [53]; if a5, = 1
it is “front and center.” Visual prominence can be measured as in Li and Camezrér
[81]; related methods can be used for text.

Contrast captures attention drawn to highly variable hedonics and events, as
in Bordalo, Gennaioli, and Shleifer [22, 20]. Goal optimal attention (Stms«{115],
Woodford [127], Gabaix [52]) also depends on payoffs and probabilities{ but contrast
may excessively focus the DM on striking features, causing the négleet.of others.
Contrast of ¢ € ¢ is a real valued function o; of that feature’s’realizations across
atoms, o; = 0; [(yi)er:| > 1, with & [(yi)er:| = 1if y; =yMorsall y,y/ € Y =

19
UOEO-

Both the problem and the categories are sources ofteentrast. Contrast from the
problem description, denoted o ;, compares the values offeature 7 as described in P,
e.g., the prices of different jams in the current supermarket. Contrast from category
¢, denoted o, ;, compares the values of 7 in experiences in ¢, such as variation in past
jam prices. Often these measures overlap,but a feature can have a high category
contrast — and be attended to — even if it is currently shrouded: before flying, some
people think about crashes because théy represent a contrasting payoff from memory.
Contrast is computed using context veectors s and k., which report the values of
hedonic and event features.?’ Contéxt features themselves have minimal contrast,
because they do not vary across options.

Recognition. In Section, 2; the DM sets attention to maximize the similarity

19A special contrast funétionsis:

Z(y7y/)eyz:y¢yl fl (yﬂy;) /‘YHY - 1|
Zyey fl (yla@/) /|Y|+€ ’

N er] =1+ (19)

where € > Ovand y'is’a reference feature vector. For real-valued features, with f; (y;,v.) = |y — y}]
and y = 0, it\nests the exemplar function in Bordalo, Gennaioli, and Shleifer [22].

20Tf the feature is shrouded, a;,; = 0, its values are not encoded in k. In this case, description
contrast is minimal, o5; = 1. Similarly, category contrast is minimal, o.; = 1, if the feature was
neglected’in ¢, o ; = 0.
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of the representation (ap,kp) to the category (a.,k.). Here, the DM allocates
attention across features to trade off the problem’s similarity to the category versus
the description (as, kp). Equation (6) then becomes:

(O‘}’v C*) = argmaxape[o,l]q),ceC F.-S [(aP7 ’%P) ) (Oéc, ’KLC) ’00]+S [(Oép, FLP) ’ (055, HP) ‘05}—’_607

(20)
where the category-similarity function attaches higher weights to hedonics and
events with more category contrast, and similarly for description-similarity (Nosof*
sky [97], Reed [101]):

S [(Oép, KP) ) (Oéx, /im) |Ux] (21)
Y ico Ouid (|ap; — ag4]) + Zie@K ap,iQqpid; (Kp, Ka)
|®] + |k

1- Ve € {dre}.

We show the role of bottom-up salience using our consumption‘examiple (see also
Proposition B.1 in Appendix B.1). We then shed light on welk known framing effects
in lottery choice.

5.2 Revisiting the Context Dependent Consumer

The riskless consumer problem studied in Section*3, based on neglect of the bad
state b, raises two questions. First, what determines neglect vs. attention to the
low-probability risk b7 Unlikely events arevoften ignored, as in our example, but
other times they are overweighted, as im\Prospect Theory, Kahneman and Tversky
[74]. Second, context is not the only driver of instability. Advertising and negotiation
change choices by emphasizing some,relevant features at the expense of others. How
do such interventions work?

These questions are linked to hottom-up salience. Making a feature more bottom-
up salient frames the problemin two ways: i) it affects attention to that feature
within each category, and=i1) it shapes categorization. We first explore how a frame
shapes sensitivity to attributes within a category.

Let ap;(c|0) bethe/attention to feature 7 in a given category ¢ when prominence
is as. This attention is found by maximizing similarity in Equation (20) at fixed c.

Proposition+6 Attention ap;(c|d) to feature i € &y U P increases in its promi-
nence oy and in category c’s attention a.;.*' The description is more influen-
tial, Be., Info,cap (o) |06 — Q| is lower, when o, F,/os; is lower. In particular, if

ZMThe increase in ap;(c|d) is with respect to the strong set order.
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d(z) =z for all x € R, we have:

| oas if ociFe)os <1 .
ap; (c|]d) = { i if GuiFujos: > 1 Vie &y U dg. (22)

Increasing a feature’s bottom up salience weakly increases the attention it re-
ceives independently of recognition. By Equation (22), this effect is strongest if
ociFe/os; < 1: feature i is attended to when it is prominent (a5, = 1) and ne”
glected when it is shrouded (as; = 0), even if the category prescribes otherwise.
This occurs if the DM is either unfamiliar with ¢ (F. is low), or if the category
contrast of feature ¢ is small compared to its bottom up contrast (o.;/ag; is low).
Indeed, making quality prominent, a5, = 1, promotes attention to ity especially if
qualities on offer are contrasting, high o5 ¢4, as in Bordalo, Gennaieli, and/Shleifer
21, 22].

Conversely, bottom up salience does not matter if the category is a’strong driver
of attention to a feature, o.;F./0s; > 1. This can occur because’ the category is
highly familiar, high F., or because the feature had high“contrast in the past, high
0ci/0s4i. A person with many poverty experiences willrattend to price even if it is
shrouded, due to high Fp,, and to past opportunitycosts, high o .

Bottom up salience sheds light on our first.question, namely why are rare ex-
treme payoffs sometimes neglected. This occurs when such payoffs are shrouded
and have not been experienced in the past, in which case bottom-up salience and
categorization jointly promote a riskless’con or’buy representation.

Changes in bottom up salience then‘shed light on our second question: why
do representations sometimes change with irrelevant advertising and salience? This
occurs when bottom up attentionwis drawn to previously neglected payoffs, partic-
ularly so if they are extreme, high/os g,. Crucially, this effect can cause a shift in
categorization, giving a theoryjof framing effects. We illustrate this logic in our
running example, and study the general case in the Appendix.??

Suppose that a batch of jam has been recalled due to contamination concerns.
The media extensively describe the health risks, boosting the prominence as ¢, of the
bad outcome ¢, which'is severe compared to normal quality, g,+¢g, < 0. The problem

22Proposition B.1/in the Appendix shows this result holds in general. These forces help explain
the experience-description gap in lottery choice (Hertwig and Erev [67]). They also produce the
tendency to project today’s tastes into the future (Loewenstein, O’Donoghue, and Rabin [85]).
Bordalo, Gennaioli, and Shleifer [24] present a memory model in which the current experience
helpsisimulate a similar future. Our framework suggests a related channel: the current experience
is pfominent so it receives a high weight in valuation.
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can be represented as consuming a jam, or as buying it, or as “estimating the
probability of a bad batch”, using the freq category. To see which representations
prevails, assume that the context ¢, associated to freq in the past is distant from
current context kp, so the consumer still chooses between con and buy, as in Section
3. Proposition 6 then implies the following result.

Proposition 7 Suppose that context is sufficiently close to buying (kp low) that the
consumer originally adopts a riskless buy category. As the prominence os gy of Qb
increases from 0 to 1:

i) Sitmilarity of P to buy falls while that to con increases.

ii) Suppose that d(x) = x for all x € [0,1], asw = 0, Teonw Feon/Oomms 1,
and that ocon i Feon/os; > 1 for all i € ®y. If the consumer switches to con, her
willingness to pay falls to (q, + q)/2an.

