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1 Introduction

Belief formation plays a central role in decision-making, and individuals often rely on
performance signals to guide their choices. Students use test results to select academic paths,
workers interpret supervisor feedback when deciding whether to seek promotions or change
jobs, and managers assess progress reports to reallocate resources or revise timelines. The
ability to interpret performance signals accurately is therefore critical, yet individuals often
struggle to update their beliefs appropriately in response to new information. A large literature
in economics and psychology examines whether individuals update beliefs in a Bayesian
manner (Benjamin, 2019), with growing evidence of systematic deviations due to behavioral
biases such as overconfidence and motivated reasoning (Ertac, 2011; Eil and Rao, 2011; Buser
et al., 2018; Coutts, 2019; Drobner, 2022; Möbius et al., 2022), or to the computational complexity
of Bayesian updating (Grether, 1980; Amelio, 2022; Guan, 2023; Gonçalves et al., 2026).

A distinct and comparatively underexplored source of updating error arises when indi-
viduals hold incorrect beliefs about the structure of the environment, a mechanism referred
to as misspecification in the theoretical literature (Berk, 1966; Heidhues et al., 2018; Frick et al.,
2020, 2023; Fudenberg et al., 2021; Bohren and Hauser, 2025). In such cases, agents may apply
Bayes’ Rule correctly but do so using an incorrect model of signal generation. Distinguishing
between biased updating and misspecification is not only conceptually important but also
practically consequential: whereas behavioral biases are often resistant to change, structural
misperceptions, such as overestimating the noisiness of performance signals, can plausibly be
corrected through information interventions.

This paper provides field-experimental evidence that misspecified beliefs about the nois-
iness of performance signals constitute a first-order barrier to effective belief updating. We
study belief formation in the context of a large first-year calculus course (1,500 students) at
the University of Toronto, and show via a randomized controlled trial that correcting mis-
perceptions about test score noise significantly improves students’ ability to form accurate
expectations about their future performance.

To conduct our analysis, we collect rich survey data from students over the academic year
and link it to administrative records of their performance on all major course assessments.
Our panel consists of five surveys, administered shortly before each test, which elicit students’
point and probabilistic grade predictions, and their beliefs about the role of randomness in
shaping outcomes and prediction errors.1 Participation is incentivized through small grade

1Collecting beliefs regarding grades is not sufficient to distinguish between misspecification and other updat-
ing failures, see Bohren and Hauser (2025).
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rewards, and truthful reporting is encouraged by offering students the chance to win monetary
prizes based on the accuracy of their predictions, resulting in high response rates (82 to 88%
of test-takers complete each survey) and a high-quality panel dataset.

Four central patterns emerge. First, students display substantial overconfidence: across
all five tests, only 29% of grade predictions fall below realized outcomes. Second, they
markedly overestimate the role of randomness in determining test scores, perceiving the
standard deviation of test score noise to be at least three times greater than its actual value.
Third, beliefs about the randomness of test outcomes remain strikingly stable and persistent
over time, despite repeated exposure to informative feedback. In fact, test scores are highly
predictive of future performance, with an average pairwise correlation of approximately 0.75
across all five assessments. Fourth, students who place greater weight on luck tend to exhibit
larger prediction errors, suggesting that misperceptions about testing noise are associated
with lower forecast accuracy.

To identify the causal effects of misspecification on belief updating, we embedded a ran-
domized controlled trial in the final survey administered before the final exam. The treat-
ment provided impersonal statistical information, drawn from administrative data from the
previous academic year, showing that term test grades are strong predictors of final exam
performance and that luck plays only a limited role in grade variation. The information was
framed in general terms, without revealing students’ own scores or peer outcomes, so that
any observed changes in beliefs reflect changes in students’ understanding of the underlying
signal structure rather than responses to personalized feedback.

To address concerns that students might share the treatment information with their peers,
our experimental design introduced a short delay in treatment exposure for students who
first accessed the final survey within the first three hours after its release. We define these
students as the Early group, and those who first accessed the survey later as the Late group.
Within the Early group, students assigned to treatment were instructed to return after the
three-hour window, whereas Early control students completed the survey immediately. This
design ensures that Early control students could not have been exposed to treated peers
before reporting their beliefs. Because the timing of first access to the survey is endogenous,
comparisons based on the Early control group may be biased by selection into early survey
participation. We therefore record each student’s initial access time and compare Early control
students to Early treated students, so that the estimated treatment effect is not confounded by
differences between students who accessed the survey early and those who accessed it later.
Balance checks confirm that random assignment produced comparable treatment and control
groups on observable demographic and academic characteristics.
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Our design also elicits beliefs from treated students both before and after the intervention
within a single survey, allowing us to implement two complementary identification strategies.
The first is a between-group design that compares treated and control students. The second is
a within-student design that compares beliefs and predictions immediately before and after
treatment. The staggered implementation also permits a test for peer spillovers by comparing
pre-treatment beliefs between Early treated and Early control students. We find no evidence
of such spillovers. Additional threats to validity would arise if the treatment affected final
exam performance, so that changes in prediction accuracy reflected behavioral responses
rather than belief updating, if students updated on other aspects of the environment rather
than on the informativeness of prior grades, or if differential attrition within the Early sample
introduced selection bias. We find no evidence that these threats compromise the validity of
the experimental design.

The information treatment significantly reduced students’ perceived role of luck in aca-
demic outcomes. On average, the intervention reduced luck-related beliefs by roughly 20 to
25% relative to the control baseline. All effects are statistically significant at the 1% level. Cru-
cially, these belief updates also translated into significant improvements in forecast accuracy.
Depending on the identification strategy, absolute prediction errors declined by 0.92 to 2.07
percentage points, corresponding to a 6 to 12% reduction relative to the control baseline.

The within-student design also allows us to describe whether improvements in forecast
accuracy are concentrated among students whose reported beliefs about testing noise declined
after the treatment. We classify students into three response groups: Aligned Updaters who
reported lower perceived testing noise after the intervention, Null Updaters who reported no
change, and Misaligned Updaters who reported higher perceived testing noise. This classifi-
cation is descriptive because response groups are defined using post-treatment changes in
elicited beliefs. The results show that reductions in absolute prediction errors are concen-
trated among Aligned Updaters, while Null and Misaligned Updaters show no statistically
significant improvements. This descriptive pattern is consistent with the interpretation that
the intervention improved forecast accuracy by reducing perceived testing noise.

To interpret the magnitude of treatment effects on prediction accuracy, we compare stu-
dents’ absolute prediction errors to two benchmarks. The first is a Bayesian benchmark,
constructed individually for each student using their prior beliefs and a nonparametrically
estimated likelihood of observing signals. The second is a conservative benchmark intended
to overstate the accuracy attainable by a rational agent. It leverages the full panel dataset
and incorporates extensive information, including individual and test fixed effects, lagged test
scores, and prior beliefs, yielding highly accurate forecasts with an in-sample R2 of 0.85.
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We estimate the proportion of the gap in prediction accuracy between the control group
and each benchmark that is eliminated by the treatment. Relative to the Bayesian benchmark,
the treatment closes 39% of the gap in between-group comparisons, 23% in within-student
comparisons, and 30% among students classified as Aligned Updaters. Even when evaluated
against the conservative benchmark the treatment closes 11 to 20% of the gap. These results
demonstrate that misspecified beliefs are quantitatively meaningful contributors to prediction
errors. By shifting students’ beliefs about the role of randomness, the information intervention
improved forecast accuracy, eliminating up to one-third of the gap to a rational benchmark.

This paper contributes to several strands of literature. First, it contributes to a growing
body of work documenting systematic deviations from Bayesian updating (Benjamin, 2019; Eil
and Rao, 2011; Ertac, 2011; Buser et al., 2018; Coutts, 2019; Drobner, 2022; Möbius et al., 2022;
Grether, 1980; Amelio, 2022; Guan, 2023; Gonçalves et al., 2026) by showing that misspecifica-
tion can be a first-order barrier to accurate updating. Theoretical interest in misspecification
dates back to Berk (1966), and recent work has explored the implications of misspecification to
settings involving social learning (Heidhues et al., 2018; Frick et al., 2020, 2023) and individual
belief updating failures (Fudenberg et al., 2021; Bohren and Hauser, 2025). Prior field evidence
(Hanna et al., 2014; Bohren et al., 2019) has shown that learning failures can arise when agents
attend to the wrong features of their environment or when behavior reveals misspecification.
We provide direct evidence and measures of the misspecification by eliciting beliefs about
the noisiness of performance signals and comparing them to the empirical noise. Finally, we
also provide causal evidence through our RCT and importantly show that this failure can be
corrected.2

Second, this paper contributes to the literature on belief formation in academic settings.
Building on Stinebrickner and Stinebrickner’s pioneering work linking administrative records
to longitudinal measures of students’ expectations (Stinebrickner and Stinebrickner, 2003,
2004, 2006), research has shown that beliefs about ability and expected performance strongly
influence educational choices, affecting outcomes such as college dropout and major selection
(Stinebrickner and Stinebrickner, 2012, 2014a; Zafar, 2011; Arcidiacono et al., 2012; Stinebrick-
ner and Stinebrickner, 2014b; Wiswall and Zafar, 2015; Jensen, 2010; Oreopoulos and Dunn,
2013; Oreopoulos and Petronĳevic, 2019, 2023). Prior work finds that students are often over-
confident about their academic ability, and Stinebrickner and Stinebrickner (2012) documents
an association between perceptions of luck and how students revise expectations. This paper
provides causal evidence from a field experiment that correcting misperceptions about the

2A related laboratory literature studies self-serving attribution, skill–chance confusion, and misspecified
learning (Miller and Ross, 1975; Coutts et al., 2024; Götte and Kozakiewicz, 2024; Drobner and Orhun, 2025). Our
contribution complements this work by studying a naturally occurring, high-stakes field setting in which agents
receive repeated performance signals.
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randomness of test scores substantially improves expectations. The results indicate that mis-
specified beliefs are a distinct, policy-relevant channel influencing expectations, with potential
for scalable interventions to improve belief accuracy.

Third, this paper contributes to the literature combining field experiments with belief
elicitation (Haaland et al., 2023; Stantcheva, 2023; D’Acunto and Weber, 2024) by introducing
a design that addresses spillover risks when treatment content is easily shared. Building
on Wiswall and Zafar (2015), it integrates a within-subject panel with a staggered rollout
of a randomized intervention, ensuring a subset of the control group remains unexposed to
treated peers and enabling a direct test of spillovers. The within-subject structure also allows
us to show that gains in prediction accuracy are concentrated among students who lower their
perceived test score noise, providing descriptive evidence consistent with the intervention’s
mechanism.

These results have practical importance, revealing that in complex environments, misspec-
ification can be a first-order barrier to learning. Correcting such misperceptions does not
require personalized coaching or targeted feedback. Providing impersonal information about
the structure of the environment can meaningfully shift beliefs and improve expectations
when they are misaligned with the true signal-generating process, underscoring the potential
for scalable interventions in settings where misspecification is likely to be widespread.

The remainder of the paper is structured as follows. Section 2 presents the conceptual
framework. Section 3 describes the empirical setting and data. Section 4 documents belief
formation and updating patterns in the panel. Section 5 presents the experimental design
and treatment effects. Section 6 compares students’ perceived testing noise with the estimated
actual noise. Section 7 benchmarks the magnitude of treatment effects. Section 8 concludes.

