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The Thinking Factory: Process Data

• Things that reflect cognition between the presentation of the 
decision stimulus and the decision.
• Concurrent and retrospective reports (see Ericsson and Simon).  Verbal 

Protocols
• Recall of stimuli.
• Decision Time  (Stopping rules).
• Information Acquisition:  Eye Fixations and Mouse Tracks
• fMRI and other imaging methods



However, in behavioral game theory, as in behavioral 
economics more generally, decisions and cognition are 
inextricably linked. And modern experimental methods 
make it possible to study cognition much more deeply, 
at modest incremental cost, by observing subjects’ 
decisions while monitoring their searches for hidden 
information about the game, by monitoring chats 
between subject teams, or by eliciting subjects’ beliefs 
about others’ decisions. With such methods readily 
available, black-boxing cognition is often wasteful, and 
can be misleading. The cost of analyzing process or 
other nonstandard data is far from negligible, but the 
incremental benefits are large. 

Crawford from forthcoming Annual Review…

From Experiments and Game Theory:
Cognition, Communication, Coordination, and Cooperation in Relationships Vincent P. Crawford



Agenda:  Examine information acquisition and three 
applications

• How does the eye see?  Information Acquisition w/ 
MouselabWEB

• Tasks

• Strategic Choices (games)

• Risky Choice:   Lotteries

• Intertemporal Choice.



The nature of fixations.

• What the eye sees, what the brain tell us.
• Foveal vision is narrow: ~ 2 degrees.   Has about half of all the 

neurons visual cortex.
• Saccadic Masking:  Can you see your eye move in a mirror?



From Marissa Carrasco, NYU
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Saccadic suppression/masking…

• Can you see your eye move in a 
mirror?  NO
• The eyes acquire information in 

a series of ballistic movements

• When the eye moves (~3-400 
degrees a second), the fovea 
suspends vision.

• For experiments…. Its close to an 
ideal set of characteristics, we 
know what is seen.

• For individuals it is a startling 
demonstration of the difference 
between what the eye sees and 
the brain perceives.





Respondent  1297

Johnson, Schulte-Mecklenbeck, Willemsen, Psychological Review. (2008) MouselabWeb.org

Mouselab and MouselabWEB



To understand these data, we need:

• (1) (Testable) Assumptions about 
external information acquisition 
and its use….
• Occurrence:  Needs to be seen to 

be seen to be used.
• Adjacency:   Information that is 

used together is acquired 
together.



(2) Methods for modeling 
Heterogeneity:  Cluster Analysis.



(3) Methods for analyzing and representing 
data.

Multi-level modeling

Observing Cognition 
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Multilevel models and random effects 

Multilevel models (also called hierarchical or mixed models) take into account 

heterogeneity in the data, modeling multiple levels of regression that are interrelated. 

Typically, the first level in the model represents the separate observations for each 

participant in each period (division). For example, in the case of the two outcome set of 

gambles in the PH study, we would have 8 boxes. To capture the dynamics, we divided 

the data into two phases.  Thus a model for acquisition time would have 8x2=16 

observations per participant per trial, representing 16 (repeated) dependent measures. The 

second level in the model captures differences among the observations across participants 

and can be just a random intercept for each participant, but also be a complex second 

regression equation that estimates how coefficients in the first level regression depend on 

participant characteristics.  

In terms of the independent variables, we can enter fixed effects present in our 

data (for example, factors indicating the manipulation, display order, etc.) as well as 

contrasts that can test specific predictions in differences in attention or transitions 

between boxes. For example, in case of the PH study the following model for looking 

time was estimated (using the notation of Raudenbush & Bryk, 2002) and an R-code 

example using lmer to run this model: 
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Icon graphs.
Observing Cognition 
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Level Zero (N=136)
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Equilibrium (N=57)
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Avg. Offer: $2.07 $1.71 $1.44 
 

See Willemsen and Johnson chapter in the Handbook of Process Tracing (2nd ed.)



Two major sets of applications

• Individual Choices
• Risk
• Time preferences

• Games

Row 
Player

Polonio, Di Guida & Coricelli, GEB 2015

Down

Up

searchers. There was also a significant effect of framing, β = −0.12,
SE = 0.03, P < 0.001, as participants were more likely to choose the
larger/later option when the choice was framed as a decision to
accelerate versus delay consumption, replicating prior research (8–
10). There was also a significant interaction between framing and
strategy, β = 0.08, SE = 0.03, P = 0.004. While comparative
searchers exhibited a significant effect of framing, β = 0.41
SE = 0.09, P < 0.001, integrative searchers did not, β = 0.07,
SE = 0.08, P = 0.363. In sum, comparative searchers were more
patient and more likely to exhibit sensitivity to option framing
than integrative searchers, suggesting a relationship between
search strategy and patience. Thus, search strategies are related
to both overall patience and framing effects on discounting.
The sequence people use to explore information while de-

