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Supplementary methods 
 
1. Study procedures 
 
1.1. Option attributes 
 
In the home variant, each home was characterized by: size of home (which ranged from 
600 to 1800 sq. ft.); size of yard (which ranged from 0 to 600 square feet); quality of 
kitchen, quality of heat/AC system, and reputation of closest school (which all ranged on 
a five point scale from “Very Bad” to “Very Good”); amount of traffic (which ranged on a 
four point scale from “Very Little” to “A Lot”); noise pollution (which ranged on a five 
point scale from “Very Low” to “Very High”); year building was built (which ranged from 
1950 to 2020); and closeness to parks (which ranged from 10 to 30 minutes away). 
Here is an example choice trial from the home variant: 
 

 
 
In Study 1A, the set of home options used in choice trials was pre-determined; we 
chose a set that, based on pilot data, we believed would produce a sufficient spread of 



preferences and choices across participants. In Study 1B, the choice trials were 
randomly generated for each participant; we ensured that, for each randomly generated 
pair of options, each attribute differed between the two options by at least two steps on 
the scale. 
 
In the movie variant, each movie was characterized by: quality of humor, plot, creativity, 
action scenes, romantic scenes, soundtrack, visuals, dialogue, and acting (all ranging 
on a five point scale from “Very Bad” to “Very Good”). Each option in the movie variant 
was drawn from the MovieLens database, which uses machine learning to aggregate 
user ratings of movies across many dimensions1–3. We chose pairs of movies such that 
(a) in each pair, the two movies differed from each other on most dimensions, and (b) 
the attributes were minimally correlated with each other across the whole set of movies 
(most correlations between attribute pairs were between 0 - 0.2, with none exceeding 
0.4). 
 
Here is an example choice trial from the movie variant: 
 

 



 
1.2. Exact text of questions in Part 2 
 
Here we include the exact text of the key self-report questions in Part 2 of the ACP task. 
We only include the text from Study 1A; the rest can be found on our OSF page. 
 
Here is the text for the attribute weight questions. Note that the order of the three types 
of weight questions (graded, binary, single-attribute) was randomized for each 
participant. 
 
Introductory instructions: 

 

 

 
 
Binary weight questions: 



 

 
Single attribute questions: 



 

 
Graded weight questions (we show only one example): 



 

 
Here is the text for the heuristics questions. Note that the order of the three heuristics 
was randomized. 
 
Introductory instructions: 

 
Single attribute heuristic: 

 

 



 

 

 



 

 

 
 
Binary weights heuristic: 
 

 



 

 

 

 



 

 

 

 



 
Binary attribute value heuristic: 
 

 

 

 

 

 

 



 

 

 

 

 



 

 
 
In Study 1A, to measure the direction of participants’ self-reported weights (e.g., 
whether they preferred larger or smaller homes), we included in Part 2 of the ACP task 
the following questions for each attribute: 
 

 



 
 
For attributes with continuous values (e.g., home size), we had participants rank a 
subset of the possible values sampled uniformly across the space. We counted the 
participants’ self-reported attribute direction as positive if their most preferred value was 
greater than their least preferred value, and negative if it was the reverse. (If a 
participant reported the same attribute value as both their most and least preferred for 
any attribute which they had reported a weight greater than 0.1 on, they were excluded 
from analysis.) 
 
We found that participants were often confused by this question. Hence, in all 
subsequent studies, we asked the following set of questions instead (for each attribute): 
 

 

 



 

 

 

 
 
For the text of all other instructions and questions, see the experiment code posted 
online. 
 
1.3. Additional questions and individual-difference battery 
 
In Part 2, after the heuristic and attribute weight self-report sections, we gave 
participants four additional questions. First, we gave them another free-response 
question, asking them whether, after answering all the prior questions, their self-
description of their strategy had changed at all. (We do not analyze the free-response 
questions in this manuscript; we just report them here for completeness.) Second, we 
asked them the degree to which they believed their use of heuristics remained 
consistent throughout the choice trials in Part 1. Third, we asked them the degree to 



which they believed their attribute weights remained consistent throughout Part 1. 
Fourth, we asked them to report the degree to which the questions in Part 2 allowed 
them to accurately describe their choice process. The latter three questions are used in 
quality control checks, described below. 
 
After the ACP task (at the end of the first session and throughout the second session), 
we gave participants the individual difference measures in Table S1. 
 
Target Construct Measure Studies included 

Confidence in self-reports How confident are you 
that, when answering the 
questions in Section 2 of 
the task, you knew exactly 
how you made your 
choices in Section 1? 
(continuous slider) 

All 

Satisfaction with choices How satisfied are you with 
the choices you made 
between homes in Section 
1 of the task? Do you think 
you made the best choices 
for yourself? (continuous 
slider) 

All 

Strategy for making self-
reports 

In Section 2 of this study, 
we asked you questions 
about how you made your 
choices in Section 1. How 
did you answer those 
questions in Section 2? In 
other words, how do you 
know what your Section 1 
choice process was? (free 
response box) 

All 

Attention paid during study 
(self-reported) 

How attentive were you 
throughout the 
experiment? (Please be 
honest; we understand that 
it's hard to focus 
throughout the study, and 
we will accept your 
submission no matter how 
you answer.) (continuous 

All 



slider) 

Experience with choice 
domain 

In your life, how much time 
have you spent thinking 
about which <houses or 
apartments to rent> 
<movies to watch>? 
(continuous slider) 

All 

Experience with multi-
attribute choice studies 

How many studies like this 
one (where you had to 
choose between two 
options which varied on 
many features) have you 
participated in before? 
(button options: 0, 1-5, 5-
10, 10-15, 15+) 

All 

Meditation experience Have you tried mindfulness 
meditation in the past? 
(yes/no) 
 
If yes: For how many years 
have you practiced 
mindfulness meditation? 
(options: 'Less than 1 year', 
'Between 1-5 years', 'More 
than 5 years') 
 
How many times have you 
practiced mindfulness 
meditation in the past 30 
days? (text box) 
 
In the past 30 days, on 
average, how many 
minutes did you spend 
meditating in each 
session? (text box) 
 
Have you ever received 
mindfulness training or 
participated in a 
mindfulness/acceptance-
based therapy program? 
(yes/no) 

All 



 
Select the option that best 
describes your experience 
with mindfulness 
meditation. (options: 'I am 
relatively new to 
mindfulness meditation.', 'I 
have a moderate amount 
of experience with 
mindfulness meditation.', 'I 
have an extensive amount 
of experience with 
mindfulness meditation.') 

Gender Do you describe yourself 
as a man, a woman, or in 
some other way? (options: 
'Man', 'Woman','Some 
other way', 'Prefer not to 
say') 

All 

Age Text box All 

Race Race/ethnicity: Which 
categories below describe 
you? Please select all that 
apply. (check boxes, with 
options: 'White', 'Hispanic, 
Latinx, or Spanish origin', 
'Black or African American', 
'Asian', 'American Indian or 
Alaska Native', 'Middle 
Eastern or North African', 
'Native Hawaiian or Other 
Pacific Islander', 'Some 
other race, ethnicity, or 
origin', 'Prefer not to say') 

All 

Native language Is English your first 
language? (options: 'Yes', 
'No', 'Prefer not to say') 

All 

Education level What is the highest level of 
education that you have 
completed? (options: 
"Some high school","High 
school", "Some college", "2 

All 



year degree", "4 year 
degree", 
"Postgraduate/Professional 
degree/other", "Prefer not 
to say") 

Income level What was the total amount 
of income you earned 
during the last year? 
(options: 'Under $5,000', 
'$5,000 - $10,000', 
'$10,000 - $15,000', 
'$15,000 - $25,000', 
'$25,000 - $35,000', 
'$35,000 - $50,000', 
'$50,000 - $65,000', 
'$65,000 - $80,000', 
'$80,000 - $100,000', 'Over 
$100,000', 'Prefer not to 
say') 

All 

Attentional capacity / 
efficiency 

Attention network test4 1A, 1B, 2, 3A 

Cognitive / reasoning 
ability 

International cognitive 
ability resource5 

1A, 1B, 2, 3A 

Decision style (intuitive vs 
deliberative) 

Decision styles scale6 1A, 1B, 2, 3A 

Self-reported attentional 
control 

Attentional control scale7 1A, 1B, 2, 3A 

Trait mindfulness Cognitive Affective 
Mindfulness Scale – 
Revised8 

1A, 1B, 2, 3A 

Self-reported introspective 
capacity and interest 

Self-reflective insight 
scale9 

1A, 1B, 2, 3A 

Self-reported interoceptive 
awareness 

Multidimensional scale of 
interoceptive awareness10 

1A, 1B, 2, 3A 

Table S1: List of measures collected after the ACP task. 
 