As in Proposition 6, making contamination concerns salient draws attention to
the bad payoff in any category. Critically, and this is where reframing occurs, this
description is more consistent with con, where qualities (good or bad) are fully
attended to, than with buy, where quality shocks are neglected. The prominence of
risk promotes re-categorization into con, leading totinstability: not only does the
consumer now focus on the downside g, but she“@lse\reduces her focus on price and
neglects the fact that the probability P (b) is<low. YAs a consequence, she exhibits:
i) pessimistic beliefs about quality, and ii)“a lower price sensitivity. Together, these
imply that firms cannot prop up demand by, catting prices, even if by a lot.

A first key implication of Proposition 74s’to link information provision and fram-
ing. In a rational model, information abeut ¢, causes a small drop in valuation, due
to its small objective probability P (b). In Prospect Theory, a low P (b) is exag-
gerated, but price sensitivity dees not vary with information.?® In our model, in
contrast, information causes{ingtability of attention across a range of features, in-
cluding the downside risk,.its probability, but also monetary incentives. Information
provision affects decisions more through changing context than its news content.

The well known, “certainty effect” (Kahneman and Tversky’s [74]) is an instance
of this mechanism: adding a rare but high-contrast downside risk discontinuously
reduces the valuation of a sure thing (Barseghyan, Molinari, O’'Donoghue, and Teit-
elbaum,[10], Haigh and List [63]) because it directs attention toward extreme payoffs,

ZPproposition 7 implies that recategorization requires a sufficiently large increase in the salience
of risks.\People often shrug when told about risks, so long as they are not made prominent enough.
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not toward small probabilities.?425

A second implication of Proposition 7 is that the problem’s description a5 mat-
ters if it raises the prominence of a feature that is “important”, in the sense that
it is either attended to in a frequent category or that it varies sharply across op-
tions. Framing effects are not “random psychology” or residual noise. They rely on
problem recognition and, as such, are the strongest when they change the salience
of important features.

5.3 Instability in Lottery Choice

A large body of work on lottery choice in the lab demonstrates systematie,instabil-
ity of risk attitudes relative to the expected utility benchmark, typically explained
using Prospect Theory’s reference points or probability weighting/funetions (Kah-
neman and Tversky [74]). Our model accounts for these anomalies; revealing deep
connections between different choice domains — probability judgments and choice
among goods — and yielding new predictions. We illustrate these ideas with several
examples, leaving a full treatment to future work.

Lottery choices in lab experiments entail prominent payoffs and probabilities.
The DM is torn between a “payoff evaluation” or a “frequency estimation” problem.
The first representation is tied to the con category, and attention to payoff tradeoffs.
The second is tied to the freq category, and, atteéntion to probability tradeoffs.
Experiences in con are arguably more frequent, but they occur in settings that are
less similar to the abstract context of .the/lab.” Instability in categorization, due to
variations in bottom-up salience, entails instability of risk attitudes.

Payoff Prominence. Risk attitudes change with lottery descriptions even if pay-
offs and probabilities are held/constant. Suppose a DM chooses between a lottery
paying m, > 0 with probability B.(¢), and m; = 0 otherwise, and a sure thing paying
its expected value m = my - B (g), which delivers the same payoff m in states g and

24When choosing between, $100 and $99 categorization into con correctly leads to the choice of
$100. Adding a small risk € of a $0 payoff, to the $100 payoff introduces a downside feature with
contrasting values $0 and/$99 across options. As it draws attention, it reinforces categorization
into con, prompting neglect of probabilities and risk aversion. Bordalo, Gennaioli, and Shleifer
[22] study the roleyof/payoff contrast but their continuous payoff weights foreclose discontinuities.

25 Another\imipertant example of discontinuity arises in situations involving social norms. Gneezy
and Rustichini, [57] show that a small payment reduces effort in the collection of donations, pre-
sumably*because the payment is now categorized as a low-salary job.
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b. Consider two descriptions of the risky lottery.

Shrouded Downside : win m, with probability P (g). (23)
Full Prominence : win m, with probability P(g) and 0 otherwise. (24)

In Equation (23), the downside payoff and its probability are implied but not
prominently described, as ., < 1 and asw < 1. In Equation (24), the prominence
of the downside payoff increases to s, = 1. This has two effects. First, 4t
increases attention to the downside in any category (with a logic similar to thefone
of Proposition 6). Second, it promotes adoption of con (Proposition 7). As a’result;
in Equation (4) the DM attaches a higher weight apy, to the downside‘payoff for
both the lottery and the sure thing, which favors the safe choice. A mere increase
in descriptive prominence of the downside risk increases risk aversion‘even though
the lottery has not changed.?

This effect of prominence is absent from existing theories of‘choice under risk but
can be important in the real world, where prominence varies across payoffs and over
time. To take a few examples, advertising high financial returns promotes investment
and the neglect of risk, especially when the crash event, issshrouded (Mullainathan,
Schwartzstein, and Shleifer [95], Célérier and Vallée32]).2” Advertising top prizes
drives the demand for lottery tickets (Kearney [87})«=Demand for insurance coverage
rises after uninformative but superficially similar shocks (Kunreuther [78], Dessaint
and Matray [40]). Different parties to a tramsaction or negotiation emphasize gains
or losses differently (Kahneman and Levallo [72]).

Contrast of payoffs and probabilities. We next illustrate how changing payoffs or
probabilities can change their contrast, shift attention across features, and cause re-
categorization. Consider the Allais,common ratio effect (Allais [1], Kahneman and
Tversky [74]). If people are“indifferent between $100 with probability 0.2 and $20
with probability 0.8, then they likely prefer $100 with probability 0.02 to $20 with

26Formally, valuation.of lottery I and of sure thing s in category c are, respectively:

o(l,c) = IP)(Q)QP’W(C)'OéP,Jng(C)'mg,

i) = [P apa, (@) + (1P ()" - apa ()] -m.

Higher attention to the downside payoff ap as, (¢) boosts the valuation of the sure thing, not of the
lottery, promoting the safe choice.

27ANrelated treatment varies the description of the sure thing by explicitly mentioning that it
neveryyields a downside (unlike the risky alternative), or by keeping it implicit. We thank Alex
Imas, for making this point as a discussant.
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probability 0.08. This pattern violates expected utility, where preferences should be
invariant to uniform scaling of probabilities.

Our model applies as follows. There is a good lottery state g and a bad state
b. The two lotteries deliver different payoffs in g, creating payoff contrast o .
They also differ in the probability of state g, creating event contrast o;.. Crucially,
event contrast changes with the scaling of probabilities: o is high when comparing
probabilities 0.2 and 0.8, but declines dramatically when comparing 0.02 to 0.08,.
Proposition B.1 in Appendix B.1 shows that this decline in o5 . reduces attention.to
probabilities, and promotes a shift towards the “payoff estimation” representation
con, which also increases attention to payoffs. This change in weights benefits, the
riskier lottery, generating the common ratio Allais paradox.?