2 Conceptual Framework

This section develops a conceptual framework to illustrate how belief updating can fail
when students hold incorrect views about the grade-generating process. We consider a stylized
setting in which students use past grades to form expectations about future performance but
may misperceive the degree of randomness in test outcomes. We distinguish between two
sources of deviation from the benchmark of correctly specified Bayesian updating: (1) biased
updating, arising from the use of a non-Bayesian updating rule, and (2) misspecification, in
which students apply Bayesian updating to a misperceived data-generating process.
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2.1 A Stylized Model of Grade Formation and Belief Updating

We begin with a simple example to illustrate how misspecified beliefs about the degree of
randomness in test outcomes can lead students to underweight new information and make
larger prediction errors about their future performance. Let gt denote a student’s grade on
a test taken in period t ∈ {1, 2, 3, 4, 5}. Assume a student’s grades are determined by an
underlying ability θ and a noise component ϵt:

gt = θ + ϵt, ϵt ∼ N (0, σ2
ϵ ).

A student does not observe θ, but begins with a prior belief θ ∼ N (µθ, σ2
θ ). Upon observing

their grade on a first test g1, a Bayesian student forms a posterior belief about θ and predicts
g2 as:

gB
2 =

µθ

σ2
θ

+ g1
σ2

ϵ

1
σ2

θ

+ 1
σ2

ϵ

.

However, students may hold misspecified beliefs about the variance of the noise compo-
nent. Suppose a student believes that ϵt ∼ N (0, σ̃2

ϵ ) with σ̃2
ϵ > σ2

ϵ . Their prediction becomes:

gM
2 =

µθ

σ2
θ

+ g1
σ̃2

ϵ

1
σ2

θ

+ 1
σ̃2

ϵ

.

In this case, the student places too little weight on g1 and relies too heavily on their prior belief
µθ, resulting in an under-reaction to new information relative to the Bayesian benchmark
and, on average, to a lower accuracy when predicting future performance. For overconfident
students, this under-reaction implies that mistaken beliefs about ability can persist even in the
presence of repeated performance signals.

In addition to this form of misspecification, students may also update in a non-Bayesian
way due to cognitive biases or inattention. Therefore, their actual grade prediction, ĝ2, may
differ from both gB

2 and gM
2 .

2.2 Eliciting Beliefs About Testing Noise

We measure students’ beliefs about the noisiness of test scores, σ̃2
ϵ , using two complemen-

tary elicitation strategies. Because σ̃ϵ is not a quantity that can be easily reported, we rely on
interpretable parameters that map onto this latent parameter under standard assumptions.

First, we elicit the perceived effect of good luck on grades. Students are asked to quantify
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how much a fortunate outcome could improve their grade. Formally, this corresponds to
E[ϵ | ϵ ≥ 0]. Under the assumption of normality, there is a one-to-one correspondence
between E[ϵ | ϵ ≥ 0] and σ̃ϵ, allowing us to directly infer the implied level of perceived noise:

σ̃ϵ =

√
π

2
· E[ϵ | ϵ ≥ 0]

Second, we ask students to report the proportion of their prediction error they believe is due
to random luck, as opposed to uncertainty about their own ability. Let rt denote this reported
proportion, which we refer to as the perceived role of luck in generating prediction errors.
Given an estimate of the variance of the student’s subjective distribution over their expected
grade, we can isolate the student’s perceived testing noise without relying on distributional
assumptions:3

σ̃2
ϵ = rt · E[(gt − ĝt)

2]

2.3 Quantifying the Role of Misspecification

To assess the contribution of misspecification to prediction errors, consider the average
absolute prediction error that would arise under three scenarios: if students formed expecta-
tions as Bayesian agents, as misspecified Bayesian agents, or according to their actual observed
forecasts. Let:

ΓB
t =

1
N ∑

i
|git − gB

it| (Bayesian error),

ΓM
t =

1
N ∑

i
|git − gM

it | (misspecified error),

Γt =
1
N ∑

i
|git − ĝit| (observed prediction error).

We define the contribution of misspecification as:

Λt =
ΓM

t − ΓB
t

Γt − ΓB
t

,

which captures the share of excess errors beyond the Bayesian benchmark that can be attributed
to misspecified beliefs. The denominator, Γt − ΓB

t , measures the total failure to update opti-
mally, while the numerator, ΓM

t − ΓB
t , isolates the portion of this failure that arises specifically

from misspecification. It is reasonable to expect that ΓB
t ≤ ΓM

t ≤ Γt, implying Λt ∈ [0, 1].

3As shown in Section 6, both methods yield closely aligned estimates of perceived testing noise, with average
values of σ̃ϵ = 11.32 and σ̃ϵ = 12.55, respectively.
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2.4 Interpreting Experimental Evidence on the Role of Misspecification

To provide causal evidence that misspecification contributes to prediction errors, we con-
duct a randomized controlled trial. Treated students receive information clarifying that test
score noise, σϵ, is low. The intervention serves only to correct beliefs about σ̃ϵ implying that
any improvement in forecast accuracy can be attributed to reduced misspecification.

To quantify the impact of the treatment, let Γcontrol
5 and Γtreat

5 denote the average absolute
prediction errors in the control and treatment groups for the final exam taken in period 5.
Let ΓB

5 denote the benchmark error under correct Bayesian updating. We define the share of
excess prediction error that has been reduced by the treatment as:

ΛATE =
Γcontrol

5 − Γtreat
5

Γcontrol
5 − ΓB

5
.

This measure captures the proportion of prediction error relative to the Bayesian bench-
mark that is reduced through the information treatment. A value of ΛATE = 1 implies that
the treatment fully eliminates the gap between observed prediction errors and the Bayesian
benchmark, suggesting that misspecification is the sole source of error. A value of ΛATE = 0
implies that the treatment has no effect, either because students disregard the information
or because misspecification does not contribute to prediction errors. We expect ΛATE > 0,
reflecting a reduction in absolute prediction errors.

3 Empirical Setting and Data

This section describes the empirical setting and the data sources used in our analysis.
We begin by outlining the institutional context of a large first-year calculus course at the
University of Toronto, which provides a unique environment for studying belief formation
due to its grading policies and challenging assessments. We then detail the administrative
records and rich panel survey data that allow us to link students’ beliefs to their realized
academic outcomes over time. Finally, we summarize key variables and present descriptive
statistics to characterize the sample.

3.1 Context

We study a large first-year calculus course at the University of Toronto. This required
course for most STEM majors ran from September 2022 to April 2023 and had 1,508 students
participate in the first test with 1,155 students participating in the final exam. The final grade
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is based primarily on four midterms and a final exam, which together account for 70% of the
course grade. The remaining 30% come from smaller components, including problem sets
and an evaluation of student participation and attendance. Students need to achieve a grade
above 50% to pass the class, and many require higher grades to qualify for specific majors.4

An important institutional feature of this course is the absence of curving and public grade
statistics. Instructors do not release the average, median, or any other distributional informa-
tion on the grades of students. Furthermore, students are explicitly informed by instructors
that all grades received during the course are final and will not be adjusted or curved. As
a result, success in the course depends entirely on a student’s individual performance on
the assessments, and students are likely to form beliefs about their grades with little or no
influence from peer outcomes or relative standing.

Our setting is particularly well-suited to studying belief updating and misspecification
for several reasons. First, identifying misspecification requires a large sample and multiple
test signals in order to estimate the objective noise distribution and compare it to students’
subjective beliefs about noise. Because the University of Toronto is a very large university, our
setting yields an unusually large sample; moreover, whereas most empirical studies rely on a
single signal, we observe belief evolution over four distinct signals. Second, the grading policy
allows us to rule out most alternative information channels and limits subjective heterogeneity;
it also enables our RCT to shift beliefs about test noise independently of beliefs about one’s
own ability.

These features are especially useful for detecting failures of belief updating arising from
misspecification. However, they limit what we can say about the prevalence of misspecification
or the external validity of our results. On the one hand, our context involves relatively
informative signals with low ambiguity and a mathematically inclined student population, so
misspecification may be less common than in domains such as political beliefs. On the other
hand, because our students are highly motivated to hold accurate beliefs and are comfortable
with formal reasoning, the effectiveness of our RCT may be stronger than what one would
observe in other environments.

3.2 Administrative Data

We obtained access to course-level administrative data on students’ grades on all four
midterms and the final exam. These grades were recorded independently by the course
instructors and are used to calculate each student’s final course grade. We link this adminis-
trative data to our survey responses at the student level. This linkage allows us to compare

4For example, the data science specialist program requires a grade higher than 70% in this class.
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students’ reported expectations with their realized outcomes across tests. It also enables us to
construct measures of prediction error and assess how beliefs respond to test scores.

3.3 Survey Data and Administration

We administered a survey before each test to elicit students’ beliefs about their expected
performance in the upcoming test and to collect additional variables. In total, five surveys
were conducted yielding a rich panel dataset tracking belief formation throughout the year.
Each survey took place in a one-week window before the corresponding test, after students
had received their previous test grade.

S1 S2 S3 S4 S5 - RCT

Test 1 Test 2 Test 3 Test 4 Final

To encourage participation, students received a small grade incentive of 0.4% per com-
pleted survey, up to a maximum of 2% for completing all five surveys. In addition, we
incentivized truthful grade predictions. For each test, the eight most accurate predictions
received a $20 reward, and eight additional students were also randomly selected to receive
a $20 prize. Students were informed that reporting their best guess would maximize their
expected earnings.5

The first survey gathered demographic information, including age, gender, international
status, year and faculty of study, current or intended program, high school GPA, first-
generation college status, and whether the course was required for the student’s program.
Each of the five surveys included a common set of repeated questions eliciting beliefs about
expected grades and perceived testing noise. These repeated measures form a rich longitudi-
nal dataset that tracks how students update their beliefs. To help students revise their beliefs
more precisely, we reminded them of their previous responses to recurring survey questions.

The final survey, administered before the final exam, incorporated a randomized controlled
trial designed to exogenously shift students’ beliefs about testing noise. Details of the RCT are
provided in Section 5.

5Students were rewarded for accurate predictions via the binarized scoring rule. Following Danz et al. (2022),
we did not attempt to explain the formal scoring rule to participants; instead, we informed students that reporting
their best guess maximized expected earnings.
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3.4 Key Variables

Grades and Expected Grades. In this paper, we focus on a subset of variables collected
on students’ beliefs.6 We observe each student i’s grades across the five tests, denoted by git

for t ∈ {1, 2, . . . , 5}. For each test, students reported a prediction of their upcoming grade
ĝit, and we define the absolute prediction error as Γit = |git − ĝit|. In addition to point
predictions, we elicit students’ subjective probability distributions over their potential grades.
In particular, students provide the probability that their grade git will be greater than or
equal to specific thresholds X ∈ {50, 60, 70, 85}.7 We use these probabilities to construct the
cumulative probabilities Git(X) = Pr(git ≤ X). Because the average class grade is not publicly
disclosed, we also elicit students’ beliefs about the class average, denoted by ˆ̄git.

Beliefs About Testing Noise. As discussed in Section 2.2, we also elicit students’ beliefs
about testing noise by asking them about the role of luck in influencing grades and prediction
errors. We emphasize to students that luck can exogenously affect grades and provide exam-
ples such as getting good or bad sleep, encountering a harsh or lenient grader, or studying the
right or wrong material. Students are asked how much higher they expect their grade to be if
positively affected by luck, which we denote by eit and define as the perceived effect of good luck.
In addition, we ask them to report the proportion of their prediction errors that they attribute
to luck rather than to uncertainty about their own ability, which we denote by rit and define
as the perceived role of luck.

Additional Variables. Besides the above variables, we also collect information on study
effort, beliefs about gender performance, teacher reviews, etc. These variables will be used in
a follow-up paper.