1.4. Self-reported method of answering self-report questions 
 



As an additional question in the final section of the ACP task, we asked participants to 
report how they believe they answered the self-reports questions in Part 2 – i.e., how 
they knew their own choice process. The exact question text was: “In Section 2 of this 
study, we asked you questions about how you made your choices in Section 1. How did 
you answer those questions in Section 2? In other words, how do you know what your 
Section 1 choice process was?” Though we do not analyze these open-ended text data 
in this paper, we note here that, anecdotally, not a single participant reported doing any 
kind of sophisticated inference about their own attitudes (e.g., by observing their own 
choices, recounting past memories of similar choices, recruiting complex lay theories). 
The most common responses were akin to “I looked into my mind”. Of course, 
participants could be wrong about how they are producing their self-reports. 
Nonetheless, these data indicate that participants are not consciously or intentionally 
employing inferential mechanisms to infer their choice processes. 
 
1.5. How does the ACP task differ from prior work on awareness in multi-attribute 
choice? 
 
The idea to leverage multi-attribute choice to examine choice process awareness is not 
new: A set of studies from the 1970s-1980s examined people’s awareness of their 
attribute weights in multi-attribute judgments using a paradigm that forms the foundation 
of the present ACP task. In one study, for instance, participants judged the appeal of 
colleges that varied on tuition, size, etc11. Participants then reported how much they 
believed each attribute had influenced their choices, and their awareness was scored by 
comparing these self-reports to coefficients obtained from a linear regression analysis – 
i.e., regressing their judgments on all the attributes simultaneously. Studies using 
paradigms like this produced inconsistent results, with some finding significant 
awareness12–18 and others not19–24. 
 
These past studies, however, had significant methodological limitations which may have 
contributed to their mixed results. First and foremost, they employed only one model of 
people’s choice process: They assumed that people always used the classically-rational 
model of multi-attribute choice25. However, as described above, people often employ 
heuristic simplifications that substantially alter their choice process26. By assuming 
everyone used the rational process, past paradigms likely computed awareness scores 
that were biased and incomplete, and missed the opportunity to obtain richer and more 
holistic measures of awareness. Moreover, these studies typically only asked 
participants to make numerical judgments of choice options one at a time (e.g. “How 
likely would you be to attend this college?”), rather than actual choices between options 
(e.g., “Which of these colleges would you attend?”), potentially missing important 
aspects of the dynamics in actual choice contexts. Finally, past paradigms used 
outdated model-fitting techniques; used only hypothetical (i.e., not incentive-compatible) 
choices; and tended to use small convenience samples of U.S. undergraduates. The 
lack of clarity resulting from these past paradigms highlights the need for an updated 
measure – such as our ACP task – that can rigorously quantify individual-level 
awareness of key aspects of people’s multi-attribute choice processes. 



 
1.6. Details of Study 4 (expert prediction study) 
 
We recruited decision scientists for Study 4 in two ways: in person at the Society for 
Judgment and Decision Making (SJDM) 2024 conference, and via the SJDM email 
listserv. The in-person recruiting was conducted by passing out flyers and asking 
conference attendees directly. We recruited from the listserv with the following email: 
 
Dear SJDM community, 
 
We are eliciting forecasts from behavioral scientists about what they believe the results 
of an experiment on introspection would be. If you are willing to take a short survey, 
please follow the link below. The survey takes only ~5 minutes, and your 
participation is extremely appreciated! We would love for anyone with (or working 
on) a PhD related to behavioral science to participate. 
  
Survey link: <LINK HERE> 
  
Thanks so much. 
 
Participants were not compensated. The survey itself described the home-rental variant 
of the ACP task in the following way (full materials can be found on our OSF page): 
 



 
 



 

 
 



 
 

 
 
We also collected information about, demographics, role, fields of study, and whether 
they had heard of the ACP task before. 
 
2. Analysis 
 



2.1. Modeling procedure 
 
As described in the Methods section, the three heuristics in Table 1 combine to form six 
potential overall models of people’s choice process27: (1) none of the three heuristics 
(the “classically rational” model); (2) just the binary attributes heuristic (“bin-atts”); (3) 
just the binary weights heuristic (“bin-wts”); (4) both the binary weights and binary 
attributes heuristic (“bin-atts-wts”); (5) just the single attribute heuristic (“single-att”); and 
(6) the single attribute and binary attributes heuristic (“single-bin-att”). Call this set of 
models 𝐴𝑙𝑙𝑀𝑜𝑑𝑒𝑙𝑠	= {rational, bin-atts, bin-wts, bin-atts-wts, single-att, single-bin-att}. 
 
In all models, agents compute overall option values for each of the two choice options 
(labeled 𝑂𝑝𝑡𝑉𝑎𝑙(𝑗) for option 𝑗 ∈ {1,2}), and then convert them into choices via a 
softmax function with inverse temperature parameter 𝛽 (Equation 1): 
 

𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒 = 𝑗) = 	
𝑒!∗#$%&'((*)

𝑒!∗#$%&'((*) + 𝑒!∗#$%&'((*!)
 

 
where 𝑗′ is shorthand for the other choice option (of {1,2}) not equal to 𝑗. 

 
The models differed in terms of how those overall values were computed. The rational 
model assigned graded weights 𝑤,.... ∈ [−1,1] for each of the 9 attributes, and 
represented the values of each attribute on each option (labeled 𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗) for attribute 
i of option j), scaled such that the range of each attribute was 0-1. Then, on each choice 
trial, it linearly combines the weights and attribute values to compute overall option 
values (Equation 2): 
 

𝑂𝑝𝑡𝑉𝑎𝑙(𝑜𝑝𝑡𝑖𝑜𝑛	𝑗) =E𝑤/ ∗ 𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗)
.

/0,

 

 
The bin-atts model replaces 𝐴𝑡𝑡𝑉𝑎𝑙	(𝑖, 𝑗)	in Equation 2 with 𝑏𝑖𝑔𝑔𝑒𝑟(𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗)), which 
equals 1 if 𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗) > 𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗′) and 0 otherwise. The bin-wts model replaces 
𝑤,.... ∈ [−1,1] with 𝑤,.... ∈ {−1,0,1}. The bin-atts-wts model does both. The single-att 
model uses 𝑤,.... ∈ {−1,0,1} but with the constraint that exactly one 𝑤 ∈ 𝑤,.... had to be 
nonzero, and the rest zero. (The single-att model can be equivalently “compactly” 
parameterized by a parameter 𝑢 ∈ {1, . . . , 9} which indicates which attribute was the 
attribute used, and then a parameter 𝑠𝑖𝑔𝑛 ∈ {−1,1} which indicates the sign of the 
weight. The long parameterization is useful for comparing the model to others; the 
compact parameterization is useful for fitting the model. Our modeling procedure 
switches back and forth between these parameterizations as needed.) Finally, the 
single-bin-att model uses those weight constraints along with 𝐴𝑡𝑡𝑉𝑎𝑙	(𝑖, 𝑗) in Equation 
S2 replaced with 𝑏𝑖𝑔𝑔𝑒𝑟(𝐴𝑡𝑡𝑉𝑎𝑙(𝑖, 𝑗)). (Note that the single-att and single-bin-att models 
exhibit different behavior because of the probabilistic nature of the softmax function; 
even when choosing based on only one attribute, it matters whether the agent is 
sensitive or not to the magnitude of the difference in attribute values between the two 
options.) 



 
Thus, the parameters for each model are 𝛽 and 𝑤,.... (or 𝛽, 𝑢, and 𝑠𝑖𝑔𝑛 in the compact 
parameterization of the single-att models). We assume a uniform prior on all weight 
parameters (a continuous uniform prior between -1 and 1 for the graded weights, and a 
discrete uniform prior for the binary and single-att weights), and a Gamma(4, 1) prior for 
the inverse temperature parameter. 
 
We fit the rational and bin-atts models in Stan28, with 4 chains and 2000 iterations per 
chain (using the R package RStan). From each model, we extracted the maximum a 
posteriori weights and the marginal likelihood (i.e., for model 𝑘 ∈ 𝐴𝑙𝑙𝑀𝑜𝑑𝑒𝑙𝑠, 
𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠	|	𝑚𝑜𝑑𝑒𝑙	 = 	𝑘)) using bridge sampling29). 
 
