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Abstract

People often make important choices in pursuit of higher income, but do they place too
much weight on income when deciding what path to take? We propose a simple model
of misspecified learning in which individuals overestimate the marginal satisfaction
from income—the expected effect of an income increase on overall life satisfaction—
and therefore give income too much importance in their decisions. Guided by this
model, we designed a pre-registered experiment that elicits beliefs about the marginal
satisfaction from income and randomly assigns scientific evidence about it. Respondents
substantially overestimate the marginal satisfaction from income both for themselves
and for others, but especially for themselves. These biases shrink when respondents
are exposed to scientific evidence, and the effects persist one month later. To study
whether these beliefs matter for behavior, we measure income-versus-non-income trade-
offs using job-choice scenarios tailored to each respondent and a real-world decision the
respondent is facing. To elicit the latter, we make a methodological contribution: an
AI-led interview method that moves beyond static, predefined survey instruments by
combining the flexibility of qualitative interviewing with the discipline of closed-ended
survey measurement. We find that biased beliefs are consequential: after learning that
income matters less for life satisfaction than they initially thought, respondents place
less weight on income in their decisions.
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1 Introduction

People routinely make important decisions that require trading off income against other
things: whether to take a new job, move to a new city, work longer hours, delay retirement,
choose a major, or go to graduate school. These decisions implicitly require answering ques-
tions such as: how would I feel if I had more money but had to work longer hours? Or
more money but less time with my family? The difficulty is that people observe only the life
they choose, not the counterfactual. Someone who chooses the extra hours does not know
how they would have felt had they chosen more leisure instead. Still, individuals can draw
on experience to form beliefs about the effects of income on their well-being, and use those
beliefs to guide future decisions. Biases in these beliefs may therefore lead to suboptimal
choices.

In economic models, the marginal rate of substitution represents how individuals trade off
income against other considerations. For example, to decide whether to work an extra hour,
an individual would compare the marginal utility from the additional hourly income with
the marginal disutility from working the extra hour, and choose based on which is larger.
Ideally, we would measure people’s perceptions of these marginal utilities directly. However,
we cannot ask such questions because utility is a unit-free abstraction created by economists.
By contrast, we draw on the long tradition in the social sciences of measuring subjective
well-being. It is important to note, however, that our framework does not require utility
and life satisfaction to be equivalent. Instead, life satisfaction could simply be one of many
inputs into the utility function that individuals seek to maximize (Becker and Rayo, 2008;
Benjamin et al., 2014).

A key object of our analysis is the perceived marginal satisfaction from income, which we
define as the expected effect of a 20% increase in income on overall life satisfaction, where the
latter is measured on a scale from 0 (extremely dissatisfied) to 100 (extremely satisfied).1 We
elicit beliefs about this perceived effect both for respondents themselves and for the average
person. For example, a perceived marginal satisfaction from income of 5 implies that an
individual expects a 20% income increase to raise life satisfaction by 5 points. Our central
question is whether individuals hold accurate beliefs about their own marginal satisfaction
from income. If they overestimate this effect for themselves, for example, they may place
excessive weight on income when making choices that involve trade-offs between income and
other things, such as career choices, work effort, and family time.

Despite a large literature estimating the relationship between income and subjective well-
being, there is almost no research on what people believe about this relationship, and no

1We could have chosen any number other than 20%, but we chose this one for practical reasons, as
explained in Section 3.3.
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research on how those misperceptions may lead to suboptimal economic behavior. This
gap matters because perceived, rather than realized, marginal satisfaction from income is
what individuals use ex ante when deciding how to trade off income against other valuable
outcomes. We therefore study whether individuals systematically misperceive the marginal
satisfaction from income, whether they update these beliefs after receiving scientific evidence,
and whether this updating changes their choices.

To motivate the empirical analysis and guide the experimental design, we develop a simple
model of beliefs about the marginal satisfaction from income. Individuals are uncertain about
both their own long-run marginal satisfaction from income and the population-wide average,
and they learn from both their own experiences and information about peers. We formalize
this as a hierarchical Bayesian learning model with misspecification. Changes in income
generate short-run changes in satisfaction, but part of these gains fades as reference income
adjusts. The key learning friction is that individuals fail to account for this adaptation.

The model makes three predictions. First, individuals hold upward-biased beliefs about
the marginal satisfaction from income, with stronger bias in beliefs about themselves than in
beliefs about the average person. Second, accurate information about the average person’s
marginal satisfaction from income lowers beliefs about both the average person and the
individual’s own marginal satisfaction from income, with a larger reduction in beliefs about
the average person. Third, by lowering the perceived satisfaction gains from income, the
information treatment makes respondents less likely to choose higher-income options.

Next, we conduct a pre-registered online information-provision experiment to test these
predictions. The baseline survey begins by eliciting respondents’ prior beliefs about the
marginal satisfaction from income, both for themselves and for the average person. Respon-
dents are then randomly assigned to the information treatment or to a control condition.
The information treatment provides a population-level signal: it presents correlational and
causal evidence indicating that a 20% increase in income raises life satisfaction by about one
point on a 0–100 scale, and briefly discusses why the effect may be modest, including adapta-
tion and rising aspirations. Afterward, we re-elicit these beliefs, allowing us to measure how
respondents update them. Finally, to see whether belief changes influence choices, we include
modules where respondents face trade-offs between income and non-income considerations.

For this portion of the experiment, before the information-treatment stage, we first gath-
ered information about the respondent’s current or most recent job. Using this information,
we created three job-choice scenarios tailored to each respondent. In one scenario, the re-
spondent faced a trade-off between earnings and work hours: one job paid more but required
longer work hours. In another scenario, they encountered a trade-off between income and
commute time. In a third, they faced a trade-off between income and hours of sleep. The out-
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come of interest is whether the respondent wants to choose the higher-income option, coded
on a 1–4 scale so that higher values indicate greater willingness to choose the higher-income
option.

In addition to eliciting what the respondent would choose in each scenario (the “choice
framing”), which is the primary object of interest, we also elicited the option that each respon-
dent thought would make them more satisfied with their lives (the “satisfaction framing”).
Every respondent saw both sets of questions, one set with the choice framing and the other
with the satisfaction framing, in randomized order. This variation allows us to separately
identify the effects on utility-maximizing and satisfaction-maximizing behavior (Becker and
Rayo, 2008; Benjamin et al., 2014).

While these job-choice scenarios were tailored to respondents, they did not involve deci-
sions respondents were actually facing. Thus, we incorporated a real-world decision outcome.
We developed a mixed-method procedure that uses an AI-led interview to construct a quan-
titative question tailored to the respondent. We asked respondents about a decision they
were considering that involved an income-related trade-off. Respondents then chatted with
the AI interviewer, who requested the important details of the situation each respondent was
facing. The AI interviewer then created a question tailored to the respondent involving a
binary choice between Option A and Option B, where the options traded off income against
a non-income consideration. The outcome of interest is whether the respondent wants to
choose the higher-income option, again coded on a 1–4 scale so that higher values indicate
greater willingness to choose the higher-income option. Because the higher-income option is
not fixed in advance in these respondent-generated decisions, we identify it with the help of a
large language model (LLM). Our main analysis focuses on the subset of decisions for which
we can construct a reliable real-world decision outcome (1,711 observations).2

The trade-offs behind the real-world decisions are concentrated around a few intuitive
margins. On the income side, respondents most often consider higher-paying jobs or working
more hours, followed by decisions such as relocating, freelancing, or returning to work. On
the non-income side, these choices are most often weighed against family time, free time,
schedule flexibility, and proximity to family and friends. To provide a concrete example, one
respondent was deciding between moving to a different city (Option A) and staying in their
current city (Option B), where the trade-off was that the job in the new city would offer higher
pay but would come at the cost of being far away from friends. For another respondent, the
relevant decision was whether to work extra hours to help pay for an expensive wedding, at
the cost of having less time with family and risking burnout.

2Among the decisions left out, for example, some involve a trade-off between immediate financial benefits
and future financial benefits.
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To measure the persistence of the treatment effects and track what respondents did with
their real-world decisions, we invited respondents to a follow-up survey about one month after
the baseline. The follow-up re-elicited beliefs about the marginal satisfaction from income for
respondents themselves and for the average person, repeated the choice-framing job-choice
questions, and asked respondents whether they had made the real-world decision discussed
in the baseline survey and, if so, what they decided. By the follow-up, 71.5% had made the
decision, and among them the option they preferred at baseline matched their realized choice
in 74.3% of cases.

We recruited 3,002 respondents via Prolific in April 2026. The survey included multiple
quality checks, and the vast majority of subjects passed them. After applying sample restric-
tions, such as excluding respondents with extreme prior beliefs, our baseline sample contains
2,775 respondents. About 79.4% of these subjects completed the follow-up survey. Subjects
in the treatment and control arms are well balanced on pre-treatment characteristics, and
response rates to the follow-up survey are balanced as well. As is common in online samples,
respondents are somewhat younger, more educated, and more left-leaning than the general
U.S. population.

We start by describing prior beliefs about the marginal satisfaction from income. On
average, respondents believe that a 20% increase in their own income will increase their own
life satisfaction by 6.80 points. Given average baseline life satisfaction of 62.1 points, this
belief implies an income-satisfaction elasticity of 0.55 (=

6.80
62.1
0.2 )—that is, each 1% increase in

income increases satisfaction by 0.55%. Consistent with the view that respondents do not
know the magnitude of this effect precisely, most respondents report uncertainty about their
responses. There is substantial dispersion in beliefs about the average person’s marginal
satisfaction from income: while the average respondent expects a 20% income increase to
raise the average person’s life satisfaction by 5.20 points, the 25th percentile is 3 and the
75th percentile is 7. Moreover, we provide suggestive evidence that these differences in
prior beliefs are meaningful. First, these beliefs are highly persistent over time: using the
control arm, whose subjects did not receive any information, we find test-retest correlations
of 0.727 for beliefs about the average person’s marginal satisfaction from income and 0.871
for beliefs about the respondent’s own marginal satisfaction from income when measured
twice within the same survey, and 0.342 and 0.460, respectively, when measured one month
apart. Respondents’ self-reported confidence in these beliefs also suggests that the measures
contain meaningful signal. Second, these perceptions correlate with behavior: respondents
who expect lower marginal satisfaction from income for themselves are less willing to choose
the higher-income option, placing less emphasis on income in trade-offs.

Our empirical findings align closely with the model’s predictions. In line with the model’s
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first prediction, we find that—relative to the scientific benchmark—the average respondent
holds upward-biased beliefs about the marginal satisfaction from income for both the average
person and themselves, and that the bias is more pronounced for beliefs about themselves.3

Take prior beliefs about the average person, for example. The scientific evidence we provided
to respondents suggests that a 20% income increase would increase satisfaction by just 1
point. In comparison, respondents expect the same income increase to raise the average
person’s life satisfaction by 5.20 points, or more than five times the benchmark.

Consistent with the model’s second prediction, when presented with new information, re-
spondents revise beliefs about the marginal satisfaction from income for both themselves and
the average person in the direction of the information, and they update more strongly about
the average person than about themselves. For beliefs about themselves, the average poste-
rior belief is 4.23 in the treatment arm versus 6.95 in the control arm (difference, p<0.001).
For beliefs about the average person, the average posterior belief is 2.50 in the treatment
arm versus 5.81 in the control arm (difference, p<0.001). Moreover, this belief-updating is
significantly persistent, with about a third of these treatment effects persisting a month later,
suggesting that subjects were genuinely incorporating what they had learned.