3.5 Descriptive Statistics

Demographics. A total of 1,488 students completed at least one survey. As shown in
Table 1, among these students, 59% are male, 88% are in their first year of university, 51% are
international students, and 92% report that the course is required for their intended program
of study. The average high school GPA is 93%, indicating that students have a strong record
of academic achievement in high school. Students have an average grade goal of 81%, which
corresponds to an A- grade.

Survey Participation. The participation rate in the surveys was high. Table 2 reports the
participation rates for each survey among students who completed the corresponding test.

6For a complete list of collected variables, see Appendix Section A.6 for the full survey.
7We chose 85 instead of 90 because the University of Toronto assigns the maximum GPA value (4.00) to all

grades above 85.
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The average participation rate across all five surveys is 85%. Among students who participated
in the final exam, the average number of surveys completed is 4.3, and 83% completed at least
four surveys. The panel dataset comprises 5,501 observations in which students completed
the survey corresponding to a test they also took.

Student Achievement. This class is known to be challenging. Among students who
participated in at least one test, only 64% obtained a passing final grade,8 while 19% chose
to drop the course, and 17% received a failing grade. The difficulty of the class and the
substantial variation in outcomes make this class an ideal setting for studying how students
update their beliefs about their academic ability.

Test Grades. As reported in Table 3, average test scores remain fairly stable over time,
except for the first test, which recorded a higher mean score than subsequent assessments.9

Correlations between tests are high, indicating that earlier performance provides significant
information about later outcomes. Specifically, the correlations between consecutive tests,
corr(git−1, git), are (0.78, 0.79, 0.73, 0.81). The average pairwise correlation among all five
tests is approximately 0.75, reflecting a strong consistency in student performance over time.
Appendix Table A.1 provides detailed pairwise correlations between all tests.

4 Reduced-Form Analysis

This section leverages our rich panel data to examine how students adjust their beliefs about
academic performance and the role of luck in test outcomes. We first describe students’ grade
expectations and tendencies toward overconfidence, and explore how beliefs about testing
noise relate to prediction errors. We then analyze how students update their expectations in
response to new performance signals and whether their perceptions of testing noise shift after
experiencing unexpected test results.

4.1 Grade Predictions and Beliefs About Testing Noise

Student Grade Predictions. Students’ expectations about their grades reveal signs of
overconfidence. As shown in Table 4, students tend to overestimate their grades. Across
the five tests, 69% of predictions exceeded the actual grade, while only 29% were lower. On
average, absolute prediction errors are 9.4 percentage points larger when students overesti-
mate their grades than when they underestimate them. This tendency persists and remains

8This final grade includes assignments, attendance, surveys, and other components in addition to test grades.
9We do not disclose the average grade to comply with the course policy prohibiting the release of class

averages.
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pronounced throughout the course, despite students receiving informative signals about their
performance. However, as shown in Table 3, the average expected grade exhibits a slight
downward trend over time, suggesting that students gradually adjust their expectations in
response to accumulating evidence.

Student Beliefs About Testing Noise. On average, students believe that luck accounts
for 37% of their prediction errors, and that the effect of good luck raises their grade by 9.03
percentage points on a test. Table 4 shows that these beliefs remain relatively stable over
time. This stability suggests that students are not inferring from the strong correlations in
their grades that testing noise is likely to be low. Moreover, the persistent role that students
attribute to luck in explaining their prediction errors indicates that they are not gaining
significant confidence in their ability to accurately assess their expected performance.

Beliefs About Testing Noise and Prediction Errors. Students who believe that luck plays
a larger role in determining their grades tend to have larger absolute prediction errors. Figure
1 shows a positive relationship between absolute prediction errors and the perceived effect of
good luck on grades. On average, students in the top two quintiles have absolute prediction
errors that are 22% higher than those in the bottom two quintiles, suggesting a potential link
between attributing outcomes to luck and reduced accuracy in grade predictions.

4.2 Belief Updating in Response to Test Scores

For each test, the prediction error, git − ĝit, captures the discrepancy between a student’s
actual performance and their expected grade. As first noted by Zafar (2011), this prediction
error can serve as a proxy for the informational content of the test outcome, and provides a
basis for analyzing how students adjust their expectations in response to new performance
signals. Our survey design is well-suited for this analysis, as it elicits students’ beliefs about
an upcoming test in a one-week window before the exam, and measures updated beliefs at
relatively short intervals given the high frequency of our surveys.

Response of Grade Predictions to Test Score Signals. Figure 2 shows the relationship
between the change in prediction, ĝit − ĝit−1, and the previous test’s prediction error, git−1 −
ĝit−1, by estimating a binned scatterplot regression (Cattaneo et al., 2024).10 The figure shows
that, on average, students whose grade closely matched their prior prediction tend to make
little or no adjustment in their subsequent forecast. By contrast, those who received grades
lower than predicted tend to revise their next prediction downward, while students who
outperformed their prior prediction adjust upward. Nevertheless, the magnitude of these

10The figure is constructed using the binsreg package (Cattaneo et al., 2025). We fit a piecewise linear function
relating changes in grade predictions to prior prediction errors, and display pointwise confidence intervals. The
standard errors are clustered at the student level.
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adjustments appears modest, with average changes of about 5 percentage points for students
whose prior error exceeded 20 percentage points.

Students who experience large absolute prediction errors may exhibit different updating
patterns than those with smaller errors.11 Our rich panel data enable us to account for this
pattern by including student fixed effects in our analysis. Figure 3 shows how the binned
scatterplot regression of the prediction changes on the prior prediction errors differs when we
control for student fixed effects. The relationship between the change in prediction and the
prior prediction error remains similar, but the magnitude of the adjustments tend to be larger.

Table 5 presents the results of a linear regression of the change in prediction on the prior
prediction error, estimated both with and without student fixed effects. When student fixed
effects are included, the estimated coefficient on the prior prediction error rises from 0.19 to
0.34, implying that receiving a 1 percentage point larger prior prediction error leads to an
average increase of 0.34 percentage points in the subsequent prediction. Both models yield
statistically significant results at the 1% level. To assess the appropriateness of modeling the
relationship between students’ prediction changes and prior prediction errors as linear, we
implement a nonparametric specification test (Cattaneo et al., 2024).12 We find no evidence
against the linear model with a p-value of 0.527, suggesting no significant asymmetry in how
students adjust their expectations following positive versus negative news.

Response of Beliefs About Testing Noise to Test Score Signals. In contrast to the adjust-
ments students make to their grade predictions, we find that their beliefs about the noisiness
of test scores do not respond significantly to prior prediction errors. We document strong per-
sistence of misspecification in the absence of intervention. Figure 4 illustrates the relationship
between changes in the perceived effect of good luck, eit − eit−1, and the prior prediction error,
git−1 − ĝit−1, while Figure 5 shows the relationship between changes in the perceived role of
luck, rit − rit−1, and the prior prediction error. Both models include student fixed effects with
standard errors clustered at the student level. In both cases, we find no statistically significant
relationship between prior prediction errors and subsequent changes in beliefs about testing
noise.

The results presented in this section reveal a notable divergence in how students process
performance feedback. While they revise their grade expectations in response to test out-
comes, their beliefs about the noisiness of the testing process remain largely unchanged. This

11In particular, such students may be less responsive to new information if those with more accurate predictions
are also better at updating their beliefs or more diligent in completing the surveys.

12This test is implemented using the binstest package (Cattaneo et al., 2025), and compares a global linear
polynomial fit to the binscatter estimates. The model includes student fixed effects and clusters standard errors
at the student level.
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rigidity may limit students’ ability to learn effectively from feedback and could contribute to
persistent biases in their beliefs. To explore whether students’ beliefs about testing noise can
be influenced through targeted information, and to examine how such shifts might improve
the accuracy of their grade predictions, we designed a randomized controlled trial that ex-
ogenously alters these beliefs without disclosing any personal performance data. The next
section details this experimental intervention.

5 Randomized Controlled Trial

We conducted a randomized controlled trial (RCT) during the final survey administered
in a one-week window before the final exam. The RCT was designed to exogenously influence
students’ beliefs about testing noise and aimed to assess the impact of this intervention on
both their beliefs and the accuracy of their grade predictions. If model misspecification is a
primary factor contributing to students’ failures in belief updating, then providing informa-
tion that clarifies the nature of testing noise should help students form more accurate grade
expectations.

5.1 Treatment Description

The treatment was designed to emphasize that past grades are reliable predictors of per-
formance on the final exam, without revealing any personal information about students’ own
results. This approach enables us to isolate the effect of the treatment on students’ beliefs
about testing noise, free from the confounding influence of personal feedback. To ensure this
separation, the treatment relied on statistics from the same course in the previous academic
year, guaranteeing that students received no information specific to their own grades.

Box 1 displays the information provided to students in the treatment group. Treated
students were instructed to review this information carefully and were required to remain on
the page for two minutes before proceeding with the rest of the survey.
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Box 1: Treatment

If your previous grades were determined largely by luck, then they may not be very
helpful in predicting your future grades. However, if luck played only a small role, then
your previous grades may be very helpful.

Using statistics from last year, we can see that luck plays only a small role for most
students.

• Amongst students scoring between 10 to 15 points below the average across term
tests – only 9% scored higher than 5 points above the average on the final.

• In comparison, ∼45% of all students scored better than 5 points above the
average on the final exam.

• Amongst students scoring between 10 to 15 points above the average across term
tests – only 9% scored worse than 5 points below the average on the final.

• In comparison, ∼40% of all students scored worse than 5 points below the
average on the final exam.

Since term test grades predict the final exam grades fairly well, for most students, luck did
not seem to play a big role in their grades.

Notes: This box presents the information shown to students in the treatment group of the RCT. The treatment was
designed to convey that past grades are reliable predictors of performance on the final exam and that, on average,
luck plays a small role in determining students’ grades.

The treatment informed students that, based on data from the previous year, performance
on the term tests was a strong predictor of outcomes on the final exam. Specifically, we
explained that students who scored below the average on the term tests were unlikely to
score above the average on the final exam, while those who scored above the average on the
term tests were unlikely to fall below the average on the final exam. These statistics were
accompanied by aggregate performance data to highlight the large differences in likelihoods
across groups.

Information is given as test scores relative to the class average for two reasons. First,
it is important that students cannot infer whether the information is explicitly relevant to
themselves. This is in order to prevent the treatment from being informative about one’s own
ability and only informative about the testing noise. For example, stating that "70% of students
who scored about 70% on the midterms will score above 70% on the exam" will confound
the two channels. The institutional policy of withholding class averages further enhanced
the impersonal nature of the treatment information, as students had no knowledge of their
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precise standing relative to the class average. As a result, the intervention provided no clear
individualized guidance for predicting their own future performance but instead conveyed the
broader message that past grades are generally informative for forecasting future outcomes.

5.2 Treatment Assignment

The impersonal nature of the treatment raises concerns about potential spillover effects.
Specifically, if students share the treatment information with their peers, members of the
control group might be inadvertently exposed, leading to an underestimation of the true
treatment effect.

To account for potential spillovers, we leveraged variation in the timing of survey take-up
to construct a control group that would remain unaffected by potential information sharing.
A straightforward approach would have been to assign students who completed the survey
earlier to the control group and those who completed it later to the treatment group. However,
such an approach risks introducing confounding factors, as early survey respondents may
systematically differ from those responding later. To address this concern, we implemented a
staggered design that establishes an early control group protected from spillover effects while
also providing a treated group suitable for valid comparison with this early control group.