When differences in probabilities are large the DM attends to them  and neglects
payoffs, encouraging risk aversion. When differences in probabiliti€s are.“peanuts”
the DM neglects them and attends to payoffs, encouraging risk taking. This shift
in representations offers a foundation for Rubinstein’s [104) Tatuition that choice
depends on perceived similarity between probabilities.

Instability in risk attitudes driven by probability contrastuilluminates risky choices
in the field. For instance, in both baseball and baskethallyplayers routinely decide
whether to favor riskier, high payoff shots (home-runs, and 3-pointers respectively).
But while home-runs were overvalued in baseball*prior to Moneyball (Hakes and
Sauer [65]), basketball players have been reluctant to take 3-point shots despite
their higher expected value (Schwartzstein and Malhotra [112]).

The Allais common ratio logic can shéd,light on this behavior. In basketball,
the safer 2-pointer has a hit rate of '50% *compared to 35% for the 3-pointer. In
baseball, the safer “walk” has a hitwate’of 9% compared to 3.5% for the home run.
While in basketball two pointer is 50/35 = 1.43 times more likely to succeed than a
three pointer, in baseball asvalkiis’9/3.5 = 2.57 times more likely to succeed than a
home run. At given payoffs this logic favors more risk taking in basketball than in
baseball, contrary to histerical practice.

Z8Denote the saferflottery by (P (w),w) and the mean preserving spread by (P (z),z). Then,
the valuation gap v(c) between the lotteries in category c is given by (see Appendix B.3):

T(gh=P@) ™ apu(c) - (z —w) + [IP’ ()7 — P (w)*" | w - apu(c).
Since P (x)«x = P (w) - w, the right hand side increases in attention to payoffs ap,,(c) and decreases

in attention to probabilities ap.(c). In particular, categorization in con boosts risk taking while
eategorization in freq boosts risk aversion.
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Our model explains the observed historical practice because the difference in hit
rates is much larger in basketball than in baseball (15 versus 5.5 percentage points).
Larger probability differences draw attention in basketball, favoring the safer 2-
pointer, while small probability differences are neglected in baseball, favoring the
home run.?

Lastly, in Appendix B.3, we show that categorization into con due by high con-
trast payoff differences also explains the fourfold pattern in lotteries, as well as in
riskless mirrors (Oprea [98], de Clippel, Oprea, and Rozen [39]).3® A common cogui-
tive mechanism of attention driven by categorization and bottom-up salience unifies
biases in riskless choice, probability judgments, and risky choice.

6 Conclusion

Canonical models of decision making, both neoclassical and beliavioral] hinge on the
maximization of a stable objective function that combines hedonies and probabili-
ties. We present a new approach in which the DM first draws on selective attention
and memory to mentally represent the problem at handpand’then combines the he-
donics and probabilities that are relevant in that representation. As a consequence,
the objective function that the DM maximizes exhibits spurious heterogeneity and
instability based on past experiences, context, and framing. In contrast to both
neoclassical and standard behavioral models, this approach unifies observed hetero-
geneity and instability in judgments and decision making.

Our analysis raises two important. methedological issues. First, to properly un-
derstand behavior, cognitive forcesguch'as attention and memory must be formalized
and measured. Choice analysisyevenyif enriched with psychological carriers of util-
ity, is insufficient. Our model makes precise predictions based on cognitive inputs
such as context, experiences,angd similarity (see Bordalo, Conlon, Gennaioli, Kwon,

29Payoffs move in the same direction of making the risky strategy more appealing in baseball
than basketball. One home-run is worth between 4 and 16 walks, which is much larger than the
difference between 2 and 3 points in basketball.

30For similar reasons, our model helps explain weak within-person correlation of choices both
within a domainje.g.) low correlation between insurance demand and lottery choice (Barseghyan,
Prince, and\Teitelbaum [9]) and across domains, e.g., low correlation between the endowment
effect and avefsion to mixed lotteries (Chapman, Dean, Ortoleva, Snowberg, and Camerer [35]).
Although in this paper we limit ourselves to the case of known probabilities, the same mechanism
could eonnect the striking relation between behavior facing ambiguity and decisions with known
probabilities documented in Halevy [64].
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and Shleifer [20], Bordalo, Burro, Coffman, Gennaioli and Shleifer [17], Malmendier
and Nagel [90]). It also opens the door for a structured use of Al methods, which
can recover representations from self-reported reasons for choice (Haaland, Roth,
Stantcheva, and Wohlfart [62], Link, Peschl, Pfauti, Roth, and Wohlfart [82]), as
well as unveil subtle contextual features as in Ludwig and Mullainathan [86]. Fu-
ture work can use such data in a theoretically disciplined way to study the cognitive
structure of decisions.

The second methodological point concerns experimental design. Current practice
favors the use of abstract protocols to identify “universal” choice biases and mini-
mize experimenter demand. Abstraction can help capture general cognitive forces;
but is problematic for studying real-world choices, such as demand for ‘insurance,
for two reasons. First, removing naturalistic context can also remove consumers’
spontaneous representations, reducing external validity for predicting“field behav-
ior. Second, elaborate and abstract protocols geared at measuring ‘“true” tastes
may anchor assessments to laboratory context features, providing a distorted metric
of normative decision quality. “Naturalistic immersion” is_a benefit of field exper-
iments, but our theory suggests that future work should also develop methods to
properly engineer controlled variation of naturalistic context in the lab.

Our analysis opens several new avenues, and we ¢onclude with two of them. The
first concerns the nature and origin of categories: Wesshowed that two riskless choice
and two statistical categories suffice to unify“aygreat deal of evidence. They could
also help explain evidence we did not discuss. For instance, by focusing people on
the cost of giving away resources, the by eategory may help account for phenomena
related to loss aversion, such as reldictance’to take the risk of losing money or the
unwillingness to pay to acquire a goed.3" Of course, there are many more categories.
In risky choice, a natural category can entail “regret” or “elation” in which attention
is focused on these features of experience. In intertemporal choice, a natural category
is one of “investment” deeisions; in which attention is focused on long-term payoffs.
Future work should study=where such categories come from. One possibility is that
they are formed through“bottom-up salient features of experiences, such as a feeling
a striking payoff or,_being exposed to social reminders of cultural norms, which
then become«diagnostic markers for different categories of problems. Because such
bottom-up. forces/are potentially measurable, endogenous categories would enhance
the explanatory power of our approach.

3. this“way, we could endogenize the utility function in Rabin and Weizsiicker [100], which
combines integrated and nonintegrated lotteries, as a function of experience and description.
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A second major avenue is to study the real-world implications of our mechanism.
When thinking about redistribution, some voters may think about fairness, others
about zero-sum transfers from taxpayers (Chinoy, Nunn, Sequeira, and Stantcheva
[38]) based on different experiences, but changes in context such as the specific
name or domain of the tax may change problem similarity, representations, and
voter preferences. Some people think guns at home bring safety, others that they
bring the risk of an accident (Alsan, Schwartzstein, and Stantcheva [2]). Similar
considerations apply to fairness judgments (Kahneman, Knetsch, and Thaler [71]),
which may be viewed from the perspective of equity or of endowment; to strategic
behavior (List [84]), which may be viewed in terms of maximizing self-interest or
punishing transgressive behavior; and many other settings.