Next, we examine the effect of beliefs about one’s own marginal satisfaction from income
on decision-making. As a first step, we estimate a simple linear regression of willingness to
choose the higher-income option on the respondent’s posterior belief about their own marginal
satisfaction from income. This specification uses both experimental and non-experimental
variation in beliefs, so the estimates may suffer from omitted-variable bias. At the same time,
using all available variation maximizes statistical power. We find a positive, statistically
significant relationship: when facing a choice with a trade-off between income and a non-
income consideration (e.g., leisure), respondents with higher posterior beliefs about their
own marginal satisfaction from income are more willing to choose the higher-income option.
This is true for each of the three job-choice scenarios as well as for the real-world decisions.
These associations are economically meaningful as well. For example, for the choice trading
off higher income versus lower work hours, a 1-point reduction in the respondent’s posterior
belief about their own marginal satisfaction from income is associated with a reduction in
willingness to choose the higher-income option by 0.023 standard deviations (p<0.001). The
results are in the same order of magnitude for each of the other two job-choice scenarios and
for the real-world decision, with effects ranging from 0.020 to 0.034 standard deviations and
always statistically significant. The results are also similar when respondents were asked to

3For brevity, we use “upward-biased” and related language as shorthand for beliefs that exceed the
scientific-evidence benchmark used in the experiment. For beliefs about the respondent’s own marginal
satisfaction from income, interpreting this gap as an average bias requires an additional assumption—see
Section 5.2 for more details.
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make satisfaction-maximizing choices.
Next, we estimate the effects of the information treatment on choices. We find signif-

icant effects and in the expected direction. Relative to the control arm, treated subjects
(who receive evidence that the average person’s marginal satisfaction from income is lower
than they thought) become less willing to choose the higher-income option. For example,
consider the scenario involving 20% higher earnings at the expense of 20% more work hours.
When asked what they would choose, respondents in the treatment arm are less inclined to
choose the higher-income option: the information treatment reduces willingness to choose
the higher-income option by 0.089 standard deviations, an effect that is statistically signifi-
cant (p=0.020). The effects are in the same order of magnitude for the other two job-choice
scenarios and for the real-world decision, and are also similar across the choice framing and
the satisfaction framing. However, due to lower statistical precision, these coefficients are
not always statistically significant. The consistent pattern across outcomes and framings
supports the interpretation that lower beliefs about one’s own marginal satisfaction from
income shift respondents away from higher-income options.

To put the magnitude of the effects on behavior in perspective, we combine the estimated
effects on beliefs and on choices. More precisely, we use a simple two-stage least squares
(2SLS) model that estimates the effect of beliefs about one’s own marginal satisfaction from
income on choices by using only the variation in beliefs driven by random assignment to the
information treatment. As a result, and unlike the OLS estimates, the 2SLS estimates can
be interpreted as causal effects. The results from the 2SLS model are similar in magnitude to
the results from the OLS model discussed above, but less precisely estimated—as expected,
given that it leverages a subset of the variation in beliefs. For example, for the choice trading
off higher income versus lower work hours, a 1-point reduction in the respondent’s posterior
belief about their own marginal satisfaction from income is associated with a statistically
significant (p<0.05) reduction in willingness to choose the higher-income option by 0.033
standard deviations. The 2SLS point estimate of 0.033 standard deviations is somewhat larger
in magnitude than the corresponding estimate of 0.023 standard deviations from the OLS
model, but we cannot reject the null hypothesis that they are equal. While the 2SLS estimates
for the other choices and the alternative framing are not always statistically significant, they
always have the same sign and expected order of magnitude, which is reassuring.4

Our paper relates to and contributes to several strands of literature. First, we relate to
the extensive literature on the effects of income on subjective well-being. These studies focus
on estimating the actual causal effect of income on life satisfaction (Apouey and Clark, 2015;

4Additionally, we estimated the 2SLS model with the responses to the follow-up survey, but the standard
errors are three times as large, meaning that we are underpowered to detect effects.
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Lindqvist et al., 2020) and the underlying mechanisms, such as hedonic adaptation (Di Tella
et al., 2010; Clark and Georgellis, 2013), income aspirations (Stutzer, 2004), and income
comparisons (Luttmer, 2005; Clark et al., 2008). The contribution of this paper is to shift
the focus from the actual marginal satisfaction from income, which has been the focus of the
existing literature, to the perceived marginal satisfaction from income. We are the first to
measure these perceptions and to estimate their causal effects on economic behavior.5

This paper also relates to the longstanding literature in psychology and economics on
imperfect self-knowledge and affective forecasting errors. Seminal contributions include Wil-
son and Gilbert (2003) on affective forecasting, Loewenstein et al. (2003) on projection bias,
and Kahneman and Thaler (2006) on experienced versus decision utility. Existing empirical
evidence in this literature often asks respondents to predict their future happiness after a life
event and later compares those predictions with realized happiness. This type of evidence
has two limitations that may help explain why it has received less attention in economics.
First, it is not causal. We address this limitation by developing an experimental framework
that identifies causal effects. Second, from an economic perspective, forecasting errors are
relevant only insofar as they lead to suboptimal choices, yet the existing evidence does not
measure behavior. We contribute to this literature by developing an empirical framework
that links misperceptions directly to economic decision-making.

Our paper also contributes to an emerging literature that uses LLMs for survey mea-
surement. Our methodological contribution is to use AI-led interviews at the intersection of
qualitative and quantitative methods. Recent studies propose using LLMs to conduct inter-
views and collect qualitative data at scale (Chopra and Haaland, 2023; Geiecke and Jaravel,
2026).6 We use AI-led interviews for a different purpose: the AI interviewer first interviews
respondents about a real decision they are facing and then uses that information, in real
time, to construct a closed-ended survey question tailored to the respondent. Our approach
moves beyond static, predefined survey instruments by combining the flexibility of qualitative
interviewing with the discipline of closed-ended survey measurement.

The rest of the paper proceeds as follows. Section 2 presents the conceptual framework.
Section 3 describes the research design. Section 4 discusses implementation details and
measurement. Section 5 presents the main results. The last section concludes.

5For the first part—measuring the perceived effect of income on happiness—there are two exceptions,
both from the psychology literature: Aknin et al. (2009) asked respondents to predict the happiness of others,
and their own happiness, at different income levels; and Cone and Gilovich (2010) asked respondents to rank
the income–happiness correlation among a set of other empirical correlations.

6LLMs have also been used for other purposes, such as experimental interventions. For example, Costello
et al. (2024) use an LLM to persuade respondents through dialogue.
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2 Conceptual Framework

This section presents a simple model that motivates and informs the experimental design.
We consider a model of hierarchical Bayesian learning with misspecified learning. The model
is hierarchical because the individual’s own marginal satisfaction from income is modeled
as a draw from a population distribution, so beliefs about the individual’s own marginal
satisfaction from income and about the population-wide average marginal satisfaction from
income are jointly updated. It is Bayesian because the individual combines prior beliefs with
noisy estimates using Gaussian updating. It is misspecified because the individual’s estimate
neglects adaptation.

2.1 Income and Satisfaction

Let subscript i denote individuals and subscript t denote time periods. Let Yi,t denote life
satisfaction; for brevity, we sometimes refer to it simply as satisfaction. Let Xi,t be the
individual’s income. This model revolves around the Marginal Satisfaction from Income
(MSI). More precisely, there are two objects of interest:

Individual i’s own marginal satisfaction from income, which is determined by parameter
βi. For short, we refer to this as the self-MSI.

The population-wide average marginal satisfaction from income, which is determined
by parameter β̄ > 0. For short, we refer to this as the average-MSI.

The individual begins with a prior over average-MSI,
β̄ ∼ N (β̄0, s2

0), (1)

where true average-MSI satisfies β̄ > 0. Conditional on β̄, the individual’s true self-MSI is
drawn from the population:

βi | β̄ ∼ N (β̄, σ2
β). (2)

2.2 Adaptation

The key feature of the true satisfaction process is that satisfaction depends not only on cur-
rent income, but also on the gap between current income and a gradually adjusting reference
income, Ri,t. As discussed below, reference income is an umbrella term meant to capture sev-
eral phenomena documented in the literature on psychology and economics, such as hedonic
adaptation and income aspirations.
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The true satisfaction process is
Yi,t = αi + (1 + θ)βiXi,t − θβiRi,t + εi,t, θ > 0, (3)

where Xi,t is current income, Ri,t is reference income, and εi,t is a mean-zero shock. Reference
income adjusts gradually to past income as follows:

Ri,t = (1 − λ)Ri,t−1 + λXi,t−1, λ ∈ (0, 1]. (4)

We assume that individuals’ income follows a random walk:
Xi,t = Xi,t−1 + νi,t, νi,t ∼ i.i.d. (0, σ2

ν). (5)

Throughout, income innovations are exogenous: νi,t is i.i.d. with finite fourth moments and
is independent of the full sequence of satisfaction shocks {εi,s}s and of the lagged income and
reference-income history. Satisfaction shocks εi,t are i.i.d. and independent of the income
process. For peers, the same data-generating process applies, with peer self-MSI parameters
βj | β̄ drawn independently from N (β̄, σ2

β).
Under this normalization, a permanent increase in income has an immediate effect of

(1 + θ)βi on satisfaction and a long-run effect of βi once reference income catches up. Thus
βi is directly the individual’s long-run self-MSI, while the short-run effect is inflated by the
factor (1 + θ).

This adaptive reference income is intended to capture several phenomena that have been
widely discussed in the psychology and economics literature, some of which are mentioned
explicitly on page 3 of the information treatment. For example, the reference point could
partly reflect income aspirations: as individuals become richer and adjust to their new cir-
cumstances, what they consider a sufficient income rises along with their actual income. A
closely related phenomenon is income comparison: as individuals become richer, they tend
to interact with richer people, and these new comparisons may raise their income aspirations
(Clark and Senik, 2010). The reference point could also reflect what is known as hedonic
adaptation. Individuals adapt to repeated stimuli, so while a new experience, such as driving
a new car, may feel especially rewarding at first, the feeling fades with repeated exposure
until, after some time, driving the new car feels much like driving the old one. This view is
supported by evolutionary explanations and neuroscience findings (Rayo and Becker, 2007),
and has also been documented using life-satisfaction data (e.g., Di Tella et al., 2010; Galiani
et al., 2018).
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2.3 Misspecified Bayesian Learning

Let ∆Xi,t ≡ Xi,t − Xi,t−1 and ∆Yi,t ≡ Yi,t − Yi,t−1 denote changes in income and satisfaction.
To form beliefs about self-MSI and average-MSI, the individual uses two data sources. First,
the individual observes own data: a time series that yields T observations on (∆Xi,t, ∆Yi,t).
Second, the individual observes peer data: analogous first-difference observations for each of
N peers, with each peer panel containing TP observations. Because βi is itself drawn from
the population distribution, both sources are informative about both objects: own data are
directly informative about self-MSI but also informative about average-MSI, while peer data
are directly informative about average-MSI but also informative about self-MSI.

To formalize how individuals extract information from these data, we assume they sum-
marize each data source by a first-difference slope. The motivation is that levels of satisfaction
are hard to interpret: in any given year, income may change alongside many other events that
affect health, relationships, family, leisure, and other dimensions of life. Short-run changes
are often more salient and easier to connect to particular events. For example, someone may
remember feeling especially satisfied after receiving a large bonus, or during an expensive
vacation. From such episodes, they may infer that income raises satisfaction. For the indi-
vidual’s own history, let b̂∆

i denote the first-difference slope relating ∆Yi,t to ∆Xi,t. For peer
j, define the analogous slope using ∆Yj,t and ∆Xj,t, and let b̄∆

N denote the average of these
slopes across peers. The first-difference slopes are meant to capture this type of reasoning
parsimoniously: individuals need not literally run regressions, but may use a heuristic to
infer causal relationships from memories about changes in income and satisfaction.

Under the true data-generating process, first-difference regressions identify short-run re-
sponses to income shocks rather than long-run effects. In large samples of own and peer data,
the key implication is

plim b̂∆
i = (1 + θ)βi, plim b̄∆

N = (1 + θ)β̄. (6)

The definitions of the estimators, the derivation of (6), and the corresponding Gaussian
approximations are given in Appendix A.1.

The individual neglects adaptation and therefore interprets these regression coefficients
as noisy signals of the long-run MSI objects βi and β̄. We assume that, when updating, the
individual uses fixed subjective signal variances Si > 0 and Sp > 0; the formal subjective
signal structure is given in Appendix A.2. Here, Sp is interpreted as the variance of a
peer-level slope signal after accounting for the finite length TP of each peer panel. The
objective Gaussian approximations in Appendix A.1 motivate this signal formulation, but
the subjective variances Si and Sp need not coincide with the objective variances Ωi and Ωp.