liberating predicts their choices. However, these two search strate-
gies may differ in other ways, particularly in the relative amount of
time spent looking at the monetary amounts versus the delivery time
(Fig. 3 and SI Appendix, Tables S5 and S6). To see if this difference
in the relative time spent looking at attributes drove the observed
effects on choice, we computed each participant’s mean Payne index
(a measure of the relative number of comparative versus integrative
transitions) across all trials as a measure of their search transitions
and a separate measure of the relative time spent looking at amount
attributes compared with time attributes. Choices were then mod-
eled using Payne index, framing (acceleration or delay), and their
interaction, along with the relative looking time measure. Consistent
with the previous analysis, there were significant main effects of
Payne index, β = −0.64, SE = 0.21, P = 0.002, and framing,
β = −0.15, SE = 0.03, P < 0.001. Relative looking time also signif-
icantly predicted choice, β = 0.66, SE = 0.13, P < 0.001, as those who
looked at amount attributes more than time attributes were also
more patient. Importantly, the interaction between Payne index and
framing was significant, β = 0.14, SE = 0.05, P = 0.005. Participants
who engaged in more comparative searching also exhibited larger
effects of acceleration versus delay framing, replicating the findings
reported in the main analysis. These analyses demonstrate that the
observed effects of individual differences in search strategy are
driven by differences in transitions during deliberation and cannot be
explained solely by relative attention to option attributes.

Experiment 2. Experiment 1 demonstrated a linkage between search
strategy and intertemporal patience. However, in experiment
1 this evidence was correlational, and it remained unclear
whether search merely reflects participants’ intertemporal pref-
erences or causally influences those preferences. To test the
causal relationship between search strategies and patience, we
experimentally manipulated search patterns in experiment 2 and
examined their influence on intertemporal choice. We manipu-
lated the search strategy by introducing a small delay (1,000 ms)
between the time when a participant placed the cursor over a
piece of information and the time the information was revealed
following search transitions that we sought to discourage. In the
easy comparative condition, the information was revealed im-
mediately after comparative transitions (e.g., default amount to

alternate amount) but was delayed after integrative transitions
(e.g., default amount to default delivery time). In the easy in-
tegrative condition, the opposite was true. Prior work has shown
that similar delays in website updating do not influence human–
computer interactions (33). Separate behavioral pretesting in an
independent sample confirmed this, as the manipulation did not
feel unnatural, participants did not notice anything unusual
about the delays, and participants did not believe the delays
influenced their decisions (SI Appendix, Supplemental
Experimental Pretest).
Analyses of participants’ search behavior reveal that the assigned

condition significantly altered their information strategies overall,
even within the first few trials of the task, despite their reporting
that the delays did not influence how they performed the task (SI
Appendix, Supplemental Results and Fig. S7). When forced to guess
the nature of the manipulation, only 6 of the 207 participants cor-
rectly identified the manipulation. Although the manipulation ef-
fectively alters search strategies, participants do not view it as
onerous. As a manipulation check, we verified that the Payne index
differed between the two conditions. Participants in the easy com-
parative (mean = −0.85) condition had lower Payne indices than
those in the easy integrative condition (mean = 0.87), β = 0.86,
SE = 0.01, P < 0.001, verifying that the manipulation changed
search behavior in the expected direction. Importantly, the manip-
ulation did not disrupt participants’ subjective experience in per-
forming the task.
To investigate whether search condition altered participants’

decisions, a hierarchical logistic regression modeled choices as a
function of framing (acceleration or delay) and search condition

Fig. 1. Sample trial from the intertemporal choice task.
Participants chose between a smaller reward delivered
sooner and a larger reward delivered later. The trial on
the left features a delay frame, as the smaller/sooner
option is the default, and participants can choose to
delay consumption and switch to the larger/later option.
Conversely, the trial on the right features an acceleration
frame, as the larger/later option is the default, and
participants can choose to accelerate consumption and
switch to the smaller/sooner option. During the task,
information was occluded. To view information about
the option, participants needed to move the mouse over
the piece of information they sought to view.

Fig. 2. Point estimates and 95%CIs of the finite-population SDs (Sm), calculated
using the Bayesian posterior simulation for the hierarchical Bayesian model of
transition data.

Reeck et al. PNAS Early Edition | 3 of 6
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Application 1:  Alternating Offer 
Games.



Alternating Offer Sequential 
Bargaining (JET, 2002)

• Building blocks for 
imperfectly competitive 
markets, labor strikes, etc.