We began by randomly assigning half of the potential participants to the treatment group
and the other half to the control group. Next, we divided students into two groups based
on the timing of their initial attempt to access the survey: those who did so within the first
three hours of its release were classified as the Early group, while those attempting afterward
formed the Late group. Within the Early group, students assigned to the control group were
permitted to complete the survey immediately, whereas those assigned to the treatment group
were instructed to return later to complete it. This design ensures that the early control group
remains unaffected by potential spillover effects and enables a valid comparison with the early
treatment group to account for selection into early survey participation.

5.3 Measurement of Beliefs Before and After Treatment

To better isolate the causal effects of the information intervention and to test for spillover
effects, we measure each treated student’s beliefs both before and after exposure to the treat-
ment. Specifically, prior to receiving the treatment, students in the treatment group report
their pre-treatment beliefs about their own grade (ĝpre

i5 ), the expected class average ( ˆ̄gpre
i5 ),

their distribution of potential grades (Gpre
i5 ), the perceived contribution of luck to prediction

errors (rpre
i5 ), and the perceived effect of good luck on grades (epre

i5 ). Following this initial belief
elicitation, students are shown the treatment information, and are then asked to report their
beliefs again, yielding a set of treated belief measures: ĝpost

i5 , ˆ̄gpost
i5 , Gpost

i5 , rpost
i5 , and epost

i5 .
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This panel structure allows for two complementary empirical strategies to estimate treat-
ment effects. A first approach is to use between-group comparisons, which leverages the
randomized controlled trial design to compare post-treatment beliefs of treated students with
the beliefs of control students. For beliefs measured both before and after the treatment,
the repeated measurements also enable a within-student estimation strategy that compares
each treated student’s beliefs before and after receiving the treatment. This design provides
unusually rich information, allowing us to observe individual-level responses to the treatment.

Unlike the between-group approach, the identification strategy using within-student com-
parisons does not rely on random assignment, but instead requires that the treatment does
not affect students’ pre-treatment beliefs and that there are no time-varying confounders in
the short time window where students report their pre- and post-treatment beliefs. These
assumptions are plausible given that beliefs were elicited immediately before and after treat-
ment exposure, and that the survey content was identical to the control version up to the
point of treatment. We discuss the assumptions underlying this identification strategy more
formally in Section A.1.1.

Throughout the analysis, we report results from both identification strategies to provide a
comprehensive assessment of the impact of the intervention on students’ beliefs.

5.4 Descriptive Statistics of Treatment and Control Groups

In this subsection, we present descriptive statistics for the treatment and control groups to
assess the balance achieved through randomization. Table 6 reports the average characteristics
of students in each group, along with the differences between them. The table indicates that
the groups are well balanced with respect to demographics and prior academic performance,
showing no statistically significant differences across any of the variables.

Table 7 presents the average characteristics of students in the Early and Late groups by
treatment status. The results show that randomization successfully balanced the treatment
and control groups within each timing group, with no significant differences in demographics
or prior academic performance, except for the share of male students and first-year students
in the Early group, where statistically significant differences are observed. Consistent with
the motivation for our staggered design, the table also reveals systematic differences between
the Early and Late groups, with students in the Late group scoring lower on average in prior
tests. Overall, the balance checks support the validity of our design and randomization.
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5.5 Threats to Validity

In this subsection, we examine several threats to the validity of the experimental design.
First, we assess potential spillover effects, which could bias the estimates if students were
exposed to the treatment through their peers. Second, we test whether the treatment affected
final exam performance, which could influence prediction accuracy independently of belief
updating. Third, we consider whether students updated on other aspects of the environment,
rather than on the informativeness of prior grades. Finally, we assess differential attrition
between the treatment and control groups within the Early sample, which could introduce
selection bias if students who did not complete the survey differed systematically from those
who did.

Spillover Effects. To assess potential spillover effects, we compare pre-treatment beliefs
about testing noise between students in the Early treatment and Early control groups. If
spillovers were present, the Early treatment students who respond to the survey later may
have been exposed to the treatment already. Hence, we would expect their pre-treatment
beliefs to be different from those of the Early control. In this case, we would expect lower
pre-treatment beliefs in the treatment group, as some treated students might have received
information from peers suggesting that luck plays a minimal role in determining grades before
completing the survey. Table 8 shows that the average pre-treatment belief about the effect
of good luck is 9.55 percentage points in the treatment group and 9.14 in the control group.
Similarly, the average belief about the contribution of luck to prediction errors is 38.53% in
the treatment group versus 37.03% in the control group. Both differences are not statistically
significant. The absence of meaningful differences in these measures suggests that spillover
effects were minimal or absent, supporting the integrity of the research design.

Behavioral Responses. A potential concern is that the treatment may have induced some
students to adjust their study effort in response to the information provided, thereby affecting
final exam performance and, in turn, the accuracy of their grade predictions. If this were
the case, any improvement in forecast accuracy could reflect not only better belief updating,
but also changes in realized performance. This concern is partly mitigated by the timing of
the intervention, which occurred within one week of the final exam and therefore left limited
scope for students to change their effort. We nevertheless examine whether the treatment
affected realized final exam scores and find no evidence that it did. The estimated average
difference in final exam scores between treated and control students is 0.46 percentage points
and is statistically insignificant with a p-value of 0.759.
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Alternative Belief Responses. Another potential concern is that changes in students’ predic-
tions may be driven by updating about other aspects of the environment, such as the expected
average score on the upcoming final exam, rather than by updating about the informative-
ness of prior grades. To assess this possibility, we examine whether the treatment affected
students’ predictions of the average final exam grade. We find no significant effects in either
the between-group or within-student comparisons. The estimated effect is 0.14 percentage
points in the between-group design, with a p-value of 0.831, and -0.16 percentage points in
the within-student design, with a p-value of 0.653.

Attrition. We assess whether the experimental design generated differential attrition across
treatment and control groups. This concern is especially relevant for students in the Early
treatment group, who were asked to return later to complete the survey. If many of these
students had failed to return, attrition could threaten validity if non-returning students dif-
fered from returning students along unobserved dimensions. Reassuringly, only 3 of the 149
students assigned to treatment in the Early group did not return to complete the survey.

5.6 Treatment Effects on Beliefs About Testing Noise

We first assess whether the information intervention shifted students’ beliefs about test
score noise. Table 9 reports average treatment effects on the perceived effect of good luck on
grades and the perceived role of luck in explaining prediction errors. We estimate average
treatment effects using both between-group and within-student identification strategies.

The between-group results indicate that treated students report significantly lower beliefs
about the role of luck after the intervention. On average, the perceived effect of good luck on
grades is 1.75 percentage points lower in the treatment group compared to the control group,
while the perceived contribution of luck to prediction errors is 8.60 percentage points lower.
The within-student analysis, which compares pre- and post-treatment beliefs for each treated
student, yields similar effects. On average, the perceived effect of good luck declines by 1.83
percentage points, while the perceived contribution of luck to prediction errors drops by 9.57
percentage points. All effects are statistically significant at the 1% level.

These results indicate that the treatment had a substantial and statistically significant effect,
reducing luck-related beliefs by roughly 20 to 25% relative to the control baseline, with both
identification strategies producing consistent evidence.
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5.7 Treatment Effects on Students’ Grade Predictions

We next assess whether the treatment improved the accuracy of students’ grade predictions.
Table 10 presents the average treatment effects on students’ absolute prediction errors. The
between-group estimate shows that, on average, treated students’ absolute prediction errors
are 2.07 percentage points lower than those of students in the control group. This effect
is statistically significant at the 5% level and represents a reduction of approximately 12%
relative to the control group’s average baseline error. The within-student estimate shows that,
on average, treated students’ absolute prediction errors are 0.92 percentage points lower than
their pre-treatment absolute prediction errors. This effect is statistically significant at the 1%
level and corresponds to a 5.7% improvement relative to their average pre-treatment baseline.

These results indicate that the information treatment not only shifted students’ beliefs
about testing noise but also improved the accuracy of their grade predictions.

5.8 Heterogeneity by Prior Information

We next ask whether the treatment changed how students responded to the information
contained in their past test performance. To do so, we study whether students’ treatment-
induced revisions in expected grades between the pre-treatment and post-treatment elicitation
in the final survey, (ĝpost

i5 − ĝpre
i5 ), vary with their previous test prediction error, (gi4 − ĝi4).

This prediction error captures the informational content of the most recent score: students
with negative values performed below their prior expectation, while students with positive
values performed above it. We find a positive relationship between the treatment-induced
revision in expected grades and students’ previous test prediction error, indicating that the
treatment had heterogeneous effects that depend systematically on the information students
had previously received. Figure 6 shows that students who had overpredicted their previous
score revise their final-exam expectations downward after treatment, while those who had
underpredicted revise them upward. By contrast, students whose earlier predictions were
close to correct make little or no revision. This pattern is consistent with the interpretation
that the treatment increased the responsiveness of beliefs to past performance signals by
leading students to view test scores as less noisy.

5.9 Descriptive Evidence by Changes in Beliefs About Testing Noise

The within-student design allows us to examine whether changes in prediction accuracy
coincide with changes in beliefs about testing noise. This analysis is descriptive and provides
supporting evidence on the role of perceived testing noise. Because the response groups
below are defined using post-treatment changes in elicited beliefs, they are not predetermined
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subgroups, and the estimates should not be interpreted as causal subgroup effects. Instead,
the exercise asks whether the pattern of prediction gains is consistent with the proposed
mechanism: if the intervention improves forecasts by reducing perceived testing noise, then
gains in prediction accuracy should be concentrated among students whose reported beliefs
about testing noise declined after the intervention.

We define response groups based on the sign of each treated student’s reported change in
beliefs about testing noise following the information treatment. Let ∆ei = epost

i,5 − epre
i,5 and

∆ri = rpost
i,5 − rpre

i,5 denote the within-student changes in the perceived effect of good luck and
the perceived role of luck, respectively. For each measure m ∈ {e, r}, we classify students
according to the sign of ∆mi:

• Aligned Updaters (∆mi < 0): Students whose reported beliefs about testing noise de-
creased after the information treatment. Their reported beliefs moved in the direction
emphasized by the intervention, consistent with learning that test scores are more infor-
mative than previously believed.

• Null Updaters (∆mi = 0): Students whose reported beliefs about testing noise remained
unchanged after the treatment. This group may include students with relatively accurate
prior beliefs, as well as students who did not revise their reported beliefs because they
were less attentive to, or less persuaded by, the informational content of the intervention.

• Misaligned Updaters (∆mi > 0): Students whose reported beliefs about testing noise
increased after the information treatment. This response may indicate that these students
had previously underestimated the role of noise, or it could reflect misinterpretation of
the information or inattention during the survey.

We report both the distribution of observed response groups and the average change in
forecast accuracy within each group. The observed distribution is descriptive and summarizes
how students’ elicited beliefs changed between the pre- and post-treatment questions.13 Table
11 reports this distribution. A majority of students (64.31%) are classified as Aligned Updaters
on at least one dimension, with 35.69% aligning on both. At the same time, a sizable share of
students (53.53%) chose to leave at least one of their reported beliefs unchanged, and 23.14%

13Interpreting this distribution as the distribution of belief responses caused by the information treatment
would require additional assumptions. In particular, reported changes would need to preserve the sign of
treatment-induced belief changes, so that reporting error, inattention, distraction, or other idiosyncratic shocks
do not systematically move students across response groups. This condition is plausible if students have a
clear sense of whether the information reinforces or challenges their prior beliefs, even if the magnitude of their
reported adjustment varies with attention or the survey context. Still, this requirement is stronger than what is
needed to estimate average treatment effects in the within-student design. We interpret the observed distribution
of response groups descriptively, allowing it to reflect both belief updating and variation in response quality.
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are classified as Null Updaters on both measures. In contrast, only 17.65% of students increased
their beliefs about testing noise on at least one measure, and just 5.69% did so on both. These
results indicate that most students either reduced their reported beliefs about testing noise or
maintained their prior views.