Thus, the bias in beliefs arises not from non-Bayesian updating, but from Bayesian up-
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dating under a misspecified model of how income affects satisfaction over time.
Given the prior (1)–(2) and the subjective Gaussian signal structure, beliefs are updated

in the standard Gaussian way. Define precisions

κ0 ≡ 1
s2

0
, h ≡ 1

σ2
β

, τi ≡ T

Si

, τp ≡ N

Sp

. (7)

The posterior mean self-MSI belief is a weighted average of the own-data regression esti-
mate, the peer-data regression estimate, and the prior mean:7

β̃i = wib̂
∆
i + wpb̄∆

N + w0β̄0. (8)

Likewise, the posterior mean average-MSI belief is
˜̄β = cib̂

∆
i + cpb̄∆

N + c0β̄0. (9)

The exact formulas for the weights (wi, wp, w0) and (ci, cp, c0), as well as the derivation of
(8)–(9), are given in Appendix A.2.

Equations (8)–(9) make clear that both own and peer data affect both beliefs. Because βi

is drawn from the population distribution, own data update average-MSI beliefs, while peer
data update self-MSI beliefs.

2.4 Predictions

The model delivers three predictions that guide the empirical analysis. The first concerns
average pre-information bias, the second concerns belief updating after accurate information,
and the third links belief updating to choices. Let B

self denote the average bias in self-MSI
beliefs, and let B

avg denote the average bias in average-MSI beliefs:
B

self ≡ Eβi|β̄

[
E[β̃i − βi | β̄, βi]

]
, B

avg ≡ Eβi|β̄

[
E[ ˜̄β − β̄ | β̄, βi]

]
. (10)

Appendix A.2 shows that these average biases can be decomposed as
B

self = w0(β̄0 − β̄)︸ ︷︷ ︸
prior

misperception

+ (wi + wp)θβ̄︸ ︷︷ ︸
average adaptation

neglect

, (11)

B
avg = c0(β̄0 − β̄)︸ ︷︷ ︸

prior
misperception

+ (ci + cp)θβ̄︸ ︷︷ ︸
average adaptation

neglect

. (12)

The first component is prior misperception, captured by β̄0 − β̄. The second is adaptation
neglect, captured by the terms proportional to θβ̄. In the predictions below, we focus on
the benchmark case with unbiased priors, β̄0 = β̄, which isolates the role of adaptation

7We assume τi + τp > 0, otherwise the agent has no informative data at all and the model collapses to
pure prior beliefs.
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neglect in generating average overestimation. This assumption is not meant to rule out prior
misperceptions in practice. When β̄0 ̸= β̄, the prior-bias terms enter additively in (11) and
(12), shifting mean beliefs in the direction of the prior bias, with magnitudes governed by
the prior weights w0 and c0. The adaptation-neglect component, however, remains positive
and has the same interpretation.

Prediction 1. On average, individuals overestimate both self-MSI and av-
erage-MSI, with weakly stronger overestimation of self-MSI. Under unbiased
priors,

B
self = (1 − w0)θβ̄ > 0, B

avg = (1 − c0)θβ̄ > 0, (13)

B
self − B

avg = (c0 − w0)θβ̄ ≥ 0, (14)

with strict inequality in the second line whenever τi > 0 and κ0 > 0.

Proof: See Appendix A.3.

The intuition is that people may form beliefs from vivid memories of material gains: how
good it felt to receive a large raise or promotion, or to drive a new car home for the first
time. First-difference regressions capture similar short-run satisfaction gains from income,
part of which fades as individuals adapt. If people extrapolate from these short-run gains to
long-run life satisfaction, both own data and peer data can raise average beliefs above the
corresponding long-run effects.

To see why the self-MSI bias can be larger, consider the benchmark case with no own
data, so that τi = 0. In that case, the individual learns only from peer information, and
self-MSI beliefs are formed entirely by projecting the inferred average-MSI onto oneself.
As a result, the average bias in self-MSI beliefs coincides exactly with the average bias in
average-MSI beliefs. Starting from this benchmark, introducing own data increases both
biases, because first-difference regressions on own data are also upward biased by adaptation
neglect. However, the increase is larger for self-MSI beliefs than for average-MSI beliefs.
The reason is that own data provide direct evidence about βi, but only indirect evidence
about β̄, since an individual’s self-MSI is only one draw from the population distribution.
Consequently, adaptation neglect in own learning raises both beliefs, but it raises self-MSI
beliefs more strongly.

Next, consider the information provided in the experiment. Let m denote a signal about
true average-MSI, interpreted by the individual as

m | β̄ ∼ N (β̄, Sm), τm ≡ 1
Sm

, Sm > 0. (15)
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Let β̃i(m) and ˜̄β(m) denote posterior mean beliefs after observing this signal, holding fixed
the individual’s own and peer data. Define the average belief changes induced by the signal
as

∆self (m) ≡ E
[
β̃i(m) − β̃i

]
, ∆avg(m) ≡ E

[
˜̄β(m) − ˜̄β

]
, (16)

where the expectation averages over pre-information data and over βi | β̄. The benchmark
accurate signal corresponds to the realization m = β̄.

Prediction 2. On average, accurate information lowers both average-MSI
and self-MSI beliefs, with a larger reduction in average-MSI beliefs. Under
unbiased priors and the benchmark accurate signal m = β̄,

∆avg(β̄) < 0, ∆self (β̄) < 0,
∣∣∣∆avg(β̄)

∣∣∣ ≥
∣∣∣∆self (β̄)

∣∣∣ . (17)

The last inequality is strict whenever τi > 0.

Proof: See Appendix A.4.

The intuition is that, under unbiased priors, adaptation neglect makes average-MSI beliefs
too high. Accurate information therefore moves average-MSI beliefs downward. Self-MSI
beliefs also fall because the individual’s self-MSI is drawn from the population distribution,
but own data make self-MSI beliefs less responsive to population-level information, making
this average reduction smaller.

We close the model by linking beliefs to choices. Let ai denote an income-generating
action, such as hours worked, effort devoted to obtaining a higher-paying job, or the choice
of a higher-paying career path. To keep notation consistent with the setup above, income is
Xi(ai), with X ′

i(ai) > 0. Let Si(ai; m) denote the individual’s perceived life satisfaction from
income after observing signal m:

Si(ai; m) = β̃i(m)Xi(ai). (18)

The individual values life satisfaction, but life satisfaction is not the only input into utility.
In general, utility can be written as Ui(Si(ai; m), Xi(ai), ai), where the first two arguments
enter positively and the income-generating action enters negatively through its direct cost.
A simple separable specification is

Vi(ai; m) = β̃i(m)Xi(ai) + gi(Xi(ai)) − ϕi(ai), (19)

where g′
i(X) > 0 captures other benefits of income and ϕ′

i(a) > 0 captures the direct cost
of the income-generating action. Assume that Vi(ai; m) is strictly concave in ai, so that the
optimal choice a∗

i (m) is unique and interior. Let ∆ai denote the post-information minus
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pre-information change in the income-generating action.

Prediction 3. On average, accurate information lowers the income-generating
action. Under unbiased priors, the benchmark accurate signal m = β̄, and a common
local responsiveness of the income-generating action to perceived self-MSI, for small
belief changes,

E[∆ai] < 0. (20)

Proof: See Appendix A.5.

The intuition is that accurate information lowers self-MSI beliefs on average. This lowers
the perceived benefit of income-generating actions, while leaving their direct cost unchanged,
so individuals choose less of the income-generating action on average.

3 Research Design

3.1 Overview

A sample survey instrument for the baseline survey is provided in Appendix H, and the
corresponding instrument for the follow-up survey is provided in Appendix I.8 Both surveys
are described in more detail below. The baseline survey began with questions used to con-
struct job-choice scenarios tailored to each respondent and with an AI-led interview used to
elicit a real-world income-related decision. We then elicited prior self-MSI and average-MSI
beliefs. Respondents were randomly assigned either to the information treatment or to a
control condition. After this information-treatment stage, we re-elicited the same beliefs and
measured choices involving trade-offs between income and non-income considerations. The
follow-up survey, conducted about one month later, re-elicited the main belief measures, re-
peated the choice-framing job-choice measures, and asked respondents about the real-world
decision discussed at baseline.

3.2 Prior Average-MSI and Self-MSI Beliefs

Before any information was provided, we elicited respondents’ prior self-MSI and average-
MSI beliefs. More precisely, we elicited the perceived effect of a 20% income increase on
life satisfaction on a 0–100 scale. Respondents may be largely unfamiliar with reporting life

8The actual survey varied across respondents because some questions depended on earlier answers and
because key elements were randomized, including treatment assignment and framing order.
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satisfaction on such a scale, so they may not have an intuitive sense of how large a one-
point satisfaction increase is. This is analogous to asking respondents to evaluate prices in a
currency different from the one they are most accustomed to. While we cannot eliminate this
type of measurement error entirely, we can at least take steps to mitigate it. The first step was
to ask them to report their overall life satisfaction using the same 0–100 scale, so they had the
opportunity to familiarize themselves with the concept and the scale. The second step takes
inspiration from the analogy with a foreign currency: even if the exchange rate is known,
having some benchmark prices may help respondents get an intuitive sense of the scale of
the foreign currency. To that end, immediately before the prior-belief elicitation, we showed
respondents some benchmarks for the effects of non-income changes on life satisfaction, based
on scientific evidence: the death of a spouse is associated with a 7.9-point reduction in life
satisfaction in the year following the event; becoming unemployed is associated with a 5.2-
point reduction; getting married is associated with a 4.6-point increase; and deactivating
Facebook for four weeks increases life satisfaction by about 3.1 points during that period.9

We elicited two types of prior beliefs: average-MSI beliefs and self-MSI beliefs. For
average-MSI beliefs, respondents considered an average person who earns $50,000 per year
and reports life satisfaction of 75 out of 100. The question then asked how much an unex-
pected 20% income increase, corresponding to an additional $10,000 in income, would change
that person’s life satisfaction over the next 12 months. For self-MSI beliefs, respondents were
asked the analogous question about themselves: how much an unexpected 20% increase in
their own income would change their own life satisfaction over the next 12 months.

In both cases, respondents answered using the following options: a decrease of 1 point
or more, no change, an increase of 1 point, an increase of 2 points, continuing in one-point
increments up to an increase of 14 points, and an increase of 15 points or more. In a pilot
study, we randomized respondents between this multiple-choice format and an open-ended
response. The distribution of answers was similar across formats, suggesting that the measure
is not sensitive to this design choice. We used the multiple-choice format in the experiment
because we thought it would be easier for respondents to answer. To keep the baseline survey
short, we elicited confidence in these beliefs only in the shorter follow-up survey.

3.3 Information Treatment

After prior beliefs were elicited, subjects were randomly assigned to the treatment arm or the
control arm, each with a 50% probability. Following best practices in information-provision
experiments, we made the randomization explicit: respondents were told that some subjects

9The source for the first three effects is Clark and Georgellis (2013), and the source for the last one is
Allcott et al. (2020).
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would be randomly selected to receive the information treatment and that they would learn
on the next screen whether they had been selected.10 Subjects assigned to the treatment
arm received a short information module summarizing the scientific evidence on the effect
of income on life satisfaction. The central message of this module was that the effect of a
20% increase in income on life satisfaction is positive but modest, approximately one point
on a 0–100 life-satisfaction scale. Respondents in the control arm saw an otherwise identical
survey, except without the information module.