Ongoing work explores the role of reasoning in real world settings that also
require estimation of payoffs and probabilities. Bordalo et al. (2026).show that
priming individuals to recall personal adversity shifts their thinking about inflation
away from economic news and toward concerns about affordability and personal
distress, leading them to expect higher inflation. Such real world applications are a
key testing ground not only of the model’s explanatory_power but also of the design
of choice architectures to improve mental representations and choices.

Supplementary Material

An Online Appendix for this article gan, beyfound at The Quarterly Journal of
Economics online.
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A Categorization

A.1 Notation Index

Symbol Meaning
O Set of lotteries that can be chosen
(Q,2%P) Probability space (known to the DM)
Oy Set of hedonic features of the problem
Dy Set of context features of the problem
K Context vector
P ={0,kp} Problem
u = (Ui)eq, € R Vector of hedonic features
03 Set of event features of the problem
=Py UDPpUDgk Set of features of the problem
e = (€i)ica, Vector of event features
y = (u,e) Atom of a lottery
ap € [0,1]° Attention vector
u; = Zoe%i% Average value of uj;across all atoms
u; (ap) = ap; -u; + (1 —ap;) - w; | Attention-based value of hedonic i
e; (ap) Attention-based value of event i
y(ap) = (u(ap),e(ap)) Attention-based perception of atom y
v (y; ap) Atgéntion-based evaluation of atom y
v(oap) =3 c,v(y;ap) Attention-based evaluation of lottery o
> Linear causal order over event features
o(ap) Attention-based perception of lottery o
A Set of possible situations
d; Distance metric in context feature i € &g
C Set of categories
F, Temporally discounted frequency of category c
Symbol Meaning
S Similarity function
d+R .= R | Distance between attention levels
Ae R, Scale parameter in the similarity perception noise
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A.2 Proofs of Section 2

Proof of Proposition 1. First of all, observe that if
di (kpyis Kei) Ly (0e,i) Lo,y (7) = 0, the minimal distance of 0 in feature i can
(only) be achieved by letting ap;(c) = a.;, so clearly the weight fully follows the
category ones. Moreover, if i € @, a.; = 1, and d; (kp;, kc;) > 0, then any
ap;(c) € [0, 1] weakly shrinks attention towards 0.
We are left to establish that d; (kp;, kei) > d; (/ijp’i, K! ) implies

c,

{@pﬂ- €10,1] : ap € argmax,, o ¢ S [(ap, kp) , (ac, Iic)]}
< sso {dgi €[0,1] : ap € argmax, o ¢ S [(ap, k), (e, m;)]} .

It is trivial that if a.; = 0, both sets coincide with {0}, so consider.the case where
a.; = 1. Observe that S [(ap, kp), (ac, k)] depends on ap; and dy(Kp;, ke;) only
additively through the term

d(ac; — api) + apidi (kpi, Kei) 0 = d (1 — appht Gpid; (Kpi, Kei) -

If we see this as a family {d (1 — (-)) + () d; (kp,, /{cvi)}di@P Ko of functions of
ap; parametrized by d; (kp;, ki), it clearly satisfies single crossing differences, and

therefore the statement follows by Milgrom and Shannon [4]. m

Lemma 1 Let ap (c) be an arbitrary element of argmax., o ¢ S [(ap, £p) , (e, Ke)]-

The maximum total similarity satisfies:

0S8 (Pe)/OF. = 1—d(P,c)

0, (25)
0S (P,e),/0d; (kpi, kei) x —F.ap;(c)<0.

>
< (26)
Proof. Observe that

d(P,c)=1— max S[(ap,kp), (ac, k).

apel0,1]®
Then it follows that
S(P,C):Fc(l—d(P,C)) (27)

and Equation (25) follows immediately.
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Finally,

8S(P, C) _r 8maxape[0,1]q’ S [(O-/Pa ’{P) ) (O./C, ’fc)] —F —Oép’l'(C)CYc,i _r —Oépﬂ'(C) <0
d; (Kpi, Ke,i) ‘ 0d; (kp;, Keyi) ‘ |D| + |Dk| C|q>| + |Px| —

where the second step follows from the envelope theorem (see Theorem 2 of
Milgrom and Segal [3] for a result that can be applied here), and the third from
the fact that if a.; = 0, then by Proposition 1 we also have ap;(c) =0. =

Proof of Proposition 2. Equation (9) follows by, e.g., Lemma 1 in McFadden
[2] and the usual observations that: (1) if €. is Gumbel with precision parameter A
then Ae. is Gumbel with precision parameter 1 and (2)
F.(1-d(Pc)+e>Fs(1—d(P,d))+ e if and only if
AF.(1—=d(P,c))+ . > A\Fy (1 —d (P, ")) + Aew. Then, using Equation (9) we

calculate
O Pr(c|P) _ (X uccexp[AS (P, d)]) Aexp [AS (P, ¢)] —exp[AS (P, ¢)] Aexp [AS (P, )]
05(P,c) (Y uccexp [ASHP, ¢ )])2 ’

\ exp [AS (P, ¢)] _( expIAS(P, ¢)] )2
D oeecexp[AS (P )] \ X egexp [AS (P, )]

= M[Pr(c|P)— (Pr (c|P))2} = APt (c|P) [l — Pr(c|P)].

Combining this with Lemma 1 (in partietlar, Equations (25) and (26)) and using
the chain rule immediately yields the desired result. m
Let op. € O be the option with,the highest evaluation conditional on adopting
category ¢, which is assumed for semplicity to be unique and with op. # opy
whenever ¢ # ¢.

Lemma 2 For all c €C"

i) Higher F, increases Pr(o(c*) = op.) and weakly decreases Pr(o(c*) = ops) for
all ¢ # c. Take two.DMs j and j' with ), . Fg, =Y wvee F] . They choose op,
with, differentsprobabilities for some ¢ € C if and only if FJ # FJ' for some ¢ € C.
ii) Highervd(P,c) decreases Pr (o (c*) = op.) and weakly increases Pr (o (c*) = opu)
for all € #£'¢.

iii) Deereasing d(P,c), boosts Pr(o(c*) = op.) more at higher F. if and only if c
is mot “dominant, i.e., F. < F¥ where the threshold F¥ increases in d(P,c). In
particular, this always holds if Pr(c|P) < 1/2.
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Proof. Observe preliminarily that d (P,c) < 1 for all ¢ € C, as by setting
api+ = 04+ for some ¢* € I the DM

Zie@\{i*} d (|ac,i - O‘P,i|) + Ziequ aP,iac,idi (HP,ia /ic,i) < |(D| + |(I)K| —1

< 1.
D] + |Pk| — @]+ [Pk

For (i), note that by Proposition 2,

dPr(o(c*) = op.)  OPr(c|P)
OF, - 0F,

> 0,

so choice of op, is more likely when F, is higher.
Now, consider two different individuals. We first recall that by Proposition 2,

exp (AFY? (1‘— d(P,c))) ‘
Y e €Xp ()\FCJ, (1 —d (P c’)))

Observe that d (P, c) is constant across individuals, and only depends on the
category c. It is immediately clear that if FJ = E¥*for all ¢ € C, then
Pr(c*=c|P,j) =Pr(c* =c|P,j") for all c € C. Se we just need to prove the
converse, which is that if Pr (¢* = ¢|P,j) = Pr{et="c|P, ") for all ¢ € C, then
FJ = FJ' for alle € C.