Unfortunately, Stan cannot fit models with discrete free parameters. Hence, to fit the 
bin-wts, bin-atts-wts, single-att, and single-bin-att models, we had to implement a 
manual workaround. We first describe how we computed the single-att models, and 
then turn to the more complex bin-wts models. 
 
The discrete parameters of each single-att model have 18 possible value sets they 
could take on: a value of 1 or -1 for each of the 9 attribute weights (e.g., 𝑤,.... =
{1,0, . . . ,0}, or {−1,0, . . . ,0}, or {0,1,0, . . . ,0}, and so on). Assuming one of these sets (e.g., 
assuming 𝑤,.... = {1,0, . . . ,0}) yields a “sub-model” with just one free parameter: the 
inverse temperature 𝛽. For each of the 18 sub-models, we manually compute (a) the 
optimal value for 𝛽 with the R function optimize, and (b) the marginal likelihood for that 
sub-model by integrating out 𝛽 (from 0 to 20, since 𝛽 values greater than 20 contributed 
an insignificant amount to the posterior). Then, zooming back out, we can extract the 
best-fitting parameters of the entire single-att model by seeing which sub-model 
produced the highest posterior probability after optimizing for 𝛽 (e.g., if the sub-model 
assuming 𝑤,.... = {1,0, . . . ,0} produced the highest posterior value with an optimal 𝛽 =
1.75, then the best-fit parameters for the single-att model are 𝑤,.... = {1,0, . . . ,0} and 𝛽 =
1.75). 
 
Finally, we can extract the marginal likelihood of the entire single-att model by 
averaging the marginal likelihoods of all the sub-models. (Note that this analysis 
assumes a uniform prior across the discrete parameters, and hence a uniform prior 
across sub-models.) To see why this is the case, recall that the marginal likelihood is 
obtained by taking the model’s likelihood function and integrating out the model’s free 
parameters Θ: 
 

𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚) = T 𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚,Θ = 𝜃) ∗ 𝑃𝑟𝑜𝑏(Θ = 𝜃)𝑑𝜃
1

 

 
When the parameters can be decomposed into the continuous parameters Θ2 and 
discrete parameters Θ!, this equation can be rewritten as: 
 



𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚)

=E(𝑃𝑟𝑜𝑏(Θ3 = 𝜃3)
1"

∗ T 𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚,Θ4 = 𝜃2 , Θ3 = 𝜃3) ∗ 𝑃𝑟𝑜𝑏(Θ4 = 𝜃2)𝑑𝜃2
1#

) 

 
But the integral term is just the marginal likelihood of each sub-model, and we assumed 
a uniform prior over discrete parameters (i.e., 𝑃𝑟𝑜𝑏(Θ3 = 𝜃3) =

,
|6"|

 is constant). Hence, 
we can obtain the marginal likelihood of the entire model by averaging the marginal 
likelihoods of the sub-models. 
 
The procedure for the bin-wts and bin-atts-wts models is similar, with one modification. 
In the case of these models, the number of possible value sets for the discrete 
parameters is much larger: 3. = 19,683, to be exact (because each of 9 weights can 
take on any of three values {−1,0,1}). Computing the best-fit 𝛽 and marginal likelihood 
for each of these sub-models would be very computationally expensive. Fortunately, 
most of these sub-models produce model fits that are uniformly very bad (because any 
random combination of weights is likely to fit a person’s choices very poorly); it is only 
the best sub-models that contribute meaningfully to the results. Hence, we can 
drastically simplify this model-fitting procedure. We first estimate which sub-models are 
going to be the best by rapidly computing the posterior probability of all discrete value 
sets assuming 𝛽 = 1. For the top 1000 of these value sets with the highest posterior 
probabilities, we manually compute the best-fit 𝛽 and marginal likelihood using the same 
procedure described above. (The posterior probabilities and marginal likelihoods of the 
sub-models asymptoted to a uniformly low value well within the top 1000.) Then, to 
estimate the average marginal likelihood of the other 18,683 sub-models, we randomly 
sample 100 of them, manually compute their marginal likelihoods, and then sample with 
replacement from these 100 to estimate the other marginal likelihoods of the other 
18,583. Finally, zooming out, the best-fit parameters of the entire model are the 𝛽 and 
weights of the sub-model (of the initial 1000 tested) with the highest posterior 
probability; and we obtain the marginal likelihood of the entire model by averaging over 
the marginal likelihoods of all sub-models (the top 1000 that were computed precisely, 
and then the bottom 18,683 which were estimated via the sampling procedure 
described above). Extensive testing demonstrated that this procedure produces highly 
accurate results, including in the simulations described in detail below. 
 
After obtaining the marginal likelihoods for each model, we can compute the posterior 
probability of each model 𝑚 (assuming a uniform prior over models) by normalizing the 
marginal likelihoods (Equation 3): 
 

𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚 ∣ 𝑐ℎ𝑜𝑖𝑐𝑒𝑠) =
𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚)

∑ 𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑘)7∈9((:;<=(>
 

   
 



As described in Methods, we assessed the appropriateness of the model fits in several 
ways. First, we assessed the following Stan model diagnostics to identify issues with the 
model fits: effective sample size (ESS), R-hat, tree depth saturations, energy Bayesian 
fraction of missing information (E-BFMI), and number of divergences30. Then, we used 
leave-one-out cross-validation (approximated via the “loo” package31) to assess overall 
model fits; this method gives us the “expected log predictive density”, or (roughly) the 
expected probability density assigned to out-of-sample choices by the model. 
 
Finally, we computed two types of split-half reliability estimates: one splitting the data 
into even/odd trials and one splitting into first-half/second-half of trials. The even/odd 
trial split allowed us to test the basic split-half reliability of the model-fitting estimates; 
the first-half/second-half split allowed us to test whether that reliability was lessened 
because participants changed their decision process over the course of the task. To 
implement this procedure, we split the data accordingly, refit the models to each half 
using the same procedure as above, and then correlated the various resulting model 
estimates across the two halves. 
 
2.2. Computing the probability of each heuristic 
 
The model fits were done over full models, which were combinations of the various 
heuristics in Table 1 of the main text. From these model fits, we extracted the probability 
that each participant used each individual heuristic, independent of the others, using 
Bayesian model family comparison32. For each heuristic ℎ ∈ {single attribute, binary 
weights, binary attribute values}, let 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) be the subset of 𝐴𝑙𝑙𝑀𝑜𝑑𝑒𝑙𝑠 that used 
heuristic ℎ, and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) be the subset of models that did not. So, for ℎ = single 
attribute heuristic, 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) would be {single-att, single-bin-att}, and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) would 
be {rational, bin-atts, bin-wts, bin-atts-wts}. For the binary attribute values heuristic, 
𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) would be {bin-atts, bin-atts-wts, single-bin-att}, and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) would be 
{rational, bin-wts, single-att}. The binary weights heuristic is only defined and 
recoverable in the context of multiple attributes, because models using the single 
attribute heuristic are equivalent with binary or graded weights; hence, for it we consider 
𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) to be {bin-wts, bin-atts-wts}, and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) to be {rational, bin-atts}, 
ignoring the single-attribute models. 
 
The key to Bayesian family comparison is to set a uniform prior over families of models, 
so as not to bias inference in favor of heuristics which happened to be implemented in 
more individual models32. When analyzing heuristic ℎ, this is accomplished by setting 
the prior on each individual model within 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) to be (Equation 4): 
 

𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚) =
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where |𝑓𝑎𝑚𝑖𝑙𝑦(ℎ)| is the number of models in 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ). This prior ensures that the total 
priors within the 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ)	and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) subsets are each 0.5. With this prior, the 
posterior probability of model 𝑚 ∈ 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) is: 
 

𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚 ∣ 𝑐ℎ𝑜𝑖𝑐𝑒𝑠) = 	
𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑚) ∗ 𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚)

∑ 𝑃𝑟𝑜𝑏(𝑐ℎ𝑜𝑖𝑐𝑒𝑠 ∣ 𝑚𝑜𝑑𝑒𝑙 = 𝑖) ∗ 𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑖)/∈9((:;<=(>
 

 
 
By decomposing the denominator into 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) and ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) and filling in the priors 
from Equation 4, we get: 
 
𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚	|	𝑐ℎ𝑜𝑖𝑐𝑒𝑠)
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Multiplying both the numerator and denominator by 2 and rearranging terms, we get: 
 
𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑚 ∣ 𝑐ℎ𝑜𝑖𝑐𝑒𝑠 )
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Finally, to get the probability that the participant’s model came from 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ), we 
simply sum the posteriors of each model in the family (Equation 5): 
 
𝑃𝑟𝑜𝑏`𝑚𝑜𝑑𝑒𝑙 ∈ 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ)a

= E 𝑃𝑟𝑜𝑏(𝑚𝑜𝑑𝑒𝑙 = 𝑖 ∣ 𝑐ℎ𝑜𝑖𝑐𝑒𝑠 )
/∈?'@/(A(B)

=
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In other words, the probability that the participant’s model came from 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) – and 
thus the participant used heuristic ℎ – is the average of the marginal likelihoods of all 
the models in 𝑓𝑎𝑚𝑖𝑙𝑦(ℎ) divided by the sum of that average and the average of the 
marginal likelihoods in ¬𝑓𝑎𝑚𝑖𝑙𝑦(ℎ). 
 