The information module was split across three consecutive screens, reproduced in Figure 1.
This structure allowed respondents to digest the evidence gradually. The first screen focused
on the empirical correlation between income and life satisfaction. It presented evidence
from the 2018 General Social Survey, a large U.S. survey that asked respondents about both
household income and life satisfaction. The module explained that, after converting life
satisfaction to a 0–100 scale and estimating the relationship between life satisfaction and
log income, a 20% increase in income is associated with an increase in life satisfaction of
approximately one point. This first screen was meant to make the magnitude transparent,
but it was framed explicitly as correlational evidence. This magnitude is consistent with
estimates from other large surveys; we chose the 2018 GSS only for reasons of reproducibility
and convenience.11

The goal of the second screen was to show that, while the correlations reported in the first
screen do not imply a causal effect, there is causal evidence that supports the same finding.
It discussed Lindqvist et al. (2020), who use the random allocation of lottery prizes as a
natural experiment to study the long-run effects of wealth on psychological well-being. The
module explained that the study followed lottery winners for many years after the lottery
event and found persistent effects on overall life satisfaction. When the lottery windfalls
are converted into an equivalent annual income increase, the implied effect of a 20% income
increase is also close to one point on a 0–100 life-satisfaction scale. Thus, the causal evidence
presented in the module delivered a similar message to the raw correlation: income matters
for life satisfaction, but the marginal effect is modest.

The third screen was focused on causal mechanisms, that is, the scientific evidence that
may help explain why MSI is lower than some respondents expect. It discussed the phe-

10This explicit randomization is meant to prevent subjects from making any unnecessary inferences from
seeing the information module: e.g., respondents could think that they were shown the module because their
prior beliefs were inaccurate.

11For example, using Gallup data on more than 450,000 U.S. respondents, Kahneman and Deaton (2010)
find that life evaluation (the 0–10 Cantril ladder, an evaluative measure akin to life satisfaction) rises steadily
with log income: between household incomes of roughly $75,000 and $105,000 it increases by about 0.23 ladder
points, implying an effect of about one point on a 0–100 scale for a 20% income increase—the same magnitude
as our benchmark.
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nomenon of hedonic adaptation, with a link to Di Tella et al. (2010): people may initially
feel better after an income gain, but part of that effect can fade as they adjust to the new
circumstances. This screen also discussed the role of rising aspirations, with a link to Stutzer
(2004): as income increases, the amount people view as sufficient may also rise. Finally,
the module mentioned that while income can relieve financial constraints, in the end, life
satisfaction may depend more strongly on non-income factors such as health, relationships,
work stress, loneliness, or family conflict.

The information treatment is designed to provide the empirical counterpart of the accurate
signal in the model. It provides information about average-MSI, not a personalized estimate
of each respondent’s self-MSI. The information module cited the underlying research studies
and used neutral language: it summarized evidence on the income–satisfaction relationship
without recommending any particular belief, choice, or lifestyle.

In many information-provision experiments, the information treatment can be reduced to
a single familiar statistic. For example, in studies of inflation expectations, respondents are
typically accustomed to seeing official inflation statistics. In that context, the information
treatment may simply provide the official inflation rate over the previous year (Cavallo et al.,
2017). Our setting is different. Most respondents are unlikely to have encountered scientific
estimates of the income-satisfaction relationship before, and a bare statement that a 20% in-
come increase raises life satisfaction by about one point may therefore be difficult to interpret
or trust. For this reason, the information module presented not only the headline estimate,
but also the evidence behind it. The goal was to make the signal credible and interpretable
while keeping the message neutral.

3.4 Posterior Beliefs

Immediately after the information-treatment stage, we re-elicited self-MSI and average-MSI
beliefs. Before doing so, the survey clarified that all respondents were given the opportunity
to reassess their answers, regardless of their prior responses and regardless of whether they
had received the information treatment. This clarification was intended to reduce the concern
that respondents would interpret the repeated question as a signal that their initial answer
had been incorrect.

Comparing posterior beliefs between the treatment and control arms allows us to test
whether information about average-MSI shifts both average-MSI and self-MSI beliefs, as
predicted by the model. In the follow-up survey, we elicited these two beliefs again, to
measure whether any effects of the information on beliefs persisted one month later.
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3.5 Job-Choice Scenarios

After eliciting posterior beliefs, we measured a series of post-treatment outcomes, focusing on
job-choice scenarios and real-world decisions involving trade-offs between income and non-
income considerations. To tailor the job-choice scenarios to each respondent, we asked four
questions near the beginning of the survey about the respondent’s current or most recent job:
occupation or job title, annual earnings, typical work hours, and typical commute length.12

We used this information to construct job-choice scenarios that would be realistic for each
respondent.

More precisely, each respondent faced three job-choice scenarios. In each scenario, one
option was similar13 to the respondent’s current or recent job, while the other option paid
more but required giving up a non-income consideration. The three trade-offs were higher
income versus a longer commute, higher income versus longer working hours, and higher
income versus fewer hours of sleep.

It is easiest to explain these scenarios using one concrete example. Panel A of Figure 2
shows the scenario corresponding to the trade-off between income and hours worked. Re-
spondents saw a table with a side-by-side comparison between two job offers: both had the
same position title, but relative to the offer on the left, the offer on the right had 20% higher
earnings but 20% higher work hours. Respondents had to choose one of four responses:
“Definitely choose Job A”, “Possibly choose Job A”, “Possibly choose Job B”, or “Definitely
choose Job B”.

The other two job-choice scenarios use the same format. In the income-versus-commute
scenario, one job offered 20% higher earnings but had an 80% longer commute. In the income-
versus-sleep scenario, one job offered 30% higher earnings but reduced sleep by 25%, from 8
hours to 6 hours.

For each scenario, respondents answered two sets of questions, in randomized order. The
main set—the choice framing—asked which of the two jobs the respondent would choose
in each of the three scenarios. The alternative set—the satisfaction framing—asked which
option would make the respondent more satisfied with their life overall. The use of both
framings allows us to separately identify the effects of the information on utility-maximizing
and satisfaction-maximizing behavior (Becker and Rayo, 2008; Benjamin et al., 2014). In the
follow-up survey, we re-elicited the three job-choice scenarios, but for the sake of brevity, we
did so only for the choice framing.

12Respondents who reported not currently working were asked about their most recent job instead.
13We say “similar” instead of “identical” because we rounded the default option’s wages to the nearest

dollar and commute time to the nearest hour, and the sleep-time numbers are fully hypothetical since we did
not ask how many hours individuals sleep.
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3.6 Real-World Decisions

Respondents were asked about a decision that they were currently facing or would soon face,
in which they were weighing an income consideration against a non-income consideration.
Respondents were asked to describe that decision in their own words. They then participated
in a short AI-led interview, in which the AI interviewer asked questions to clarify the relevant
alternatives and the trade-off involved. For more details about how the AI-led interview was
conducted, see Appendix B.3. At the end of the interview, the AI interviewer generated
a personalized binary choice and shared it with the respondent. More precisely, the AI
interviewer showed a description of Option A, a description of Option B, and a description
of the underlying trade-off. After seeing this information, respondents were asked to confirm
whether this information accurately reflected the real-world decision they were facing. We
also asked them when they expected to make this decision.

Most importantly, we asked respondents which of the two options, Option A or Option
B, they were more inclined to choose. For this elicitation, we closely followed the same style
used for the job-choice scenarios. More precisely, we created a table that summarized all the
information relevant to the decision. An example of this table is shown in Panel B of Figure 2.
This respondent was deciding whether to work extra hours (Option A) or not (Option B).
The trade-off was described as making some extra money for their wedding versus having
less time with their family and risking burnout. In the main choice framing, subjects selected
one of four responses: “Definitely choose Option A”, “Possibly choose Option A”, “Possibly
choose Option B”, or “Definitely choose Option B”. As in the job-choice module, we also
asked the same question but under the satisfaction framing, in randomized order.

The follow-up survey included a few questions related to this real-world decision. Re-
spondents were asked whether they had made the real-world decision discussed in the AI-led
interview and, if so, what the outcome was. If they had not made a decision yet, we asked
them which of the two options they intended to choose in the future.

3.7 Additional Outcomes

There is an additional behavioral outcome that we pre-registered as one of the main outcomes
of interest. Intuitively, since subjects are completing surveys for pay on the Prolific platform,
the number of surveys that they complete could be seen as a measure of the amount of work
they do. Thus, our original intention was to measure whether the treatment affected the
number of surveys that they subsequently completed. At baseline, we asked respondents
how many Prolific surveys they aspired to complete over the next 30 days; in the follow-
up survey, they reported how many surveys they had completed over the previous 30 days.
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In practice, however, we found that these responses are highly unreliable, as subjects have
massive misperceptions about how many surveys they actually completed. For this reason,
we treat the reported survey completion data as too unreliable for the main analysis—see
Appendix G for more details.

The baseline survey also included a few questions about income aspirations: the income
respondents thought would allow them to live comfortably, the annual income they aspired to
earn, and the income they would need in order to be satisfied with their life. These secondary
outcomes were intended to assess the role of the aspirations channel; the results are reported
in Appendix F.

4 Implementation Details

4.1 Fielding the Baseline Survey

The experiment was pre-registered at the AEA RCT Registry (AEARCTR-0018251) and was
reviewed and approved in advance by the Institutional Review Board at UCLA. We recruited
respondents for the baseline survey between April 2 and April 9, 2026. Subjects were recruited
via Prolific. We advertised the study as “Scientific study”. We limited eligibility to U.S.
residents and required respondents to complete the survey on a laptop or desktop computer.
3,002 respondents completed the baseline survey.14 The median completion time was 18.1
minutes. About 88.3% of respondents reported that the survey was easy or very easy.

4.2 AI-Use and Data Quality Checks

The baseline survey included several measures to validate the quality of the survey data.
The Prolific platform has its own measures in place to detect and prevent AI use in surveys
(Gordon, 2026). According to independent accounts, at the time that we fielded the survey
the estimated share of Prolific participants using AI was reported to be very small (e.g.,
Çelebi et al., 2026; Affonso, 2026). However, out of an abundance of caution, we followed
best practices by including our own independent checks, as in Çelebi et al. (2026). The main
video-code AI-use check is based on showing a short video and asking respondents to enter the
numbers shown in the video. The video-code check was passed by 95% of subjects, so the 5%
who failed the check provide an upper bound for the potential share of AI-assisted responses,
as humans could fail this check if they are not paying close attention. We also included
CAPTCHA verification, and the mean reCAPTCHA score was 0.972 on a 0–1 scale, where

14Some respondents started the baseline survey but did not complete it and therefore are not part of our
main analysis sample—for more details, see Appendix C.2.
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higher values indicate a greater likelihood that the respondent is human. We also included a
couple of standard attention checks at the end of the survey, which were passed by 98.0% of
subjects. As another data quality check, the distribution of completion times suggests there
is no concern about substantial speed-taking: only 0.9% of respondents completed the survey
in under seven minutes.

4.3 Sample Restrictions

Out of an abundance of caution, we exclude the minority (5.0%) of subjects who failed
the video-code check. Additionally, in information-provision experiments, it is important to
handle outlier beliefs appropriately. Some respondents may report wildly inaccurate guesses
not because they genuinely hold such extreme beliefs, but because they misunderstood the
question or were not paying sufficient attention.15 If respondents are confused about the
basic concept being measured, it is hard to interpret what the effects of information may
be. To reduce sensitivity to outliers, we follow standard practice in information-provision
experiments and exclude respondents with the most extreme prior beliefs or misperceptions
(e.g., Fuster et al., 2022; Cullen and Perez-Truglia, 2022; Giaccobasso et al., 2025). Because
prior beliefs in our study are measured discretely, we drop respondents who selected one of
the two most extreme response options: “Decrease life satisfaction by at least 1 point” and
“Increase life satisfaction by at least 15 points”.16 In the baseline specification, we take a
conservative approach and exclude outliers in prior average-MSI beliefs.17 Importantly, since
prior beliefs were elicited before treatment assignment, excluding respondents on the basis of
their priors does not compromise the validity of the experimental variation. After applying
these two restrictions, the final analytic sample contains 2,775 respondents. We also show
robustness checks with alternative sample restrictions and without the prior-belief restriction
altogether.