Pr(c*=c¢|P,j) =

For sake of contradiction, assume that we'can/select some ¢ € C' with F CJ # FC] B

Without loss of generality, let FJ S CJI For every ¢ € C'\ {¢} we have

Pr(c* =¢|P,j) exp (AF (1 — d (P, ¢)))

Pr(ct = |P,j) exp (A\F? (1 —d(P,c)))

=exp (N[ (1—d(P.¢) — F,(1—d(P,d))]).

C

e}

<

Therefore
Py(cf =¢|Pj)  Pr(c"=¢|Pj)
Pr(cc=c|P,j) Pr(c=c|Pj)
= F/(1-d(P,¢) = F,(1-d(P¢))
= F/ (1-d(P,e) — FI (1-d(P,d))
— (F-F) (1 -a(P.e) = (Fi - FY) 1= d(P.))
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so F/ > Féjl means that

Fi>F'  vdeC\{e}.

But this contradicts .. F, =3, . F 7

deC cdeC -
For (ii), recall from the proof of Proposition 2 that

O Pr(c|P)
——= = )\P P)j1-P P
Sp = APE(P) 1= Pr(dP)].
and also the fact that, by Equation (27), % = —F,, we have
O Pr(c|P)
————==—-\-F.-P P)-l1-P P).
iy £(clP) - [1 — Pr(clP)

Then applying Proposition 2 again, we get

qu/\p@/e[b/wm'dnoowepeoe//:sduq wolj papeojumoq

% — _\Pr(c[P)[1 - Pr(c[P)] — Achgg—gm 12 Pr (c|P)] + AF, Pr (c|P) 8Pg;?c._
x —Pr(c|P)[1 —Pr(c|P)] — AF.(L—= d\(Esc)) [1 — Pr(c|P)] Pr(c|P) [l — Pr(c|P
+A-F.-(1—=d(P,c))-Pr(c|P)Rr (c]P)-[1 —Pr(c|P)]
= (=14 AS(P,c) [2Pr(c|P),4\1]) Pr (c|P) - [1 — Pr(c|P)].

So

0 Pr (c|P)

W <0 £=WF. (1 —d(P,c)[2Pr(c|P) — 1] < 1.

The condition holds for“k, small enough (and whenever Pr(c|P) < 1/2), but does
not hold for F, large“€nough, which in particular guarantees Pr(c|P) > 1/2 (from
Equation (9) the latter condition holds provided
exp (\Fe (1 —d(Pic))) > > .. exp (AFw (1 —d(P,c')))). Therefore, since
AF. (1 —d(Psc)) [2Pr(c|P) — 1] is increasing in F, and decreasing in d (P, ¢) in the
range Pr(¢|P) »71/2, there exists a threshold £, which increases in d(P, ¢), such
that the condition holds if and only if F. < F¥, establishing (iii).

For every-a’e [0,1]%, let ay denote the restriction of o to the hedonic features .
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Lemma 3 Suppose that there are no nontrivial event features and that ap(c) is a
singleton for all c € C'. Let

ai =Y api(c)Pr(c[P) Vi€

ceC

denote the average attention profile. For every o € O with hedonic vector u, the
average valuation

0(0) = 3 Pr(elP)v (0 ap(c))

ceC
satisfies:
8;}(?0) = AN1—=d(P,c)Pr(c|P){apu(c) —ag,u—1u){ Nee'C (28)
v (o) _ —AF.ap(c) Pr(c|P){apu(c) — an,u — ay .
Od; (Kpyi, Ke,i) B D] + | x| Ve € C,Vi € $29)

% be the average attention weights conditional on

not being categorized in c. We\have that

Proof. Let ap_,. =

v (0)
OF.

= (apu(c)0Pr(c|P)/OF,. —ap£u(c)0Pr(c|P)/O0F.,u—1u)

ap(c)OPr(c A apu(c)Pr(c|P)
< pule)OPr(elP) [OF ST pre]P))

8Pr(c]P) CKPJ-[(C)—EH w—17) = _ . e N )
OF. <[1—Pr(c]P)]’ > )‘(1 d(P, ))P ( |P)< P,H() H,

3Pr(c|P)/3Fc,u—u>

where the fourth equality follows by Proposition 2, proving Equation (28). The
proof of Equation (29) is completely analogous. m

A.3 Proofs for Section 3

Proof of Proposition 3. 1. That (apg, (buy) , apg (buy)) = (o, 1) follows
from Proposition 1. Then, observe that the derivative of the similarity with
respeet-to,ap 7 is % — %/ﬁ p which is strictly positive if kp < % and strictly negative
i p > % The formula for S (P, buy) follows by plugging in Equation (10) these
optimal values.
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2. That (apgy (con),apag (con)) = (1, «) follows from Proposition 1. Then,
observe that the derivative of the similarity with respect to ap z is % — %1(1 — Kp)
which is strictly positive if kp > % and strictly negative if kp < % The formula for

S (P, con) follows by plugging in Equation (10) these optimal values. m

Proof of Proposition 4. By Proposition 3, category buy is adopted if

TFy, 1
Kp QFZ)Z — 3 and kp > 5
or
7 con
kp <4 —— and kp < =.
buy 2
Since
7FCO7L 1 Fcon 7Fbu 1
4—— < - = >1 = Y e —
2F, 2 Fyuy 2Fon 2’

we have that category buy is adopted if Leen > 1 and Kp < 4 — LLeon op Teon ]
Fbuy 2 Fbuy Fbuy
7Fpuy

and kp < 5 — 3 thatis
_ Z Eeon 3 Feon

. (Fbuy) 4o it e >1
= 7Fbuy TN o Feon

F., T 3 if R <1

whichis increasing in % [ ]

Proof of Proposition 5.%First observe that Cﬁnpon adopting the frequency
category, by Propositioniylthe'only event feature to which the decision maker
assigns positive weight is the first flip, which results in an evaluation ratio equal to
1. Analogously, upéntadopting the agnostic inference category, by Proposition 1
the only event feature to which the decision maker assigns positive weight is the
share of heads, which results in an evaluation ratio equal to % > 1.
Next, fix'a frequency ratio F e,/ Fins. Suppose that if Np = N* the DM
categorizesithe problem as agnostic inference. We show that she also categorizes
the problem as inference when Np = N* + 2 (observe that the constraint of a
50:50 share of heads implies that we only consider the case of an even Np, Np/).