• Standard results
• Theory (Stahl, 1972; 

Rubinstein, 1982)
• Large empirical base:

• Offers are about $2.00
• Frequent rejections of low 

offers.



Two explanations

• Equilibrium + Fairness
• Players have a preference for 

fairness (or believe that others 
do).

• Essential component of many 
�new� theories (Fehr and 
Schmidt 1999, Rabin, 1993, 
Bolton and Oeckenfels, 1999, 
Charness and Rabin 2000)

• Failure to backward induct.
• Players use heuristics that 

exclude backward induction.
• Limited computation.

• Level 0:  Current Stage only.
• Level 1: Current and next 

stage.
• Equilibrium:  Backward 

Induction.



Question:

• What information is needed to solve this problem:
• backward induction?
• Look ahead analogous to  Level 0, Level 1, and Level 2 rationality?

• Let�s make things easy, consider only the first offer made by the 
proposer.



Measuring Information Acquisition.

• The �thinking factory�
and revealed 
information preferences.
• Box opening and closing 

and pattern of 
acquisition recorded 
with MouseLab
software.



Basic Process Measures

• Attention
• Time
• Number of Acquisitions

• Search Patterns
• Direction
• Variability

• Dynamics
• Changes over time



A typical player.

$5.00

$2.50

$1.25Round 3

Round 2

$0 $5

Round 1

$2.12



Information Acquisition

Round

Number 
of Acqns.

Total Time 
Examining 
Payoff Transitions*

1 2 3

Round 1 
($5.00)

4.38 12.91 -- 2.55 .65

Round 2 
($2.50)

3.80 6.67 2.10 -- 1.24

Round 3 
($1.25)

2.12 1.24 .50 .88 --
The picture can't be 
displayed.

The picture can't be displayed.

The picture can't be displayed.
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What does information acquisition add, 
beyond choice?
• Adds predictive ability

Costas-Gomes, Crawford & Bruschetta, Econometrica, 2000)



Application 2:  Risky Choice

file:///Users/eric/Dropbox%20(CBS)/Documents/mss/Michael/phdemo/phdemo/PH_demo.html


Application 2:  Heuristic Models of 
Risky Choice



The Priority Heuristic: Making Choices Without Trade-Offs

Eduard Brandstätter
Johannes Kepler University of Linz

Gerd Gigerenzer
Max Planck Institute for Human Development

Ralph Hertwig
University of Basel

Bernoulli’s framework of expected utility serves as a model for various psychological processes,
including motivation, moral sense, attitudes, and decision making. To account for evidence at variance
with expected utility, the authors generalize the framework of fast and frugal heuristics from inferences
to preferences. The priority heuristic predicts (a) the Allais paradox, (b) risk aversion for gains if
probabilities are high, (c) risk seeking for gains if probabilities are low (e.g., lottery tickets), (d) risk
aversion for losses if probabilities are low (e.g., buying insurance), (e) risk seeking for losses if
probabilities are high, (f) the certainty effect, (g) the possibility effect, and (h) intransitivities. The authors
test how accurately the heuristic predicts people’s choices, compared with previously proposed heuristics
and 3 modifications of expected utility theory: security-potential/aspiration theory, transfer-of-attention-
exchange model, and cumulative prospect theory.

Keywords: risky choice, heuristics, decision making, frugality, choice process

Conventional wisdom tells us that making decisions becomes
difficult whenever multiple priorities, appetites, goals, values, or
simply the attributes of the alternative options are in conflict.
Should one undergo a medical treatment that has some chance of
curing a life-threatening illness but comes with the risk of debil-
itating side effects? Should one report a crime committed by a
friend? Should one buy an expensive, high-quality camera or an
inexpensive, low-quality camera? How do people resolve con-
flicts, ranging from the prosaic to the profound?
The common denominator of many theories of human behavior

is the premise that conflicts are mastered by making trade-offs.
Since the Enlightenment, it has been believed that weighting and
summing are the processes by which such trade-offs can be made
in a rational way. Numerous theories of human behavior—includ-
ing expected value theory, expected utility theory, prospect theory,

Benjamin Franklin’s moral algebra, theories of moral sense such as
utilitarianism and consequentionalism (Gigerenzer, 2004), theories
of risk taking (e.g., Wigfield & Eccles, 1992), motivational theo-
ries of achievement (Atkinson, 1957) and work behavior (e.g.,
Vroom, 1964), theories of social learning (Rotter, 1954), theories
of attitude formation (e.g., Fishbein & Ajzen, 1975), and theories
of health behavior (e.g., Becker, 1974; for a review see Heck-
hausen, 1991)—rest on these two processes. Take how expected
utility theory would account for the choice between two invest-
ment plans as an example. The reasons for choosing are often
negatively correlated with one another. High returns go with low
probabilities, and low returns go with high probabilities. Accord-
ing to a common argument, negative correlations between reasons
cause people to experience conflict, leading them to make trade-
offs (Shanteau & Thomas, 2000). In terms of expected utility, the
trade-off between investment plans is performed by weighting the
utility of the respective monetary outcomes by their probabilities
and by summing across the weighted outcomes of each plan. The
plan chosen is that with the higher expected utility.
Weighting and summing are processes that have been used to