4.4 Descriptive Statistics and Randomization Balance

Column (1) of Table 1 provides summary statistics for the sample: 49% of respondents
are female, 64% are White, 76% are employed, average household income is approximately

15For example, if a respondent reports a recent annual inflation rate of 50% in a country where the true
rate is 5%, it is likely that the respondent misunderstood the question or lacks a basic understanding of
percentages.

16Throughout the analysis, we code the two endpoint categories as -1 and +15, respectively. Thus, the
belief measures are effectively bottom- and top-coded at -1 and +15 satisfaction points.

17For respondents who do not report an extreme average-MSI belief but do report an extreme self-MSI
belief, our interpretation is that they understood the question but believe they themselves have extreme
preferences.
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$91,010, and average baseline life satisfaction is 62.1 on the 0–100 scale. Columns (2) and
(3) of Table 1 provide a balance test. These columns show average characteristics in the
control and treatment arms, respectively. Column (4) reports the p-value from a two-sided
test of equality of means, with standard errors shown in parentheses below each mean. The
two arms are very similar across pre-treatment characteristics, including age, gender, race,
education, household income, political affiliation, baseline life satisfaction, and employment
status. None of the variable-by-variable differences is statistically significant at the 5% level,
and the joint test of equality across all balance variables has a p-value of 0.847.

As is common in online samples, our subject pool is somewhat different from the general
U.S. population: respondents are somewhat younger, more educated, and more left-leaning—
see Appendix C.1 for more details.

4.5 Job-Choice Scenarios

The job-choice module used respondents’ own employment information to construct job-
choice scenarios. These scenarios could only be constructed for respondents who were em-
ployed or who had held a job in the past and who entered valid information; these respondents
make up a strong majority (98.1%). The average subject has annual earnings of $60,438,
works 35.8 hours per week, and has a daily commute time of 31.4 minutes.

The outcomes are coded so that higher values correspond to greater willingness to choose
the higher-income option. For example, in the income-vs-work-hours scenario, Offer B was
the one that offered higher earnings but longer hours. Thus, the dependent variable is
coded as follows: 1 if the respondent chooses “Definitely Offer A”, 2 if “Possibly Offer A”,
3 if “Possibly Offer B”, and 4 if “Definitely Offer B”. We coded the other two job-choice
scenarios accordingly. We also constructed a job-choice index that averages across the three
individual outcomes.

In each of the three scenarios, the two offers were reasonably balanced in relative attrac-
tiveness on average. In the income-versus-work-hours scenario, the average outcome in the
control group is 2.45. Since this value is close to 2.5 (the middle of the 1–4 scale), it means
that both offers were about equally attractive on average. For the income-versus-commute
scenario, the average outcome is 1.92, meaning that the offer with higher income was, on
average, a bit less attractive. For the income-versus-sleep scenario, the average outcome is
2.81, meaning that the offer with higher income was, on average, a bit more attractive.18

18These averages correspond to the (main) choice framing. The averages are slightly smaller for the
satisfaction framing—see the bottom of Table 2 for more details.
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4.6 Real-World Decision Module

A manual inspection of conversations between respondents and the AI interviewer suggests
that this module went smoothly—for samples of the full interview transcripts, see Ap-
pendix B.4. Additionally, in the feedback form at the end of the survey, some subjects
explicitly mentioned that they enjoyed the conversation with the AI interviewer. Objective
metrics reinforce this view. The AI interviewer was able to produce a description of the
respondent’s decision for the vast majority (98.4%) of respondents.19 When shown this de-
scription, 88.4% of respondents rated it as accurate, 10.7% rated it as somewhat accurate,
and the remaining 0.9% rated it as inaccurate.

The real-world decisions varied widely from respondent to respondent. We provide a
more comprehensive analysis later, but we can start with a few interesting examples. One
respondent was weighing whether to work longer hours to pay for an expensive wedding.
Another was choosing between a higher-paying career in law and the pursuit of a passion
for the circus. One respondent was considering delaying cancer treatment to avoid a loss of
income. Another was deciding whether to have a second child, knowing that it would affect
her earnings. One respondent was contemplating leaving an unhappy marriage despite the
financial hardship that would likely follow.

Constructing the outcome variable for the real-world decisions is more challenging. For
the job-choice scenarios, the outcome variable is straightforward: because we constructed the
scenarios, we know exactly which of the two offers has higher earnings. For the real-world
decisions, however, the choice options were generated in real time by the AI interviewer. As a
result, we need to determine ex post whether the two options involve a clear trade-off between
income and non-income considerations and, if so, which option offers higher income. For
brevity, throughout the rest of the document we use terms such as “income considerations”
and “higher-income”, but these terms should be understood broadly. In most cases, they
refer to choices that directly involve higher income, such as choosing a higher-paying job or
increasing income by working additional hours. In other cases, however, they refer to choices
that improve the respondent’s financial situation without necessarily increasing income, such
as moving to a state with a lower cost of living or choosing a job with more stable income.

Consider the previous example where Option A is working extra hours to pay for the wed-
ding and Option B is not working extra hours. The trade-off is that working the extra hours
would provide more income but leave less time to spend with family and also risk burnout.
In this case, we observe a clear trade-off between income and non-income considerations,

19The AI interviewer was prompted to return an exit code in case the respondent refused to engage in a
conversation. Additionally, for a few observations the AI was unable to produce valid output, most likely
due to a failed connection to the server.
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and it is also clear that Option A is the one that offers higher income. As a result, for this
respondent the dependent variable takes the value 1 if the respondent chooses “Definitely
Option B”, 2 if “Possibly Option B”, 3 if “Possibly Option A”, and 4 if “Definitely Option
A”. However, for other subjects, Option B may be the one that offers higher income. For
some decisions, it may be ambiguous which of the two options offers higher income, or there
may not be a clear trade-off to begin with.

We used an LLM to evaluate respondents’ decisions observation by observation, supple-
mented by human coding for the most difficult cases. Appendix E.2 describes the prompts
and coding schemes and provides examples; below we provide a brief summary. For each
respondent, the LLM was asked to identify which of the two options offered higher income
and to indicate whether it was highly certain in that classification. The LLM could also
indicate that there was no clear trade-off between income and non-income considerations, or
that it was ambiguous which option offered higher income. In addition, the LLM rated the
difficulty of the classification. For the 211 most difficult cases, a human coder reassessed the
LLM’s classifications.

In the baseline specification, we apply the following exclusion criteria. We start by drop-
ping the 1.6% of observations for which the AI interviewer did not produce valid output.
We then drop the observations for which the respondent rated the AI output as somewhat
accurate (10.7%) or inaccurate (0.9%). We drop decisions for which there was no clear trade-
off between income and non-income considerations, or for which it was ambiguous which of
the two options offered higher income (4.1%). Finally, we drop decisions where a trade-off
was identified but the LLM reported low confidence about which of the two options offered
higher income (25.8%). The combination of these exclusion criteria means that the num-
ber of observations for the real-world outcomes is significantly lower than the corresponding
number for the job-choice scenarios—1,711 versus 2,721, or 37.1% lower. This was expected:
before conducting the survey, we anticipated that the outcome for the real-world decision
would be missing for a significant share of respondents, since at any given point in time not
every household is facing a real-world decision that involves a clear trade-off between income
and non-income considerations. The lower sample size implies that the results for real-world
decisions are estimated less precisely. We also report sensitivity analyses using alternative
exclusion criteria.

The LLM classification is subject to a common challenge when using LLMs to classify ob-
servations: rerunning the same prompts may not always produce identical labels. To address
that challenge, we provide a fully reproducible cross-check. We take the 1,711 observations
from the baseline specification and identify which of the two options offers higher income
using a rule-based keyword classifier. This classifier does not use an LLM or any output
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from the LLM classifier; instead, it is applied directly to the raw description of the decision.
The keyword classifier agrees with the LLM classifier on which option offers higher income
in 97.2% of observations; see Appendix E.2 for more details.

Next, we provide descriptive analysis of the real-world decisions subjects were facing.
In terms of timing, the typical decision horizon was about one month. More precisely,
when asked one month later in the follow-up survey, 71.5% of subjects reported that they
had already made a decision.20 The real-world decisions appear to be fairly balanced: at
baseline, the average outcome in the control group is 2.47. Since this value is close to 2.5,
the midpoint of the 1–4 scale, this means that the higher-income and lower-income options
were, on average, about equally attractive.21 Between the baseline and follow-up surveys,
many things can happen that may sway subjects in one direction or the other. Thus, while
we do not expect choices to be identical between baseline and follow-up, it is still useful to
compare them. Among respondents who had reached a decision at follow-up, the option they
preferred at baseline coincides with what they ultimately chose one month later in 74.3% of
cases.

Next, to provide descriptive statistics about the types of income and non-income con-
siderations subjects were trading off, we use BERTopic, a fully unsupervised topic model
(Grootendorst, 2022), in combination with an LLM classifier. Appendix E.1 describes the
full procedure and provides additional results. The results are presented in Figure 3. Panel A
summarizes the income considerations. The most common category is a higher-paying job,
which accounts for about 27% of respondents. The second-largest category, at about 19%,
consists of respondents considering working more—through extra hours, additional shifts, or
a second job. The remaining categories are smaller and more dispersed, including relocat-
ing for higher pay, freelance or gig work, returning to work, starting work, taking time off,
working from home, promotions, and retirement-related decisions. Panel B summarizes the
non-income considerations. The most common category is family time, which accounts for
about 31% of respondents. The second-largest category, at about 18%, is free time, rest,
and hobbies. The other categories account for more modest shares and cover a range of
considerations, including schedule flexibility, proximity to family and friends, mental health,
work-life balance, and shorter commutes. Panel C reports the most common pairs of income
and non-income considerations. The most frequent trade-off is working more versus time
for rest and hobbies, which accounts for 8.3% of respondents. The next most common pairs

20In comparison, in the baseline survey 33.1% of respondents expected to make a decision within one
month. The discrepancy is likely due to the fact that many of these were not one-off decisions but recurring
ones: among respondents who had not yet reached a decision at follow-up, 93.1% reported that the decision
was still relevant.

21This average, 2.47, corresponds to the choice framing; the corresponding value is slightly smaller, 2.31,
under the satisfaction framing.
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are taking a higher-paying job versus spending time with family, at 7.5%, and working more
versus spending time with family, at 7.3%.

4.7 Fielding the Follow-Up Survey

Respondents were invited to participate in the follow-up survey approximately one month
after the baseline survey. About 79.4% of subjects in the baseline sample responded to the
follow-up survey, and these rates were similar between treatment and control groups.22 The
follow-up survey was substantially shorter than the baseline survey, with a median duration of
about 6.2 minutes. 94.9% of respondents rated it as very easy or somewhat easy to complete.
The follow-up survey also included the video-code check and attention checks, and the vast
majority of subjects passed them.23

5 Empirical Results

5.1 Perceived MSI

Before testing the predictions of the model, we start by providing some descriptive evidence
about self-MSI and average-MSI beliefs. Panel A of Figure 4 shows the distribution of prior
beliefs. For ease of comparison, Panel A overlays the histograms of prior average-MSI beliefs
(green bars) and self-MSI beliefs (brown bars). There is substantial dispersion in beliefs
across subjects. For average-MSI beliefs, the median is 5, with a 25th percentile of 3 and a
75th percentile of 7—the dispersion is broadly similar for self-MSI beliefs. Comparing the
two histograms also shows that the distribution of self-MSI beliefs is shifted to the right
relative to the distribution of average-MSI beliefs: self-MSI beliefs are on average 1.60 points
higher than average-MSI beliefs (6.80 vs. 5.20).24 The binned scatterplot from Panel B of
Figure 4 shows that prior average-MSI and self-MSI beliefs are highly correlated, but far
from perfectly so: their correlation coefficient is 0.636 (p<0.001).25

2279.5% in the control arm versus 79.1% in the treatment arm, with the difference being statistically
indistinguishable from zero (p=0.795). The pre-treatment characteristics are also balanced across treatment
arms within the follow-up sample—see Appendix C.4. Follow-up subjects are a bit different from the baseline
respondents: they are older, more educated, more active on Prolific, and have somewhat lower baseline
average-MSI and self-MSI beliefs; see Appendix C.3 for more details.