Table 12 reports average changes in forecast accuracy by students’ observed response
groups. For each group, we present both the pre-treatment average and the average change
for three outcomes: absolute prediction error, the perceived effect of good luck on grades, and
the perceived contribution of luck to prediction errors.

Panel A classifies students based on their updating in the perceived effect of good luck,
while Panel B uses changes in the perceived contribution of luck to prediction errors. Across
both classifications, students identified as Aligned Updaters exhibit sizable and statistically sig-
nificant improvements in prediction accuracy. These students also begin with higher baseline
beliefs about the effect and role of luck than their peers, suggesting that they were more prone
to overestimating the noisiness of test scores prior to the intervention.

In contrast, Misaligned Updaters show no statistically significant improvements in prediction
accuracy. On average, these students reported lower pre-treatment beliefs about the noisiness
of test scores in the dimension used to define their response group. This pattern suggests that
many of them may have initially underestimated the role of luck. However, this group also
exhibits the highest pre-treatment prediction errors, raising the possibility that some students
in this category were less engaged with the survey overall.

Null Updaters show some heterogeneity across Panels A and B: when classified by the
perceived effect of good luck, they exhibit significant gains in prediction accuracy, but no
significant change when classified by the perceived role of luck. However, a large share of
these students are aligned on at least one belief dimension. To account for this overlap, we
next consider categories that combine both dimensions of belief updating.

Panel C aggregates students into three mutually exclusive groups: those who aligned
on at least one belief dimension, those who remained null on both dimensions, and those
who misaligned on at least one dimension and were never aligned. The results reinforce the
descriptive finding that improvements in prediction accuracy are concentrated among students
who updated in the intended direction. Students who were aligned on either measure exhibit
a statistically significant reduction of 1.37 percentage points in their absolute prediction errors.
By contrast, students who were misaligned and never aligned or who remained null on both
dimensions show no statistically significant improvements in prediction accuracy.14

14Notably, students classified as null updaters on both dimensions exhibit the lowest average pre-treatment
prediction errors across all groups. They also report the lowest pre-treatment beliefs about the effect and role of
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Overall, the descriptive patterns in the response-group analysis are consistent with the
interpretation that the treatment improved forecasts by shifting beliefs about the informative-
ness of past grades. Students whose reported beliefs about testing noise declined after the
intervention also exhibit the largest improvements in prediction accuracy.

The randomized controlled trial shows that misspecification is a major obstacle to accurate
updating from performance signals. We now turn to imposing additional structure to compare
students’ beliefs about testing noise to actual estimates, and to interpret the magnitude of
treatment effects as a share of the observed deviation from a Bayesian benchmark.

6 Perceived vs. Actual Testing Noise

In this section, we estimate the actual test score noise and compare it to students’ beliefs
about testing noise. We provide evidence that students’ beliefs about testing noise are indeed
misaligned with the actual noisiness of the grade-generating process.

Unlike laboratory experiments, we do not control the signal-generating process. Grades
are produced in a high-stakes environment where manipulation is neither feasible nor ethical.
As a result, any model of grade production is necessarily misspecified to some extent. Since
our estimates rely on a parsimonious model, students may possess private information, such
as study time or health conditions, not captured by our specification. Consequently, our
estimates of testing noise likely overstate the true level of randomness in grades so that the
estimated gap between students’ perceived and actual noise provides a conservative measure
of misalignment: the true discrepancy is likely to be even larger.

We proceed by assuming the following data-generating process for student grades:

git = θi + ηit + ḡt + ϵit, ϵit ∼ N (0, σ2
ϵ ),

where θi is a student fixed effect representing the time-invariant ability in this course, ηit is
a transitory skill shock, ḡt is a test fixed effect capturing the test difficulty, and ϵit represents
exogenous testing noise. Our goal is to estimate σ2

ϵ , the variance of this noise term.

Note that the residual from a model including student fixed effects and period fixed effects
is composed of both the transitory skill component ηit and the idiosyncratic noise ϵit, so the
residual variance yields only an upper bound on σ2

ϵ . The informativeness of test scores cannot
be directly recovered without additional structure. To solve this problem, we impose a simple

luck. This pattern suggests that many of these students may have already held relatively accurate beliefs prior to
the intervention.
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autoregressive model on the transitory component. Specifically, we assume that ηit follows a
stationary AR(2) process:

ηit = β1ηit−1 + β2ηit−2 + νit.

This assumption allows us to separately identify the variance components associated with
ηit and ϵit. The AR(2) assumption captures the idea that transitory factors affecting student
performance are likely to persist across a few exams, allowing us to separate these structured
fluctuations from truly random testing noise. It provides a flexible representation of short-
term persistence in performance, while remaining feasible to estimate given our short panel
structure with 5 time periods.

Appendix Section A.2 details the identification and estimation of the variance of testing
noise. We estimate σϵ = 3.75. As shown in Section 2.2, we can use the elicited beliefs about
the perceived effect of good luck and the perceived role of luck to compare students’ implied
perceived testing noise to this estimate. First, on average, students believe that the effect of
good luck on their grades is approximately 9.03 percentage points. This implies a perceived
testing noise of σ̃ϵ = 11.32. Second, on average, students believe that the contribution of
luck to prediction errors is approximately 37%. Using students’ elicited subjective probability
distributions to estimate the variance of their expected grades, we find a perceived testing
noise of σ̃ϵ = 12.55.15

These estimates indicate that students perceive the standard deviation of test score noise
to be roughly three times as large as its actual value. Even under our conservative estimate
that likely overstates true randomness, students substantially overestimate the role of luck,
highlighting the value of interventions that correct beliefs about performance signals in this
setting.

7 Interpreting the Magnitude of Treatment Effects

The randomized controlled trial provides causal evidence that correcting students’ beliefs
about test score noise improves the accuracy of their grade predictions. However, since
some prediction error is unavoidable due to inherent noise, it is not reasonable to expect the
treatment to eliminate all errors. Consequently, we require a benchmark for what constitutes
an accurate forecast in order to interpret the magnitude of treatment effects. In this section,
we construct two benchmarks and estimate the share of prediction error eliminated by the
intervention relative to these benchmarks.

15Appendix Section A.3 details our approach to estimating the subjective variance of expected grades.
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7.1 Constructing the Bayesian Benchmark

We first construct a benchmark representing optimal Bayesian updating. This benchmark
reflects the forecast that would be made by a Bayesian agent who shares the student’s prior
beliefs and updates rationally based on a relevant signal.

We follow the procedure described in Appendix Section A.4. For each student, we construct
a posterior predictive distribution over final exam grade bins using (i) prior beliefs elicited in
the fourth survey and (ii) the fourth term test grade as the signal. The likelihood function is
estimated nonparametrically from the joint distribution of signals and final exam outcomes.
We compute the posterior expected grade as:

ĜBayes
i =

5

∑
k=1

π̃ik · µk,

where π̃ik is student i’s posterior probability of grade bin k and µk is its midpoint.

7.2 Constructing a Conservative Benchmark

As discussed in Section 6, studying belief formation in natural settings requires acknowl-
edging that models of endogenous signals are inevitably misspecified. To ensure a conser-
vative comparison, we construct a flexible benchmark that overstates the accuracy achievable
under Bayesian updating, and thus understates the share of prediction error eliminated by
the treatment.

This benchmark is constructed from a linear regression model that predicts test scores
using our rich panel data. Formally, we estimate the following model:

git = αi + δt + β1gi(t−1) +
4

∑
k=1

γk · πitk + εit,

where git is the test score of student i at time t, αi are student fixed effects, δt are test fixed
effects, gi(t−1) is the lagged test score, and πitk denotes the prior probability for grade bin k
which was elicited at time t − 1. The model is estimated using all available periods, and we
use the estimated coefficients to construct fitted predictions of final exam grades in period
t = 5, which we denote by ĜFlex

i . The high explanatory power of the flexible benchmark
with an R2 = 0.85, confirms that final exam outcomes are largely predictable using lagged
performance, prior beliefs, and individual and test fixed effects. We note that the goal of the
model is to present an upper bound on the accuracy achievable under Bayesian updating;
hence, the potential issue of overfitting is not problematic. If the actual accuracy achievable
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is lower, then misspecification will explain a larger share of mistakes; hence, overfitting only
downwardly biases the effect of misspecification.

7.3 Interpreting Treatment Effects

We now use our estimated benchmarks to interpret the effect of the information treatment.
Let Γcontrol

5 and Γtreat
5 denote the average absolute prediction error on the final exam for the

control and treatment groups, respectively. Let ΓB
5 denote the benchmark average absolute

prediction error. As described in Section 2.4, we define the proportion of excess prediction
error eliminated by the treatment as:

ΛATE =
Γcontrol

5 − Γtreat
5

Γcontrol
5 − ΓB

5
.

We estimate ΛATE using both the flexible and Bayesian benchmarks, reporting results
based on between-group and within-student identification strategies. We also present within-
student estimates for the subgroup of students whose belief changes were aligned with the
treatment along at least one dimension, as defined in Section 5.9.

Table 13 reports the estimates. Panel A shows that, in between-group comparisons, the
treatment closes 39% of the gap relative to the Bayesian benchmark and 20% relative to the
flexible benchmark. Both effects are statistically significant at the 5% level.

Panels B and C present within-student estimates. Among all students (Panel B), the
treatment closes 23% of the gap relative to the Bayesian benchmark and 11% relative to the
flexible benchmark. Among students whose belief changes aligned with the treatment (Panel
C), the treatment closes 30% and 16% of the gap, respectively. All estimates are statistically
significant at the 1% level.

Together, these results indicate that the treatment led to meaningful improvements in fore-
casting accuracy. The estimated effects remain substantial even when compared to the flexible
benchmark, which overstates the accuracy achievable by a rational agent. This conservative
benchmark yields a lower-bound estimate of 11%, while the Bayesian benchmark suggests that
the treatment closes 23% of the gap overall and 30% among students whose belief changes
aligned with the treatment. These effects can be attributed to our information treatment, un-
derscoring the central role of misspecification in limiting the predictive accuracy of students
in this setting.
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8 Conclusion

This paper studies three central questions. First, does misspecification exist in the real
world? Second, does it affect how individuals update their beliefs? Third, can it be corrected
through an information intervention? Using rich panel data on students’ grade expectations
and a randomized information treatment in a natural, high-stakes environment, we provide
affirmative evidence on all three fronts.

We first show that students hold systematically misspecified beliefs about the structure
of the environment. In particular, they substantially overestimate the noisiness of test scores
relative to what we estimate from administrative data. Even in a setting with repeated feedback
and highly informative signals, students continue to view their grades as much more driven
by luck than they actually are. This provides direct field evidence that misspecification is
not merely a theoretical possibility, but a quantitatively important feature of real-world belief
formation.

We then show that this misspecification has meaningful consequences for updating. Stu-
dents do revise their grade expectations in response to new performance signals, but their
beliefs about the noisiness of the signal-generating process remain strikingly rigid. As a result,
they underweight informative feedback and make persistent forecasting errors. Our evidence
therefore suggests that updating failures do not arise only because individuals use a non-
Bayesian updating rule, but also because they may apply their updating rule to the wrong
model of the world.