define not only rational choice but also rational inference (Giger-
enzer & Kurz, 2001). In research on inference, weighting was the
first to be challenged. In the 1970s and 1980s, evidence emerged
that simple unit weights such as !1 and "1 often yield the same
predictive accuracy—that is, the same ability to predict rather than
simply “postdict,” or fit—as the “optimal” weights in multiple
regression (Dawes, 1979). According to these results, weighting
does not seem to affect predictive accuracy as long as the weight
has the right sign.
Next, summing was called into question. The 1990s brought

evidence that the predictive accuracy of lexicographic heuristics
can be as high as or higher than the accuracy of complex strategies
that perform both weighting and summing. This was shown for

Eduard Brandstätter, Department of Psychology, Johannes Kepler Uni-
versity of Linz, Linz, Austria; Gerd Gigerenzer, Center for Adaptive
Behavior and Cognition, Max Planck Institute for Human Development,
Berlin, Germany; Ralph Hertwig, Faculty of Psychology, University of
Basel, Basel, Switzerland.
Ralph Hertwig was supported by Swiss National Science Foundation

Grant 100013-107741/1. We thank Will Bennis, Michael Birnbaum,
Jerome Busemeyer, Uwe Czienskowski, Ido Erev, Claudia González
Vallejo, Robin Hogarth, Eric Johnson, Joseph Johnson, Konstantinos
Katsikopoulos, Anton Kühberger, Lola Lopes, Robin Pope, Drazen Prelec,
and Lael Schooler for many helpful comments and fruitful discussions, and
Uwe Czienskowski a second time for checking the statistical analyses. We
are also grateful to Barbara Mellers for providing us with the opportunity
to analyze her data and to Florian Sickinger for his help in running the
response time experiment.
Correspondence concerning this article should be addressed to Eduard

Brandstätter, Department of Psychology, Johannes Kepler University of Linz,
Altenbergerstr. 69, 4040, Linz, Austria. E-mail: eduard.brandstaetter@jku.at
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The Priority Heuristic

• Many choices can be modeled without 
making tradeoffs, posits a specific 
lexicographic (semi-order) rule.  
Brandstatter, Gigerenzer, & Hertwig (2006).  
Psychological Review.

Priority rule: Consider reasons in the order: 
minimum gain, probability of minimum 
gain, maximum gain.

Stopping rule: 
Stop examination if the minimum gains differ 

by 1/10 (or more) of the maximum gain.
Stopping rule: Stop examination if 

probabilities differ by 1/10 (or more) of the 
probability scale.

If the differences in the minimum outcomes 
and their probabilities do not stop 
examination, then finally the maximum 
outcome––whichever is higher––decides. No 
aspiration level is needed.

Choose between

A)   $4000, 0.25; 
$3000, 0.75

B)    $5000, 0.20; 
$2800, 0.80 



(two- or five-outcome choices that required either one or three
reasons). The position of the gambles in the display, order, etc.,
was counterbalanced to control for reading order. Respondents
made choices in a Web browser running MouselabWEB (Willem-
sen & Johnson, 2006), which captured acquisition times and search
patterns. For methodological details, see Appendix A.

To examine the empirical predictions of the PH, we distinguish
between the reading and choice phases. The reading phase was
identified as all acquisitions made before all outcomes have been
examined at least once. The choice phase consisted of all subse-
quent acquisitions. (For a similar rule, see Klayman, 1983.)

Adjacency does seem to hold for these data. Although we
removed very brief acquisitions, there are many acquisitions and
reacquisitions of the information: For the two outcome gambles,
the eight cells were acquired a total of 26.7 times (an average 3.3
times per cell). Overall decisions took, on average, 21.0 s.

We first examine each of our hypotheses using a graphic display
and then report the results of more formal statistical tests. Figure
3 presents an icon graph of the observed data, for two-outcome
gambles, similar to the prediction graph in Figure 2. The lower
left-hand corner presents a scale for each measure. Thus, in the
reading phase, the maximum amount to win for Gamble A, Wa

max,
is examined, on average, for 912 ms, acquired 1.15 times, and
transitions between this box and its probability Pa

max occur .63
times.

The choice hypothesis (Hypothesis 1a, see also Figure 2) pre-
dicts that for one-reason choices, one pair of outcomes, Wa

min and

Wb
min, receives the most attention and dominates the transitions.