By Proposition 1, both with Np and Np: the attention to the number of flips upon
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matching to the agnostic inference category is set to 1. Therefore, we have the
desired

N*+6 N*46
* < d (P, freq) +

d(P' inf)=d(Pinf) Noig S

<d(P
g < AP freq),
where the last inequality follows from the fact that d (P, freq) is computed with
respect to the optimal allocation of attention over the N* + 6 feature of problem
P. Finally, that the threshold is increasing in I;f_”q immediately follows by Lemma
1. m

inf
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B Bottom-up Attention

B.1 Proofs for Section 5

Proof of Propositien6." Let i € &5 U P and define o* = ZL . FL Since the
absolute valueds convéx, and d is convex and nondecreasing, S (P,c,dlo) is a
concave functionwef ap;. This, inter alia, implies that ap;(c|0) is always an
interval. Moreoyer, the continuity of the absolute value and d imply that the
interval is closed. Observe that
F.S[(dp,kE) , (o, ke) loc] + S [(ap, kp) , (a5, kp) |0s] depends on ap;, a.;, and ag;
only additively through the term

d(lap; — acil) + o"d (lap; — asil) - (30)
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If we see this as a family {d (|(-) — ac;|) + o*d(|(-) — O‘5d|)}ac,ie[o,1} of functions of
ap; parametrized by a.;, it satisfies single crossing differences by the monotonicity
and convexity of d, so ap;(c|d) is increasing (with respect to the strong set order)
in a.; by Milgrom and Shannon [4]. Similarly, when we see Equation (30) as a
family

{d(|() = acal) +o*d(|() = asil}a, e

of functions of ap; parametrized by as;, it satisfies single crossing differences by,
the monotonicity and convexity of d, so ap;(c|d) is increasing (with respect to thie
strong set order) in ay; by Milgrom and Shannon [4].

For the second part of the proposition, suppose first that as,; € ap;(c|dr0®), Where
we abused the notation and made the dependence of ap;(c|d) on o* explicit. It is
immediate to see from Equation (30) that if o is increased to séme(6*) with
o < (0*), as; € api(c|d, (c*)), as desired. Next, consider first the case in which
we start from a situation where

o r = min - o; > o5y
acap(cld,o*)

It is immediate that in this case we must have oy >)e;. But then, for every
ol > a,, the optimality condition*fer o, under o*,
d(|of = oea]) £ o di(|of — i)
> d(l, — aud) * 090 (lo, — s

implies, together with the‘menotonicity of d, that for (¢*)" > o*

d (|67 ~\o&il) + (07) d (|of — asg)
> dlan acil) + (07) d (Ja; — o))

proving that

Qs < min o <«
acap(cld,(@*))
as desired.”The proof for the case where max,c, pi(cls,o) i < Qg is completely
symmetric and thus omitted.
The last,_conclusion for the case where d (z) = x for all z € R, immediately follows
by inspection of Equation (30). =
Critically, description shapes - via attention - similarity and categorization. To see
this, denote by S (P, c|d) be the maximum of Equation (20) for a given category c.
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Proposition B.1 Let d be differentiable, i € @y U Pg, and as; > ;. Increasing

as; or 05, increases similarity more for categories in which that feature is more

relevant. Formally, 8%(0]:;7"5) and 8%(5;6,‘5)

are inCreasing in O ;.

Proof. Let i€ &5 U Pk and define o* = UU‘SF Since the absolute value is
convex, and d is convex and nondecreasing, S (YP, ¢,0|o) is a concave function of
ap;. This, inter alia, implies that ap;(c|d, o) is always an interval (we slightly
abuse notation to make explicit the dependence of the solution on §). Moreover;
the continuity of the absolute value and d imply that the interval is closed. ' hus
let a’8'(c|d, o) = argmin a.?* We can compute %‘:’f‘o) for i € Py Vg
using the envelope theorem (see, e.g., Milgrom and Segal [3], Theorems™1 and 3) to
obtain

acap(cld,o)

98 (P,c,8|0) e d(aBl (c]d, o) — o)
- a__________ = _O-CiFC -
aaci ’ |(I)| + |(I)K|

) . : .. .. . 8S(P,c,s

Since, by Proposition 6, af57(c|d, o) is increasing in agg.and,d is convex, %
. L . . . 8S(Pcdlo) -
is increasing in «;;. Thus, straightforward computations give that % is

Increasing In oy

0S(P,c,0|0)
Ooe i

9S(P,c,dlo) -

I 1S

T6,i

min

Since, by Proposition 6, apy'(c|d, o) is increasing im 05, and d is convex,

is increasing in 04,. Thus, straightforward, computations give that
increasinginjo. ;. =
Categories focused on prominent and, contrasting features are more likely to be
selected. This is a theory of framing effects: a bottom-up salient feature can
produce a re-categorization of the problem, causing preference reversals.
Proof of Proposition 7< Observe that given the additively separable structure
of the similarity function,changes in oy g, only change similarity through changes
in the term

Fooequd (|ap,gy — ceul) + os5.qud (Japgn — as,qul) - (31)

We first prove'part (i). For ¢ € {buy, freq}, when as g, = 0 the term in Equation
(31) has apg, optimally set to 0 so that
d (Japop.—~acop]) =0=d(|Japgy — asonl), as acgy = asgp = 0. Therefore, this

32@bserve this minimization is vectorial, but the additive separability of the problem guarantees
the‘existence of an « which solves jointly the minimization across all dimensions.
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term can only increase (and similarity can only decrease) as a result of a shift to
as.gp = 1. For ¢ = con instead, when o g, = 1 the term in Equation (31) has ap g
optimally set to 1 so that d (Japgy — acgp]) =0 =d (|Japgr — as.ob|), as
Qeop = 5.0p = 1. So, it can only be smaller (and similarity can only be higher)
than the original value of the term when oy g, = 0.
(ii) immediately follows by Proposition 6. m

B.2 Bottom-up Contrast in Statistical Problems

Bordalo, Conlon, Gennaioli, Kwon, and Shleifer [20] propose a model of selective
attention to features of statistical problems driven by bottom-up contrasts Here we
show that model is nested in ours, illustrating key predictions in judgmentsyabout

iid draws and inference problems.

Beliefs about 1id draws. A DM judges the likelihood that n draws of a fair coin
produce a balanced sequence Hs versus a full heads sequengéH;. [20] document
that the prevalence of Gambler’s fallacy, i.e. assigning a higher probability to the

balanced sequence, is higher for longer sequences. Proposition 18 shows that
similarity to the familiar inf category increases with sequence length, providing
one mechanism for this finding. Here we show that hettom-up contrast of the share
of heads also increases, which boosts similarity town f and strengthens the effect.

As in [20], i) the problem’s event features aresindividual flips, and ii) the share of
heads in a sequence, and contrast o; of event feature ¢ depends on the probability

difference across hypotheses when“attention is paid to that feature alone,

a; = 1,052; = 0. Among the problem’s event features, only the contrast of the
share of heads varies with n. In partieular, using a special case of the contrast
function of Equation (19), the contrast of share of heads os for sequences with n
flips is given by:

(1) — 1’ (0.5)"
(n72) (0.5)" + (0.5)"

ocs=1+

The bottomsup contrast of share of heads increases in n because homogeneous
sequences ‘become proportionately much rarer for larger n. By Proposition 6, when
matching thie problem to any category, the DM pays more attention to the share of
heads-for-darge n. It feels very striking, and thus attention grabbing, to obtain zero

tails-in 6 flips. By Proposition B.1, this promotes categorization in agnostic
inference inf. As explained in the text, this ensures attention to share of heads
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which causes a “question substitution”: the DM assesses the relative probabilities
of a balanced versus a homogeneous sequence, as opposed to the specific sequences
H1 and HQ.

Inference. A computer chooses one of two urns, A and B, with base rates
w4 < 1/2 and mp = 1 — w4, and picks a ball from it. The likelihood of taking a
green ball from A is ¢ > 1/2 and 1 — ¢ from B. A DM evaluates the likelihood that
a green ball comes from urn A. Bordalo et al. [20] document three facts: i)
judgments are multi-modal, corresponding to neglect of either the base rate or the
likelihood, ii) the prevalence of base rate neglect increases with the likelihoed 4,
and iii) the prevalence of base rate neglect increases with Kahneman and Tversky’s
“Taxicab” reframing of the problem.