2.3. Simulation procedure 
 
To test whether our model-fitting procedure worked in principle, we simulated data in 
the ACP task from 6000 agents – 1000 agents generated using each of the six choice 
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models described above – with weights and inverse temperatures randomly sampled 
via the same priors used in the model-fitting. Then, we ran our model-fitting procedure 
on these simulated data, and compared the results to the ground truth for each agent. 
 
The model-fitting was highly accurate at recovering agents’ weights: The average 
agent-level correlation between the best-fit weights and the true weights was, for the six 
choice models described above (in order): 0.97, 0.96, 1.0, 1.0, 1.0, 1.0 (overall average: 
0.99). The model-fitting was also accurate at recovering agents’ overall choice models 
and individual heuristics used. It correctly identified whether the agent was using each 
of the three heuristics from Table 1 99.8%, 85.8%, and 91.4% of the time (respectively), 
and it identified the overall correct model 83% of the time. 
 
2.4. Regression analyses 
 
For all analyses involving multiple data points per participant, we estimated mixed effect 
regressions using the R package lme4. To specify an optimal random effects structure, 
we adapted a procedure similar to that advocated by refs.33,34. We began by specifying 
a maximal structure, with random intercepts and all available random slopes for each 
participant. If there were convergence issues (a boundary/singular fit or a negative 
eigenvalue error), we first tried disallowing correlation between the random effects. If 
convergence issues persisted, we then removed any random effects that accounted for 
zero variance (after rounding to five decimal places). This procedure yields slightly 
different final structures for each reported regression; all final structures are detailed in 
the online analysis code. All p values were computed using the default Satterthwaite 
method in the package lmerTest35,36. 
 
2.5. Determining chance levels of accuracy measures 
 
For several of the accuracy measures – specifically, the participant-level weight 
correlation, heuristic error, and reported model Bayes factor – it is not clear how to 
analytically derive the levels expected by chance. Hence, we identified chance levels 
via bootstrapping simulation. For each study, we randomly sampled 1000 participants 
with replacement from the study data and then simulated the level of each measure that 
would have been obtained if these participants had chosen randomly. For the weight 
correlations, we shuffled each sampled participant’s reported weights across the nine 
attributes. For heuristic error, we assumed that participants were reporting an answer to 
each heuristic question uniformly at random across the scale. For the reported model 
Bayes factor, we assumed that participants were choosing randomly between the six 
choice models. 
  



Supplementary discussion 
 
3. Supplementary results for Studies 1-2 
 
3.1. Participants 
 
The sample sizes and demographic breakdown of participants are presented in Table 
S2. The first study session (run in all studies) lasted approximately an hour; the second 
study session (run in Studies 1A, 1B, 2, and 3A) lasted approximately 25 minutes. 
Participants were paid $12/hr for their participation (plus a $1 bonus for completing both 
sessions). 
 
Study 1A 1B 2 3A 3B 

N recruited 300 300 300 300 300 

N excluded 63 49 65 88 91 

N in final 
sample 

237 251 235 212 209 

Gender 52.7% F, 
45.6% M, 
1.7% Other 

52.6% F, 
43.4% M, 
2.8% Other, 
1.2% Prefer 
not to say 

50.0% F, 
44.7% M, 
4.7% Other, 
0.85% 
Prefer not to 
say 

49.5% F, 
47.6% M, 
2.4% Other, 
0.47% 
Prefer not to 
say 

57.9% F, 
39.7% M, 
2.4% Other 

Age Mean = 46 
years old, 
SD = 16 

Mean = 39, 
SD = 14 

Mean = 43, 
SD = 15 

Mean = 46, 
SD = 16 

Mean = 46, 
SD = 16 

Race 0.85% 
American 
Indian or 
Alaska 
Native 
(AIAN), 
5.5% Asian, 
8.9% Black, 
4.2% Latinx, 
75% White, 
5.5% Mixed 
race 

5.6% Asian, 
10.0% 
Black, 
6.4% Latinx, 
0.8% Middle 
Eastern or 
North 
African 
(MENA), 
67.7% 
White, 
8.3% Mixed 
race 
0.4% Other, 

3.8% Asian, 
11.1% 
Black, 
3.4% Latinx, 
74.0% 
White, 
6.85% 
Mixed race, 
0.85% 
Prefer not to 
say 

4.7% Asian, 
11.8% 
Black, 
3.3% Latinx, 
72.6% 
White, 
6.66% 
Mixed race, 
0.94% 
Prefer not to 
say 

0.48% 
AIAN, 
5.7% Asian, 
11.5% 
Black, 
2.9% Latinx, 
0.96% 
MENA, 
71.3% 
White, 
6.7% Mixed 
race, 
0.48% 
Other, 



0.8% Prefer 
not to say 

Education 
level 

0.84% some 
high school, 
13.9% high 
school,  
21.5% some 
college, 
10.1% 2-
year degree, 
38.8% 4-
year degree, 
14.8% 
postgraduat
e degree 

0.4% some 
high school, 
15.5% high 
school,  
26.7% some 
college, 
10.0% 2-
year degree, 
36.7% 4-
year degree, 
10.0% 
postgraduat
e degree, 
0.8% Prefer 
not to say 

0.4% some 
high school, 
10.6% high 
school,  
17.9% some 
college, 
14.9% 2-
year degree, 
36.2% 4-
year degree, 
20.0% 
postgraduat
e degree 

0.5% some 
high school, 
9.9% high 
school,  
19.8% some 
college, 
11.8% 2-
year degree, 
37.3% 4-
year degree, 
20.3% 
postgraduat
e degree, 
0.47% 
Prefer not to 
say 

14% high 
school,  
29% some 
college, 
13% 2-year 
degree, 
33% 4-year 
degree, 
11% 
postgraduat
e degree 

Table S2:  Sample sizes and demographic breakdown of participants. 
 
3.2. Quality control checks 
 
We ran a variety of quality control checks on our data, testing assumptions underlying 
the ACP task. 
 
One assumption is that our models of participants’ choice processes reasonably 
captured how the majority of our participants were making choices in the task. We 
tested this assumption in several ways. First, participants themselves believed that this 
was the case: When asked the extent to which they believed that the questions in Part 2 
allowed them to accurately describe their choice process, participants responded with 
an average of 89.9 [88.3 - 91.4] out of 100 (Study 1A; in Study 1B, 88.8 [87.1 - 90.4]; in 
Study 2, 85.1 [82.9 - 87.2]). Second, our model fits were acceptable. For one, the Stan 
diagnostics for the best-fitting models all indicated valid model fits (see Table S3). 
Moreover, the best model for each participant had on average a cross-validated out-of-
sample accuracy of 73.7% [72.2% - 75.1%] (Study 1A; in Study 1B, 72.9% [71.4% - 
74.3%]; in Study 2, 71.3% [70.3% - 72.4%]) – indicating that the best-fitting models 
could predict 70-74% of participants’ out-of-sample choices (compared to chance of 
50%). In addition, the model-fitting results tended to be confident about which model 
was best for each participant; the average posterior probability of the best-fitting model 
was 0.75 [0.73 - 0.77] (compared to a chance probability of 1/6, or 0.167; in Study 1B, 
0.77 [0.75 - 0.79]; in Study 2, 0.74 [0.71 - 0.76]). Finally, the model-fitting exhibited 
reasonable split-half reliability. The attribute weights fitted to even trials were 
moderately correlated at with the weights fitted to odd trials (Study 1A, r = 0.77 [0.75 - 
0.79]; Study 1B: r = 0.79 [0.77 - 0.80]; Study 2: r = 0.49 [0.45 - 0.52]; all p’s < .001). 
Similarly, the probabilities of each heuristic were moderately correlated between 



even/odd trials (Study 1A, r = 0.59 [0.54 - 0.63]; Study 1B, r = 0.62 [0.58 - 0.66]; Study 
2, r = 0.59 [0.54 - 0.64]; all p’s < .001). Of course, these split-half reliabilities are far from 
perfect, further emphasizing that our accuracy estimates are lower bounds on 
participants’ true accuracy. 
 