Figure 3 shows, in the top right, that this did not occur in our data:
These boxes do not receive more attention, nor are there substan-
tially more transitions between the two minimum gain outcomes.
Attention, instead, is more evenly distributed across payoffs and
probabilities.

For three-reason choices (Hypothesis 1b, Figure 3 bottom right),
the choice hypothesis predicts that additional time will be spent
comparing the probabilities of the minimum outcomes, Pa

minand
Pb

min, and the maximum outcomes, Wa
max and Wb

max. However,
although the picture looks very similar to that for one-reason
choices, there are differences in the attention given to outcomes
and probabilities when we compare one- and three-reason choices.
Although there is a slight increase in the number of between-
gamble transitions, consistent with the PH, the predicted additional
attention to the probabilities of the minimum outcomes (Pa

min,
Pb

min) is not apparent, and there is significant attention given to the
probabilities of the maximum outcomes, which, according to the
PH, should be ignored in both one-reason and three-reason
choices.

The probability-payoff hypothesis (Hypothesis 2) suggests that
transitions between outcomes and their corresponding probabilities
should be rare. In fact, this is the most common transition, and this
pattern appears in both reading and choice phases and for one- and
three-reason choices. Note that the transition between a payoff and
an unassociated probability (e.g., Pa

min and Wa
max) serves as one

control for accidental transitions. Although they occur, they are

Figure 2. Icon graphs presenting predictions of the priority heuristic for reading phase (left column) and choice
phase (right column), separately for one (top row) and three-reason (bottom row) gambles. Boxes with white
backgrounds receive minimal attention. Within a graph, each rectangle corresponds to one of the cells in
Figure 1.

266 COMMENTS
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gamble transitions, consistent with the PH, the predicted additional
attention to the probabilities of the minimum outcomes (Pa
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min) is not apparent, and there is significant attention given to the
probabilities of the maximum outcomes, which, according to the
PH, should be ignored in both one-reason and three-reason
choices.

The probability-payoff hypothesis (Hypothesis 2) suggests that
transitions between outcomes and their corresponding probabilities
should be rare. In fact, this is the most common transition, and this
pattern appears in both reading and choice phases and for one- and
three-reason choices. Note that the transition between a payoff and
an unassociated probability (e.g., Pa

min and Wa
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Figure 1.
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offs receive more attention and result in more transitions during
reading. Another prediction made by the PH for the five-outcome
data is that the intermediate outcomes, those that are not the
minimum or the maximum payoffs of the gamble, should not affect
choice or receive attention. In fact, the three intermediate out-
comes received substantial attention in our data: On average, these
“irrelevant” outcomes and probabilities got more attention (exam-
ined for 9.8 s during 13.6 acquisitions) than the maximum and
minimum outcomes (examined for 9.5 s during 13.2 acquisitions).

Ordinal Tests

Brandstätter et al. (2006) suggested that information should be
considered in a particular order, with the minimum gain first,
followed by probability of minimum gain and then maximum gain.
We calculated the mean rank of each acquisition separately for the
reading and choice phases, as a function of choice, and tested these
ranks for differences. The mean rank acquisition, in the order
hypothesized by the PH, was 9.75 for Wmin, 9.71 for Pmin, and
10.13 for Wmax. There was no significant difference in the order in
which each reason was accessed, either as a main effect, as
hypothesized by Brandstätter et al., or within phase or choice type.

Similarly, we examined the final comparison for each choice,
based on the notion that this should differ for one- and three-reason
choices. For one-reason choices, the final transition should be
between the minimum outcomes t(Wa

min, Wb
min) dictated by Step 3,

and for three-reason choices, it should be a transition t(Wa
max,

Wb
max) suggested by Step 7. We found that a small proportion of all

choices ended with the predicted transitions. Transitions between
Wa

min and Wb
min were the last transition for only 2.3% of the

one-reason choices and 0.8% for three-reasons choices, and

t(Wa
max,Wb

max) occurred 2.3% and 4.5% of the time for one- and
three-reason choices, respectively. These frequencies did not differ
significantly, !2(1, N " 256) " 0.98, ns. The most frequent
terminal transition was between probabilities and the adjacent
payoff: 67.4% for one-reason choices and 52.8% for three-reason
choices.

In summary, we observed a very consistent picture. Participants
showed interest in both probabilities and payoffs, mainly navigated
through the available information within one gamble, and strongly
favored transitions between outcomes and their corresponding
probabilities. These patterns occurred across one- and three-reason
choices and for the reading and choice phases. Consistent with the
PH, we did see differences in the attention devoted to one- versus
three-reason choices. However, these were not accompanied by an
equivalent change in transitions.

