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We survey a large, representative sample of retail investors in China to elicit 
their memories of stock market investments and their return expectations. We 
merge these survey data with administrative transaction data to test a model in 

which investors selectively recall past experiences to form their beliefs. Our anal- 
ysis uncovers new facts about investor memory and highlights similarity-based 
recall as a key mechanism of belief formation in financial markets. A rising mar- 
ket prompts investors to recall their past experiences more positively, leading 
to more optimistic forecasts of future returns. Recalled experiences can explain 

cross-investor variation in return expectations and, in our setting, dominate ac- 
tual experiences in their explanatory power. In the transaction data, we confirm 

that recalled experiences are reflected in investors’ trading decisions through a 
belief channel. JEL codes: D14, D91, G41. 
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I. INTRODUCTION 

Beliefs are central to economic decision making, yet re-
cent research increasingly challenges the full-information ratio-
nal expectations (FIRE) benchmark. Mounting evidence docu-
ments systematic deviations from this benchmark, prompting fur-
ther investigations into the mechanisms that shape belief for-
mation. 1 A growing theoretical literature proposes that mem-
ory can help reconcile many puzzles about beliefs and choices
( Mullainathan 2002 ; Gennaioli and Shleifer 2010 ; Malmendier,
Pouzo, and Vanasco 2020 ; Bordalo et al. 2021 , 2023 ; Wachter
and Kahana 2024 ). This literature highlights two key principles
of memory that shape belief formation. First, memory is limited
and selective: not all experiences are equally likely to be stored,
and not all memories are retrieved at any given time. Second,
because memory is associative, retrieval is often triggered by con-
textual, emotional, or narrative cues. In parallel, empirical work
has begun to examine memory mechanisms in the lab or through
surveys ( Zimmermann 2020 ; Andre et al. 2024 ; Colonnelli et al.
2024 ; Enke, Schwerter, and Zimmermann 2024 ; Gödker, Jiao, and
Smeets 2025 ; Graeber, Roth, and Zimmermann 2024 ). Yet field
evidence on how memory shapes belief formation and decisions
remains scarce. 2 

In this article, we study how memory shapes investor be-
liefs in financial markets. We view financial markets as an ideal
testing ground for the role of memory, given their real financial
stakes, strong incentives, and the potential for substantial gains
or losses. We survey a nationally representative sample of over
17,000 Chinese retail investors and, for a subsample, merge their
survey responses with detailed trading records. Compared with
1. Examples include underreaction at the consensus level ( Coibion and 
Gorodnichenko 2015 ), overreaction at the individual level ( Bordalo et al. 2020 ), 
extrapolative beliefs ( Greenwood and Shleifer 2014 ), and overconfidence ( Glaser 
and Weber 2007 ; Liu et al. 2022 ). Some of the proposed mechanisms focus on 

psychological biases, while others emphasize information frictions and bounded 
rationality. See Barberis (2018) for a review of the possible microfoundations of 
extrapolation. 

2. For example, when reviewing the evidence on the experience effect, 
Malmendier and Wachter (2024 , 2239) state that “there is little direct evidence 
on that link [between experience-induced choices and memories of those experi- 
ences]. It would be interesting to apply some of the techniques eliciting ‘retrieval’ 
from the laboratory studies on memory to individuals exposed to measurable ex- 
periences from years and decades ago as explored in the field studies.”
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xisting survey and experimental settings, our approach is closer 
o everyday decision making along several key dimensions. First, 
ur sample consists of real investors actively trading in a ma- 
or market, including high-net-worth individuals, who are typi- 
ally difficult to survey. Second, the decision domain we examine 

s high stakes: for many of the Chinese retail investors we survey, 
tock investment constitutes a significant fraction of their total 
nancial wealth. 3 Third, when studying the cued nature of mem- 
ry, we rely on cues that naturally occur in financial markets, 
ather than those introduced by experimenters. Fourth, by com- 
ining survey data with detailed transaction records, we observe 

nvestors’ past trading experiences and future trading behavior, 
llowing us to more directly link memory, beliefs, and behavior. 

To guide our empirical analysis, we begin with a memory- 
ased model of belief formation based on Bordalo et al. (2025) . 
e assume an investor has accumulated a database of past in- 

estment experiences and forecasts future returns in two steps. 
n the first step, called recall, she retrieves past experiences based 

n the rule of similarity—experiences similar to the present cue 

re more likely to be recalled—using returns, perhaps the most 
biquitous stimulus in financial markets, as the cue. The model 
an also be extended to include other memory forces, such as re- 
ency and salience. In line with memory research ( Kahana 2012 ), 
he model predicts that positive recent returns trigger the recall 
f past experiences that are also associated with positive returns. 
n the second step, called simulation, the investor uses retrieved 

xperiences to simulate a distribution of future returns, which 

uides her forecasts. Positive recalls are thus associated with 

igher average return forecasts and lower crash probability fore- 
asts. The model implies return extrapolation as a consequence 

f cued recall: high recent returns prompt more positive recalls, 
eading to more optimistic forecasts. 

In the baseline survey, we design two theory-driven question 

locks to elicit investor memory. The first block, FreeRecall , asks 
nvestors to (i) recall a market episode that first comes to mind 

nd (ii) then recall the market return during that episode. As 
he name suggests, this block mirrors the well-established exper- 
mental paradigm of free recall to capture the market episode 

hat an investor immediately thinks of when looking at past 
3. In our sample, the median fraction of wealth invested in stocks is around 
6%. 

eptem
ber 2025
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trading experiences (e.g., Murdock 1962 ; Kahana 2012 ). 4 To min-
imize confounding effects, all respondents begin with the FreeRe-
call block. The second block, ProbedRecall , asks investors to recall
their own return in the stock market over a given horizon (from
“yesterday” to “past five years”). The survey also collects informa-
tion on investor beliefs, including expectations of market and own
returns and perceived crash probabilities, and other individual
characteristics such as the Big Five personality traits, measures
of social activities, and demographics. After applying filters, our
main sample consists of approximately 17,000 valid responses.
More than a quarter of these responses are merged with detailed
transaction-level data from our collaborating institution, forming
the merged sample. 

With these data in hand, we confirm that investors were in-
deed making a conscious effort when completing the recall tasks.
We show that recalled experiences, on average, are highly cor-
related with the actual experiences observed in the market data
and transaction data. For example, in FreeRecall , where investors
are asked to recall market returns for episodes that first come
to mind, the correlation between the recalled return and the ac-
tual return is 0.57. A positive correlation is also observed in
ProbedRecall between recalled own returns and actual own re-
turns. Overall, the survey-elicited experiences are strongly corre-
lated with investors’ objective experiences, supporting the valid-
ity of our survey design. 

Next we document new stylized facts about investor memory.
For example, when prompted to recall a past market episode, in-
vestors tend to retrieve both recent episodes and distant episodes
featuring dramatic market movements, such as bubbles and
crashes. This non-monotonic recall pattern suggests that to real-
istically capture investors’ memory structure, it is insufficient to
treat the effect of past experiences as simply decaying over time.
Instead, features of the experiences themselves, such as salience,
also play an important role in investor recall (e.g., Bordalo et al.
2023 ; Wachter and Kahana 2024 ). 

After documenting basic facts about investor memory, we test
our model, following Figure I , which outlines the logical chain
4. Free recall is also analogous to the idea of “what comes to mind,” which 

can account for biases in judgment and decision making ( Gennaioli and Shleifer 
2010 ). 

on 09 Septem
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FIGURE I 

Chain from Cue to Recall, Belief, and Action 
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rom cue to recall, belief, and finally action. Our subsequent anal- 
sis examines each of these links in turn. 

We start by testing the first part of our model, recall, by 

xamining how recalled experiences relate to recent market re- 
urns. Our empirical strategy relies on the gradual rollout of 
he survey over six weeks, enabling us to analyze how varia- 
ion in market returns influences retrieved memories for both 

ecall blocks. In FreeRecall , when the stock market rises on the 

urvey day, investors who recall more recent episodes—spanning 

o more than the past five years—are more likely to retrieve an 

pisode featuring a bullish market. For example, a 1 percentage 

oint increase in the market return on the survey day is associ- 
ted with a 2.5 to 4.1 percentage point increase in the recalled 

pisode return, depending on the precise specification. However, 
his cued recall result holds only for investors with recent recalls 
nd not for the full sample. In ProbedRecall , when the market 
oes up today, investors tend to recall their past performance 

ore positively, even after controlling for their actual perfor- 
ance. Specifically, a 1 percentage point increase in the survey 

ay’s market return is associated with a 52 basis point increase 

n the recalled own return for the previous day. Together, the two 

esults support the model’s predictions on cued recall. Memory is 
ot a static representation of past experiences; instead, it is much 

ore fluid, shaped by the available cues in the current context 
nd varying over time as the context changes. 

We proceed to test the second part of the model, simulation, 
y examining the relationship between recalls and beliefs. In both 

ecall tasks in our survey, retrieved memories are strongly corre- 
ated with return expectations, even after controlling for an ex- 
ensive list of demographic variables and other investor charac- 
eristics. The economic significance is large. For example, as in- 
estors’ recalled past one-month own returns increase from the 

5th to the 75th percentile, their return expectations for the next 
 2025

art/qjaf035_f1.eps
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month and the next year increase by 0.7 and 1.8 percentage
points, respectively. 

We analyze additional properties of the simulation process.
First, it exhibits horizon dependence, meaning there is alignment
between the forecasting horizon and the recall horizon. For exam-
ple, when the forecasting horizon is one year, investors’ return ex-
pectations rely more on their recalled past one-year returns than
on their recalled one-month returns. Second, in a series of horse
races between the explanatory power of actual versus recalled ex-
periences for beliefs, recalled experiences consistently dominate.
This suggests that at least in our setting, the internal, subjec-
tive representation of experiences—shaped by selective and cued
recall—may play a larger role than objective experiences in be-
lief formation. The weakened correlation between past returns
and return expectations after controlling for recalled experiences
further supports a memory-based microfoundation for return ex-
trapolation. Third, a single variable based on recalled own re-
turn demonstrates similar explanatory power, as measured by
the adjusted R2 , to that of an exhaustive list of individual char-
acteristics combined. Fourth, when linking retrieved memories to
forecast errors, we find a similarly positive relationship. Thus, in-
vestor memory not only explains overall return expectations but
also contributes to forecast errors. 

While the robust relationship between recalls and beliefs doc-
umented above is consistent with simulation, we also consider
alternative explanations. The first is anchoring—that is, people
may base their answer to a later question on their answer to an
earlier one. To address this, we consider three types of anchor-
ing that may arise in our setting: anchoring on numbers, anchor-
ing due to similarity in wording, and anchoring due to similarity
in answer options. Overall, the evidence from additional belief
questions and alternative elicitation methods does not support
the view that these forms of anchoring drive our results. 