23The follow-up survey included the same video-code check used at baseline, which records typing behavior
to identify non-human response patterns. 96.4% of follow-up respondents passed this check.

24A small part of this gap is mechanical because we’re dropping extreme priors in average-MSI beliefs but
not in self-MSI beliefs, but the gap is still similar otherwise.

25This high correlation is consistent with the learning framework from Section 2, according to which
respondents use their available data to learn jointly about self-MSI and average-MSI.
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One common concern with survey data in general, and thus specifically with these mea-
sures of prior beliefs, is the role of measurement error. The last four panels of Figure 4
provide a sense of whether these belief measures contain meaningful signal rather than just
noise—Panels C and D correspond to average-MSI beliefs while Panels E and F correspond
to self-MSI beliefs. These panels are based exclusively on subjects from the control arm.
In Panel C, for example, subjects were asked the same question about average-MSI twice
during the baseline survey, but did not receive any information between the two elicitations.
For that reason, if subjects are certain about average-MSI, we would expect them to pro-
vide the same answer consistently the two times. On the other extreme, if the answers to
these two questions were uncorrelated, that would indicate that they are pure noise. Under
the classical-measurement-error model, this test-retest correlation (or reliability coefficient)
can be interpreted as the share of observed variation attributable to signal rather than noise.
Within the baseline survey, the test-retest correlations are high: 0.727 for average-MSI beliefs
and 0.871 for self-MSI beliefs. Thus, this simple reliability calculation suggests that about
73% of the variation in average-MSI beliefs and 87% of the variation in self-MSI beliefs re-
flects a meaningful signal. These reliabilities are comparable to, or higher than, standard
benchmarks from survey measurement. For example, Krueger and Schkade (2008) report
test-retest correlations of about 0.59 for life satisfaction and up to 0.90 for education and
income.

At the same time, the within-baseline correlations may overstate reliability if some re-
spondents remembered their earlier answers and repeated them for consistency. To address
this concern, Panels D and F of Figure 4 report the correlation between baseline prior beliefs
and the same belief measures elicited in the follow-up survey about one month later. This
longer-horizon comparison has the opposite limitation: it mechanically understates reliability
as a measure of signal, because respondents may genuinely revise their beliefs between the
baseline and follow-up surveys. That is, over the course of a month, respondents may have
encountered new information about the relationship between income and life satisfaction
and update their beliefs accordingly.26 With this caveat in mind, the one-month test-retest
correlations remain meaningfully positive: 0.342 for average-MSI beliefs and 0.460 for self-
MSI beliefs. Thus, even using this more demanding comparison, the beliefs still contain
substantial signal.

For a complementary measure of reliability, we use the question from the follow-up survey
about how confident respondents were in their average-MSI and self-MSI beliefs. On the one
extreme, if someone answered “not at all confident” one could worry that their answer is a

26In addition, for self-MSI beliefs, the fundamentals may themselves change: for example, a respondent
who receives a large hospital bill or experiences another financial shock may have a genuinely different MSI
one month later.

27



wild guess and thus purely noise. On the other extreme, respondents answering “extremely
confident” would be expected to provide a meaningful response. The fact that the distribution
of responses leans heavily towards high confidence reinforces the evidence from the test-retest
correlations that the self-MSI and average-MSI belief measures contain significant signal. For
example, in the control group 24.9% reported being extremely confident in their self-MSI
belief, 45.0% very confident, 24.5% moderately confident, 5.0% slightly confident, and 0.6%
not at all confident. Consistent with the somewhat higher test-retest correlation for self-MSI
beliefs than for average-MSI beliefs, self-reported confidence was also higher for self-MSI
beliefs than for average-MSI beliefs.27 In light of our model, one interpretation of this finding
could be that individuals have more precise information about their own satisfaction and
income than about other individuals’ satisfaction and income.

As an additional test of whether the variation in prior beliefs across subjects is mean-
ingful, we examine whether those beliefs can predict respondents’ behavior. The results are
presented in Figure 5. Based on subjects from the control group only, each panel shows a
binned scatterplot of the relationship between the prior self-MSI belief and one of the choices
elicited in the survey. Panel A of Figure 5, corresponding to the income-versus-work-hours
scenario, shows that respondents with higher prior self-MSI beliefs are more willing to choose
the higher-income option. More precisely, a 1-point increase in the prior self-MSI belief is
associated with a statistically significant (p<0.001) increase in this behavioral outcome by
0.027 (on the 1–4 scale). Panels B and C show quantitatively and qualitatively consistent
results for the income-versus-commute and income-versus-sleep choices, and Panel D shows
that the results are also qualitatively and quantitatively consistent for the real-world deci-
sion. We provide a more in-depth discussion of this relationship in Section 5.4 below. In the
meantime, the fact that differences in self-MSI beliefs across individuals predict differences
in intended behavior is suggestive that this self-MSI belief measure is capturing something
genuine about individual preferences and is far from pure noise.

5.2 Biases in Perceived MSI

This section tests the model’s first prediction: that individuals hold upward-biased self-MSI
and average-MSI beliefs, with the bias weakly larger for self-MSI beliefs. Strictly speaking,
measuring overestimation requires knowing the true average-MSI. Of course, this object is not
known with certainty. We therefore use the scientific evidence shown to respondents as our
benchmark estimate of average-MSI. For brevity, we describe beliefs above this benchmark as
overestimates, but the precise comparison is between respondents’ beliefs and the scientific

27In the control group, 5.2% reported being extremely confident about their average-MSI beliefs, 23.0%
very confident, 45.6% moderately confident, 23.8% slightly confident, and 2.5% not at all confident.
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evidence, not between respondents’ beliefs and an observed ground truth. On the other hand,
this caveat is less important for the other two predictions. There, the key question is not
about what happens when respondents are shown the ground truth, but what happens when
they are shown an accurate signal. Thus, we do not need the scientific evidence to be the
ground truth, we just need to assume it is an accurate signal.

The key evidence is shown in Panel A of Figure 4. The overlapping histograms show the
distribution of prior average-MSI and self-MSI beliefs, respectively. In turn, the vertical line
corresponds to the signal about average-MSI provided in the treatment message, which has
a value of 1.

We start with average-MSI beliefs first, because they can be compared more directly to
respondents’ priors. The vast majority (94%) of subjects’ priors are above the benchmark of
+1 from the scientific evidence. If we compare the mean prior average-MSI belief (5.20) to the
benchmark (+1), this implies an average overestimation of 4.20 points.28 This average over-
estimation is not only statistically significant (p<0.001) but also economically meaningful:
the average prior is 5.20 times the scientific benchmark.

To assess the bias in self-MSI beliefs, ideally we would observe the true MSI of each
respondent and compare it to the respondent’s prior self-MSI belief. Of course, it’d be im-
possible to estimate the true MSI of each respondent with any reasonable degree of certainty.
However, while we cannot estimate the individual bias of each respondent, with a simple
assumption, we can easily estimate the average bias in self-MSI beliefs across respondents.
To be precise, borrowing the notation from the model in Section 2, let β̃i denote respondent
i’s prior self-MSI belief and let βi denote respondent i’s true self-MSI. If we average the
individual biases, β̃i − βi, across respondents, we obtain the following:

1
N

∑
i

(
β̃i − βi

)
= 1

N

∑
i

β̃i − 1
N

∑
i

βi (21)

The key assumption we need is that the +1 benchmark from the scientific evidence is an
unbiased estimate of the average MSI in the subject pool. In other words, we need to assume
that the MSI of the average subject is comparable to the average MSI from the scientific
evidence. Indeed, this is an assumption we can test with income and life satisfaction data
we collected in our survey, and this assumption seems to be broadly consistent with the
data—for more details, see Appendix C.5.

In sum, while we cannot assess biases at the individual level, we can assess the average
bias in self-MSI beliefs by just comparing the mean prior self-MSI belief to the +1 benchmark
from the scientific evidence. Panel A of Figure 4 shows that the mean prior self-MSI belief

28Misperceptions about average-MSI are consistent with a large body of evidence that individuals hold
systematic misperceptions about others (Bursztyn and Yang, 2022).
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is 6.80, implying an average bias of 5.80 points. As with average-MSI beliefs, the average
bias in self-MSI beliefs is statistically significant and economically meaningful. Moreover,
consistent with the first prediction of the model, the average bias in self-MSI beliefs (5.80
points) is (weakly) larger than the average bias in average-MSI beliefs (4.20 points).

5.3 Belief Updating and Persistence

In this section, we test the second prediction of the model: that the provision of accurate
information lowers, on average, both average-MSI and self-MSI beliefs, with a larger reduc-
tion in average-MSI beliefs. The key evidence is presented in Figure 6, which shows the
distribution of posterior beliefs by treatment status, separately for average-MSI and self-MSI
beliefs. Panel A shows posterior average-MSI beliefs. The mean posterior average-MSI belief
is 5.81 in the control arm and 2.50 in the treatment arm, implying a treatment effect of
-3.319 points. Panel B shows the analogous comparison for posterior self-MSI beliefs: the
mean is 6.95 in the control arm and 4.23 in the treatment arm, implying a treatment effect
of -2.721 points. This pattern is the empirical counterpart of Prediction 2: under unbiased
priors, accurate information about average-MSI should lower both average-MSI and self-MSI
beliefs, with a larger reduction in average-MSI beliefs. The sizable belief updating is consis-
tent with high engagement with the information treatment. All treated subjects played the
video, as required to advance to the next screen; 88% watched it essentially to the end, and
the median treated respondent spent 233 seconds on the information-treatment screens. A
minority of treated subjects also clicked “Show more” to see additional details.29

Panels C and D of Figure 6 show the corresponding follow-up beliefs elicited about one
month later. This follow-up comparison provides a more demanding test of belief change: the
immediate posterior elicitation took place just after the information-treatment stage, when
the signal was highly salient, while the follow-up beliefs capture the component of updating
that respondents retain after leaving the survey. The effects remain sizable. About one-
third of the initial treatment effect persists one month later (35% of the baseline effect on
average-MSI beliefs and 37% of the effect on self-MSI beliefs), and treated subjects continue
to report lower average-MSI and self-MSI beliefs.30 Thus, the follow-up evidence suggests
that the information treatment produced durable belief updating, rather than only short-

29Among treated respondents in the main analytic sample, 21.1% clicked “Show more” on treatment page
1 and 10.6% clicked “Show more” on treatment page 2. Overall, 44.7% clicked “Show more” on at least one
of the three information-module “Show more” links. A negligible share clicked on the external links: 0.7%
clicked the Review of Economic Studies link and 0.4% clicked the New York Times link.

30The follow-up survey also asked respondents how confident they were in their average-MSI and self-MSI
beliefs. We do not find significant evidence that the treatment increased confidence in these beliefs; for
details, see Appendix D.1.
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run responses to freshly presented information. The magnitude is also in line with prior
information-provision experiments. For example, Cavallo et al. (2017) find that roughly 45–
48% of belief updating about inflation expectations persisted in follow-up surveys conducted
two to four months later.

Appendix D.2 (Figure D.1) examines heterogeneity in belief updating by respondents’
prior beliefs. The baseline survey suggests some heterogeneity: respondents with higher
prior beliefs appear to update more strongly in the direction of the information. However,
the follow-up survey suggests that most of this heterogeneity was spurious or transitory,
as the persistent treatment effects one month later are more similar across the prior-belief
distribution.

5.4 Effects of Information on Choices

In this section, we test the third prediction of the model: that the provision of accurate
information lowers, on average, the income-generating action. The key evidence is presented
in Figure 7, which compares the average belief and choice outcomes between treatment and
control groups. Each panel plots the mean outcome for the control and treatment arms, with
90% confidence intervals shown in brackets. Each panel shows the corresponding average
treatment effect, with the robust standard error in parentheses and the p-value. While the
goal of this figure is to summarize the effects on choices, Panel A begins with posterior
beliefs as a benchmark, and Panels B through F show the effects on the different behavioral
outcomes.