Process Data and Choice

As a final check, we attempted to predict the choices made by
respondents using the process tracing data. First, if we looked at
choices alone, then one might conclude that the PH provides good
predictions for choices, identifying the correct option more often
than prospect theory for both the two- and five-outcome choices.
This illustrates that predicting outcomes alone is not particularly
helpful in assessing and building better choice models.

To demonstrate this, we constructed a model for the two-
outcome choices, based on the number of transitions made by
respondents within each of the two gambles during the choice
phase. This statistical model is statistically significant and predicts
which gamble will be chosen: The more transitions within a
gamble, the more likely it is to be chosen. This suggests that the

Table 1
Priority Heuristic (PH) Predictions and Tests for Two-Outcome Gambles for Frequency, f, Duration, d, in Milliseconds, and the
Number of Transitions, t

Hypothesis (H) Means Test statistic Supports PH

H1a: Choice, one reason
Wa

min # Wb
min $ Wa

max # Wb
max f: 0.70 $ 0.68 f: t(3,682) " 0.34, ns No support

d: 441.85 $ 450.68 d: t(3,682) " % 0.21, ns
t(Wa

min, Wb
min) $ t(Wa

max, Wb
max) t: 0.19 $ 0.11 t: t(13,855) " 1.85, ns

H1b: Choice, three reasons
Wa

max # Wb
max $ for 3- than for 1-reason choices f: 0.88 $ 0.68 f: t(1,308) " 2.71** Mostly supported

d: 340.25 $ 316.26 d: t(4,060) " 0.64, ns
Wa

min # Wb
min $ for 3- than for 1-reason choices f: 0.78 $ 0.70 f: t(1,308) " 1.13, ns

d: 378.72 $ 272.13 d: t(4,060) " 2.87**

Pa
min # Pb

min $ for 3- than for 1-reason choices f: 0.95 $ 0.69 f: t(1,308) " 3.37**

d: 396.13 $ 253.31 d: t(4,060) " 3.85**

t(Wa
min, Wb

min, Wa
max, Wb

max) # t(P a
min, Pb

min) $ for 3-
than for 1-reason choices

t: 0.18 $ 0.13 t: t(13,837) " 2.84**

H2: Probability-payoff
t(Pa

max, Wa
max) # t(Pa

min, Wa
min) # t(Pb

max, Wb
max) # t(Pb

min,
Wb

min) & all other transitions
t: 0.76 & 0.11 t: t(13,692) " % 62.06** Significant in opposite direction

H3: Reading
(Wa

1 # Wa
2 # Wb

1 # Wb
2) $ (Pa

1 # Pa
2 # Pb

1 # Pb
2) f: 1.20 $ 0.87 f: t(3,682) " 8.81** Mixed, as predicted for

attention, but opposite
direction for transitions.

d: 805.22 $ 553.47 d: t(3,682) " 9.78**

t(Wa
max, Wb

max) # t(Wa
min, Wb

min) $ all other transitions t: 0.11 $ 0.17 t: t(13,841) " % 2.62**

** p& .01.
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Application 3:  Intertemporal 
Choice



Intertemporal Choice is important as a cognitive 
activity and a question for consumer behavior, 
markets and  public policy
Reeck, C., Wall, D., & Johnson, E. J. (2017). Search predicts and changes 
patience in intertemporal choice. Proceedings of the National Academy 
of Sciences, 114(45), 11890–11895. 
http://doi.org/10.1073/pnas.1707040114
Data from experiments 1 and 2 are available on the Open Science 
Framework at https://osf.io/vmk52/

http://doi.org/10.1073/pnas.1707040114
https://osf.io/vmk52/


Prototypical Choice



Asymmetric Discounting: In brief

• Decisions to delay consumption often lead to greater discounting of 
future options
• Decisions to accelerate often lead to less discounting

Loewenstein, 1988; Malkoc & Zauberman, 2006; Weber et al, 2007



How do people make these choices?  What 
heuristics?
• Integrative Models

• Dating to Samuelson, discounting  diminishes money by the ‘pain of waiting’
• Basic operation is the integration of time to reduce the value of money

• Comparative Models
• Strategies may compare the amounts of money and time.
• Motivated by rates sensitivity to task and context factors
• Basic operation is the comparison of  money and time amounts.



Comparative Models of Intertemporal Choice

• DRIFT (Read, Frederick, & Scholten, 2013, JEP:LMC)

• ITCH (Marzilli Ericson et al., 2015, Psych Science)

• Similarity (Stevens, 2016, JBDM, Rubenstein, 2003)

• Proportional Difference (Cheng & Gonzalez-Vallejo, 2016, see also Dai 
and Busemeyer, 2014)

• Query Theory (Weber et al., 2007, Psych Science) 

• Not always heuristic, rather supermodels….  