Second, to address concerns about priming—eliciting mem-
ory before beliefs potentially overstating the role of memory—
we conduct an additional survey that varies the order of survey
blocks. The results show that the relationship between recalls and
beliefs remains largely unchanged regardless of the order of the
survey blocks. Note that we ask survey participants not to refer
to external sources when answering our questions. Although this
leads to a more faithful description of their investing memories,
it may also lead to a stronger correlation between memories and
 r 2025
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eliefs than would be observed in some real-world settings. As 
uch, our results may be more relevant for less sophisticated in- 
estors, who make less formal use of external sources in their 
ecisions. 

Third, we examine other explanations, such as the use of de- 
ault options driven by cognitive uncertainty ( Enke and Graeber 
023 ) and consistency bias ( Falk and Zimmermann 2013 ) and ar- 
ue that these are unlikely to fully account for our findings. We 

iscuss the limitations of our setting—for instance, eliciting both 

ecall and belief in the same survey may lead respondents to infer 
 connection between the two, potentially introducing an exper- 
mental artifact—and suggest ways future research can improve 

he design. 
Finally, we validate our belief measures by showing that 

ore optimistic investors increase their equity holdings shortly 

fter the survey. This positive correlation between beliefs and ac- 
ions is particularly strong for the return expectations explained 

y recalls, consistent with a belief channel through which mem- 
ry influences trading decisions. This final piece of evidence com- 
letes the chain of relationships illustrated in Figure I . 

This article provides new facts about investor memory in the 

eld. Consistent with Malmendier and Nagel (2011 , 2016) , mem- 
ry in our data exhibits a strong recency effect. We show, however, 
hat memory is not simply a function of time elapsed since an 

vent; it is also shaped by the characteristics of the experiences. 
n particular, salient events, such as sharp run-ups and crashes, 
re more likely to be recalled, consistent with the predictions from 

achter and Kahana (2024) . Moreover, memory is not static—it 
s influenced by the environment one is currently in, as demon- 
trated by our analysis of cued recall. Therefore, to the extent 
hat experience can affect decisions through memory, models that 
ncorporate key features of the human memory system, such as 
ontext retrieval and similarity-based recall, can explain a wider 
ange of behaviors, as shown in work by Wachter and Kahana 

2024) and Bordalo et al. (2023 , 2025) . Charles (2022 , 2025) also 

resents field evidence demonstrating that associative memory 

an affect trading behavior and asset prices at the market level. 
ur approach is different: we directly elicit investor memories, 
xamine their properties, and link them to beliefs and trading 

ehavior at the individual level. 
Our analysis highlights the importance of memory in belief 

ormation. The strong and robust relationship between recall and 
r 2025
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expectations is consistent with the notion of simulation—that is,
the idea that investors form expectations about the future by re-
trieving past experiences ( Bordalo et al. 2025 ). Notably, in our
setting, the mental representation of past experiences in mem-
ory, shaped by selective and cued recall, has more explanatory
power for beliefs than actual experiences do. Furthermore, we
contribute to the literature on investor heterogeneity by showing
that memory can significantly enhance the explanatory power of
individual characteristics for cross-sectional variation in beliefs
( Giglio et al. 2021 ; Jiang, Peng, and Yan 2024 ). 

Last, our article contributes to the growing literature that
combines survey data with observational data ( Giglio et al. 2021 ;
Liu et al. 2022 ). Previous studies have used surveys to collect in-
vestors’ expectations and trading motives. In contrast, we collect
investors’ recalls and expectations, merging the survey data with
information on their actual trading behaviors. 

The rest of the article is organized as follows. Section II
presents a simple model that serves as our conceptual framework.
Section III explains the survey design and other data sources and
documents key stylized facts about investor memory. Sections IV
and V empirically test the two parts of the model: recall and sim-
ulation. Section VI concludes. 

II. A CONCEPTUAL FRAMEWORK 

II.A. Setup 

To guide our empirical analysis, we present a model of be-
lief formation in financial markets based on Bordalo et al. (2025) .
Suppose that in the current period T , an investor observes that
the return on her portfolio is rT . She has accumulated a trading
experience in each period t ( 1 � t � T ). In reality, this experience
is characterized by multiple attributes (e.g., time, location, and
experienced return), but for simplicity, we assume that the period
t experience is fully characterized by the experienced return, rt .
Later we discuss how relaxing this assumption can generate ad-
ditional predictions. For these T experienced returns, we assume
that each is a random draw from a normal distribution with a
mean of μ and a variance of σ 2 , with a probability density func-
tion (PDF) denoted by f (·) . To simplify calculations, for most of
our analysis, we assume that T is sufficiently large so that the
  2025
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I.B. Cued Recall 

1. Free Recall. When asked to recall an experience that first 
omes to mind, in the absence of additional prompts or cues, the 

nvestor engages in “free recall” by drawing from all of her past 
xperiences. Memory is associative ( Schacter 1996 ; Kahana 2012 ; 
addeley 2020 ). Various attributes of the current environment—
uch as location, narrative, story, image, and emotion—and the 

ndividual’s current internal context can trigger the recall of cer- 
ain past experiences. 5 

To incorporate cued recall into the model, we need to specify 

oth the cue and the mechanism through which it affects recall. 
irst, we focus on the current return rT as the cue. In Section 

V.A we provide a detailed rationale for this choice. Second, fol- 
owing Bordalo et al. (2025) , we assume that memory retrieval 
s guided by the rule of similarity: experiences with attributes 
imilar to the cue are more likely to be retrieved. Let s (rt , rT ) de- 
ote the similarity between the experienced return rt and the cue 

T , where a larger value indicates higher similarity and conse- 
uently a higher probability of retrieval. As a result, the recalled 

xperience is no longer a random draw from the distribution f (·) . 
nstead, it is drawn from the following “cued” PDF: 

f ∗(r | rT ) = f (r ) × s∗(r, rT ) , 1) 

here 

s∗(r, rT ) = s (r, rT ) ∫ 
z f (z ) × s (z, rT ) dz 

. 2) 

he denominator, 
∫ 

z f (z ) × s (z, rT ) dz , normalizes the PDF so that 
he total probability equals one. 

For simplicity, we focus on the following similarity function: 

s (r, rT ) = exp 

(
− (r − rT )2 

2 σ 2 
s 

)
, 3) 
5. There is also growing evidence in the economics literature studying the 
ole of cues. For example, Enke, Schwerter, and Zimmermann (2024) shows that 
xperiment participants are more likely to remember news cued by the current 
nvironment. Wachter and Kahana (2024) present a retrieved-context model to 
xplain various findings in the finance literature. 

r on 09 Septem
ber 2025
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where σs captures the strength of cued recall. According to
equation (3) , experienced returns closer in magnitude to rT have
higher similarity measures and are therefore more likely to be
recalled. A larger σs indicates weaker influence from the cue (for
example, if the investor perceives the cue to be less relevant). In
the extreme case where σs → + ∞ , s (r, rT ) approaches one, and f ∗

becomes equal to f ; that is, the cue does not affect the recall pro-
cess at all. 

With equation (3) as the similarity function, the mean of
the investor’s free-recalled return, R free (rt | rT ) , corresponds to the
mean of random draws from the cued distribution f ∗. We show in
Online Appendix A1 that 

R f ree (r | rT ) = (1 − α) μ + αrT , (4) 

where α = σ 2 

σ 2 + σ 2 
s 
. 6 Therefore, the investor assigns a weight of 1 −

α to the objective mean, μ, and the remaining weight, α, to the
cue, rT . This leads to the following prediction about free recall. 

PREDICTION 1. (Cue effect on free recall) The mean of an in-
vestor’s free-recalled return, R f ree (r | rT ) , is increasing in the
current period’s return rT . 

2. Probed Recall. Suppose the investor is asked to recall
specifically her experienced return in period t. Such a prompt
may trigger the investor to consciously search for a specific ex-
perience stored in her memory database. We refer to such a recall
process as “probed recall.” We assume that with probability θ ,
the investor correctly retrieves the target experience rt . However,
with probability 1 − θ , retrieval is unsuccessful, and she engages
in free recall instead; that is, her recalled experience is a random
draw from the “cued” PDF in equation (1) , with the mean given
by equation (4) . 7 Hence, the mean of the investor’s recalled period
6. Specification (3) is mathematically equivalent to the investor using the 
current return rT as a “signal” to infer rt in a Bayesian fashion. Specifically, the 
investor has prior belief about rt , where rt ∼ N(μ, σ 2 ) , and treats rT as a signal of 
rt : rT = rt + ε, with ε ∼ N(0 , σ 2 

s ) . She follows Bayes’s rule to obtain the following 

posterior distribution: rt | rT ∼ N((1 − α) μ + αrT , σ
2 
q ) , where σ 2 

q = σ2 σ2 
s 

σ2 + σ2 
s 
. 

7. Although the specifications for free recall and probed recall differ in form, 
they can be reconciled under a unified memory framework. Specifically, probed 
recall can be seen as recall triggered by more structured cues. If each experience 
is defined by both its return and the period in which it occurred, then probed re- 
call involves two cues: (i) the current market return, and (ii) the prompted time 
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return is given by 

R probed (rt | rT ) = θrt + (1 − θ )[(1 − α) μ + αrT ] . 5) 

s before, the recalled return in this probed recall task remains 
nfluenced by the memory cue—the current return. This leads to 

 second, related prediction about cued recall. 

REDICTION 2. (Cue effect on probed recall) The mean of the re- 
called return for period t, R probed (rt | rT ) , is increasing in the cur- 
rent period’s return rT . 

I.C. From Recalls to Beliefs 

After specifying the recall process, we turn to the forma- 
ion of beliefs. We consider a generic belief-formation problem in 

hich the investor needs to make forecasts about next period’s 
eturn, rT +1 . Following Bordalo et al. (2025) , we assume that the 

nvestor makes forecasts through “simulation”—using retrieved 

xperienced returns (i.e., r1 ,..., rT ) to simulate a distribution of 
uture returns. Under this assumption, the investor’s expected 

eturn for the next period is simply the average of his free re- 
alled returns, R f ree (r | rT ) , which is given by equation (4) . Hence, 
imulation naturally leads to return extrapolation based on the 

urrent return: 

REDICTION 3. (Return extrapolation) The investor’s average 

forecast of the return for period T + 1 is increasing in the cur- 
rent period’s return rT . 