Finally, we show that this source of error can be mitigated. An impersonal information
treatment that clarifies the predictive power of past grades significantly reduces students’
perceived role of luck and improves the accuracy of their forecasts. Relative to a Bayesian
benchmark, the treatment closes a sizable share of the gap in prediction accuracy, with es-
pecially strong effects among students whose beliefs move in the direction implied by the
treatment. These findings indicate that misspecification is not only empirically relevant, but
also partially correctable through informational interventions.

More broadly, our results suggest that misspecification should not necessarily be viewed
as a competing explanation for mechanisms such as overconfidence, ego-utility, or motivated
reasoning. Instead, it may operate as a channel through which these forces are sustained.
If individuals believe that performance signals are excessively noisy, they can continue to
maintain favorable self-views while appearing to respond to new information. In this sense,
misspecification may help stabilize other biases by weakening the disciplinary role of feedback.
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Taken together, our findings underscore the importance of distinguishing between errors in
the updating process and errors in how signals are perceived. This distinction is theoretically
important, empirically tractable, and practically consequential. In environments where signals
contain useful information but their informativeness is poorly understood, improving beliefs
about the signal-generating process may be an effective way to improve learning and decision-
making.
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9 Tables

Table 1: Demographics

Male 0.59

Age 18.51

First Year 0.88

International 0.51

Course is Required 0.92

Grade Goal 81.01

High School GPA 93.50

Observations 1,488

Notes: This table reports summary statistics for the 1,488 students who completed at least one survey in the
study sample. The variable Male is an indicator equal to 1 for male students. Age is reported in years. First
Year is an indicator for students in their first year of university. International is an indicator for students who
are classified as international students. Course is Required is an indicator if the student reports that the course is
required for their intended program of study. Grade Goal refers to the student’s self-reported target final grade
for the course (on a 0-100 scale). High School GPA is the self-reported high school average, also on a 0-100 scale.
All values are means across students.
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Table 2: Survey Completion by Test

Time Period
Variable t = 1 t = 2 t = 3 t = 4 t = 5

Completed Survey 0.85 0.82 0.86 0.85 0.88

Number of Completed Surveys 3.75 3.94 4.15 4.32 4.33

Completed 5 Surveys 0.51 0.54 0.59 0.64 0.65

Completed at Least 4 Surveys 0.67 0.71 0.77 0.83 0.83

Observations 1,508 1,399 1,278 1,129 1,155

Notes: This table reports survey participation rates across the five main tests in the study. Each column
corresponds to a specific time period t ∈ {1, . . . , 5}, and the sample includes only students who completed the
corresponding test in that period. Completed Survey is the share of students who completed the corresponding
survey. Number of Completed Surveys is the average number of surveys completed by students who took the test
at time t. Completed 5 Surveys is the share of students who completed all five surveys, and Completed at Least 4
Surveys is the share who completed four or more. Observations report the number of students who completed
the test in each period. Participation rates are high throughout, with 82% to 88% of test-takers completing each
survey on average. The panel dataset includes a total of 5,501 student-test observations where both test and
survey responses are observed.
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Table 3: Student Grades and Expectations by Test

Time Period
Variable t = 1 t = 2 t = 3 t = 4 t = 5

Grade git
Mean Relative to Test 1 0.00 −9.23 −8.04 −11.79 −5.25
Std. Dev. 20.54 22.10 23.04 20.56 24.35
N 1, 508 1, 399 1, 278 1, 129 1, 155

Expected Grade ĝit
Mean Relative to Test 1 0.00 0.61 −1.49 −3.04 −4.84
Std. Dev. 14.36 14.34 14.96 15.38 15.80
N 1, 278 1, 153 1, 095 962 1, 013

Absolute Prediction Error Γit
Mean 15.62 19.47 18.28 18.32 16.80
Std. Dev. 12.83 14.71 14.99 14.21 13.65
N 1, 278 1, 153 1, 095 962 1, 013

Notes: This table reports summary statistics for realized grades git, expected grades ĝit, and absolute prediction
errors Γit = |git − ĝit| across five tests (t ∈ {1, . . . , 5}). For each variable, we report the mean and standard
deviation, as well as the number of observations with non-missing values. To comply with course policy, grades
and expected grades are reported relative to the mean of test 1. The number of observations varies across tests
due to course withdrawals and survey non-response.

Table 4: Student Beliefs by Test

Time Period
Variable t = 1 t = 2 t = 3 t = 4 t = 5

Prediction > Grade 0.57 0.79 0.72 0.80 0.60

Perceived Effect of Good Luck 9.39 9.04 8.89 8.77 8.96

Perceived Role of Luck 35.64 36.01 38.10 37.34 37.60

Change in Expected Grade – 0.27 -3.02 -2.19 -1.45

Observations 1,278 1,153 1,095 962 1,013

Notes: This table reports summary statistics on students’ belief measures across five tests (t ∈ {1, . . . , 5}).
Prediction > Grade is the share of students whose grade prediction exceeded their realized grade. Perceived Effect
of Good Luck is the average expected gain in grade points that students believe they would receive if they were
lucky on the test. Perceived Role of Luck denotes the average student belief about the percentage of their prediction
error attributable to random luck. Change in Expected Grade is the average change in students’ grade expectations
relative to the previous test, this variable is undefined for t = 1. Observations correspond to the number of
students who completed the survey and the test in each period.
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Table 5: Response of Grade Predictions to Test Score Signals

∆ Prediction ∆ Prediction

Past Prediction Error 0.19*** 0.34***
(0.01) (0.02)

Student Fixed Effects No Yes
Observations 3,555 3,350
Number of Students 1,219 1,014
Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports estimates from linear regressions of the change in students’ expected grade (ĝit − ĝit−1)
on the prior test’s prediction error (git−1 − ĝit−1). The dependent variable in both columns is the change in point
prediction between consecutive tests. Column 1 presents estimates without student fixed effects, while Column 2
includes them to control for time-invariant individual heterogeneity. Standard errors are clustered at the student
level. The coefficient increases from 0.19 to 0.34 when fixed effects are included, indicating that students adjust
their subsequent prediction upward by 0.34 percentage points for every 1 percentage point underprediction on
the previous test. We trim the prior prediction error at the 5th and 95th percentiles to reduce the influence of
extreme outliers. We test the linearity of the relationship using a nonparametric specification test (Cattaneo et al.,
2024) and find no evidence against linearity (p = 0.527) for the model including student fixed effects.
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Table 6: Descriptive Statistics of Experimental Groups

Treatment Control Difference

Test 1 grade 0.00 -1.34 1.34
(0.77) (0.77) (1.09)

Test 2 grade 0.00 -0.69 0.69
(0.92) (0.90) (1.28)

Test 3 grade 0.00 -0.73 0.73
(0.96) (0.98) (1.38)

Test 4 grade 0.00 -0.14 0.14
(0.91) (0.91) (1.28)

Male 0.58 0.62 -0.04
(0.02) (0.02) (0.03)

International 0.54 0.52 0.02
(0.02) (0.02) (0.03)

First Year 0.94 0.91 0.02
(0.01) (0.01) (0.02)

Age 18.25 18.33 -0.08
(0.05) (0.05) (0.07)

Goal Mark 81.34 81.49 -0.15
(0.47) (0.46) (0.66)

First Generation 0.19 0.19 0.00
(0.02) (0.02) (0.02)

High School GPA 94.38 93.99 0.39
(0.18) (0.19) (0.26)

Observations 510 538 1048
Standard errors in parentheses.
Stars are only displayed for the Difference column.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports mean characteristics for students in the treatment and control groups, along with the
difference between the two. To comply with course policy, academic performance measures are expressed relative
to the average performance of the treatment group. Demographic variables are indicators for male, international,
and first-year student status. Goal Mark is the student’s self-reported target grade (on a 0-100 scale), and High
School GPA is the self-reported high school grade point average (on a 0-100 scale). First Generation is an indicator
equal to 1 if the student is the first in their family to attend college. Standard errors are shown in parentheses. No
statistically significant differences are found between groups, indicating successful randomization. Stars indicate
significance levels for the difference column only.
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Table 7: Descriptive Statistics of Experimental Groups by Early Status

Early Late
Treatment Control Difference Treatment Control Difference

Test 1 grade 0.00 -1.96 1.96 -4.47 -5.55 1.08
(1.33) (1.35) (1.90) (0.93) (0.92) (1.31)

Test 2 grade 0.00 -0.01 0.01 -3.06 -4.01 0.95
(1.53) (1.65) (2.25) (1.13) (1.07) (1.55)

Test 3 grade 0.00 0.69 -0.69 -3.74 -5.00 1.26
(1.66) (1.74) (2.40) (1.18) (1.18) (1.67)

Test 4 grade 0.00 0.15 -0.15 -6.52 -6.77 0.25
(1.57) (1.76) (2.35) (1.10) (1.04) (1.51)

Male 0.60 0.71 -0.10* 0.57 0.59 -0.02
(0.04) (0.04) (0.05) (0.03) (0.03) (0.04)

International 0.53 0.48 0.05 0.54 0.53 0.01
(0.04) (0.04) (0.06) (0.03) (0.03) (0.04)

First Year 0.96 0.89 0.07** 0.93 0.92 0.00
(0.02) (0.03) (0.03) (0.01) (0.01) (0.02)

Age 18.18 18.31 -0.14 18.28 18.33 -0.05
(0.07) (0.09) (0.11) (0.06) (0.06) (0.09)

Goal Mark 82.30 82.69 -0.39 80.95 81.01 -0.06
(0.87) (0.83) (1.20) (0.56) (0.55) (0.79)

First Generation 0.14 0.21 -0.07 0.21 0.18 0.03
(0.03) (0.03) (0.04) (0.02) (0.02) (0.03)

High School GPA 94.73 94.27 0.46 94.22 93.87 0.35
(0.33) (0.33) (0.47) (0.22) (0.23) (0.31)

Observations 146 153 299 364 385 749
Standard errors in parentheses.
Stars are only displayed for the Difference columns.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports mean characteristics for students in the Early and Late groups, disaggregated by
treatment assignment. To comply with course policy, academic performance measures are expressed relative
to the average performance of the Early treatment group. Demographic variables are indicators for male,
international, and first-year student status. Goal Mark is the student’s self-reported target grade (on a 0–100
scale), and High School GPA is the self-reported high school grade point average (on a 0–100 scale). First
Generation is an indicator equal to 1 if the student is the first in their family to attend college. Standard errors are
shown in parentheses. Stars indicate significance levels for the treatment–control difference within each timing
group. Differences between Early and Late groups in average test performance reflect selective take-up timing
and support the motivation for the staggered design.
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Table 8: Testing for Spillover Effects Using Pre-Treatment Beliefs of Early Students

Early
Treatment Control Difference

Baseline Effect of Good Luck 9.55 9.14 0.41
(0.44) (0.40) (0.59)

Baseline Role of Luck 38.53 37.03 1.50
(2.26) (2.16) (3.13)

Observations 146 153 299
Standard errors in parentheses.
Stars are only displayed for the Difference columns.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports pre-treatment beliefs about testing noise for students in the Early treatment and Early
control groups, who attempted to access the final survey within the first three hours of its release. Baseline Effect
of Good Luck is the student’s pre-treatment reported estimate of the number of grade points they expect to gain if
lucky on the test. Baseline Role of Luck is the student’s pre-treatment reported belief about the percentage of their
prediction error attributable to luck. Standard errors are shown in parentheses. The comparison tests whether
Early treated students may have been exposed to treatment content prior to completing the survey. Because Early
control students could not have been exposed to spillover effects, and no significant differences are observed
between groups, the results suggest that spillover effects from peer information sharing were minimal or absent.
Stars indicate significance levels for the difference column only.
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Table 9: Average Treatment Effects on Beliefs About Testing Noise