• (Also see Tversky, 1969)



For example ITCH:  InterTemporal Choice Heuristic 
(Ericson, White, Laibson and Cohen, 2015)

828 Ericson et al.

between the two options (e.g., subtracting one from the 
other, dividing one by the other) along each of the two 
relevant dimensions (i.e., money value and time of deliv-
ery). The application of each heuristic to a particular pair 
of options generates a vector of four features for that 
choice (i.e., the results of each simple arithmetic compu-
tation), each of which favors one option or the other. The 
model assumes that the final decision is made on the 
basis of a weighted sum of these four features. The 
weights can be interpreted as reflecting the attentional 
focus or importance (or both) placed on each heuristic 
comparison. The model is consistent both with individu-
als using all four heuristics and attaching different weights 
to them or as an approximation of a model in which each 
individual relies on only a single heuristic or subset of 
heuristics. The heuristics that are used are chosen proba-
bilistically (across tasks or individuals).

In the experiment reported here, we aimed to show 
that the ITCH model would provide a good fit to data 
from five different variants of a MEL task. The pattern of 
weights it assigned to the heuristics was broadly consis-
tent across participants and task variants, which suggests 
that people use a stable combination of heuristics when 
evaluating MEL questions, irrespective of manipulations 
of content and context. In addition, the differences in 
relative weights assigned to different heuristics across 
task variants offers additional insights into the decision-
making process, because these weights provide a mecha-
nism for quantifying the differential importance assigned 
to different heuristics in different framing contexts.

The heuristics of the ITCH model implement four 
basic psychological principles: (a) each option is com-
pared to a reference point (Kahneman & Tversky, 1979); 
(b) comparisons are performed in both absolute terms 
(by subtraction) and relative terms (by division; Thurstone, 
1927); (c) comparisons are performed independently 
along the monetary and time dimensions (Lichtenstein & 
Slovic, 1971); and (d) the results of these comparisons 
are then aggregated linearly using a set of decision 
weights (Busemeyer & Townsend, 1993). In our model, 
we apply these principles to intertemporal choice, but 
they could also be applied to develop heuristic choice 
models in other domains; for example, see the heuristic 
model of risky choice in Mellers, Weber, Ordónez, and 
Cooke (1995).

Mathematical Specification of the ITCH 
Model

We formalize the ITCH model (for binary choices) as fol-
lows. The ITCH model treats the dimensions of time and 
money symmetrically. Each of the two options is written 
in the form (x, t), where x is the option’s monetary value 

and t is the time the money would be received. The prob-
ability of choosing the larger, later option, denoted P(LL), 
in a choice between a smaller, earlier amount of money, 
(x1, t1), and a larger, later amount of money, (x2, t2), is 
expressed as

P LL L
x x

x x
x

t t
t t
t

I x x

t t

( ) =
+ −( ) + −

+ −( ) + −

⎛

⎝

⎜
⎜
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β β β

β β

A R

A R

*

*

2 1
2 1

2 1
2 1⎜⎜

⎞

⎠

⎟
⎟
⎟
⎟
,

where βI is the intercept term, R means “relative,” A 
means “absolute,” and (x*, t*) represents a reference point 
that is the arithmetic average of the two options along 
each dimension: x* = (x1 + x2)/2, t* = (t1 + t2)/2. In this 
equation, L is the cumulative distribution function of a 
logistic distribution with a mean of 0 and a variance of 1. 
Thus, each term of the model represents either an abso-
lute or proportional arithmetic operation that compares 
the options along a particular dimension (money value 
and time). Each term is multiplied by a parameter, β, that 
represents the weight given to each heuristic in making 
the decision between the two choices. The weighted sum 
of the outcomes predicted by each heuristic then deter-
mines the probability of choosing one option or the 
other. This model can be fit to data from different ver-
sions of a MEL task to estimate and compare the param-
eters across conditions (see the Supplemental Material 
available online).

The ITCH model can explain the two most robust and 
widely observed phenomena in MEL tasks—decreasing 
impatience and the absolute-magnitude effect—in terms 
of a single, consistent set of heuristics: the simultaneous 
consideration of absolute and relative differences 
between the two options. For example, when the weight 
on relative time βtR is negative (as in our fitted estimates), 
the ITCH model predicts that the probability of choosing 
the larger, later amount will increase as both options are 
delayed by an additional identical amount of time—e.g., 
by adding a front-end delay to both options. Such 
decreasing impatience (Prelec, 2004) has often been 
interpreted as evidence of hyperbolic discounting 
(Ainslie, 1975). According to the ITCH model, this is a 
natural consequence of including both relative and abso-
lute differences in time: The relative difference between 
the timing of the two goods decreases as the earliest 
available option moves into the future—even as the 
absolute difference is held fixed.