 Study 1A Study 1B Study 2 

% of iterations 
ending with a 
divergence 

95% of subjects 
had no divergent 
iterations; average 
% divergent was 
0.16% 

94% of subjects 
had no divergent 
iterations; average 
% divergent was 
0.18% 

96% of subjects 
had no divergent 
iterations; average 
% divergent was 
0.06% 

% of iterations 
saturating tree 
depth 

0% 0% 0% 

Energy Bayesian 
fraction of 
missing 
information 

100% of subjects 
had E-BFMI > 0.2 

100% of subjects 
had E-BFMI > 0.2 

100% of subjects 
had E-BFMI > 0.2 

Effective sample 
size 

100% of subjects 
had an effective 
sample size > 
0.001 per iteration 

100% of subjects 
had an effective 
sample size > 
0.001 per iteration 

100% of subjects 
had an effective 
sample size > 
0.001 per iteration 

R-hat 100% of subjects 
had R-hat < 1.1 

100% of subjects 
had R-hat < 1.1 

100% of subjects 
had R-hat < 1.1 

Table S3: Diagnostic checks for the best-fitting model of each participant. For a description of 
each diagnostic, see ref.30. 

 
Another assumption is that people did not substantially change their model or attribute 
weights over the course of the choice trials. Participants reported this tended to be the 
case: When asked the extent to which their heuristics and attribute weights remained 
consistent throughout Part 1, they responded with an average of 81.0 [78.8 – 83.2] and 
79.9 [77.7 – 82.2] out of 100, respectively (Study 1A; in Study 1B, 79 [76.6 - 81.4] and 
76.2 [73.6 - 78.9]; in Study 2, 74.8 [72.4 - 77.3] and 69.9 [67.1 - 72.7]). Moreover, the 
split-half reliability of the model fits was similar when splitting on even/odd trials versus 
first half/second half of trials; across the three studies, the correlation between weights 
estimated from first half and second half was r = 0.77 [0.75 - 0.79], 0.74 [0.73 - 0.76], 
0.44 [0.41 - 0.48], and the correlation between heuristic probabilities estimated from first 
half and second half was r = 0.53 [0.47 - 0.58], 0.52 [0.47 - 0.57], and 0.43 [0.36 - 0.49], 
indicating that participants’ strategy did not change substantially from the first to the 
second half. (When excluding participants who reported <50% weight consistency, we 
still found average weight accuracies of 0.81 [0.77 - 0.85] (Study 1a), 0.88 [0.86 - 0.91] 



(Study 1b), and 0.58 [0.53 - 0.63] (Study 2) – similar to the accuracies without 
exclusion. When excluding participants who reported <50% heuristic consistency, we 
still found average heuristic errors of 0.33 [0.31 - 0.36] (Study 1a), 0.32 [0.3 - 0.35] 
(Study 1b), and 0.27 [0.25 - 0.3] (Study 2) – again, similar to the error without 
exclusion.) 
 
A third assumption is that participants understood the questions in Part 2. Participants 
got an average of 5.56 [5.47 – 5.64] out of 6 comprehension check questions correct 
(Study 1A; in Study 1B, 5.65 [5.57 - 5.72]; in Study 2, 5.51 [5.42 - 5.6]), and rarely 
reported confusion in a free-response feedback box we gave them at the end of the 
study. 
 
A final assumption is that participants valued each attribute of the choice options in a 
way that monotonically increased or decreased across the attributes’ scale. For 
instance, we assumed that participants in the home variant desired the potential values 
of “noise pollution” in a monotonic order – e.g., “Very Good” was better than “Good”, 
which was better than “Good”, which was better than “Moderate”, which was better than 
“Bad”, which was better than “Very Bad”. This assumption was necessary to make the 
model-fitting tractable. 
 
One way to test this assumption was to check if participants’ self-reported preferences 
were monotonic, using the “weight direction” questions described at the end of Section 
1.2 above. In Study 1A, we counted a participant’s preference for that attribute as 
monotonic if they reported one end of the attribute scale as their most preferred and the 
other end as their least preferred. Averaging across participants, 75% [73% - 77%] of 
attributes were valued monotonically. In all other studies, we counted a participant’s 
preference for each attribute as monotonic if their reported preferences were monotonic 
across the whole scale (e.g., they preferred Very Good > Good > Moderate > Bad > 
Very Bad). In Study 1B, 89% [88% - 91%] of attributes were valued monotonically; in 
Study 2, 93% [92% - 94%] were. 
 
Thus, participants reported largely monotonic preferences. Of course, participants’ self-
reports about monotonicity could be wrong; non-monotonic preferences would simply 
show up as poorer model fits. 
 
3.3. Plots for Study 1B 
 
All the plots for Study 1B are presented in Fig. S1. 
 



 
Figure S1: Plots for Study 1B. Weight accuracy measures (described in main text) are shown in 
(A)-(B); method accuracy measures are shown in (C)-(F). (A) and (C) show least-squares trend 
lines (with 95% confidence interval bands). Red solid lines indicate the sample mean, with the 

dashed lines showing the standard error of the mean (SEM); blue lines indicate chance. All error 
bars are SEM. 

 
3.4. Descriptives of which heuristics & weights people used and reported using 
 
To better contextualize all the results, it is helpful to know the raw extent to which 
participants reported using and actually used each heuristic. In Study 1A, when asked 
to report how well the three heuristics from Table 1 described their choice process 
(where 0 is no and 100 is yes), participants reported an average of 36.8 [32.7 - 40.9], 
28.7 [24.7 - 32.7], and 45.0 [40.8 - 49.2] respectively. The modal participant reported 
using none of the heuristics, but there was substantial variation in reports.  According to 
the model fits, the average probability that participants used each heuristic was 54.7 
[48.8 - 60.6], 45.4 [40.6 - 50.3], 29.8 [25.7 - 33.9] respectively. The modal participant 
used the single-attribute heuristic (and not the other two), but again there was 
substantial variation. 
 



Study 1B showed similar patterns. When asked to report how well the three heuristics 
described their choice process, participants reported an average of 34.6 [30.4 - 38.9], 
30.7 [26.7 - 34.6], and 43.4 [39.4 - 47.4], respectively. The modal participant reported 
using none of the heuristics, with substantial variation.  According to the model fits, the 
average probability that participants used each heuristic was 49.2 [43.4 - 54.9], 43.6 
[38.9 - 48.2], and 28.1 [24 - 32.1], respectively. The modal participant used just the 
single-attribute heuristic, with substantial variation. 
 
In Study 2, when asked to report how well the three heuristics described their choice 
process, participants reported an average of 23.5 [19.9 - 27.1], 32.5 [28.9 - 36.1], and 
46.7 [42.6 - 50.8] respectively. As in Studies 1A-1B, the modal participant reported 
using none of the heuristics, with substantial variation. According to the model fits, the 
average probability that participants used each heuristic was 13.1 [9.04 - 17.2], 29 [25.7 
- 32.2], 21.2 [16.9 - 25.4] respectively. The modal participant used none of the 
heuristics, and there was some variation (although less than in Study 1). 
 
Finally, to better contextualize the results involving attribute weights, Fig. S2 shows the 
distribution of reported and fitted weights across participants for each attribute (for 
Studies 1A and 2). 
 



 

(A)

(B)



Figure S2: Distributions of reported (blue) and best-fit (beige) attribute weights for each 
attribute, in (A) Study 1A and (B) Study 2. Light maroon indicates the overlap.  

 
3.5. Analyzing method accuracy for each heuristic separately 
 
In the main text, we analyzed participants’ method accuracy aggregating across all 
three heuristics. Here, we separately analyze each of the three heuristics in Table 1 of 
the main text, and show that the findings replicate for each heuristic independently. 
Table S4 reports the method accuracy statistics for each heuristic in each study; the p 
values in the “heuristic error” column are from a one-sample t-test comparing to the 
chance level determined via simulation (in the manner described above), and the p 
values in the “% of participants correctly reporting…” column are from a chi-squared 
proportion test comparing to the chance level of 50%. The only non-significant results 
are the heuristic error test for the “binary weights” heuristic in Study 1A (p = 0.06), and 
the correlation between reported and model-estimated use of the “binary weights” 
heuristic in Study 2 (p = 0.10). 
 