Four clarifications are worth noting. First, to highlight the 

ole of simulation in belief formation, we assume that returns are 

ndependent and identically distributed and show that extrapo- 
ation arises even in this simple environment. In a more general 
etting where the returns are auto-correlated, a rational decision 

aker would extrapolate, and simulation amplifies the extrapo- 
ation by giving recent returns even higher weights in belief for- 

ation. Second, the current experience, rT , is only one of T ex- 
eriences, so its direct effect on belief formation is limited and 
indow. Including the time window as part of the cue increases the likelihood 
f retrieving experiences from that period—consistent with our assumption that 
nvestors correctly recall returns for that window with some probability. For par- 
imony, we model experiences as one-dimensional and use a reduced-form speci- 
cation for probed recall, but both recall types are conceptually consistent with a 
ingle cue-based retrieval process. 

 user on 09 Septem
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vanishes as T approaches infinity. However, its indirect effect re-
mains significant because, due to the cue effect, experiences with
higher similarity to rT are more likely to be sampled in the sim-
ulation process. Third, because cues affect both free recall and
probed recall, return extrapolation arises regardless of whether
the investor retrieves experiences using free recall or probed re-
call. 

Fourth, because the simulation process pertains to the en-
tire distribution of future returns, not just the average return, it
has additional implications for the perception of crash risk. Let
rT +1 < r denote a crash event, defined as a market return falling
below the threshold r . Our model predicts that the investor’s per-
ceived crash probability, Pr (rT +1 < r ) , decreases with the current
return, rT . This result, combined with Predictions 1 and 2 , implies
that the perceived crash probability also decreases with the aver-
age recalled return, R (rt | rT ) . Intuitively, higher current returns
shift the perceived return distribution to the right, increasing the
average expected return and lowering the perceived crash proba-
bility. This leads to the following prediction. 

PREDICTION 4. (Perceived crash risk) The investor’s perceived
crash probability for period T + 1 , Pr (rT +1 < r ) , is decreasing
in both the averaged recalled return R (rt | rT ) and the current
return rT . 

II.D. Extensions 

1. Recency and Salience. So far, the model focuses solely on
the cued recall aspect of memory. Two other well-documented as-
pects of memory—recency and salience effects—can also play sig-
nificant roles. We illustrate that recency and salience can be eas-
ily incorporated into our framework. 

First, to capture the recency effect, we follow the contigu-
ity principle dating back to Bower (1972) . Because the contextual
state evolves gradually, recent experiences often share a similar
context with the current state, making them more likely to be re-
called. To capture this formally in reduced form, we define the
recency measure as follows. For the period- t experience rt , its re-
cency measure r (rt ) is given by exp (−σr (T − t)) , where a higher
recency measure indicates a higher probability of being recalled.
The parameter σr determines the speed of decay for recency: a
higher σr indicates faster decay and therefore stronger recency ef-
fects. Second, to measure salience, we follow Bordalo, Gennaioli,
  2025
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nd Shleifer (2022) by assuming that a return is more salient 
f it contrasts more sharply with other returns and adopt the 

ollowing salience measure: a (rt ) = exp (σa (rt − μ)2 ) . According to 

his specification, returns that deviate more from the mean are 

ore salient and are more likely to be recalled. The parameter σa 
aptures the strength of salience: a higher σa means a dispropor- 
ionally high probability of recall for salient returns. 

To capture all three aspects of memory, we specify the re- 
rieval probability for the experience in period t as 

pt = s (rt , rT ) r (rt ) a (rt ) ∑ T 
τ=1 s (rτ , rT ) r (rτ ) a (rτ ) 

, 6) 

here the denominator normalizes the probabilities so that they 

um to one. In Online Appendix A1, we use a numerical exam- 
le to illustrate that all three effects jointly characterize the re- 
all process and the relative strength of each effect is determined 

y the three σ parameters. In particular, even after incorporat- 
ng both recency and salience effects, the cued recall phenomenon 

till emerges. 

2. Horizon Dependence. So far, each experience in the 

atabase has been characterized solely by the return experienced 

n a given period. In reality, the meaning of a period varies across 
ontexts, and an investor can represent an experience with any 

rbitrary time span. For instance, an investor may remember 
oth her return in March 2020 (when the market initially plum- 
eted due to COVID-19) and her overall return in 2020 (when 

he market as a whole rose substantially). 
When an experience is characterized by both its return and 

ts time span, the way return expectations are elicited can affect 
he recall process due to similarity. In particular, the forecast- 
ng horizon specified in the prompt can serve as a semantic cue, 

aking experiences with similar features more likely to be re- 
rieved. For example, when asked to forecast the return for the 

ext year, the investor may naturally draw on her past experi- 
nces of yearly returns rather than, say, monthly returns. Due to 

ecency, the most recent yearly return will play a disproportion- 
tely large role. Similarly, when prompted to forecast the return 

or the next month, the investor’s simulation would be based more 

n her recalled return over the past month. This implies a form 

f “horizon dependence” in belief formation: a longer forecasting 

orizon is associated with the use of more distant experiences. 
 2025
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III. SURVEY DESIGN AND STYLIZED FACTS 

We begin by elaborating on the survey design in Section III.A .
Section III.B details the implementation of the survey and the
other data sources used in the article. Section III.C reports the
summary statistics of key variables. Section III.D presents new
stylized facts about investor memory. 

III.A. Survey Design 

1. Recall. 
i. FreeRecall. The original survey is in Chinese; see Online

Appendix A2 for an English translation. The survey starts with
a block called FreeRecall , named after the well-established ex-
perimental paradigm of free recall (e.g., Murdock 1962 ; Kahana
2012 ). This survey block is designed to elicit a period of market
movement that first comes to mind when an investor thinks about
past stock market movements. By “free,” we mean that the task
imposes minimal restrictions on the period to be recalled. 

For FreeRecall , we consider three treatments: Neutral ,
Happy , and Painful . In the Neutral treatment, we ask an investor
to “first think about the overall stock market movement since
you opened an account.” We ask, “What is the episode of mar-
ket movement that first comes to your mind? Please enter the
starting month and ending month of this episode.” This phrasing
limits the recall episodes to those the investors have experienced
themselves. 8 After entering the market episode that first comes
to mind, investors are immediately asked three questions about
that episode: (i) “How much did the market (the Shanghai Com-
posite Index) move during this period?” (ii) “What was your total
RMB investment during this period?” and (iii) “What was your to-
tal RMB return during this period?”9 Because it may be difficult
to recall an exact number, we offer multiple choices for each ques-
8. Episodes not directly experienced, such as the Great Depression for Baby 
Boomers or the tech bubble for Gen Z investors, can also be recalled and affect 
belief formation. However, we focus exclusively on experience-based recall. In a 
survey conducted for a different project, we modify the FreeRecall type of question 

in two significant ways. First, we experiment with different phrasing to elicit the 
episode that first comes to mind. Second, we instruct investors not to limit their 
recall to periods they have personally experienced. We discuss these results in the 
Online Appendix A4 and A6.2. 

9. These responses are elicited after investors have specified their recall 
episodes. Therefore, they are no longer entirely “free,” as they are now conditional 
on the recalled episodes. By FreeRecall , we mean that the recall task of specify- 

f Econom
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ion, with each choice covering a fixed range of values (e.g., 0% to 

%). 10 

In addition to the Neutral treatment, which does not impose 

ny specific conditions on the type of episode to be recalled, we 

onsider two other treatments, each with a specific condition. 
n the Happy treatment, we ask investors to recall a pleasant 
pisode that first comes to mind. In the Painful treatment, we 

sk investors to recall a painful episode that first comes to mind. 
s before, immediately after recalling an episode, investors are 

sked to answer the same three questions regarding the mar- 
et return and their own returns during the recalled episode. In- 
estors are randomly assigned to one of the three treatments with 

qual probability. We later use the Happy and Painful treatments 
o test for anchoring in survey responses. 

ii. ProbedRecall. After FreeRecall , investors move on to the 

econd recall block, called ProbedRecall . We ask them to recall 
heir past own returns in the stock market for a given horizon. 
y “probed,” we emphasize that these questions are more specific 
nd detailed than those in FreeRecall , both the type of memory 

licited (own return) and the time period specified (one day to 

ve years). This mirrors the differences between free and probed 

ecall in the model. When an investor enters ProbedRecall , we 

sk: “To the best of your recollection, what was the cumulative 

eturn rate of your equity investment over: (1) the last trading 

ay; (2) the last month; (3) the past year; and (4) the past five 

ears?” As before, we design these questions to be multiple-choice, 
ith each choice covering a fixed range of values. 

In our model of simulation, investors repeatedly sample past 
xperiences to form expectations. In the survey, we are limited to 

he above two types of recalls. Despite their appearance as one- 
hot elicitations, we believe these two types are highly relevant 
or simulation. FreeRecall captures the first thoughts that come to 

ind, which is crucial because, while the model assumes repeated 

ampling, investors often reach conclusions based on limited sam- 
ling ( Gennaioli and Shleifer 2010 ). Although the free-recalled 
ng the episode imposes minimal restrictions and involves little interference from 

ther sections of the survey. 
10. We also have a similar set of questions at the stock level, and the response 

ate is substantially lower. Because we primarily focus on expectations at the 
arket level, we do not discuss the results of stock-level recall in the remainder 

f the article. 

s user on 09 Septem
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episode refers to a single period the investor chooses to recall, this
period may encompass multiple events and returns. In this sense,
it represents a subset of the investor’s memory database that they
are likely to sample from when forming expectations. Similarly,
ProbedRecall reflects a sequence of experiences—spanning from
a specific point in the past up to yesterday—capturing recent and
potentially relevant information for decision making. 

2. Expectation. After the two recall blocks, investors enter
the third block, Expectation . This block elicits beliefs about both
the market and the investor’s own portfolio. For the market, we
ask about the mean return and the probability of a crash. As
with the previous questions, these use a multiple-choice design
and are phrased similarly to those in earlier studies ( Giglio et al.
2021 ; Liu et al. 2022 ). For example, when eliciting beliefs about
the mean market return over the next month, we ask: “What do
you expect the cumulative return rate of the Shanghai Composite
Index to be over the next 30 days?” When eliciting beliefs about
crash probability, given that the Shanghai Composite Index hov-
ered mostly between 3,500 and 3,600 during the sample period,
we focus on two potential crash events: the index dropping be-
low 3,000 within a month and the index dropping below 2,500
within a year. Investors are asked to report a percentage number
between 0% and 100% as their subjective probability of a crash. 

Throughout the main survey, we follow the order of sur-
vey blocks as FreeRecall , ProbedRecall , and Expectation , based
on two considerations. First, starting with FreeRecall minimizes
any confounding effects that the other blocks might have on in-
vestors’ free-recall process. Second, placing Expectation after the
two recall blocks helps avoid the influence of motivated reason-
ing ( Bénabou and Tirole 2002 , 2004 ), which could lead investors
to alter their recall answers to align with their reported beliefs.
A potential concern with eliciting recalls before beliefs is that it
may make the recalls more salient, prompting investors to rely
more heavily on them when forming beliefs. In Section V.E , we
address this concern with an additional survey in which we vary
the order of the survey blocks to show that our analysis is robust
to different orderings of survey blocks. 