Treatment Control Difference

Between-Group Identification

Perceived Effect of Good Luck 7.21 8.96 -1.75***
(0.21) (0.20) (0.29)

Perceived Role of Luck 28.53 37.13 -8.60***
(1.05) (1.08) (1.51)

Observations 510 538 1048

Within-Student Identification

Perceived Effect of Good Luck 7.21 9.04 -1.83***
(0.21) (0.21) (0.16)

Perceived Role of Luck 28.53 38.10 -9.57***
(1.05) (1.12) (0.83)

Observations 510 510 510
Standard errors in parentheses.
Stars are only displayed for the Difference column.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports average treatment effects on students’ beliefs about testing noise, using both between-
group and within-student identification strategies. Perceived Effect of Good Luck is the student’s reported estimate
of the number of grade points they expect to gain if lucky on the test. Perceived Role of Luck is the student’s
reported belief about the percentage of their prediction error attributable to luck. Between-group comparisons
are based on randomly assigned treatment and control groups, while within-student estimates compare pre-
and post-treatment responses among treated students. All models are estimated using OLS with standard errors
clustered at the student level. Stars denote significance levels for the difference column only.
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Table 10: Average Treatment Effects on Students’ Grade Predictions

Treatment Control Difference

Between-Group Identification

Absolute Prediction Error 15.30 17.36 -2.07**
(0.55) (0.62) (0.83)

Observations 495 518 1013

Within-Student Identification

Absolute Prediction Error 15.30 16.22 -0.92***
(0.55) (0.59) (0.33)

Observations 495 495 495
Standard errors in parentheses.
Stars are only displayed for the Difference column.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports average treatment effects on students’ absolute prediction errors using both between-
group and within-student identification strategies. Absolute prediction error is defined as the absolute difference
between a student’s predicted and realized grade on the final exam. Between-group estimates compare treated
and control students using randomized assignment. Within-student estimates compare pre- and post-treatment
prediction errors for treated students, using repeated measures within the same survey. Standard errors are
shown in parentheses and clustered at the student level. Stars denote significance levels for the difference
column only.
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Table 11: Joint Distribution of Response Groups

Perceived Role of Luck
Perceived Effect
of Good Luck Aligned Null Misaligned Total

Aligned 35.69 10.20 2.35 48.24
Null 13.33 23.14 2.94 39.41
Misaligned 2.75 3.92 5.69 12.36

Total 51.77 37.26 10.98 100

Notes: This table reports the joint distribution of response groups based on within-student changes in two
belief measures: the perceived effect of good luck on grades (∆ei) and the perceived contribution of luck to
prediction errors (∆ri). Aligned Updaters are students who reported a decrease in the relevant belief after the
information treatment, Null Updaters reported no change, and Misaligned Updaters reported an increase. Rows
classify students based on changes in the perceived effect of good luck, while columns classify them based on
changes in the perceived role of luck. Cell values represent the percentage of treated students in each combination.
The majority of treated students reported a decrease in at least one belief measure, a pattern consistent with the
intervention shifting beliefs about testing noise in the intended direction.
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Table 12: Average Changes by Response Groups

Absolute
Prediction Error

Perceived Effect
of Good Luck

Perceived Role
of Luck

Response Groups Pre-Treatment Change Pre-Treatment Change Pre-Treatment Change

Panel A: Perceived Effect of Good Luck

Aligned 15.91 -0.98** 10.03 -4.47*** 41.11 -16.53***
(0.84) (0.43) (0.28) (0.20) (1.52) (1.23)

Null 16.08 -1.35*** 8.23 0.00 34.62 -5.30***
(0.91) (0.37) (0.36) (.) (1.93) (0.88)

Misaligned 17.90 0.77 7.47 2.85*** 36.53 3.90
(1.92) (1.81) (0.52) (0.36) (3.45) (2.87)

Panel B: Perceived Role of Luck

Aligned 16.43 -1.47*** 9.73 -3.19*** 44.67 -21.54***
(0.85) (0.44) (0.29) (0.24) (1.46) (1.05)

Null 15.56 -0.35 7.93 -0.57*** 30.59 0.00
(0.89) (0.36) (0.34) (0.15) (1.96) (.)

Misaligned 17.44 -0.25 9.26 0.46 31.48 14.07***
(1.93) (1.83) (0.67) (0.57) (3.06) (2.18)

Panel C: Combined Response Groups

Aligned on 16.43 -1.37*** 9.71 -3.22*** 41.81 -16.87***
Effect or Role (0.74) (0.39) (0.26) (0.20) (1.33) (1.02)

Null on Both 15.37 -0.64 7.58 0.00 30.82 0.00
Effect and Role (1.18) (0.39) (0.45) (.) (2.59) (.)

Misaligned on 16.69 0.89 8.05 2.11*** 31.56 10.00***
Effect or Role (1.74) (1.63) (0.55) (0.32) (3.24) (2.01)
and Never Aligned

Standard errors in parentheses.
Stars are only displayed for the Change column.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports average changes by students’ response groups. Response groups are defined based on
the sign of within-student changes in two belief measures: the perceived effect of good luck and the perceived
role of luck. Panels A and B classify students separately based on each measure, while Panel C presents mutually
exclusive groups based on whether students aligned on at least one, remained null on both, or misaligned on
at least one and never aligned. For each group, we report the pre-treatment average and the average change in
absolute prediction error and both belief measures. Standard errors are shown in parentheses and clustered at
the student level. Stars denote significance levels for the Change columns only.
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Table 13: Share of Predictive Gap Closed by the Treatment
Relative to Bayesian and Flexible Benchmarks

Benchmarks
Bayesian Flexible

Panel A: Between-Group Identification

ΛATE 0.39*** 0.20**
SE 0.15 0.08
N 862 862

Panel B: Within-Student Identification

ΛATE 0.23*** 0.11***
SE 0.08 0.04
N 430 430

Panel C: Aligned Students

ΛATE 0.30*** 0.16***
SE 0.09 0.04
N 275 275
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Notes: This table reports estimates of ΛATE, the proportion of excess prediction error eliminated by the in-
formation treatment, relative to two counterfactual benchmarks. For each specification, ΛATE = (Γcontrol

5 −
Γtreat

5 )/(Γcontrol
5 − ΓB

5 ), where Γcontrol
5 and Γtreat

5 denote the average absolute prediction error on the final exam for
control and treatment groups, and ΓB

5 is the benchmark prediction error. Two benchmarks are used: the Bayesian
benchmark, which simulates optimal predictions by an agent who shares the student’s prior and updates rationally
given their Test 4 grade, and the Flexible benchmark, which uses a high-dimensional fixed-effects regression model
to predict outcomes. The flexible model has an R2 of 0.85 and overstates predictive accuracy, yielding conser-
vative estimates of treatment gains. Panel A presents estimates based on between-group comparisons. Panel B
reports within-student estimates comparing each treated student’s post-treatment error to their pre-treatment
baseline. Panel C restricts the within-student analysis to students whose belief changes were aligned with the
treatment on at least one belief dimension, as defined in Section 5.9. In all panels, standard errors are reported
beneath the estimates, and sample sizes reflect the number of observations with non-missing values for both the
benchmark and observed prediction error. Stars denote significance levels for ΛATE.
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10 Figures

Figure 1: Association Between Absolute Prediction Errors
and Quintiles of Perceived Effect of Good Luck

Notes: This figure plots average absolute prediction errors across quintiles of students’ perceived effect of good
luck on test grades. The perceived effect of good luck is elicited as the number of grade points a student expects
to gain if lucky on the test. Error bars indicate 95% confidence intervals based on standard errors clustered at
the student level. Students in the top two quintiles of perceived luck effect exhibit significantly larger prediction
errors, suggesting that stronger beliefs in the effects of luck are associated with reduced predictive accuracy.
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Figure 2: Binscatter Plot of Change in Grade Prediction
by the Previous Test’s Prediction Error

Notes: This figure plots a binned scatterplot of the relationship between the change in expected grade (ĝit − ĝit−1)
and the prediction error from the previous test (git−1 − ĝit−1). Each point reflects the average change in expected
grade within a bin of prior prediction error. The vertical lines denote pointwise 95% confidence intervals.
Estimates are based on a piecewise linear fit using the binsreg package (Cattaneo et al., 2025), with standard
errors clustered at the student level. The figure shows that students partially adjust their expectations in response
to surprising test outcomes, though the magnitude of revision is modest. We trim the prior prediction error at
the 5th and 95th percentiles to reduce the influence of extreme outliers.

46



Figure 3: Comparing Binscatter Plots of Change in Grade Prediction
by the Previous Test’s Prediction Error With and Without Student Fixed Effects

Notes: This figure compares binned scatterplots of the relationship between the change in expected grade
(ĝit − ĝit−1) and the prior test prediction error (git−1 − ĝit−1), estimated with and without student fixed effects.
The blue circles show estimates from a model without fixed effects, while the red triangles show estimates from
a model that includes student fixed effects. Vertical bars represent 95% confidence intervals with standard errors
clustered at the student level. Including student fixed effects leads to steeper estimated responses, particularly
among students with large prediction errors, suggesting that controlling for unobserved heterogeneity increases
the estimated responsiveness of grade expectations to performance signals. We trim the prior prediction error
at the 5th and 95th percentiles to reduce the influence of extreme outliers.
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Figure 4: Binscatter Plot of Change in Perceived Effect of Good Luck
by the Previous Test’s Prediction Error

Notes: This figure shows the relationship between the change in the perceived effect of good luck (eit − eit−1)
and the prior test prediction error (git−1 − ĝit−1), estimated using binned scatterplots with student fixed effects.
The sample is trimmed at the 5th and 95th percentiles of the prior prediction error distribution to reduce the
influence of extreme outliers. Points represent average changes in beliefs within each bin. Vertical bars indicate
95% confidence intervals. The flat slope suggests that students’ beliefs about the effect of luck remain stable
regardless of prior surprises in performance.
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Figure 5: Binscatter Plot of Change in Contribution of Luck to a Student’s Prediction Error
by the Previous Test’s Prediction Error

Notes: This figure plots the relationship between the change in the perceived contribution of luck to a student’s
prediction error (rit − rit−1) and the prior test prediction error (git−1 − ĝit−1), using a binned scatterplot with
student fixed effects. The sample is trimmed at the 5th and 95th percentiles of the prior prediction error
distribution to reduce the influence of extreme outliers. Points show average changes in beliefs within each
bin. Vertical lines represent 95% confidence intervals. The estimates show no significant pattern, indicating that
students’ beliefs about the role of luck in generating prediction errors are largely unresponsive to prior surprises
in performance.
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Figure 6: Binscatter Plot of Treatment-Induced Revisions in Grade Predictions
by the Previous Test’s Prediction Error

Notes: This figure plots a binned scatterplot of the relationship between the treatment-induced change in
expected grade, (ĝpost

i5 − ĝpre
i5 ), and the prediction error on the previous test, (gi4 − ĝi4), for treated students.