Heuristic Study Correlation 

between reported 
and model-
estimated use 

Heuristic error % of participants 
correctly 
reporting whether 
they used 
heuristic or not 

Single attribute 1A r = 0.54 [0.44 - 
0.62], p < .001 * 

0.32 [0.29 - 
0.36], p < .001 * 

0.68 [0.62 - 0.74], p 
< .001 * 

Single attribute 1B r = 0.57 [0.48 - 
0.65], p < .001 * 

0.29 [0.26 - 
0.33], p < .001 * 

0.73 [0.67 - 0.78], p 
< .001 * 

Single attribute 2 r = 0.56 [0.46 - 
0.64], p < .001 * 

0.20 [0.17 - 
0.23], p < .001 * 

0.87 [0.83 - 0.92], p 
< .001 * 

Binary weights 1A r = 0.18 [0.051 - 
0.30], p = .006 * 

0.36 [0.32 - 
0.40], p = .06 

0.60 [0.54 - 0.67], p 
= 0.002 * 

Binary weights 1B r = 0.24 [0.12 - 
0.35], p < .001 * 

0.34 [0.30 - 
0.38], p = .003 * 

0.63 [0.58 - 0.69], p 
< .001 * 

Binary weights 2 r = 0.096 [-0.032 - 
0.22], p = .10 

0.27 [0.24 - 
0.31], p < .001 * 

0.73 [0.68 - 0.79], p 
< .001 * 

Binary attribute 
values 

1A r = 0.22 [0.10 - 
0.34], p < .001 * 

0.34 [0.30 - 
0.37], p = .001 * 

0.61 [0.55 - 0.67], p 
= .001 * 

Binary attribute 
values 

1B r = 0.26 [0.14 - 
0.37], p < .001 * 

0.34 [0.31 - 
0.38], p < .001 * 

0.64 [0.58 - 0.70], p 
< .001 * 



Binary attribute 
values 

2 r = 0.2 [0.075 - 
0.32], p = 0.002 * 

0.37 [0.33 - 
0.40], p < .001 * 

0.73 [0.68 - 0.79], p 
< .001 * 

Table S4: Method accuracy statistics for each heuristic separately. 
 
3.6. Correlation between weight and method accuracy 
 
As a supplementary analysis, we examined the relationship between weight and 
method accuracy (while controlling for the confounds described in the next section). In 
all studies, participants’ weight accuracy (i.e., the correlation between their reported and 
best-fit weights) was uncorrelated with their heuristic error (Study 1A: β = -0.03 [-
0.17,0.11], t = -0.42, p = 0.68; Study 1B: β = -0.022 [-0.14,0.1], p = 0.72; Study 2: β = -
0.11 [-0.24,0.017], p = 0.088). The results were similar for other measures of method 
accuracy (see online analysis code). 
 
3.7. Confounders 
 
We considered three potential confounders of accuracy: which choice method 
participants used, the quality of their model fit, and their comprehension of the self-
report questions. For the purposes of this analysis, we operationalized these 
confounders as (respectively) the model-estimated probability that the participant used 
each of the three heuristics; the marginal likelihood of the participant’s best-fitting 
model; and the number of comprehension check questions the participant got correct. 
The relationship between these confounding variables and accuracy scores is 
presented in Table S5 (weight accuracy) and Table S6 (heuristic error). 
 
Predictor Study 1A Study 1B Study 2 

Model-estimated 
prob. of heuristic 1 

β = 0.082 [-
0.02,0.18], p = 0.11 

 β = 0.0064 [-
0.051,0.064], p = 
0.83 

β = 0.35 [0.2,0.49], 
p < .001 * 

Model-estimated 
prob. of heuristic 2 

β = 0.021 [-
0.11,0.15], p = 0.7 

β = -0.066 [-
0.14,0.011], p = 
0.094 

β = -0.35 [-0.53,-
0.17], p < .001 * 

Model-estimated 
prob. of heuristic 3 

β = 0.15 
[0.017,0.28], p = 
0.027 * 

β = -0.087 [-0.17,-
0.0047], p = 0.038 * 

β = 0.25 
[0.12,0.39], p < 
.001 * 

Marginal likelihood 
of best model 

β = 0.03 [-
0.49,0.55], p = 0.91 

β = 1.0 [0.77,1.3], p 
< .001 * 

β = 1.1 [0.43,1.7], p 
= 0.001 * 

Correct # of CC 
questions 

β = 0.015 [-
0.044,0.074], p = 
0.61 

β = 0.019 [-
0.019,0.056], p = 
0.33 

β = 0.067 
[0.0061,0.13], p = 
0.031 * 

Table S5: Results when regressing weight accuracy on potential confounders. Asterisks indicate 



significant relationships at p < .05. 
 
Predictor Study 1A Study 1B Study 2 

Model-estimated 
prob. of heuristic 1 

β = 0.17 
[0.12,0.23], p < 
.001 * 

β = 0.13 
[0.084,0.17], p < 
.001 * 

β = 0.064 [-
0.0027,0.13], p = 
0.06 

Model-estimated 
prob. of heuristic 2 

β = 0.087 
[0.021,0.15], p = 
0.01 * 

β = 0.13 
[0.074,0.19], p < 
.001 * 

β = 0.066 [-
0.016,0.15], p = 
0.11 

Model-estimated 
prob. of heuristic 3 

β = -0.026 [-
0.095,0.042], p = 
0.45 

β = -0.058 [-
0.12,0.0028], p = 
0.061 

β = 0.0057 [-
0.057,0.068], p = 
0.86 

Marginal likelihood 
of best model 

β = -0.31 [-0.58,-
0.034], p = 0.028 * 

β = -0.38 [-0.59,-
0.17], p < .001 * 

β = -0.0034 [-
0.3,0.3], p = 0.98 

Correct # of CC 
questions 

β = 0.0031 [-
0.028,0.034], p = 
0.84 

β = 0.0037 [-
0.024,0.032], p = 
0.79 

β = -0.013 [-
0.041,0.015], p = 
0.36 

Table S6: Results when regressing heuristic error on potential confounders. Asterisks indicate 
significant relationships at p < .05. 

 
 
3.8. Individual difference measures 
 
We tested which of a battery of individual difference measures predicted accuracy. We 
grouped conceptually related measures into regressions together, regressing accuracy 
scores on them simultaneously. The groupings and results are reported in Table S7 
(weight accuracy) and Table S8 (method accuracy). Each regression included the 
confounders from the last section as nuisance covariates. No measures in any study 
significantly predicted accuracy after controlling for multiple comparisons, and none 
consistently predicted accuracy across studies even without controlling for multiple 
comparisons. 
 

Measure Groupin
g 

Study 1A Study 2 

Decision styles scale 1 β = -0.025, p = .736 β = 0.060, p = 0.36 

Cognitive Affective 
Mindfulness Scale – 
Revised 

β = .015, p = .88 β = 0.19, p = 0.039 



Self-reflection and 
insight scale 

β = .056, p = 0.47 β = -0.0016, p = 0.98 

Multidimensional 
assessment of 
interoceptive awareness 

β = -0.0087, p = .91 β = -0.096, p = 0.21 

Attentional control scale β = .054, p = .57 β = -0.077, p = 0.37 

International cognitive 
ability resource 

β = .11, p = 0.12 β = 0.13, p = 0.035 

Gender (female > male) 2 β = -0.20, p = 0.15 β = -0.0098, p = 0.94 

Gender (other > male) β = 0.47, p = 0.35 β = -0.15 , p = 0.62 

Age β = 0.071, p = 0.33 β = 0.12, p = 0.048 

Race (person of color > 
white) 

β = 0.20, p = 0.20 β = -0.13, p = 0.39 

Education level β = 0.070, p = 0.34 β = 0.14, p = 0.026 

Income level β = 0.038, p = 0.61 β = -0.0098, p = 0.88 

Native English speaker 
(yes > no) 

β = 0.046, p = 0.89 β = -0.32, p = 0.51 

Meditation experience 
(yes > no) 

3 β = 0.20, p = 0.12 β = -0.076, p = 0.50 

Alerting score from 
attention network test 
(ANT) 

4 β = -0.066, p = 0.34 β = 0.023, p = 0.70 

Orienting score from 
ANT  

β = 0.15, p = 0.041 β = 0.081, p = 0.20 

Executive score from 
ANT 

β = 0.032, p = 0.64 β = -0.039, p = 0.51 

Experience with choice 
domain 

5 β = 0.023, p = 0.73 β = -0.025, p = 0.66 



Experience with multi-
attribute choice studies 

β = 0.034, p = 0.61 β = -0.073, p = 0.21 

Confidence in accuracy 
of self-reports 

6 β = 0.051, p = 0.51 β = 0.064, p = 0.33 

Satisfaction with 
choices 

β = -0.042, p = 0.57 β = -0.057, p = 0.39 

Self-reported attention 
paid 

7 β = 0.015, p = 0.82 β = 0.040, p = 0.48 

Table S7: Results from regressing weight accuracy on individual difference measures. See 
Table 1 above for measure descriptions & citations. Measures were grouped together in 

simultaneous regressions as shown in the “Grouping” column, although the results were all 
qualitatively similar when not grouping measures together. For simplicity, we omit Study 1B (the 
results are qualitatively similar to Study 1A), and only present standardized coefficients and p 

values; detailed results for all studies are available via the online analysis code. Cutoff for 
significance after Bonferonni correction was 0.05 / 24 = 0.0021. 