3. Other Blocks. At the beginning of the survey, investors
are explicitly instructed to rely solely on memory and not to check
their brokerage account or search the internet when answering
  2025
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FIGURE II 

Organization of Survey Blocks 
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ics use
he survey questions. Although we cannot verify whether an in- 
estor strictly follows our instructions, around 60% complete the 

ntire survey within 10 minutes, which leaves limited time for 
uch checking. In addition, since the survey is not incentivized 

ith money, investors lack the incentive to make an effort to 

earch for the precise answers. 11 Even if some investors did check 

nline, such behavior would likely introduce an attenuation bias 
n most of our analyses. 

At the beginning of the survey, investors must complete a 

omprehension check, which includes questions about basic fi- 
ance concepts such as dollar investment and dollar return. In- 
estors who do not pass this check are excluded from our analy- 
is. After passing the comprehension check, investors proceed to 

ne of the three treatments in FreeRecall ( Neutral , Happy , and 

ainful ), before moving on to ProbedRecall and then Expectation . 
fter Expectation , investors complete a personality block, which 

ncludes 20 questions designed to measure the Big Five personal- 
ty traits ( Jiang, Peng, and Yan 2024 ). At the end of the survey, a 

tandard questionnaire is used to collect demographics and other 
nformation, including name, date of birth, age, gender, wealth, 
ncome, and social activities. Figure II illustrates the design of 
he survey blocks. 

II.B. Survey Implementation and Other Data Sources 

1. Main Sample. We administered the survey through a 

arge financial institution in China, which maintains close rela- 
ionships with all major Chinese brokerage firms and has access 
11. The survey is not monetarily incentivized due to regulatory concerns, 
hich significantly reduces participants’ motivation to tailor their answers to per- 

eived expectations. In addition, the online survey platform eliminates direct in- 
eraction between researchers and respondents, further minimizing any inclina- 
ion to cater to the experimenters. 
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to the trading records of all retail investors. This partnership al-
lowed us to randomize our sample across the branch offices of
China’s 60 largest brokers. The number of branch offices selected
in each province was proportional to the trading volume from
that province. Specifically, we selected 2,993 branch offices across
30 provinces (and regions) and our collaborating institution re-
quested that each branch office collect at least 10 valid responses.

The survey was conducted between November 29, 2021, and
January 9, 2022. To expose investors to different market condi-
tions during the survey period, we conducted the survey in three
waves, each lasting two weeks. Investors could complete the sur-
vey using either their personal computers or smartphones, with
the vast majority opting for smartphones. An investor’s response
is considered invalid if they spent less than 175 seconds (the 5th
percentile) to finish the survey, failed the comprehension check, or
recalled an episode spanning longer than 10 years in FreeRecall . 12 

Table I details the sample construction process. Our main sample
consists of 17,324 valid responses, although missing data reduce
the sample size in subsequent analyses. By design, investors are
evenly distributed across the 60 brokers and the three FreeRecall
treatments. 

The distributions of demographics are plotted in Figure III .
Overall, the sample is young, well educated, and affluent: the me-
dian age is around 35, 61% hold a bachelor’s degree, and 34% have
wealth above 1 million RMB. 13 In Online Appendix A3.1, we plot
the distribution of survey respondents by day and by hour. Most
responses are recorded during trading hours when the market is
open. The correlation between the number of responses and daily
market return is close to zero, indicating that market conditions
do not significantly affect participation in the survey. 
12. We drop investors whose recalled episode spans more than 10 years, as 
the Chinese stock market only became active in the 1990s, and a recall covering 
roughly 30% of its entire history is less informative. This excludes a substantial 
fraction of the sample, possibly because some investors reported their entire trad- 
ing history as their response. Given the potential noise in these investors’ answers 
to other questions, we exclude these observations entirely from the analysis. 

13. To limit the influence of extreme observations that are more likely to be 
noise, we winsorize all variables at the 5th and 95th percentiles. Our communica- 
tions with the collaborating institution suggest that investors taking our survey 
tend to have closer ties with their account managers at the brokerage firm. This 
implies that our sample represents investors who are more socially active, better 
connected to their broker, and possess higher net worth. 

ool of Econom
ics user on 09 Septem
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TABLE I 
SAMPLE CONSTRUCTION PROCESS 

Filter Sample size 

Initial sample 37,921 
Drop if an investor spent < 175 seconds (5th percentile) on the survey 36,164 
Drop if an investor fails the two comprehension check questions 27,799
Drop if an investor’s recalled episode > 10 years in FreeRecall 17,324 

Main sample 17,324 
Treatment Neutral 6,214 
Treatment Happy 5,805 
Treatment Painful 5,305 

Merged sample 5,154 

Notes. We survey 37,921 retail investors in China. To ensure response quality, we 
impose the following filters to create our main sample: (i) the time spent to complete 
the survey must be at least 175 seconds (5th percentile); (ii) at the beginning of the 
survey, respondents must correctly answer two questions related to the concept of dollar 
investment and dollar return; (iii) in response to the question about the episode that 
comes to mind in the FreeRecall block, the length of the recalled episode must be no 
longer than 10 years. After imposing these three filters, we arrive at a main sample 
of 17,324 investors. In the FreeRecall block, investors are randomly assigned to one of 
the three treatments—Neutral , Happy , and Painful —which ask respondents to recall a 
past market episode that first comes to mind, that is the happiest, and that is the most 
painful, respectively. The number of qualified responses is 6,214, 5,805, and 5,305 for 
the three treatments, respectively. Finally, we are able to merge the survey responses 
with respondents’ actual trading records for a subsample of 5,154 observations. These 
responses constitute our merged sample. 
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2. Merged Sample. For 5,154 investors, we are able to 

erge their survey responses with their detailed transaction data 

ccessed through the collaborating institution, which contains 
he entire trading history of all stocks listed on one of the two 

ain exchanges in China. As before, missing data may further 
educe the sample size. The main requirement for a successful 
erge is that the name and date of birth reported by the investor 
niquely identify the same individual in the transaction data. In 

nline Appendix A3.2, we compare observable characteristics be- 
ween the merged sample and the unmerged sample, finding that 
he differences, if any, are generally small in magnitude. Online 

ppendix A3.3 further shows the trading characteristics of the 

nvestors in the merged sample. The average year-to-date maxi- 
um investment amount is 224,000 RMB, with a standard devi- 

tion of 380,000 RMB, indicating a wide range of investors across 
ifferent wealth brackets. The average monthly turnover is 81%, 
uggesting that investors in our sample trade frequently, reshuf- 
ing their entire portfolio almost once every month. The average 

onthly raw return is 0.26%, and after accounting for fees and 

axes, the average monthly net return is 0.07%. 
 2025

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data


20 THE QUARTERLY JOURNAL OF ECONOMICS

FIGURE III 

Distribution of Demographic Variables 

This figure reports the distribution of gender, age, annual income, wealth, edu- 
cation, and experience for survey respondents. The variable experience is defined 
as the number of years since an investor opens a trading account and is only avail- 
able for the merged sample. All other variables are based on the main sample. The 
y -axis represents the number of observations. 
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III.C. Summary Statistics 

Our analysis focuses on three types of variables: recalls, ex-
pectations, and realized values. To simplify notation, throughout
this article, we use R to denote recall and E to denote expectation.
Unless specified otherwise, a variable without R or E represents
the realized value. 
r 2025
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TABLE II 
SUMMARY STATISTICS OF RECALLED AND REALIZED RETURNS 

N Mean Std. dev. P5 P25 Median P75 P95 

Panel A: Main sample, the FreeRecall block 
R [MktRet episode ] 13,791 4.2% 36.5% −50.5% −17.5% 0.0% 12.5% 100.0% 

Neutral 5,087 5.6% 38.8% −50.5% −19.5% 0.0% 15.5% 100.0% 

Happy 4,511 23.4% 33.6% −8.5% 2.5% 9.5% 30.5% 100.0% 

Painful 4,193 −18.1% 21.3% −50.5% −32.5% −15.5% −3.5% 8.5% 

Panel B: Main sample, the ProbedRecall block 
R [OwnRet 1D ] 10,432 −0.3% 5.5% −13.5% −2.5% −0.5% 2.5% 10.5% 

R [OwnRet 1M 

] 9,957 −0.2% 6.5% −13.5% −4.5% 0.5% 4.5% 10.5% 

R [OwnRet 1Y ] 10,440 1.8% 13.2% −22.5% −6.5% 1.5% 8.5% 32.5% 

R [OwnRet 5Y ] 9,325 4.3% 24.3% −39.5% −9.5% 2.5% 10.5% 70.5% 

Panel C: Main sample, the Expectation block 
E [MktRet 1M 

] 12,786 2.0% 3.8% −5.5% 0.0% 1.5% 4.5% 9.5% 

E [MktRet 1Y ] 12,356 5.2% 6.7% −6.5% 0.0% 4.5% 9.5% 20.5% 

E [OwnRet 1M 

] 9,375 6.1% 7.7% −5.5% 2.5% 4.5% 9.5% 28.5% 

E [OwnRet 1Y ] 9,602 16.0% 23.4% −5.5% 4.5% 9.5% 19.5% 99.4% 

Panel D: Merged sample 
OwnRet 1D 2,759 0.3% 2.5% −3.0% −0.9% 0.2% 1.4% 4.0% 

OwnRet 1M 

2,936 3.2% 10.1% −10.5% −2.0% 2.6% 7.3% 18.6% 

OwnRet 1Y 3,309 8.0% 28.0% −24.1% −6.8% 3.5% 16.9% 52.1% 

Notes. This table reports summary statistics for recalled and actual experiences in the 
FreeRecall and ProbedRecall blocks. In the FreeRecall block, investors are randomly assigned 
to one of the three treatments, Neutral , Happy , or Painful , which ask respondents to re- 
call a past market episode that first comes to mind, that is the happiest, and that is the 
most painful, respectively. Respondents are then asked to recall the market return, labeled 
R [MktRet episode ] during the recalled episode. The ProbedRecall block asks investors to recall 
returns of their own portfolios over the past one day, one month, one year, and five years, 
labeled as R [OwnRet 1D / 1M / 1Y / 5Y ] . The Expectation block asks investors to predict future re- 
turns of the market and their own portfolios in the next month and next year, labeled as 
E [MktRet 1M / 1Y ] and E [OwnRet 1M / 1Y ] . In Panels A–C, we report the summary statistics of 
these variables in the main sample. For a subsample of respondents for whom we can observe 
their transactions (the merged sample), we also calculate their actual portfolio returns over 
the same period of time, denoted by OwnRet 1D / 1M / 1Y / 5Y , and report the summary statistics in 
Panel D. 
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1. Recalls. FreeRecall asks investors to recall a market 
pisode that first comes to mind when thinking about past 
tock market movements. For simplicity, we refer to an in- 
estor’s answer to this question as the “recalled episode” or just 
episode.” In addition, investors are asked to recall the mar- 
et return during the recalled episode, which we denote as 
 [MktRet episode ] . Table II , Panel A reports the summary statis- 

ics of R [MktRet episode ] , first for all three FreeRecall treatments 
ombined, and then for each treatment separately. 
 2025
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First we consider all three treatments combined. The stan-
dard deviation of R [MktRet episode ] is large, indicating substantial
variation in the types of market conditions investors recall. In-
deed, more than 10% of investors recall an episode during which
the market doubles in value or shrinks by half. The median of
R [MktRet episode ] is around zero, suggesting that overall, investors
are not selectively recalling more positive or negative experi-
ences. We compare across the three treatments using the Neu-
tral treatment as a benchmark. By design, the distribution of
R [MktRet episode ] shifts to the right for the Happy treatment and to
the left for the Painful treatment. Within each treatment, there is
again sizable variation in R [MktRet episode ] , indicating substantial
heterogeneity in what comes to mind for each investor. 