Each point reports the average treatment-induced revision in expected grade within a bin of prior prediction
error. The dependent variable is capped at the 1st and 99th percentiles, and we trim the prior prediction error
at the 5th and 95th percentiles to reduce the influence of extreme outliers. The number of bins is selected in a
data-driven way using binsreg. Vertical bars denote 95 percent confidence intervals, and the line reports the
piecewise linear fit.
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A Appendix

A.1 Randomized Controlled Trial

A.1.1 Identification Assumptions for Within-Student Strategy

Our experimental design elicits each treated student’s beliefs immediately before and
immediately after exposure to the treatment. Let i index students and t ∈ {pre, post} denote
the time period relative to treatment exposure. Let Yit(d) denote the potential outcome for
student i at time t under treatment status d ∈ {0, 1}, where d = 1 denotes exposure to
the treatment. The treatment is administered between the two measurements Yi,pre(1) and
Yi,post(1) within a single survey session.

We define the individual treatment effect of interest as:

τi = Yi,post(1)− Yi,post(0),

which corresponds to the causal effect of the treatment in the post-treatment period. The
potential outcome Yi,post(1) is observed for treated students, while Yi,post(0) is an unobserved
counterfactual representing what the student’s outcome would have been in the post-treatment
period had they not received the treatment.

For treated students, we observe the within-student change in outcome:

∆Yi = Yi,post(1)− Yi,pre(1),

which captures the difference in the outcome immediately before and after treatment exposure.
The gap between the individual treatment effect τi and the observed change ∆Yi is given by:

τi − ∆Yi = Yi,pre(1)− Yi,post(0) ≡ νi,

where νi denotes the difference between the pre-treatment outcome under the eventual expo-
sure to treatment, and the post-treatment counterfactual outcome had the student not been
treated. In the discussion that follows, we first outline the assumptions required to identify
τi directly. While these assumptions are informative, they are more restrictive than those
necessary for our main analysis. We then turn to the assumptions under which the estimands
of interest can be identified from the observed ∆Yi.

A.1.1.1 Building Intuition: Identification of Individual Treatment Effects τi
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Illustrative Assumption 1 (IA1: Stability of Untreated Potential Outcomes). In the absence
of treatment, the outcome would remain constant across the two measurement periods:

Yi,post(0) = Yi,pre(0).

This assumption rules out time-varying shocks that could influence outcomes independently
of the treatment between the pre- and post-measurement periods. In our experimental setting,
where the two measurements are taken only a few minutes apart, this assumption is likely to
hold. However, it is not strictly required for identification. As we discuss below, the analysis
can accommodate deviations from this assumption by allowing for idiosyncratic noise in either
the pre- or post-treatment periods.

Assumption 2 (A2: No Anticipation). Pre-treatment outcomes are unaffected by treatment
status:

Yi,pre(1) = Yi,pre(0).

This assumption rules out anticipation effects, in which students might alter their pre-
treatment responses in expectation of receiving the treatment. It also precludes spillover
effects from treated peers. In our setting, anticipation is unlikely to be a concern, as the
treatment is administered immediately after the pre-treatment measurement and students are
not informed of the intervention prior to completing the pre-treatment portion of the survey.
Moreover, our experimental design allows for a direct test of spillover effects, as discussed in
Section 5.5, and we find no evidence of such effects.

Under IA1 and A2, the treatment effect τi can be rewritten as:

τi = Yi,post(1)− Yi,post(0)

= Yi,post(1)− Yi,pre(0) (by IA1)

= Yi,post(1)− Yi,pre(1) (by A2)

= ∆Yi.

IA1 and A2 jointly allow for the identification of individual-level treatment effects us-
ing within-student changes in outcomes. However, assumption IA1 is more stringent than
required for our main analysis, which focuses on average treatment effects. In the next subsec-
tion, we relax this assumption and outline an identification strategy for the average treatment
effect without relying on the point identification of individual treatment effects.

A.1.1.2 Identification of Average Treatment Effects
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We now relax Assumption IA1 by allowing for idiosyncratic variation in untreated potential
outcomes across the two measurement periods, and turn to identifying average treatment
effects.

Assumption 1 (A1: Mean Stability of Untreated Potential Outcomes).

E
[
Yi,post(0) | i

]
= E

[
Yi,pre(0) | i

]
.

This assumption allows for idiosyncratic variation in untreated outcomes across the two
measurement periods, but rules out time-varying confounders.

E
[
Yi,post(0) | i

]
= E

[
Yi,pre(0) | i

]
(by A1)

= E
[
Yi,pre(1) | i

]
(by A2)

= E
[
Yi,post(0) + νi | i

]
(by definition of νi)

Hence, Assumptions A1 and A2 together imply that:

E
[
νi | i

]
= 0.

It follows that:
E[τi | i] = E[∆Yi | i].

The average treatment effect among a group of treated individuals is therefore identified
by the average within-student change in outcome among this group.

A.2 Estimating the Variance of Testing Noise

To identify the variance of the exogenous noise component ϵit in the grade-generating
process, we must separate it from the transitory skill shock ηit. Assume that ηit follows a
stationary AR(p) process:

ηit =
p

∑
k=1

βkηit−k + νit, (1)

where νit is a shock that is independent of past realizations. We set p = 2 to balance flexibility
and tractability given that we observe 5 time periods. This yields five unknown parameters:
(σ, ση, σν, β1, β2).

The variance of ηit under the AR(2) process in Equation 1 is:

σ2
η =

(1 − β2)σ
2
ν

(1 + β2)(1 − β1 − β2)(1 + β1 − β2)
(2)

53



which serves as our first identifying equation.

We estimate a fixed effects model of the form:

git − ḡt = θi + ηit + ϵit,

where ḡt is a test fixed effect and θi is a student fixed effect. The residual variance from this
regression, Var(ηit + ϵit), is estimated as 9.52, providing a second equation:

σ2
η + σ2 = 9.52.

Next, we use the variance of first-differenced residuals. Let ∆it denote the first difference
of the residuals:

∆it = (ηit + ϵit)− (ηit−1 + ϵit−1).

Its variance is:
Var(∆it) =

(
2 − 2β1 − 2β2

1 − β2

)
σ2

η + 2σ2,

which we estimate as 14.62. This provides a third identifying equation. This equality holds
only under stationarity, which imposes |β2| < 1, β1 + β2 < 1, and β2 − β1 < 1. We show that
these conditions are satisfied by our estimates.

Since ηit is unobserved, we cannot directly estimate the AR(2) process. However, we can
regress the predicted residuals on their lags:

ηit + ϵit = β̂1(ηit−1 + ϵit−1) + β̂2(ηit−2 + ϵit−2) + ξit,

where ξit represents a measurement error component. These estimates are biased, but under
standard assumptions:

p-lim(β̂k) = βk ·
σ2

η

σ2
η + σ2 .

We estimate (β̂1, β̂2) = (−0.24,−0.32). Both estimates are statistically significant at the 1%
level. These deliver the final two identifying equations.

Solving the system yields:

(σ, ση, σν, β1, β2) = (3.75, 8.72, 7.9,−0.28,−0.37).

The implied process is therefore stationary.
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Residual Normality

Figure A.1 displays the distribution of residuals, ηit + ϵit, from a student fixed effects regres-
sion using the demeaned grades on the left-hand side. The residuals appear approximately
normal, consistent with the Gaussian assumption on ϵit.

Figure A.1: Residuals from grade model with student and test fixed effects

A.3 Estimating the Subjective Variance of Grade Expectations

To quantify the uncertainty students associate with their own academic performance, we
estimate the variance implied by their reported beliefs over grade outcomes. Let git denote
the student’s grade in period t, and let ĝit represent the student’s subjective expectation of git,
computed as the mean of their reported beliefs.

Each student reports a probability distribution {πik}K
k=1 over a set of discrete grade bins

{g1, . . . , gK}, where πik = Pr(git = gk) and ∑K
k=1 πik = 1. For each grade bin, we use the

midpoint value µk to construct a student’s expected grade:

ĝit =
K

∑
k=1

πikµk. (3)
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The subjective variance is then defined as the expected squared deviation from the student’s
own prediction:

E[(git − ĝit)
2] =

K

∑
k=1

πik(µk − ĝit)
2. (4)

This measure captures the extent of uncertainty each student expresses about their future
performance. We compute this quantity for each student using their reported probabilities
for each test.

A.4 Constructing a Bayesian Benchmark

To assess how closely students’ forecasts align with rational updating, we construct a
Bayesian benchmark that combines each student’s subjective prior with the observed informa-
tiveness of grade signals. This benchmark reflects the final exam grade prediction that would
be made by a Bayesian agent who shares the student’s prior beliefs and updates rationally
using empirically estimated signal distributions.

A.4.1 Setup

Let Gi ∈ {g1, . . . , g5} denote the final exam grade bin of student i, and let Si denote an
observed signal prior to the final exam. We use the student’s grade on the fourth term test that
took place before the final as this signal. Before observing Si, student i reports a subjective
prior {πik}5

k=1 over the final grade bins, where πik = Pr(Gi = gk) and ∑k πik = 1. Because
students only report posterior beliefs over the final exam grades, we proxy πik using their
reported probabilities of scoring in each grade bin on the fourth term test. The signal Si is
observed prior to the final exam and is informative about Gi.

A.4.2 Empirical Likelihood Estimation

We estimate the conditional distribution of signal values given observed final exam out-
comes. For each grade bin gk, we construct the likelihood function ℓk(s) = Pr(Si = s | Gi = gk)

using a nonparametric approach. Specifically, we discretize the signal Si into Q quantile bins
and estimate the conditional probabilities by computing the relative frequency of each signal
bin within each grade bin.

To avoid assigning zero probability to unobserved signal-grade combinations, we use
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additive smoothing. Specifically, we define the smoothed empirical likelihood as:

ℓk(s) =
nks + λ

nk + Q · λ

where nks is the number of students with grade bin gk and signal bin s, nk is the total number
of students with grade bin gk, Q is the total number of signal bins, and λ > 0 is a smoothing
parameter. In our implementation, we set λ = 0.001 and Q = 200.

A.4.3 Bayesian Updating

Given the prior {πik} and the empirically estimated likelihoods {ℓk(Si)}, we compute the
posterior probability that student i belongs to grade bin gk using Bayes’ rule:

π̃ik = Pr(Gi = gk | Si) =
πik · ℓk(Si)

∑K
j=1 πij · ℓj(Si)

.

This posterior represents how a Bayesian agent with the student’s prior beliefs would rationally
update upon seeing the signal Si.

A.4.4 Posterior Prediction

The Bayesian benchmark prediction of the student’s final grade is given by the posterior
expected grade:

ĜBayes
i =

K

∑
k=1

π̃ik · µk,

where µk is the midpoint of grade bin gk. This benchmark captures the prediction that
would be made by a well-specified Bayesian forecaster who incorporates prior beliefs and
signal information. Comparing student predictions to this benchmark allows us to quantify
deviations from Bayesian updating.
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A.5 Appendix Tables

Table A.1: Pairwise Correlation Matrix of Grades

Test 1 Test 2 Test 3 Test 4 Test 5
Test 1 1
Test 2 0.78 1
Test 3 0.73 0.79 1
Test 4 0.67 0.71 0.73 1
Test 5 0.69 0.76 0.80 0.81 1

Notes: This table reports pairwise Pearson correlation coefficients between test grades across the five major
assessments in the course. Each entry shows the correlation between grades on the corresponding pair of tests,
based on the sample of students who took both tests. All coefficients are statistically significant at the 1% level.
The high correlations indicate that prior performance is highly predictive of subsequent outcomes.
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A.6 Survey Instructions

A.6.1 Introduction
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A.6.2 Effort Elicitation
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A.6.3 Belief Elicitation: Grades
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A.6.4 Belief Elicitation: Testing Noise
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A.6.5 Other Questions
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