 
Measure Groupin

g 
Study 1A Study 2 

Decision styles scale 1 β = 0.043, p = .56 β = 0.076, p = 0.32 

Cognitive Affective 
Mindfulness Scale – Revised 

β = .0056, p = .96 β = -0.21, p = 0.05 

Self-reflection and insight 
scale 

β = .054, p = 0.48 β = -0.00083, p = 
.99 

Multidimensional assessment 
of interoceptive awareness 

β = -0.0062, p = .99 β = 0.095, p = 0.29 

Attentional control scale β = -0.015, p = .12 β = 0.034, p = 0.74 

International cognitive ability 
resource 

β = .04, p = 0.57 β = -0.13, p = 
0.074 

Gender (female > male) 2 β = 0.93, p = 0.048 β = -0.053, p = 
0.71 

Gender (other > male) β = 0.16, p = 0.21 β = -0.15, p = 0.67 



Age β = 0.033, p = 0.63 β = -0.16, p = 
0.036 

Race (person of color > 
white) 

β = 0.27, p = 0.066 β = 0.19, p = 0.27 

Education level β = 0.0098, p = 
0.89 

β = -0.20, p = 
0.0097 

Income level β = 0.0097, p = 
0.89 

β = 0.11, p = 0.16 

Native English speaker (yes 
> no) 

β = 0.41, p = 0.19 β = 0.063, p = 0.91 

Meditation experience (yes > 
no) 

3 β = -0.020, p = 0.87 β = -0.18, p = 0.16 

Alerting score from attention 
network test (ANT) 

4 β = 0.013, p = 0.85 β = 0.032, p = 0.66 

Orienting score from ANT  β = 0.028, p = 0.68 β = 0.10, p = 0.16 

Executive score from ANT β = 0.049, p = 0.46 β = -0.12, p = 
0.068 

Experience with choice 
domain 

5 β = 0.035, p = 0.57 β = -0.011, p = 
0.87 

Experience with multi-
attribute choice studies 

β = -0.065, p = 0.30 β = 0.011, p = 0.87 

Confidence in accuracy of 
self-reports 

6 β = 0.085, p = 0.23 β = 0.0022, p = 
0.98 

Satisfaction with choices β = -0.10, p = 0.13 β = 0.052, p = 0.49 

Self-reported attention paid 7 β = -0.059, p = 0.33 β = 0.012, p = 0.85 

Table S8: Results from regressing heuristic error on individual difference measures. For 
simplicity, we omit Study 1B (the results are qualitatively similar to Study 1A), and only present 

standardized coefficients and p values; detailed results for all studies are available via the online 
analysis code. When interpreting these coefficients, keep in mind that lower heuristic error 

indicates greater accuracy. Cutoff for significance after Bonferonni correction was 0.05 / 24 = 
0.0021. 

 



3.9. Alternative approaches to analyzing attribute weights 
 
In the main text, we report all weight accuracy results using weights averaged across 
the six choice models (weighted by the posterior probability of each model). But our key 
results do not depend on this analytic choice. For instance, if we focus on just the 
weights of the best-fitting choice model, the participant-level correlations between 
reported and best-fitting weights are 0.8 [0.75 - 0.84] (Study 1A), 0.85 [0.81 - 0.88] 
(Study 1B), and 0.59 [0.54 - 0.64] (Study 2). Alternatively, if we focus on just the weights 
of the reported choice model, the correlations are 0.71 [0.68 - 0.74] (Study 1A), 0.757 
[0.733 - 0.781] (Study 1B), and 0.55 [0.50 - 0.59] (Study 2).  
 
We also computed several alternative measures of weight accuracy that do not involve 
correlations. First, we computed the mutual information between each participant’s 
reported and best-fit weights – equivalently, the amount of information gained about the 
best-fit weights by knowing the reported weights37. This measure is useful because it 
takes into account the amount of information available to learn in the best-fit weights; 
participants who accurately report using only one attribute (i.e., a simple distribution of 
weights) will score lower than participants who accurately report their graded weights 
across the full spectrum. We computed the mutual information using the mi.empirical 
function from the “entropy” R package38, using the discretize2d function to discretize the 
weights into 10 bins. Participants’ reported weights on average contained 0.91 [0.83 - 
0.99] bits of information about their best-fit weights in Study 1A, 1.1 [0.98 - 1.1] bits in 
Study 1B, and 1.4 [1.4 -1.5] bits in Study 2 (all amounts significantly greater than zero, 
p’s < .001). One way to contextualize this number is to compare it to the amount of total 
information that could be gained in principle about the best-fit weights (i.e., the amount 
of Shannon entropy contained in the best-fit weights). Participants’ reported weights 
contained, on average, 79% [75% - 82%] of the total information that could be revealed 
about the best-fit weights (Study 1A; Study 1B: 81% [78% - 84%]; Study 2: 72% [70% - 
74%]). Finally, and importantly, observers’ reports consistently contained less 
information than deciders’ reports (Study 3A: β = -0.11 [-0.03, -0.19], t(180) = -2.7, p = 
.0071; Study 3B: β = -0.16 [-0.05, -0.27], t(176) = -2.9, p = .0046). 
 
To further probe the information revealed in participants’ reported weights, we split the 
information gain metric by the participant’s best-fit model, and compared it to the 
maximum amount of information that could be gained about the fitted weights in each 
case (Fig. S3).  Fig. S3 shows the results for Study 1A; the other studies show very 
similar results. Participants who used more complex choice methods (such as the 
classically rational model and binary attributes model, which both use fully graded 
weights) revealed more information about their fitted weights from their reported 
weights, compared to participants who used simpler choice methods (such as choosing 
based on one attribute). On the other hand, they revealed a lower percentage of the 
total possible information. Across studies, participants who used graded weights (the 
left two models) reported weights that revealed about 70-75% of the information in the 
fitted weights; participants who used binary weights (middle two models) revealed about 
60-80% of the information; and participants who used single-attribute weights (right two 
models) revealed about 85-95% of the information. 



 
Figure S3: Bars indicate the amount of information gained (in bits) about fitted weights from 
reported weights, averaged across participants, split by best-fitting model in Study 1A. Red 

dashed lines indicate the maximum amount of information that could be gained about the fitted 
weights, again averaged across participants and split by best-fitting model. Purple dots indicate 

information gained by individual participants for each best-fitting model. Error bars indicate 
SEM. 

 
As a final alternative measure of weight accuracy, we compute for each participant the 
absolute difference in magnitude between each of their reported and best-fit weights, 
and average across the nine attributes to obtain the participant’s “absolute weight error”. 
We find that participants exhibit relatively low levels of weight error (Study 1A: 0.13 
[0.12 - 0.15]; Study 1B: 0.12 [0.11 - 0.14]; Study 2: 0.21 [0.20 - 0.23]; greater than 
chance, all p’s < .001). As the weights ranged from -1 to 1, participants were generally 
accurate to within 1 part in 10 to 1 part in 20. We computed chance levels of weight 
error via a permutation test, and found that participants exhibited far less error than 
chance (all chance error levels around 0.35; all p’s < .001). In addition, observers’ 
reported weights exhibited significantly more error (Study 1A: β = 0.34 [0.20, 0.48], 
t(211) = 4.7, p < .001; Study 2: β = 0.56 [0.41, 0.71], t(202) = 7.2, p < .001). 



 
In sum, participants exhibited high weight accuracy regardless of analytic method. 
 
3.10. Comparison of weight accuracy results to those reported in past work 
 
To get an approximate sense of how the weight accuracy found in the present studies 
compares to that found in previous work, we aggregated the prominent past studies we 
know of that measured weight accuracy in value-guided multi-attribute choice and 
included an observer condition. Taking a naive average across these studies, the 
average decider correlation between fitted and reported weights was 0.47; the average 
observer correlation between fitted and reported weights was 0.39; and thus the 
average decider advantage over observers was 25%. In contrast, we find decider 
correlations between 0.57 - 0.86 and decider advantages of 27-78%. Thus, we on 
average found higher weight accuracy than most past work, and the highest levels of 
weight accuracy we observe are higher than any found in past work. 
 