ProbedRecall asks investors to recall their own returns on
their equity investment over a given horizon. We label these re-
calls R [OwnRet] and use a subscript to specify the recall hori-
zon (e.g., R [OwnRet 1D 

] for recalled own return from yesterday).
Table II , Panel B reports the summary statistics of R [OwnRet].
There is significant variation in R [OwnRet] for all recall hori-
zons, with the amount of variation increasing as the recall horizon
lengthens. Comparing the mean and median across recall hori-
zons, we observe that a longer recall horizon is associated with
more positive recalls. 

2. Expectations. Table II , Panel C reports the summary
statistics for four measures of beliefs: expectations ( E ) of the mar-
ket return (MktRet) or one’s own return (OwnRet) over the next
month (1M) or year (1Y). Even when investors are asked about
the same variable of market return, we observe substantial het-
erogeneity in their subjective beliefs. When comparing return ex-
pectations for the market and their own returns over the same
horizon, we observe that expectations of own returns are gen-
erally higher than those of market returns, consistent with the
notion of overconfidence. 

3. Realizations. Table II , Panel D reports the summary
statistics of actual own returns, denoted by OwnRet, over various
horizons for the merged sample. For horizons between one day
and one year, R [OwnRet] is generally lower than OwnRet for the
same period, indicating a conservative bias in recall. When the
horizon extends to five years (not shown), however, there is sug-
gestive evidence of positively biased recall: the median recalled
  2025
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TABLE III 
CORRELATIONS BETWEEN RECALLED AND ACTUAL RETURNS 

R [MktRet episode ] R [OwnRet 1D 

] R [OwnRet 1M 

] R [OwnRet 1Y ] 

MktRet episode 0.57∗∗∗
(0.01) 

OwnRet 1D 

0.10∗∗∗
(0.02) 

OwnRet 1M 

0.25∗∗∗
(0.02) 

OwnRet 1Y 0.32∗∗∗
(0.02) 

Notes. This table reports the correlation coefficients between recalled and corresponding actual returns in 
the FreeRecall for the main sample and in the ProbedRecall for the merged sample. For example, the top left 
cell shows the correlation coefficient between the recalled and actual market episode return ( R [MktRet episode ] 
and MktRet episode ). Standard errors are in parentheses. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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wn return is 2.5%, and the median actual own return is around 

.9%. One possible explanation is that long-term performance is 
arder to recall, leaving more room for investors to positively bias 
heir memories of past performances—a form of motivated rea- 
oning. 

4. Recalls and Realizations. To examine the accuracy of in- 
estor recalls, Table III reports the correlation between the re- 
alled and realized values of the same variable. For FreeRecall , 
he correlation between R [MktRet episode ] and MktRet episode is 0.57. 
or ProbedRecall , the correlation between R [OwnRet] and Own- 
et ranges from 0.10 to 0.32. All of these coefficients are highly 

tatistically significant. Overall, the positive correlations confirm 

hat investors made a conscious effort when completing the recall 
asks. 

II.D. Stylized Facts 

We present several stylized facts about investor memory by 

xamining the basic structure of the memories investors report, 
uch as the types of episodes they recall and their content. This 
erves as a baseline characterization of the memory database. In 

ontrast, in Section IV , we explore how memory varies systemat- 
cally with external market cues. 

To analyze the properties of FreeRecall , Figure IV , Panel A 

lots the distribution of the start and end months of the recalled 

pisodes against the Shanghai Composite Index for the Neutral 
 2025
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FIGURE IV 

Distribution of Recalled Market Episodes in FreeRecall 

In the Neutral treatment of the FreeRecall block, investors are asked to recall a 
past market episode that first comes to mind. We plot the distribution of start and 
end months of the reported episodes. The solid blue line represents the Shanghai 
Composite Index. The solid black bars represent the frequency of responses. The 
legends on the y -axes represent the level of the Shanghai Composite Index. Panel 
A is based on the main sample. Panel B is based on a subsample that excludes 
investors who started trading stocks during the last year of our sample (2021). 
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treatment. The gray bars represent the frequency of responses,
and the blue line represents the index. Two patterns immediately
emerge in Figure IV . First, recalls display a strong recency effect:
a disproportionally large number of responses concern recent pe-
riods, especially for the end month. This result mirrors the re-
cency effect documented in free recall experiments conducted by
memory psychologists, where items that participants saw most
recently are more likely to be recalled ( Kahana 2012 ). In our
setting, one potential driver of the recency effect is investor ex-
perience: as the question explicitly instructs investors to recall
  2025
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nly experiences since they started trading, new investors will 
echanically report more recent periods. To rule out this alterna- 

ive force, Figure IV , Panel B replots the distribution of recalled 

pisodes but excludes investors who entered the market during 

he past 12 months. If recency plays no role, then all the months 
uring the past year should be equally likely to be recalled. How- 
ver, Panel B shows a cluster of recalled episodes for the most 
ecent month. 

A second pattern that emerges in Figure IV is that a substan- 
ial fraction of recalled market episodes tilt toward two bubble- 
nd-crash episodes, one in 2007–8 and another in 2014–15. 
herefore, unlike the specification used in models of experience 

ffects ( Malmendier and Nagel 2011 ), the probability of recall- 
ng an episode is not merely a function of time elapsed. Instead, 
eatures of the experience, such as the extremeness and rarity of 
he event, can influence investor recall. There are several poten- 
ial explanations for the salience effect, one being attention. It 
as been observed that market run-ups are eye-catching events, 
rawing attention from retail investors whose active trading 

ventually leads to a trading frenzy ( Scheinkman and Xiong 2003 ; 
iong and Yu 2011 ; Barberis et al. 2018 ; Liao, Peng, and Zhu 

022 ). Because more mental resources were devoted to tracing 

nd monitoring the stock market at the time—a process through 

hich experiences are encoded into memory—these experiences 
re subsequently more likely to be recalled ( Mullainathan 2002 ). 
his observation also supports the retrieved-context model by 

achter and Kahana (2024) , which allows for stronger encoding 

f experiences that are more extreme. 
In Online Appendix A4 , we conduct a variety of robustness 

hecks for the recency and salience effects. First, we plot the dis- 
ribution of recalled episodes for two subsamples split by age. 
oth recency and salience effects are observed in the two sub- 
amples, with the recency effect being more pronounced in the 

ounger sample. Second, we consider an alternative phrasing for 
he FreeRecall block that allows for recalling episodes not per- 
onally experienced, and we find similar patterns of recency and 

alience. One remaining issue with our phrasing is that asking for 
n “episode of market movement” may prompt investors to recall 
ore turbulent periods. More generally, eliciting market experi- 

nces without inadvertently encouraging attention to dramatic 
vents is inherently challenging, as even alternative wordings—
uch as asking about a “return,” “period,” or “condition”—are 
r 2025
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likely to cue respondents toward more salient, volatile episodes.
Developing new elicitation methods to minimize the influence of
question wording on recall remains an important direction for fu-
ture research. Third, our simulations show that the documented
salience and recency effects cannot be attributed to the mechan-
ical consequence of inflows of new investors. Fourth, recency and
salience are observed across investors with varying trading inten-
sities. Together, these additional results suggest that recency and
salience effects are robust to alternative explanations. 14 Last, it is
worth noting that the coexistence of recency and salience effects
is reminiscent of the “peak-end” rule, whereby people evaluate an
experience primarily based on how they felt at its peak and its
end ( Fredrickson and Kahneman 1993 ; Kahneman et al. 1993 ). 

IV. CUED RECALL 

This section tests the first part of the model, recall, by study-
ing how return cues affect the dynamics of investor memory over
time. This corresponds to the link between “cue” and “recall”
shown in Figure I . In Section IV.A , we discuss how the survey
generates variation in return cues. In Sections IV.B and IV.C , we
examine the relationship between return cues and the memories
elicited by the two recall blocks. 

IV.A. Return as the Cue 

The complexity of the stock market gives rise to many po-
tential cues—for example, location, experienced returns, media
narratives—all of which could affect investor recall. Our empiri-
cal design focuses on returns as the cue for several reasons. First,
return is by far the most salient feature of the stock market. It
is frequently cited and discussed in the media, drawing signifi-
cant attention from investors. Second, from an investor’s perspec-
tive, return is directly linked to fluctuations in wealth, creating
a monetary incentive to closely monitor their brokerage account.
While many other cues, such as media narratives, can also influ-
ence investor recall, they are often constructed based on the latest
market movements and are unlikely to operate independently of
returns. 
14. In Online Appendix A5, we further document an age effect in recall: older 
investors generally tend to recall a more bullish episode. We further show that this 
phenomenon is more consistent with selective recall, rather than biased recall. 

9 Septem
ber 2025
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FIGURE V 

Distribution of Daily Returns During the Survey Period 

The figure plots the daily stock market return (in %) for the Shanghai Composite 
Index during our survey period, November 29, 2021, to January 9, 2022. 
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We hypothesize that returns—returns of the entire market 
nd returns in one’s own portfolio—can cue investors to think of 
ast trading experiences. This hypothesis directly corresponds to 

redictions 1 and 2 , which argue for cued recall in FreeRecall and 

robedRecall . While market returns and own returns are highly 

orrelated and attention-grabbing, the mechanism through which 

hey attract attention may differ: market returns attract atten- 
ion because they are salient and frequently discussed in the 

ews, while own returns draw attention because they are directly 

inked to individual wealth. 
When distributing the survey to investors, we rolled it out in 

hree waves over six weeks to obtain significant variation in daily 

arket returns in our sample period. Figure V shows the evolu- 
ion of daily returns during this period. The maximum daily re- 
urn was 1.18%, the minimum was −1.16%, and the standard de- 
iation was 0.66%. The survey platform recorded the precise time 

hen an investor began taking the survey. Therefore, even for in- 
estors taking the survey on the same day, the intraday returns 
 2025
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they experienced could differ as the market fluctuates throughout
the day. When examining own returns as a cue, our analysis is re-
stricted to the merged sample, for which we can observe detailed
transaction data. 