The results underlying Panel A of Figure 7 have been discussed above, but to summarize:
the information treatment reduces average-MSI beliefs by 3.32 satisfaction points on the 0–
100 scale. We report this effect for transparency, but for respondents’ own decisions, the
relevant belief is the posterior self-MSI belief. The information treatment also reduces self-
MSI beliefs by 2.72 satisfaction points. Both effects are highly statistically significant, with
p<0.001.

Panel B of Figure 7 corresponds to the decision involving 20% higher earnings at the
expense of 20% more work hours. When asked what they would choose, subjects in the
treatment arm are less inclined to choose the higher-income option: the mean falls from
2.45 in the control arm to 2.36 in the treatment arm, on the 1–4 scale coded so that 1
indicates definitely choosing the lower-income option and 4 indicates definitely choosing the
higher-income option. This corresponds to an estimated effect of -0.097 (p=0.020). In the
satisfaction-framing version, the decline is very similar, from 2.36 to 2.27, with an estimated
effect of -0.090 (p=0.027). This suggests that the information treatment reduces willingness
to trade away hours for higher income in both framings.
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Panel C of Figure 7 considers the analogous trade-off involving commuting time. Here,
again, the treatment moves responses away from the higher-income option. In the choice-
framing version, the mean falls from 1.92 to 1.85, a statistically significant (p=0.064) effect of
-0.071. In the satisfaction-framing version, the mean falls from 1.88 to 1.81, also a statistically
significant (p=0.056) effect of -0.071. Panel D of Figure 7 shows the trade-off involving sleep.
The point estimates again go in the same negative direction, but they are smaller and less
precisely estimated. In the choice-framing version, the treatment reduces the outcome from
2.81 to 2.75, an effect in the same order of magnitude (-0.066) but borderline statistically
insignificant (p=0.130). In the satisfaction-framing version, the mean falls from 2.65 to 2.61,
an effect that is still negative but smaller (-0.033) and statistically insignificant (p=0.447). To
maximize statistical power, Panel E of Figure 7 averages the three outcomes from Panels B
through D. The treatment reduces the choice-framing index from 2.39 to 2.32, a statistically
significant (p=0.007) effect of -0.078. For the satisfaction-framing index, the mean falls from
2.30 to 2.23, a statistically significant effect of -0.065 (p=0.027).

Panel F of Figure 7 corresponds to the real-world decision. The estimated treatment
effects are still negative and in the same order of magnitude as for the other outcomes
in Panels B–E, but less precisely estimated. For the choice-framing version of the real-
world decision, the mean falls from 2.47 to 2.41, an effect of -0.066 that is not statistically
significant (p=0.171). For the satisfaction-framing version, the mean falls from 2.31 to 2.21, a
statistically significant effect of -0.096 (p=0.047). The signs are consistent with the job-choice
outcomes, though the estimates are noisier.

Taken together, the pattern across Panels B through E of Figure 7 is reassuring. Even
when some outcome-specific estimates are not statistically significant, the effects always point
in the same direction and are in the same order of magnitude. Overall, the evidence suggests
that the treatment shifted respondents away from higher-income options.

A more straightforward way to interpret the findings is to compare the size of the
treatment-induced change in self-MSI with the corresponding change in choices. Table 2
provides this comparison. More precisely, Panel A estimates the relationship between poste-
rior self-MSI (MSIself

i,post) and choice outcome k (Ck
i ) using the following OLS model:

Ck
i = µk

0 + µk
MSI · MSIself

i,post + uk
i (22)

For example, in column (1) of Panel A of Table 2, we estimate a regression of the choice-
framing work-hours trade-off outcome on posterior self-MSI. Variation in self-MSI is both
experimental and non-experimental. By combining the experimental and non-experimental
variation, the OLS estimate maximizes statistical power. However, to the extent that the
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non-experimental variation in self-MSI is correlated with other unobservable determinants of
choice, the OLS coefficient would suffer from omitted-variable bias. We therefore view Panel
A as a stepping stone and turn to the experimental estimates later.

We start by discussing the results from the choice framing. In column (1) of Table 2,
the coefficient implies that a 1-point decrease in self-MSI is associated with a 0.025-point
decrease in willingness to choose higher income over lower work hours, measured on the 1–
4 scale. Relative to the control-group standard deviation, this corresponds to about 0.023
standard deviations. Column (2) shows a similar relationship for the commuting trade-off:
a 1-point decrease in self-MSI is associated with a 0.020-point decrease in willingness to
choose higher income over a shorter commute, or about 0.020 standard deviations. Column
(3) shows the largest outcome-specific estimate: a 1-point decrease in self-MSI is associated
with a 0.034-point decrease in willingness to choose higher income over more sleep, equal to
about 0.030 standard deviations. Consistent with these component outcomes, column (4)
shows that the index of the three job-choice outcomes declines by 0.026 points, or about
0.034 standard deviations, for each 1-point decrease in self-MSI. Finally, column (5) shows a
similar association for the real-world decision outcome: a 0.027-point decline, or about 0.027
standard deviations.

Overall, Panel A of Table 2 suggests that a lower self-MSI is associated with lower will-
ingness to choose the higher-income option. The satisfaction-framing results are very similar
to the choice-framing results, both in magnitude and in statistical significance. The cor-
responding coefficients are 0.026 for work hours, 0.020 for commute, 0.031 for sleep, 0.026
for the index, and 0.032 for the real-world decision outcome. In standard-deviation units,
these correspond to approximately 0.024, 0.020, 0.028, 0.034, and 0.033 standard deviations,
respectively.

Panel B of Table 2 estimates the effect of posterior self-MSI on behavior using a 2SLS
specification, with the treatment indicator (Ti) as the excluded instrument. This specification
isolates the component of posterior self-MSI shifted by the randomized information treatment,
rather than by pre-existing differences across respondents. Because treatment was randomly
assigned, this induced variation in posterior self-MSI is exogenous. The causal interpretation
still requires an exclusion restriction: the information treatment must affect choices only
through changes in posterior beliefs (MSIself

i,post).31

Starting with the choice-framing outcomes, column (1) of Table 2 shows that a 1-point
decrease in posterior self-MSI causes a 0.035-point decrease in willingness to choose higher

31As in standard 2SLS settings, when treatment effects vary across individuals, the estimate captures a
local average treatment effect of beliefs, in the sense of Imbens and Angrist (1994). In this context, that
means the estimated treatment effect is weighted more heavily toward individuals whose beliefs changed the
most in response to the information.
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income over lower work hours on the 1–4 scale. Relative to the control-group standard
deviation, this corresponds to about 0.033 standard deviations. Column (2) shows a similar
effect for commuting: a 1-point decrease in posterior self-MSI causes a 0.026-point decrease
in willingness to choose higher income over a shorter commute, or about 0.025 standard
deviations. Column (3) shows an effect of 0.024 points for sleep, equal to about 0.021 standard
deviations. Column (4), which averages the three job-choice outcomes, implies an effect of
0.028 points, or about 0.037 standard deviations. Finally, column (5) shows a smaller effect
for the real-world decision outcome, with a 0.024-point decline, or about 0.024 standard
deviations.

Under the satisfaction framing, the 2SLS estimates are again positive, implying that
reductions in posterior self-MSI reduce respondents’ expected satisfaction from the higher-
income option. The results under the satisfaction framing are also similar in magnitude
to the choice-framing estimates. The corresponding 2SLS coefficients are 0.033 for work
hours, 0.026 for commute, 0.012 for sleep, 0.024 for the index, and 0.035 for the real-world
decision outcome. In standard-deviation units, these correspond to approximately 0.031,
0.026, 0.011, 0.031, and 0.035 standard deviations, respectively. The significance pattern is
also similar under the satisfaction and choice framings, with the exception of the real-world
decision, which is statistically significant under the satisfaction framing but not under the
choice framing.

The comparison between Panels A and B of Table 2 is useful. The key trade-off is that
Panel B has a cleaner causal interpretation, because it isolates the component of posterior
self-MSI shifted by the randomized information treatment, but it is also less precisely es-
timated because it uses only a small share of the overall variation in self-MSI: the shocks
induced by the experiment. Despite this loss of precision, the estimates in Panels A and
B are remarkably similar in sign and magnitude. This is reassuring. While some specific
coefficients are statistically insignificant, the fact that the estimates line up across outcomes,
framings, and specifications suggests a stable pattern: lower posterior self-MSI shifts respon-
dents away from higher-income options. Appendix D.4 confirms that the job-choice index
estimates hold up across a range of alternative samples and specifications. Regarding the
real-world decisions, however, the results depend more strongly on some of the criteria used
for coding this outcome, for example, excluding observations with ambiguous trade-offs—for
more details, see Appendix D.5.

Next, we evaluate whether the experimental effects persisted at follow-up. The relevant
results are presented in Panel C of Table 2. This panel is analogous to Panel B, but both the
outcome and the endogenous variable are measured at follow-up. Specifically, the dependent
variable is willingness to choose the higher-income option at follow-up, the endogenous vari-
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able is posterior self-MSI measured at follow-up, and the instrument is again the randomized
treatment indicator. Thus, Panel C asks whether the experimentally induced changes in
self-MSI continue to translate into changes in choices at follow-up.

Two features of the follow-up data reduce precision. First, attrition lowers sample sizes.
For the job-choice scenarios, the sample size declines by 20.6 percent, from 2,721 respondents
at baseline to 2,161 at follow-up. For the real-world decision outcome, it falls by 21.4 percent,
from 1,711 respondents at baseline to 1,345 at follow-up. Second, the first stage is weaker
at follow-up. Although the treatment effect on self-MSI remains statistically significant, it is
only partially persistent: the effect falls from 2.72 points at baseline to about 0.99 points at
follow-up, roughly one-third of the baseline effect. Together, the smaller sample and weaker
first stage make the follow-up 2SLS estimates substantially less precise.

With those caveats in mind, the point estimates in Panel C of Table 2 remain broadly
consistent with Panel B. In column (1) of the table, the coefficient is 0.031 in Panel C,
compared with 0.035 in Panel B. These magnitudes are quite similar. However, the standard
error rises sharply: from 0.015 in Panel B to 0.046 in Panel C, roughly three times as large.
This means that, at follow-up, we would not be able to detect effects of the size estimated in
Panel B. Taken together across all outcomes, the follow-up estimates are broadly consistent
with the baseline causal estimates, but too noisy to draw strong conclusions about persistence.
The results are therefore best read as suggestive: they do not contradict the baseline pattern,
but they also do not allow us to estimate the follow-up effects with enough precision.

Lastly, a common concern when estimating 2SLS models is weak-instrument bias (Stock
et al., 2002). Given the strong effect of the treatment on posterior self-MSI, this is unlikely
to be a concern in our application. For a formal assessment, the bottom of Table 2 reports
the Kleibergen-Paap rk Wald F-statistics for each 2SLS specification, a standard measure
of instrument strength.32 Following the guideline of Staiger and Stock (1997), F-statistics
of 10 or higher indicate that weak identification is not a serious concern. Our reported
values are well above this threshold, confirming that weak instruments are not a concern.
Appendix D.3 shows that this first-stage effect of treatment on posterior self-MSI is large
and highly significant across all alternative samples and specifications we consider.

32Although the conventional rule of thumb is based on the Cragg-Donald statistic, which assumes ho-
moskedastic errors, Baum et al. (2007) recommend using the Kleibergen-Paap statistic as its robust counter-
part.
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6 Conclusions

We conducted a pre-registered information-provision experiment to study whether individuals
misperceive MSI and whether these misperceptions affect choices. We present a simple model
of misspecified learning that makes a number of predictions. Guided by that model, the
experiment elicits self-MSI and average-MSI beliefs and provides randomly assigned scientific
evidence about average-MSI. The results are consistent with the predictions of the model.
Respondents hold upward-biased average-MSI and self-MSI beliefs, with larger bias in self-
MSI beliefs. When presented with scientific evidence showing that the effect of income on life
satisfaction is more modest than they expected, respondents revise their beliefs downward.
These belief changes are not merely transitory: a meaningful share persists one month later.
Most importantly, the belief changes translate into choices. Treated respondents become less
willing to choose the higher-income option when doing so requires giving up other dimensions
of well-being such as hours worked, commute time, or sleep.