Paper Decider r Observer r % decider 
advantage 

Nisbett & Bellows (1977)20 0.39 0.45 -13.3% 

Wright & Rip (1981, study 
1)11 

0.38 0.32 18.8% 

Wright & Rip (1981, study 
2)11 

0.58 0.4 45.0% 

Kraut & Lewis (1982)16 0.42 0.35 20.0% 

Wilson, Laser & Stone 
(1982)23 

0.42 0.45 -6.70% 

Gavanski & Hoffman 
(1986)18 

0.41 0.23 78.3% 

Gavanski & Hoffman 
(1987)14 

0.71 0.53 34.00% 

Table S9: Summary of weight accuracy scores (correlations between reported and fitted 
weights) found in past studies. The values for the first five are taken from the review in Wilson & 
Stone24; we added the Gavanski & Hoffman studies (for the 1987 study, we took the average of 

the correlation found in the three conditions). 
 
4. Supplementary results for Studies 3a-3b 
 



4.1. Are observers more accurate when they are demographically similar to their paired 
decider? 
 
As a supplementary analysis, we tested whether the similarity between observers and 
their paired decider predicted observers’ accuracy scores. We operationalized similarity 
with the five demographic measures we collected: gender, race, age, education level, 
and income (see SI 1.3 for exact questions). We numericized education level and 
income (such that the lowest level on each scale had a value of 1, the second had a 
value of 2, and so on). Then, for each observer, we computed a dissimilarity score 
between each of their demographic responses and those of their paired decider. For 
age, education level, and income, the score was simply the absolute difference between 
the two responses. For gender and race, the score was 1 if the observer’s gender or 
race were different from the decider’s, and 0 if they were the same. 
 
Finally, we estimated linear regressions with the five dissimilarity scores as predictors 
and (separately) weight and method accuracy as dependent variables. (For our 
measure of method accuracy, we used 1 minus heuristic error scores.) A significant 
negative coefficient would indicate that more similar observers are more accurate. 
Bayes factors for the null hypothesis (i.e., that each coefficient was equal to zero) were 
computed using the BRMS package in R39; we re-computed the model with Bayesian 
regression, then estimated a null model with the target coefficient removed, and finally 
used the “bayes_factor” function to estimate the evidence in favor of the null model. 
 

Demographic 
dissimilarity 

Study 1A: 
Weight 

accuracy 

Study 1A: 
Method 

accuracy 

Study 2: 
Weight 

accuracy 

Study 2: 
Method 

accuracy 

Gender β = -0.023, p = 
0.73, BFnull = 
5.8 

β = -0.028, p = 
0.32, BFnull = 
8.6 

β = -0.034, p = 
0.58, BFnull = 
5.6 

β = 0.0038, p = 
0.87, BFnull = 
48.0 

Race β = -0.022, p = 
0.73, BFnull = 
6.0 

β = 0.022, p = 
0.41, BFnull = 
10.3 

β = 0.063, p = 
0.30, BFnull = 
3.8 

β = -0.00048, p 
= 0.98, BFnull = 
17.7 

Age β = -0.034, p = 
0.27, BFnull = 
7.0 

β = 0.014, p = 
0.32, BFnull = 
19.6 

β = -0.019, p = 
0.53, BFnull = 
11.0 

β = -0.0054, p 
= 0.63, BFnull = 
31.2 

Education level β = -0.017, p = 
0.58, BFnull = 
11.1 

β = 0.0089, p = 
0.50, BFnull = 
23.8 

β = 0.014, p = 
0.66, BFnull = 
11.6 

β = 0.00025, p 
= 0.98, BFnull = 
34.2 

Income β = -0.018, p = β = 0.0037, p = β = 0.0056, p = β = 0.0012, p = 



0.59, BFnull = 
10.5 

0.79, BFnull = 
27.0 

0.86, BFnull = 
12.6 

0.92, BFnull = 
34.3 

Overall R2 0.012 0.021 0.012 0.002 
Table S10: Relationship between observers’ accuracy and observers’ demographic dissimilarity 

to their matched decider. 
 
4.2. Variance decomposition of decider vs. observer reports 
 
We analyzed the percentage of variance explained by observer reports, in two ways. 
First, we analyzed what percent of the variance in deciders’ reports was explained by 
observers’ reports. We fit a mixed-effects model regressing deciders’ reports 
(separately, weights and heuristics) on their matched observer reports (with random 
effects for subject and item), and used the r2beta function (with method = ‘nsj’ and 
partial = TRUE) from the r2glmm package to quantify the percent variance explained by 
the observer report fixed effect40. We found that 17% [14% - 20%] (in Study 3A) and 
4.4% [2.6% - 6.5%] (in Study 3B) of the variance in deciders’ weight reports was 
explained by observers’ weight reports, and 1% [0% - 3.7%] (Study 3A) and 0.7% [0% - 
2.8%] (Study 3B) of the variance in deciders’ heuristic reports was explained by 
observers’ heuristic reports. 
 
Second, we analyzed what percent of the variance in the fitted results were explained 
by deciders’ vs. observers’ reports. To do this, we fit a mixed-effect model regressing 
the best-fit results (separately, weights and heuristics) on the corresponding decider 
and matched observer reports, again with random effects for subject and item. Using 
the same r2beta function as above, we estimated the variance explained uniquely by 
deciders’ reports; uniquely by observers’ reports; and by their overlap. The results are 
shown in Table S10. 
 

 % variance 
uniquely 
explained by 
deciders’ 
reports 

% variance 
uniquely 
explained by 
observers’ 
reports 

% variance 
explained 
by overlap 

Ratio of variance 
explained by 
deciders to 
variance explained 
by observers: 

𝐶𝑜𝑙𝑢𝑚𝑛	1
𝐶𝑜𝑙𝑢𝑚𝑛	2	 + 	𝐶𝑜𝑙𝑢𝑚𝑛	3 

Study 3A: 
Weights 

39% [36% - 
43%] 

3.6% [2% - 
5.7%] 

15% 2 

Study 3A: 
Heuristics 

8.6% [4.6% - 
14%] 

2.8% [0.7% - 
6.3%] 

1.4% 2 



Study 3B: 
Weights 

30% [24% - 
32%] 

1.4% [0.5% - 
2.8%] 

4.4% 5 

Study 3B: 
Heuristics 

8.2% [4.3% - 
13%] 

0.7% [0% - 
2.8%] 

0.9% 5 

Table S11: Percent of variance in best-fit weights and heuristics explained by deciders’ vs. 
observers’ reports. (Note that the r2beta function does not provide 95% confidence intervals for 
the percent variance explained by the variable overlap, and hence we do not report them here.) 
To conservatively compute the ratio of variance explained by deciders to the variance explained 
by observers, we divided the % variance uniquely explained by deciders (Column 1) by the sum 
of the variance uniquely explained by observers (Column 2) and the variance explained by their 

overlap (Column 3). 
 
5. Supplementary results for Study 4 
 
We compared experts’ predictions to the actual average weight correlation (for weight 
accuracy) or percent of participants reporting all three heuristics correctly (for method 
accuracy) with one-sample t-tests. Experts predicted an average weight correlation of 
0.44 (95% CI: [0.41 - 0.47]), which was significantly lower than the average correlation 
from Study 1A of 0.80 (t(146) = -25.5, p < .001) and from Study 1B of 0.86 (t(146) = -30, 
p < .001). It was similarly significantly lower than the average correlations after dropping 
participants who only used a single attribute (all p’s < .001). 
 
Finally, we tested whether experts’ accuracy differed by role or field of study (Fig. S4). 
In separate regressions, we regressed the predicted weight and method accuracies on 
dummy variables indicating role and field of study (with “graduate student” and 
“judgment and decision-making” as the baseline values, respectively). After Bonferroni-
correcting for multiple comparisons, the only significant effect was that full professors 
predicted a lower weight correlation (b = -0.16, corrected p = 0.016). The significance 
test for this difference reported in the main text is a two-sample t-test restricting to just 
graduate students vs. full professors. 
 



 
Figure S4: Experts’ predictions about (a) weight accuracy and (b) method accuracy, split by role 
and field of study. Dashed horizontal lines indicate the average observed accuracies from Study 

1A (red) and Study 1B (orange). Error bars indicate SEM. 
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