IV.B. Testing Cued Recall in the FreeRecall Block 

According to Prediction 1 , a positive return can trigger the
retrieval of an episode featuring a booming market. To test this,
we use the following main specification (for notational simplicity,
we omit the subscript i , which indexes investor i ): 

R [MktRet episode ] = β0 + βD 

MktRet today + βM 

MktRet 1M 

+ βY 

MktRet 1Y 

+ X + ε. (7) 

On the left side, R [MktRet episode ] denotes an investor’s re-
called episode market return in FreeRecall . On the right side,
MktRet today represents the cumulative market return today up
to the minute when the investor starts the survey; MktRet 1M 

( MktRet 1Y 

) represents the cumulative market return over the last
month (year); and X denotes various individual-level controls, in-
cluding age, gender, education, wealth, income, and measures of
social activities. Simply put, specification (7) tests whether mar-
ket fluctuations today and over the past month or year affect in-
vestor recall. Note that if the cue and the recalled episode over-
lap in the time period they cover, this could create a mechanical
positive correlation and bias the estimated coefficients upward.
Therefore, we exclude observations where the recalled episode
ends in 2021 (the survey was conducted at the end of 2021). This
also ensures that FreeRecall and ProbedRecall (which, as shown
later, examine recalled own returns over the past month and year)
do not overlap in the periods they cover. To minimize the effects of
question phrasing, our main analysis only uses the Neutral treat-
ment. Using Happy and Painful treatments might introduce bias,
as investors could be influenced by the specific condition in the
question prompt (e.g., recalling a pleasant or painful episode) and
the market return. 

Table IV , columns (1)–(4) report the results for the full sam-
ple in the Neutral treatment. For all four regressions, the coeffi-
cients on MktRet today , MktRet 1M 

, and MktRet 1Y 

are close to zero
and insignificant. 

The null results in columns (1)–(4) may initially appear sur-
prising and counter to the prediction of similarity-based recall.
  2025
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TABLE IV 

TESTS OF CUED RECALL IN THE FreeRecall BLOCK 

Dependent variable: R [MktRet episode ] 

Main sample Sample of recent recalls 

(1) (2) (3) (4) (5) (6) (7) (8) 

MktRet today 0.36 0.74 2.49∗∗ 4.09∗∗
(1.35) (1.76) (1.24) (1.60) 

MktRet 1M 

−0.51 −0.08 0.94∗ 1.63∗∗∗
(0.57) (0.65) (0.48) (0.60) 

MktRet 1Y 1.25 1.32 −1.43 0.25 
(1.21) (1.27) (1.19) (0.86) 

Observations 3,503 3,503 3,503 3,503 940 940 940 940 
Adjusted R2 0.01 0.01 0.01 0.01 0.02 0.02 0.01 0.02 

Notes. We test the effects of cues on FreeRecall by regressing recalled market return for the episode, 
R [MktRet episode ] , on cues. We consider three types of cues: MktRet today is the market return on the day 
when the survey was completed and is calculated as the cumulative return from the market open to the 
minute when the investor starts to take the survey; MktRet 1M 

( MktRet 1Y ) is the market return over the 
past month (year) before the survey was taken. All results are produced using the Neutral treatment. We 
also exclude observations in which the recalled episode ends in or after December 2020, so that the recalled 
episode does not overlap with the cues. Columns (1)–(4) are based on the entire Neutral treatment; columns 
(5)–(8) are based on a subset of the Neutral treatment in which the recalled episode ending date is within the 
past one to five years. We control for age, gender, education, wealth, income, frequency of checking accounts, 
frequency of checking news, frequency of discussing investments, and number of WeChat groups. Standard 
errors, in parentheses, are clustered by date. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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 closer examination, however, suggests two alternative inter- 
retations. First, as shown in Section III.D , recalled episodes in 

reeRecall largely capture dramatic events featuring large swings 
n asset prices. This salience-recall pattern may be partly driven 

y the design of the question, which asks respondents to recall 
n episode of market movement, thereby reducing the cuing ef- 
ect of market returns when they are less extreme. Indeed, ac- 
ording to similarity-based recall ( Kahana 2012 ), for return cues 
o influence the retrieval of such salient events, the return cues 
hemselves may need to be extreme. However, Figure V shows 
hat although there is some degree of market volatility during 

ur survey period, the overall market lacked dramatic rises or 
alls in asset prices. As a result, during our sample period, mar- 
et returns as a cue may not be powerful enough to affect recall 
n FreeRecall . As part of a separate project, we conducted a simi- 
ar survey during a more volatile market environment and found 

tronger evidence for cue-driven recall. This alternative survey 

ook place during a period of more dramatic fluctuations—daily 
 2025



30 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjaf035/8215190 by London School of Econom

ics user on 09 Septem
be
returns ranged from −1.6% to 2.6%, and past-month returns from
−7.1% to 3.5%—and under these conditions, higher recent re-
turns were significantly associated with a greater likelihood of
recalling bullish episodes, suggesting that stronger return cues
enhance memory retrieval. The results are presented in Online
Appendix A6.2. 

Second, similarity is not solely defined by two experiences
having similar returns; it also depends on their temporal prox-
imity, meaning that experiences occurring close together in time
are mentally associated with each other. Consequently, cuing one
experience increases the likelihood of retrieving another that oc-
curred around the same time. In the regressions discussed ear-
lier, we primarily considered recent returns as cues, which may
influence the retrieval of more recent experiences but not the
more distant ones. To test this possibility, we rerun these re-
gressions on a subsample of investors whose recalled episode
in FreeRecall ends within the past five years. This five-year
cutoff ensures a sufficiently large sample while avoiding ear-
lier bubble-and-crash episodes, but results are robust to sev-
eral alternative cutoff points; see Online Appendix A5 for these
results. 

Table IV , columns (5)–(8) reports the regression results based
on the subsample. Both today’s return and the past one-month
return have a much stronger influence on R [MktRet episode ] in
FreeRecall . In column (5), a 1 percentage point increase in to-
day’s return increases R [MktRet episode ] by 2.5 percentage points.
In column (6), a 1 percentage point increase in the past one-month
return increases R [MktRet episode ] by 0.9 percentage points. In col-
umn (8), where all three returns are included, the coefficients re-
main positive and statistically significant for today’s return and
the past month’s return. The coefficient on the one-year return,
however, is not statistically significant. 

As argued, our test of cued recall in the FreeRecall block
only uses the Neutral treatment because it does not prime in-
vestors with additional conditions. As a robustness check, we con-
duct the same analysis by pooling all three treatments together
while controlling for treatment fixed effects. The results are re-
ported in Online Appendix A6.3 and remain similar. Depending
on the specification, a 1 percentage point increase in today’s re-
turn is associated with a 2.0 to 2.1 percentage point increase in
R [MktRet episode ] . 
r 2025
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V.C. Testing Cued Recall in the ProbedRecall Block 

Prediction 2 states that a positive market return on the sur- 
ey day leads to a more positive recall of one’s own returns elicited 

n ProbedRecall . To test this prediction, using data from all three 

reatments, we run the following regression: 

R [OwnRet ] = β0 + β1 MktRet today + X + ε. 8) 

n the left side, R [OwnRet ] represents the recalled own return 

ver a specific horizon. Given that Chinese retail investors typi- 
ally focus on short trading horizons ( Liu et al. 2022 ; Gao et al. 
023 ), we focus on recall horizons of one day and one month. On 

he right side, to avoid time overlaps between cues and recalls, 
e only include MktRet today . To test for recall biases, it is neces- 

ary to control for actual own returns, which are available only 

n the merged sample. In the main sample, where actual own re- 
urns are not observable, we instead use actual market returns, 
hich are highly correlated with own returns. Therefore, when 

nalyzing the main sample, we adjust R [OwnRet ] by deducting 

he actual market return over the same horizon. For the merged 

ample, we directly control for investors’ actual own returns. As 
efore, X represents a set of individual-level controls, including 

emographics and other personal characteristics. 
In Table V , columns (1) and (2) report the regression results 

or the main sample. A 1 percentage point increase in today’s 
arket return is associated with a 52 basis point increase in in- 

estors’ recalled own return for the previous day and a 113 ba- 
is point increase for the past month. Using the merged sample, 
olumns (3) and (4) extend the analysis in column (1) in two ways. 
irst, in column (3), we further control for investors’ actual own 

eturn from the previous day. The coefficient on today’s market 
eturn remains significant, suggesting that today’s market move- 
ent induces a biased recall of yesterday’s own return. Second, 

n column (4), instead of using today’s market return as the cue, 
e use one’s own return today ( OwnRet today ) as the cue and again 

nd evidence of cued recall, with a positive and significant coeffi- 
ient on OwnRet today . In columns (5) and (6), we conduct a similar 
nalysis to that in columns (3) and (4), focusing on recalled own 

eturns over the past month rather than the previous day, and we 

nd comparable results. Together, columns (3)–(6) demonstrate 
 2025
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TABLE V 

TESTS OF CUED RECALL IN THE ProbedRecall BLOCK 

Main sample Merged sample 

R [OwnRet 1D 

] R [OwnRet 1M 

] R [OwnRet 1D 

] R [OwnRet 1M 

] 

(1) (2) (3) (4) (5) (6) 

MktRet today 0.52∗∗ 1.13∗∗∗ 1.04∗∗∗ 0.90∗
(0.22) (0.26) (0.33) (0.52) 

OwnRet today 0.28∗∗ 0.39∗∗∗
(0.11) (0.10) 

OwnRet 1D 

0.35∗∗∗ 0.31∗∗∗
(0.11) (0.11) 

OwnRet 1M 

0.20∗∗∗ 0.20∗∗∗
(0.02) (0.02) 

Observations 7,362 7,362 1,348 1,348 1,348 1,348 
Adjusted R2 0.03 0.04 0.06 0.05 0.09 0.10 

Notes. We test the effects of cues on ProbedRecall by regressing recalled own return yesterday or the last 
month, R [OwnRet 1D / 1M 

] , on return cues. We consider two types of cues. In columns (1) and (2), which use the 
main sample, the cue is MktRet today , the market return on the day when the survey was completed, calcu- 
lated as the cumulative return from the market opening to the minute when the investor begins the survey. 
In columns (3)–(6), which uses the merged sample, we consider a second cue, OwnRet today , which represents 
an investor’s actual portfolio return on the survey day. In the merged sample, we control for actual portfolio 
return yesterday or the past month, OwnRet 1D / 1M 

. For all columns, we control for age, gender, education, 
wealth, income, frequency of checking accounts, frequency of checking news, frequency of discussing invest- 
ments, and number of WeChat groups. Standard errors, in parentheses, are clustered by date, and we include 
treatment fixed effects. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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that both market returns and own returns serve as relevant cues
in investors’ recall process. 15 

IV.D. Discussion 

So far, we have focused on testing current returns as plau-
sible cues for investors’ recall process. Notably, our survey never
asks investors about the returns they currently see or have re-
cently experienced. As a result, the return cues we investigate
occur naturally in investors’ information environment, without
requiring explicit prompts or priming from the survey or research
design. This naturalistic approach contrasts with most previous
studies on cued recall, where cues are typically embedded in the
15. We also note that in our setting, probed recall is more sensitive to cues 
than free recall is. We suspect that the FreeRecall block elicits episodes that are 
buried deeper in investors’ minds. As such, the elicited memory is less fluid and 
sensitive to cues in the environment, possibly capturing the experience effect 
( Malmendier and Nagel 2011 , 2016 ). A further exploration of different types of 
memory is left to future research. 
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esearch design through direct prompts (e.g., Enke, Schwerter, 
nd Zimmermann 2024 ). Importantly, our findings demonstrate 

hat naturalistic cues, such as market returns, do influence in- 
estors’ recall in a field setting. 