Consider the following concrete example. If the par-
ticipant uses weights (0.0, 0.1, 0.1, −0.1, −0.1) and selects 
between $10 today and $20 tomorrow, then the probabil-
ity of choosing the later option is
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Lots of theory, little data other than fits.

• What are the processes used to make ITC?

• To what extent is there variability?  Is it a function of options or the 
person?

• Do differences in search process change choices?
• Overall levels patience?
• The impact of Accelerate vs. Delay

• Does search processes causally alters choices  (both patience and context)?



Experiment 1 Methods



Experiment 1 Methods: Delay

SS LL



Experiment 1 Methods: Accelerate

LL SS



Respondents both eye tracking (24)  and 
MousLabWeb(193, 207)



What do people do?
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Lots of theory, little data other than fits.

• What are the processes used to make ITC?

• To what extent is there variability?  Is it a function of options or the 
person?

• Do differences in search process matter in shaping choices?
• Overall levels patience?
• The impact of context

• Does search processes causally alters choices  (both patience and context)?



Is it a function of options or the person?

S m

Item Participant
0.0

0.1

0.2

0.3 For each trail:
• Counted the 

number of 
transitions of 
each of 6 types.

• Estimated if 
variance was due 
to participant or 
item

• Individuals differ 
6 times more 
than items.



There are Two Groups of People

• For each trail:
• Counted the number of transitions of each of 6 types.
• Performed k-means clustering.  (cross-validated, 

predicted choice)
• Similar analysis  in games. (Polonio at al., 2015, and Brocas, 

Brocas, Carrillo, Wang and Camerer, 2014) 



There are Two Groups of People
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Is it a function of context or the person?
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Do differences in search process matter in shaping 
choices?

N = 193
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*

Comparative
Integrative



Search strategies affect strategies separately 
from differential attention.
• There are differences in looking time for payoffs and time.

• For example, comparative searchers look more at payoffs than time.
• Could these account for differences in choice?

• Regressed both relative looking time and a search index and frame 
(plus interaction) on choice.
• No effect of relative looking times  (, β < 0.01, s.e. < 0.01, p = .131) 
• Significant effects of both 

• Direction of search (β = -0.11, s.e. = 0.02, p < .001) 
• Frame  (β = -0.02, s.e. = 0.01, p < .001) 
• Interaction (β = 0.02, s.e. = 0.01, p = .012 )



Eye Tracking Replication

SI: Search Strategies Influence Intertemporal Choice  23 

during the task. However, the participant random effect was a significantly stronger predictor, 

explaining nearly five times the variation in search behavior than the option random effect (p < 

.001).  

 

 

 
Figure S5 

Point estimates and 95% confidence intervals of the finite-population standard deviations (sM) 

from the Supplemental Eye Tracking Experiment.  

 

 

We next examined whether differences in search strategy altered choice behavior. As in 

Experiment 1, search strategy significantly influenced behavior, with the Comparative searchers 

choosing the larger, later option more often than Integrative searchers (Figure S6). We conducted 

a hierarchical logistic regression modeling choices as a function of the framing (acceleration or 

delay; trial-level predictor) and strategy (Comparative or Integrative, participant-level predictor). 

There was a significant effect of strategy, β = -1.00, s.e. = 0.31, p = .001, as Comparative 

searchers were more likely to choose the larger, later option than Integrative searchers. The 

SI: Search Strategies Influence Intertemporal Choice  25 

 

 
Figure S6 

Percentage of larger, later options chosen by participants on average in Supplemental Eye 

Tracking Experiment. Comparative searchers were more likely to select the larger, later option 

overall than Integrative searchers. There was also a marginal interaction between framing and 

strategy. Error bars represent ±1 s.e.m. 

 

 

  



Experiment 2: Changing Search



Can we change search?

p < .001

Easy Integrative
Easy Comparative
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Second Block

Block

Condition



We replicate our results from Ex. 1.

n  =191



Implications and Summary

• There is substantial heterogeneity in search in intertemporal choice, largely 
associated with the person.
• These are associated with choices, both in levels of patience and context.
• They appear to be causal relationships.

• Important Implications:
• Many imaging and other studies of intertemporal choice are  aggregating over very 

different processes.
• Some of the complexity in modeling intertemporal choice may be due to ignoring 

heterogeneity.
• Encouraging comparative processing through choice architecture.

@ProfEricJohnson eric.johnson@columbia.edu



Conclusion

• Introduced information acquisition data collection and analysis.
• Described applications to games, risky and intertemporal choice

• Big Takeaway.  Adding process data
• Generates insights that should inform theory and suggest new ideas.
• Constrains existing theory:   It breaks models faster, and allows us to make 

smarter fixes.