There are two event features, “urn selection” or base rate U and “share of green”
S. Fact 1) follows from categorization into inference inf, triggeringfocts on the
likelihood of green as well as base rate neglect, or into freq, which entails attention
to the base rate and neglect of the likelihood. Relative to [20], our'model explains
why these specific profiles emerge, corresponding to tw6 familiar categories of
problems. Turning to fact ii), the bottom-up contrastyef feature S increases in g,
making categorization in inference in f more likelyfaccerding to Proposition B.1.
Lastly, the Taxicab frame increases the prominence ‘ofythe signal accuracy feature;
this feature is not prominent at all in the original frame, although it can be inferred
from the base rates and the likelihoods. By drawing attention to it, the problem
description promotes categorization into a freq category for which the accuracy
statistic is diagnostic. In fact, thedccuracy statistic is framed as a frequency
problem, namely “What is the probahility that the witness says green when the
car is green,” for which the likeltheod becomes the base rate. This leads the DM to
answer this question instead.of,the original one, “What is the probability that the
car is green if the witnéss’says it is green”, displaying full base rate neglect.

B.3 Lotteries

Here we show hew the model of salience from payoff contrast in Bordalo,

Gennaioliy and Shleifer ([21]) is nested in the current model, and examine

well-kiiewn puzzles in choice under risk from the perspective of our model.
Consider the choice between monetary lotteries

X = (zg,zp;m) and W = (wy, wy; B),
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which pay their upside prizes x, and w, with probabilities 7 and 3, respectively,
and pay x;, and wj; otherwise. X is a mean preserving spread of W, so z, > w, and
m < (. Each lottery has four features: its maximum and minimum payoffs
(hedonic) and the maximum and minimum payoff events (event). Each lottery has
two atoms of the form (ug, s, €,4,€,). The atom of a lottery state s € {g, b}
specifies: 1) in ug the payoff in this state and in ey its delivery event, and ii) the
neutral values u_, = 0 and e_, = € for the features not corresponding to s.
Consider next how bottom-up salience drives attention in such problems. Giveu
description prominence a5 with as., = 1 for all s € {g, b} and quadratic distante d,
Proposition 6 implies that, when matching to ¢ € {con, freq}, attention satisfies:3*

a—i_a&uo—c;u/Fcon Uée/Fcon
; T g, (con) = —2eeb T (39
op S(Con) 1+ Ud,us/Fcon ap S(Con) 1+ 05,65/Fcon ( )
A5 4,06 u, F re
ap,(freq) = Suefowslie o (rregy =1, (Sefeby.  (33)

1 +O-5,us/Ff7‘eq7

Ceteris paribus, compared to “frequency estimation®, categorization in
“consuming” boosts attention to payoffs but dampens it to probabilities,
apy,(con) > ap,, (freq) and ap,, (con) < ape(freq) for all s € {g,b}.
Here we focus on the case, typical in lab experimentsjon choice under risk, where
all payoff and event features are similarly prominently described. As in Bordalo,
Gennaioli, and Shleifer [21], higher contrfast of payoffs in state s (higher o4,,)
boosts attention to the payoff in thisstate’\Higher event contrast (higher o)
boosts attention to probabilities. AS in Proposition 6, the bottom-up forces are
weaker in frequent categories (due to the terms o5, /F. and 05,/ F.).
At the equilibrium categorizationythe DM’s expected valuation gap for X over W
is:

v(X) — v(W)'= Pr{con|P) - v(con) + Pr(freq|P) - v(freq), (34)

where the valuation 'gaps v(c) between X and W in each category ¢ is computed
using the above attention weights. We now consider different cases.
Commion Ratio Effect. Suppose x, = w, = 0. It is well known that if
(100,0.2;0,0.8) ~ (25,0.8;0,0.2), then for many people
(100,.0.0270,0.98) > (25,0.08;0,0.92). This pattern violates expected utility, in
which preferences are invariant to uniform scaling of probabilities. Our model

33P0 ease notation we set category contrast to o.; = 1 for all i € ®. Our qualitative results do
not“depend on this assumption.
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explains this puzzle: as probabilities shrink, event contrast drops, triggering a shift
towards a representation that focuses on payoffs, which benefits the riskier lottery.
Formally, the valuation gap v(c) between X and W in category c is given by:

¥(c) = OPeg(€) | O, (€) (15 — w,) + [Wap,eg(c) _ [OPey(© Wy - py, (€). (35)

Since 7 - 24 = 3 - wy, the right hand side increases in attention to payoffs ap,,(c)
and decreases in attention to probabilities ap,(c). Thus, categorization in con,
boosts risk taking while categorization in freq boosts risk aversion.

In the problem above, the reduction of probabilities reduces event contrast, exg.,
|7 — B drops from |0.8 — 0.2] = 0.6 to |0.08 — 0.02| = 0.06. Payoff contrasteis
instead constant.®* The drop in event contrast reduces ap.(c) in any [category, but
also boosts categorization into consuming. Overall, when differenees in
probabilities are “peanuts” the DM’s attention is drawn away fromthem and
towards the $100 versus $25 payoff difference, promoting,risk taking.

The Fourfold Pattern and “Simplicity Equivalents”. Suppese now that W pays a
sure amount w = 7 - x,. Hedonic features are whether the lottery pays more or less
than w, with corresponding event features. This is eguivalent to the previous
formalization of atoms provided that, for the sure thing; we set w, = w, = w and
$ = m. Payoff contrast o;,, in state s € {g,b} inereases in |z, — w|. The valuation
gap for X over W in categofy'e is how given by:3®

) =z, - [apﬂg(c) e (LAY 5 apa, (€) - (1 — m)Pe© .W] _ (36)

Equation (36) yields the so-called “fourfold pattern” in risky choice (Kahneman
and Tversky [74]). Given that 2, = w/m, upside payoff contrast increases in
|w/m —w| =w- (=), while dewnside contrast depends on |w — 0| = w. If the
lottery is right skewed, m.<"0.5, upside contrast is larger than downside contrast,

34We implicitly assume, that contrast in state s is only computed for features that take a proper
value in such state, and not using features that take values in a different state.

35The next formula is=6btained by formalizing a safe lottery paying some amount w, when
compared to a risky alternative (z4,7) , as composed by two atoms (w, 0, {w : X (w) = z4},Q) and
(0, w,Q, {w +:X (Wh=2p}). In words, it is modeled as a lottery with a good and a bad outcome
that have respectively the probability m and (1 — ) of the alternative lotteries, but were both
the good and'bad outcome are equal to w. Qualitatively analogous results would be obtained by
modeling the safe lottery as having equal good and bad outcomes with probability 0.5 that does
not depend on the alternative under consideration. However, modeling it as a single atom would
change the behavior described below.
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and conversely if 7 > 0.5. Equations (32) and (33) then imply that in every
category the DM focuses more on the upside if and only if 7 < 0.5. The DM is risk
seeking for 7 < 0.5 and risk averse for 7 > 0.5, as in the fourfold pattern.®¢
Crucially, the same logic also explains Oprea’s [98] evidence of similar behavior
when choosing among similar riskless options. This arises because the similar
description promotes the use of a common “consuming” representation in both
domains. Consider a riskless choice where options are “riskless mirrors”of the
lotteries above. Option A consists of 90 boxes with z, = $2.5 and 10 boxes witht
x, = $0, and option B consists of 100 boxes with w = $2.25. The subject is_paid
the total value of the chosen option divided by 100. The two options pay the same;
but (when going down a multiple price list) many subjects exhibit a preference for
B. Options have two features: the payoff in boxes s € {g, b} and their frequéncies
ng and ny. Also in this case, reasoning about payoffs prompts thé “constming”
category, while reasoning about frequencies prompts the “frequency estimation”
category.