Taken together, the results suggest that misperceptions about the income–satisfaction
relationship can be consequential for economic decision-making. Individuals appear to place
too much weight on income partly because they overestimate how much additional income will
improve their life satisfaction. Correcting this belief shifts choices away from higher-income
options, which suggests that beliefs about subjective well-being are not only measurable and
malleable, but also behaviorally relevant.
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Figure 1: Treatment Screens

Panel A: First Treatment Screen Panel B: Second Treatment Screen
What Science Says on the Causal Effects of 

Income on Life Satisfaction 

In the previous page, we showed you a simple correlation 
using real survey data. However, more rigorous analyses that 
approximate scientific experimental studies find surprisingly 
similar numbers. 

A landmark study by Economics 
Professors Lindqvist, Ostling, and Cesarini 
study the effects of lottery winnings on 
life satisfaction. Their research studY- was 
peer-reviewed and published at The 

Review of Economic Studies, which is 
widely regarded as one of the best 
journals in the economics profession. It 
has also been featured in international 
media outlets such as The New York 
Times. Exploiting the random allocation of 
lottery prizes, they track winners for up to 
22 years. They find that large windfalls 
lead to persistent increases in overall life 
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satisfaction 5-22 years after the event, with no evidence of 
the effects vanishing over time. By converting the lottery prizes 
effects into an equivalent annual income increase lasting 20 
years, a 20% raise in yearly income causes life satisfaction to 
increase by almost l point (on the 0-100 scale), which is 
similar to our estimates from the previous page. 

Panel C: Third Treatment Screen

Notes: The information treatment consisted of three consecutive screens, with one screen shown in each panel. For full-page screenshots of each
screen, see Appendix H.
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Figure 2: Examples of Choice Elicitation Modules

Panel A: Job-Choice Module

Panel B: Real-World Decision Module

Notes: This figure shows examples of the two choice elicitation modules from a real survey
participant in our main sample. Panel A shows the hours worked job-choice scenario. Panel B
shows the real-world decision that was generated from information provided by the respondent,
which in this case also involves extra hours worked.
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Figure 3: What Real-World Decisions Weigh Against Income
Panel A: Income Dimension

4.7

2.9

4.0

4.1

4.6

8.1

8.2

8.4

8.6

19.4

27.1

0 10 20 30
Share (%)

Other

Promotion

Work from home

Take time off

Retirement

Start working

Return to work

Freelance/gig

Relocate

Work more

Higher-paying job

Panel B: Non-Income Dimension

8.8

2.3

2.5

3.0

3.0

3.4

3.6

3.7

3.8

8.1

9.6

17.5

30.6

0 10 20 30
Share (%)

Other

Pets

Education

Job security

Travel

Remote work

Work-life balance

Mental health

Commute

Proximity to family & friends

Flexible schedule

Free time, rest and hobbies

Family time

Panel C: Most Common Combinations
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Notes: Distribution of the real-world decisions in the baseline analysis sample by the income consideration at stake (Panel A) and the
non-income consideration weighed against income (Panel B). For each decision we ask a language model (gpt-5-mini) to describe each
side in the respondent’s own words; the descriptions are then clustered with an unsupervised topic model (BERTopic), and closely related
topics are grouped into the categories shown. Appendix E.1 gives the full procedure and the complete, unaggregated topics (Tables E.1–
E.2). Panel C shows the ten most common combinations of an income and a non-income category, which together account for about
52% of the decisions with an identified theme on both sides. Categories under 2% are grouped into “Other” in Panels A–B. Bars are the
percentage of decisions (Panel A: 1,710; Panel B: 1,708; Panel C: 1,498 with a theme on both sides).
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Figure 4: Prior Beliefs and Measurement
Panel A: Distribution of Prior Beliefs
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Panel F: Test-Retest, Self-MSI (Baseline
vs. Follow-Up)
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Notes: Panel A reports the distribution of prior average-MSI and self-MSI beliefs. Panel B compares
prior self-MSI beliefs to prior average-MSI beliefs. Panels C–F report test-retest checks for the belief
measures, based exclusively on control-arm respondents who also completed the follow-up survey.
Panels C and D correspond to average-MSI beliefs and Panels E and F to self-MSI beliefs. Panels C
and E compare the two baseline elicitations (within-baseline test-retest); Panels D and F compare
the baseline elicitation to the same belief measured in the follow-up survey about one month later.
Each legend reports the correlation coefficient, its p-value, and the number of observations.
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Figure 5: Prior Self-MSI Beliefs and Choices in the Control Arm
Panel A: Income-versus-Hours-Worked

1.80

2.00

2.20

2.40

2.60

2.80

Jo
b 

C
ho

ic
e,

 H
ou

rs
 (1

--4
 sc

al
e)

0 3 6 9 12 15
Prior self-MSI

Choice vs prior self-MSI (Slope=0.027, SE=0.007, N=1386)

Panel B: Income-versus-Commute
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Panel C: Income-versus-Sleep
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Panel D: Real-World Decision
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Notes: This figure reports binned scatterplots for subjects in the control arm. Panels A–C relate
prior self-MSI beliefs to the three job-choice outcomes. Panel D relates prior self-MSI beliefs to the
real-world decision outcome. Higher values of the choice outcomes indicate greater willingness to
choose the higher-income option. The choice outcomes are on the raw 1–4 scale.
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Figure 6: Posterior Beliefs by Treatment Status
Panel A: Posterior Average-MSI Beliefs
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Notes: Panels A and B report the distribution of posterior average-MSI and self-MSI beliefs, elicited
immediately after treatment, by treatment status. Panel A shows average-MSI beliefs, and Panel B
shows self-MSI beliefs. Panels C and D report the corresponding posterior beliefs at the one-month
follow-up. The dashed vertical line marks the treatment signal (MSI = 1). Within each panel we
report the control-group mean (µC), the treated-group mean (µT ), and the average treatment effect
(ATE = µT − µC), with robust standard errors in parentheses and the associated p-value.
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Figure 7: Average Treatment Effects of the Information
Panel A: Posterior Beliefs
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Notes: Bars are group means with 90% confidence intervals; each annotation gives the average treatment
effect, robust standard error in parentheses, and p-value. In Panel A, the outcomes are the posterior
beliefs about average-MSI and self-MSI, in life-satisfaction points (0–100 scale). Panels B–E are the job-
choice income trade-offs against work hours, commute, sleep, and their index; Panel F is the real-world
decision. These behavioral outcomes are codes on a 1–4 scale so that a higher value corresponds to a
preference for the higher-income option.
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Table 1: Randomization Balance and Sample Means
Sample means

All Control Treated p-value
(1) (2) (3) (4)

Panel A: Pre-treatment Characteristics
Age 18-34 0.430 0.434 0.426 0.683

(0.009) (0.013) (0.013)
Age 35-54 0.408 0.401 0.415 0.458

(0.009) (0.013) (0.013)
Age 55+ 0.162 0.165 0.159 0.659

(0.007) (0.010) (0.010)
Female (0/1) 0.488 0.482 0.495 0.497

(0.009) (0.013) (0.014)
White (0/1) 0.644 0.655 0.633 0.217

(0.009) (0.013) (0.013)
Edu. HS or some college 0.309 0.302 0.315 0.471

(0.009) (0.012) (0.013)
Edu. Assoc./BSc degree 0.504 0.505 0.504 0.960

(0.010) (0.013) (0.014)
Edu. Postgraduate 0.187 0.193 0.181 0.429

(0.007) (0.011) (0.010)
HH income (1, 000s) 91.010 91.232 90.779 0.840

(1.126) (1.627) (1.553)
Democrat (0/1) 0.441 0.438 0.444 0.745

(0.009) (0.013) (0.013)
Republican (0/1) 0.235 0.235 0.236 0.964

(0.008) (0.011) (0.012)
Baseline life sat (0-100) 62.126 61.875 62.387 0.569

(0.449) (0.637) (0.632)
Employed (0/1) 0.758 0.747 0.770 0.147

(0.008) (0.012) (0.011)
Prior average-MSI 5.205 5.178 5.233 0.629

(0.057) (0.080) (0.081)
Prior self-MSI 6.803 6.808 6.798 0.950

(0.081) (0.114) (0.115)
No. of surveys, past 30 days 137.183 131.713 142.858 0.098

(3.369) (4.651) (4.880)
Panel B: Attrition
Responded to Follow-up 0.794 0.795 0.791 0.795

(0.008) (0.011) (0.011)
Observations 2,775 1,413 1,362

Notes: Main analytic sample: excludes respondents who failed the video-code check and respondents with
extreme prior average-MSI. Column (1) is the pooled-sample mean; columns (2) and (3) are the control
and treated means; column (4) is the two-sided p-value for the treated-minus-control difference (OLS with
robust standard errors). Standard errors are reported in parentheses below each mean. The bottom row
reports observation counts in each subsample. A joint test of treatment status on all balance covariates
yields F = 0.62 (p=0.847).
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Table 2: The Effect of Self-MSI on Choices: OLS and 2SLS Estimates

Trade-off Income vs. Hours of...
Work Commute Sleep Index Real Dec.
(1) (2) (3) (4) (5)

Panel A: OLS
Choice-Framing 0.025∗∗∗ 0.020∗∗∗ 0.034∗∗∗ 0.026∗∗∗ 0.027∗∗∗

(0.005) (0.005) (0.005) (0.003) (0.006)
Satisfaction-Framing 0.026∗∗∗ 0.020∗∗∗ 0.031∗∗∗ 0.026∗∗∗ 0.032∗∗∗

(0.005) (0.004) (0.005) (0.004) (0.006)

Panel B: 2SLS
Choice-Framing 0.035∗∗ 0.026∗ 0.024 0.028∗∗∗ 0.024

(0.015) (0.014) (0.016) (0.010) (0.017)
Satisfaction-Framing 0.033∗∗ 0.026∗ 0.012 0.024∗∗ 0.035∗∗

(0.015) (0.014) (0.016) (0.011) (0.017)

Panel C: 2SLS at Follow-Up
Choice-Framing 0.031 0.003 0.040 0.025 -0.013

(0.046) (0.042) (0.046) (0.031) (0.073)

Observations
Baseline 2,721 2,721 2,721 2,721 1,711
Follow-Up 2,161 2,161 2,161 2,161 1,345

Dep. Var. Mean (Control Group)
Choice-Framing 2.454 1.918 2.812 2.395 2.472
Satisfaction-Framing 2.360 1.878 2.648 2.295 2.310

Dep. Var. SD (Control Group)
Choice-Framing 1.087 1.015 1.124 0.758 0.996
Satisfaction-Framing 1.068 0.987 1.127 0.763 0.990

Kleibergen-Paap rk Wald F statistic
Baseline, Choice-Framing 307.0 307.0 307.0 307.0 198.1
Baseline, Satisfaction-Framing 307.0 307.0 307.0 307.0 198.1
Follow-up, Choice-Framing 34.8 34.8 34.8 34.8 22.8

Notes: Each column is an outcome on a 1–4 scale, coded so that 1 indicates definitely choosing
the lower-income option and 4 indicates definitely choosing the higher-income option: the job-
choice income trade-off against work hours (1), commute (2), sleep (3), their index (4), and the
real-world decision (5). Entries are coefficients on posterior self-MSI, with robust standard errors in
parentheses. Panel A is OLS; Panel B is 2SLS instrumenting posterior self-MSI with the randomized
treatment; Panel C repeats the 2SLS at the one-month follow-up, with both the outcome and self-
MSI measured at follow-up. Each panel reports rows for the choice and satisfaction framings
(Panel C, choice framing only). Bottom rows give the sample size, the control-group dependent-
variable mean and standard deviation, and the Kleibergen–Paap rk Wald F -statistic for instrument
strength. Sample: main analytic sample. *p<0.10, **p<0.05, ***p<0.01.
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