An alternative interpretation of our cued-recall results is 
hat investors are actually using today’s return to make infer- 
nces about past returns. Empirically, aggregate market returns 
re largely unpredictable, especially at daily or monthly horizons. 
or example, the autocorrelation coefficient in daily stock returns 

rom 2017 to 2021 is nearly zero. In 2021, it is −0.04 ( p -value .49);
uring our survey period, it is −0.09 ( p -value .65). Thus, evidence 

f return predictability is weak, leaving little room for rational in- 
erence. It is possible that investors may hold an incorrect mental 

odel of the stock market, falsely believing in positive autocor- 
elation. However, Liu et al. (2022) finds that only 30%–35% of 
etail investors in China report believing in trend continuation. 16 

oreover, if these recalls are merely products of inference based 

n today’s return, they should not significantly affect belief for- 
ation or trading behavior, especially after controlling for recent 
arket or personal returns. In Section V.F , we show that recalls 

o affect beliefs and trading behavior. Given these considerations, 
he evidence in this section aligns best with the interpretation 

ased on cued recall. 
While we have established the relevance of returns as cues 

n investors’ recall process, the complexity of a field setting, such 

s trading in financial markets, suggests that other cues may 

lso influence recall. Although a full exploration of alternative 

ues is beyond the scope of this paper, in Online Appendix A6.4, 
e explore the role of media narratives by examining the lan- 
uage used in financial media. Specifically, we test whether in- 
estors are more likely to recall episodes of a rising or falling 

arket when terms like “run-up” or “crash” are mentioned more 

requently in the media. Overall, we find that the language used 

y the financial press does not explain investor recall better than 

arket returns do. One possibility is that media language simply 

eflects market returns and therefore does not provide additional 
nformation. Another possibility is that our approach—focusing 
16. In addition, cued recall results from FreeRecall suggest that today’s return 

an cue experiences from months or even years ago. For inference to have such a 
trong effect, beliefs in return autocorrelation would need to be implausibly high, 
hich is not supported by survey evidence from Liu et al. (2022) . 
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on specific words rather than broader narratives—may not pre-
cisely capture the full impact of media on investor recall. We leave
a more thorough investigation of these issues to future research. 

V. RECALLS, BELIEFS, AND ACTIONS 

In this section, we test the second part of the model, sim-
ulation, by examining how investors use recalls to form beliefs.
This corresponds to the link between “recall” and “belief” shown
in Figure I . In Section V.A , we analyze the statistical relationship
between memories elicited in the two recall blocks and expecta-
tions elicited in the Expectation block. Sections V.B through V.D
provide further evidence on this relationship. Section V.E consid-
ers alternative explanations. Finally, in Section V.F , we discuss
the implications of our results for behavior in the field and con-
nect the elicited beliefs to observed trading behavior in the trans-
action data. This final exercise, by examining the relationship be-
tween “belief” and “action,” completes the chain of relationships
illustrated in Figure I . 

V.A. Correlation Between Recalls and Beliefs 

1. Main Results. Return expectations show significant and
persistent differences across investors, but the underlying causes
of this variation are not well understood ( Giglio et al. 2021 ). Dif-
ferences in how investors mentally account for past events may
offer an explanation through the memory channel. To explore
this, we examine the relationship between recalls and expecta-
tions by conducting a series of cross-sectional regressions. We be-
gin with the following: 

E [Ret ] = β0 + β1 R [MktRet episode ] + X + ε. (9) 

The dependent variable is the expected return of the market
( E [MktRet ] ) or an investor’s own portfolio ( E [OwnRet ] ). We exam-
ine these expectations across two horizons: one month (1M) and
one year (1Y). The key independent variable is the investor’s re-
called episode market return ( R [MktRet episode ] ) from the FreeRe-
call block. As before, X represents the list of individual-level con-
trol variables. We use all three treatments while controlling for
treatment fixed effects. 

In Table VI , Panel A, each column presents the regression
results for a different type of return expectation. Across all four
columns, the coefficients on R [MktRet episode ] are positive and sta-
  2025
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TABLE VI 
RELATIONSHIP BETWEEN RECALLS AND BELIEFS 

E [MktRet 1M 

] E [MktRet 1Y ] E [OwnRet 1M 

] E [OwnRet 1Y ] 
(1) (2) (3) (4) 

Panel A: FreeRecall 
R [MktRet episode ] 0.005∗∗ 0.01∗∗∗ 0.01∗∗∗ 0.05∗∗∗

(0.002) (0.003) (0.004) (0.01) 

Observations 5,626 5,626 5,626 5,626 
Adjusted R2 0.01 0.04 0.04 0.07 

Panel B: ProbedRecall 

R [OwnRet 1M 

] 0.09∗∗∗ 0.08∗∗∗ 0.20∗∗∗ 0.16∗
(0.01) (0.02) (0.03) (0.09) 

R [OwnRet 1Y ] 0.02∗∗∗ 0.05∗∗∗ 0.10∗∗∗ 0.38∗∗∗
(0.01) (0.01) (0.01) (0.03) 

Observations 4,190 4,190 4,190 4,190 
Adjusted R2 0.04 0.05 0.13 0.12 

Notes. We explore the relationship between recalls, elicited in the FreeRecall and ProbedRecall blocks, and 
beliefs, elicited in the Expectation block. The dependent variables are four measures of beliefs: the expected 
return ( E ) of the market (MktRet) or the investor’s own portfolio (OwnRet) over the next month (1M) or year 
(1Y). In Panel A, the key independent variable is the recalled market return for the episode, R [MktRet episode ] , 
as elicited in FreeRecall . To ensure that coefficients are comparable across columns, we exclude investors with 
any missing values. In Panel B, the independent variables are the recalled own return for either the past 
month or year, R [OwnRet 1M / 1Y ] , as elicited in the ProbedRecall block. Both panels use the main sample. We 
control for age, gender, education, wealth, income, frequency of account checks, frequency of news checks, 
frequency of investment discussions, and the number of WeChat groups. Standard errors, in parentheses, are 
clustered by date, and we include treatment fixed effects. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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istically significant. This suggests that investors who recall more 

ullish episodes tend to have higher expectations for market 
erformance and their own future returns. In terms of magni- 
ude, the interquartile range in R [MktRet episode ] implies a 0.2 

ercentage point difference in E [MktRet 1M 

] and a 0.4 percent- 
ge point difference in E [MktRet 1Y 

] . 17 The effects on expecta- 
ions for own returns are even larger: the same interquartile 

ange in R [MktRet episode ] implies a 0.4 percentage point differ- 
nce in E [OwnRet 1M 

] and a 1.8 percentage point difference in 

 [OwnRet 1Y 

] . 
In Table VI , Panel B, we rerun the regression using recalled 

wn returns ( R [OwnRet ] ) from the ProbedRecall block as the 
17. The recalled episodes can potentially span up to 10 years. The 25th and 
5th percentiles of the recalled episode returns are −19.5% and 15.5%, respec- 
ively. 
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independent variables: 

E [Ret ] = β0 + β1 R [OwnRet 1M 

] + β2 R [OwnRet 1Y 

] + X + ε. (10) 

As before, on the left side, we consider expectations for both mar-
ket returns and own returns over the next month and year. On
the right side, we focus on recalled own returns for the same two
horizons, 1M and 1Y, as they align with the forecasting horizons
in beliefs. In these regressions, return expectations are strongly
positively correlated with recalled own returns. Relative to Panel
A, the economic effects are larger: the interquartile range of
R [OwnRet 1M 

] corresponds to a difference in return expectations
between 0.7 and 1.8 percentage points; the interquartile range of
R [OwnRet 1Y 

] implies a difference in return expectations between
0.3 and 5.7 percentage points. Together, Panels A and B indicate
that memory influences beliefs not only through the retrieval of
market-wide events but also through the recall of personal expe-
riences. Therefore, even for investors who have experienced the
same period of market movements, differences in their recalled
own returns can lead to significant heterogeneity in beliefs. 

2. Horizon Dependence. Consistent with the hypothesis in
Section II.D , Table VI , Panel B shows that when the recall horizon
matches the forecasting horizon, the positive correlation between
recalls and beliefs strengthens. For instance, comparing columns
(1) and (2), which shift from a one-month-ahead forecast to a one-
year-ahead forecast, the coefficient on R [OwnRet 1M 

] decreases in
magnitude, while the coefficient on R [OwnRet 1Y 

] increases. Sim-
ilar changes are observed in columns (3) and (4). Thus, when in-
vestors form expectations for a specific horizon, they rely more
on recalled experiences from the same horizon. This also implies
that a long forecasting horizon is associated with the use of more
distant experiences. 

One alternative explanation for the horizon dependence re-
sult is anchoring due to similarity in wording. For instance,
when forecasting returns for the next month, investors might
anchor their answers to the recalled past month’s return be-
cause both the expectation and recall questions contain the word
“month.” Though this interpretation is feasible in principle, it
cannot explain our overall evidence. 18 For example, recall elicita-
18. We defer a systematic examination of this anchoring-based explanation to 
Section V.E . 
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ion in FreeRecall does not specify a horizon, and hence wording- 
imilarity-induced anchoring is absent in this case. Horizon de- 
endence suggests that recent recalls have a stronger influence 

n short-term expectations, while distant recalls have a stronger 
nfluence on long-term expectations. We can test this by splitting 

he sample based on the recency of the recalled episode. We rerun 

he regression specification in equation (9) for two subsamples: 
nvestors with recall distances below the median and those with 

istances above the median. Distances are defined as the differ- 
nces between the midpoints of the recalled episodes in FreeRe- 
all and the month of the survey. The results are reported in 

nline Appendix A7. Overall, we find evidence consistent with 

orizon dependence in belief formation: recent recalls influence 

hort-term expectations more, while distant recalls have a greater 
ffect on long-term expectations. 