When evaluating A versus B, the contrast between A’s payoffin its g and b boxes
with the payoff in B boxes prompts categorization as con. The DM focuses on
evaluating payoffs of different boxes, reducing attention\to'their precise frequencies.
From Equation (36), the valuation gap for A over,'B in category c is given by:

50 =, Jarn @ (55)™ () Aot (1) (1] 07

Equation (37) is equivalent to Equation (36) with risky lotteries, and so yields
equivalent choice behavior. The fourfold pattern cannot come from preferences
under risk, because the domains_are different. It comes from the payoff evaluation
representation, indueed by high payoff contrast in both domains.

When choosing between rigklessymirrors, the retrieval of the con category inhibits
the correct adding up acrosssboxes. We suspect that many subjects would be able
to perform the additien-if-explicitly asked to do so, and would then be indifferent
between A and B. Gomplexity is in representation, not in computation.3”

36Relative to Bordaloy*Gennaioli, and Shleifer [21], here payoff-contrast triggers a consuming
representation;” eausing probability neglect (a. = 0 for Fi,, — 00). Thus, the fourfold pattern
can also arise,if the"upside and downside payoffs are equally attended to, ap., = apu,, which
is relevant for testing the model using attention data. We also predict that eliciting certainty
equivalents, should strengthen the fourfold pattern compared to, say, making binary choices or
choosing a “probability equivalent 7” to w. Being in dollar units like payoffs, certainty equivalents
are more similar to payoff evaluation, ¢ = con.

37Riskless choice can also be contaminated by numerical tasks in other domains. In the left
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B.4 Top-Down Contrast and Unstable Similarity

Tversky [122] famously showed that when people rate similarities between
countries on a list, they judge Austria and Sweden as more similar when the list
includes Hungary and Poland than when it includes Hungary and Norway. He
explained this finding by the contrast principle. When Poland is on the list,
political differences are contrasting, so Sweden and Austria are deemed similar.
When Norway is on the list, geographic differences are contrasting, so Sweden and
Austria are deemed dissimilar.

Here contrast arises top down: the only information people are given is country:
names, but these prompt focus on a feature contrasting among them (sinilarlyjto
when seeing the “flight” label we think of the “crash” feature)-

When assessing the similarity between Austria (a), Sweden (s), Hungary (h) and
either Norway (n) or Poland (p), each atom y € Y lists the features™of a country
pair. The Austria-Sweden atom (a, s) reports two “hedonic” features:“geographical
distance uq (a, s) and political distance uy, (a, s). Attentien (ep g, apy) to
hedonics entails estimated distance
v((a,s) (apa,apr)) = apg-uc (a,s)+apr-ur (a,s)+E=apq) ic+ (1 — apg) ur,
which is used as an inverse measure of similarity. Because ‘Austria and Sweden are
intuitively more distant geographically than politically; uy, (a, s) < ug (a, s), they
are judged more similar when attention to_politics ap, is higher compared to
geographyla p ;%

The DM has experienced two categories:yproblems of category G in which
geographic features are learned or judged,/and problems of category L in which
political features are learned or judgeds The former category attends to geography
features while neglecting polities;"ecie = 1 > a¢ = 0, the latter does the reverse,

digit bias (e.g., List, Muir, Pope; and Suni [1]), consumers perceive $9.99 to be dissimilar from $10
despite the metric proximity< A fumber’s digits are akin to event features in a sequence of i.i.d.
draws. The fact that the left digit is usually more relevant prompts people to focus on this feature
and neglect others, boosting, the perceived difference between $9.99 and $10.

38

Formally, these computations are performed under

uc (ays) ug (a,n) = ug (hy,s) = ug (hyn) = ug (p,s) =ug (p,n) =1
uglayh) = ug(a,p) =ug(p,h) =ug(s,n)=0

up(a,h) = wuy(a,p) =ur (h,s) =ug (h,n) =ur (p,s) =uy (p,n) =1
ur, (a,s) = wug(a,n)=ur (n,s)=ur (h,p) =0.
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arg = 0< ary = 1.

Top-down contrast in category G occurs only along geography, o (k) where
tig = {uc (y)},ey are the distances between the four countries. In category L, on
the other hand, it only occurs along politics, o (k1), with k7 accordingly defined.
The description of the problem makes the country names fully prominent while it

shrouds the hedonics.

Critically, top-down contrast of hedonic features changes with the described
country names. When the DM is presented with a,s,h,n, variability along
geography is high (n,s versus a,h) while variability along politics is low (n,s}a
versus h), so 0 (kg1) > 0 (kr1), where 1 captures the list a,s,h,n. When the DM is
presented with a,s,h,p, variability along geography is low (s versus a,h;p)awhile
variability along politics is high (s,a versus h,p), so 0 (kge) < 0 (kr%), where 2
refers to the list a,s,h,p.

Instability in similarity judgments arises because, by point i) iri"Proposition B.1,
when the most contrasting category is G (country list 1), the\DM retrieves this
category and focuses on geography, holding a and s dissimilar. When instead the
most contrasting category is L (country list 2), the DM retrieves this category and
focuses on politics, holding @ and s similar. The similarityyjudgment is unstable as
documented by Tversky. As in the GF, upon seeing a, syh,n the DM thinks “what
a striking North-East separation between n,s.and ‘a,h!”. This spontaneous
association between the current task and geography does not just increase
attention to this feature. It causes neglect,of politics, which causes an unstable
similarity judgment between a and s;shaped by irrelevant countries in the list.
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CALL FOR NOMINATIONS

$300,000 Nemmers Prize in Economics

Northwestern University invites nominations for the Erwin Plein Nemmers Prize in Economics, to be
awarded during the 2026-27 academic year. The prize pays the recipient $300,000. Recipients of the
Nemmers Prize present lectures, participate in department seminars, and engage with Northwestern faculty
and students in other scholarly activities.

Details about the prize and the nomination process can be found at nemmers.northwestern.edu. Candidacy
for the Nemmers Prize is open to those with careers of outstanding achievement in their disciplines as
demonstrated by major contributions to new knowledge or the development of significant new modes of
analysis.Individuals of all nationalities and institutional affiliations are eligible except current or recent
members of the Northwestern University faculty and past recipients of the Nemmers or Nobel Prize.
Nominations will be accepted until January 14, 2026.

The Nemmers prizes are made possible by a generous gift to Northwestern University by the late Erwin Esser
Nemmers and the late Frederic Esser Nemmers.

Northwe Stern Nemmers Prizes « Office of the Provost « Northwestern University « Evanston, Illinois 60208
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