.B. Horse Race Between Actual and Recalled Experience 

Our analysis in Section IV suggests that recalled experience 

s subjective and fluid, varying over time depending on the cues 
resent in the current context. In contrast, actual experience is 
bjective and static. Both actual and recalled experiences can in- 
uence beliefs, but which one has greater explanatory power? 

We compare their relative impact on beliefs in our set- 
ing. We begin by regressing measures of investor beliefs on 

oth R [MktRet episode ] and MktRet episode simultaneously, where 

ktRet episode represents the actual market return for the re- 
alled episode in FreeRecall . The regression results are reported 

n Table VII , Panel A. The coefficients on MktRet episode are ei- 
her insignificant or significantly negative, while the coefficients 
n R [MktRet episode ] remain positive and significant. Therefore, in 

ur setting, recalled experiences have a stronger influence on ex- 
laining investors’ expectations than actual experiences. 

Next, we conduct a similar horse race between recalled past 
wn returns in ProbedRecall and actual past own returns. In 

his analysis, we face a trade-off between statistical power and 

odel interpretability. Because investors are asked to recall their 
ast own returns in ProbedRecall , an apples-to-apples compar- 
son would involve contrasting these recalled past own returns 
ith actual past own returns. However, actual past own returns 
re only available for the merged sample. In the main sample, 
e only observe actual past market returns. To strike a balance, 
 2025
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TABLE VII 
HORSE RACE BETWEEN ACTUAL AND RECALLED EXPERIENCE IN EXPLANATORY 

POWER FOR BELIEFS 

(1) (2) (3) (4) 

Panel A: FreeRecall , main sample 
E [MktRet 1M 

] E [MktRet 1Y ] E [OwnRet 1M 

] E [OwnRet 1Y ] 

MktRet episode −0.001 −0.002 −0.01∗∗∗ −0.02∗∗∗
(0.001) (0.004) (0.003) (0.01) 

R [MktRet episode ] 0.005∗∗∗ 0.02∗∗∗ 0.01∗∗∗ 0.06∗∗∗
(0.002) (0.004) (0.004) (0.02) 

Observations 4,977 4,977 4,977 4,977 
Adjusted R2 0.01 0.04 0.04 0.07 

Panel B: ProbedRecall , main sample 
E [MktRet 1M 

] E [MktRet 1Y ] 

MktRet 1M 

0.12∗ 0.09 0.14∗∗ 0.10 
(0.06) (0.06) (0.07) (0.07) 

MktRet 1Y −0.05 −0.003 −0.19 −0.16 
(0.17) (0.17) (0.15) (0.15) 

R [OwnRet 1M 

] 0.07∗∗∗ 0.07∗∗∗
(0.01) (0.02) 

R [OwnRet 1Y ] 0.01∗∗∗ 0.05∗∗∗
(0.004) (0.01) 

Observations 6,436 6,436 6,287 6,287 
Adjusted R2 0.02 0.04 0.04 0.06 

Panel C: ProbedRecall , merged sample 
E [OwnRet 1M 

] E [OwnRet 1Y ] 

(1) (2) (3) (4) 
OwnRet 1M 

0.05∗ 0.01 0.11 0.05 
(0.03) (0.03) (0.07) (0.07) 

OwnRet 1Y 0.001 −0.03∗∗ 0.05 −0.04 
(0.02) (0.02) (0.04) (0.04) 

R [OwnRet 1M 

] 0.18∗∗∗ 0.26 
(0.06) (0.18) 

R [OwnRet 1Y ] 0.11∗∗∗ 0.32∗∗∗
(0.03) (0.09) 

Observations 1,088 1,088 1,159 1,159 
Adjusted R2 0.03 0.10 0.03 0.08 

Notes. We regress measures of subjective beliefs on recalled and actual experiences simultaneously. 
The dependent variables are four measures of beliefs: the return expectation ( E ) for the market return 
(MktRet) or the investor’s own portfolio return (OwnRet) over the next month (1M) or year (1Y). In Panel 
A, the independent variables are the recalled market return for the episode, R [MktRet episode ] , and the cor- 
responding actual market return, MktRet episode . In Panel B, the independent variables are the recalled own 
returns for the past month or year, R [OwnRet 1M / 1Y ] , and the actual market returns over the same periods, 
MktRet 1M / 1Y . In Panel C, the independent variables are the recalled own returns for the past month or year, 
R [OwnRet 1M / 1Y ] , and the actual own returns over the same periods, OwnRet 1M / 1Y . Panels A and B are 
based on the main sample, and Panel C is based on the merged sample. We control for age, gender, education, 
wealth, income, frequency of checking accounts, frequency of checking news, frequency of discussing invest- 
ments, and number of WeChat groups. Standard errors, in parentheses, are clustered by date, and treatment 
fixed effects are included. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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e conduct a horse race between recalled own returns and actual 
arket returns in the larger main sample, followed by a more 

irect comparison between recalled own returns and actual own 

eturns in the smaller merged sample. 
Table VII , Panel B focuses on the main sample. In column 

1), we begin by regressing the one-month market return expecta- 
ion, E [MktRet 1M 

] , on two actual past market returns, MktRet 1M 

nd MktRet 1Y 

. Consistent with return extrapolation, the coeffi- 
ient on MktRet 1M 

is positive and significant. However, in col- 
mn (2), where the two recalled own returns, R [OwnRet 1M 

] and 

 [OwnRet 1Y 

] , are included, the coefficient on MktRet 1M 

is no 

onger significant. In contrast, the coefficients on the two re- 
alled returns are positive and significant. Combined, the re- 
ults in columns (1) and (2) support Prediction 3 , which states 
hat return extrapolation can be explained through a cued recall 
echanism. Columns (3) and (4) replicate these regressions us- 

ng E [MktRet 1Y 

] as the dependent variable and display the same 

atterns. 
In Table VII , Panel C, we focus on the merged sample. In 

olumn (1), we regress the one-month own return expectation, 
 [OwnRet 1M 

] , on two actual past own returns, OwnRet 1M 

and 

wnRet 1Y 

. Consistent with the idea that investors extrapolate 

heir own past returns to predict future returns, the coefficient 
n OwnRet 1M 

is positive and marginally significant. However, in 

olumn (2), where we control for recalled own returns, the signif- 
cance disappears, while the coefficients on the two recalled own 

eturns are positive and significant. In columns (3) and (4), where 

e examine E [OwnRet 1Y 

] as the dependent variable, we observe 

 similar pattern. Together, the results from Table VII point to a 

tronger link between investor beliefs and recalled returns than 

ith actual returns, at least in our setting. That said, in other 
ontexts, investors may rely more on historical data and less on 

emory, potentially weakening the relationship between beliefs 
nd recalls. 

.C. R2 

Another way to evaluate the explanatory power of recalls for 
eliefs is to quantify the amount of variation in beliefs that can 

e accounted for by recalls. In Table VIII , we regress the four 
easures of beliefs on demographic variables and recalls and 

xamine the R2 values of these regressions. In all columns, we 
 2025
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TABLE VIII 
EXPLANATORY POWER FOR CROSS-SECTIONAL VARIATION IN BELIEFS 

E [MktRet 1M 

] E [MktRet 1Y ] E [OwnRet 1M 

] E [OwnRet 1Y ] 
(1) (2) (3) (4) 

Demographics fixed effects only 0.009 0.025 0.030 0.044 
Expanded demographics fixed effects 0.020 0.043 0.047 0.068 
Recalled own return only 0.022 0.025 0.080 0.073 

Notes. We regress measures of subjective beliefs on either demographic variables or recalled 
own returns. Each cell reports the adjusted R2 from regressing expected returns on either re- 
called own returns alone or demographic fixed effects alone. The dependent variables are four 
measures of beliefs: the return expectation ( E ) for the market (MktRet) or the investor’s own 
portfolio (OwnRet) over the next month (1M) or year (1Y). In the first row, we report the ad- 
justed R2 from regressing a measure of belief on demographic fixed effects, including gender, 
age, income, wealth, and education. In the second row, we repeat this exercise, adding four 
additional measures of investors’ social activities: frequency of checking stock accounts, fre- 
quency of checking news, frequency of discussing investments, and the number of WeChat 
groups. In the third row, we report the adjusted R2 from regressing the measure of belief on 
the recalled own returns over the past period of the same length. For example, the indepen- 
dent variable is the recalled one-month own return ( R [OwnRet 1M 

] ) if the dependent variable 
is the expectation of future one-month market or own returns ( E [MktRet 1M 

] or E [OwnRet 1M 

] ). 
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maintain a constant sample size by retaining only observations
with nonmissing values across all specifications, ensuring that
the R2 values are comparable across models. We run three sets of
regressions. First, we regress beliefs on basic demographic vari-
ables, including gender, age, income, wealth, and education dum-
mies, mirroring the specification used in Giglio et al. (2021) . De-
mographics are a natural benchmark for heterogeneity, as they
are widely available and have been linked to belief formation in
financial markets. 19 Next, we expand the set of demographics to
include measures of social activities. Finally, we regress beliefs on
recalls. For each specific type of belief, we regress it solely on the
recalled own return in ProbedRecall , aligning the recall horizon
with the belief ’s forecasting horizon. For instance, when explain-
ing variation in E [MktRet 1M 

] , we run a univariate regression of
E [MktRet 1M 

] on R [OwnRet 1M 

] . 
Table VIII reports the adjusted R2 values for each regres-

sion. Comparisons among the three sets of regressions show that
on average, the explanatory power of recalled own returns for
19. Prior studies have focused on traits such as wealth, gender, IQ, birthplace, 
personality, and location ( Armona, Fuster, and Zafar 2019 ; D’Acunto et al. 2019 ; 
Das, Kuhnen, and Nagel 2020 ; Jiang, Peng, and Yan 2024 ). Although demograph- 
ics are more objective and memory measures inherently subjective, we believe the 
comparison is informative given the substantial prior literature, especially the 
findings in Giglio et al. (2021) . 

user on 09 Septem
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xpectations is comparable to, or even greater than, that of demo- 
raphic variables. Giglio et al. (2021) pose an open question about 
hich variables drive cross-sectional variation in beliefs. Our ev- 

dence suggests that the way experiences are processed, stored, 
nd retrieved offers a promising avenue for microfounding belief 
eterogeneity. 20 

.D. Forecast Errors 

In our analysis so far, we have shown that memory is related 

o investors’ overall return expectations. However, since return 

xpectations consist of both rational and biased components, it is 
nclear whether memory specifically relates to biases in beliefs. 
o address this question, we examine the relationship between 

emory and forecast errors, calculated as the difference between 

n investor’s expected market return and the realized future mar- 
et return over the same period. In Online Appendix A8, we re- 
ort the results from regressing forecast errors on recalls and find 

 significantly positive relationship between the two. This sug- 
ests that investor memory not only drives return expectations 
ut also contributes to forecast errors at the individual level. 

.E. Alternative Explanations 

Section V.A showed a strong and robust statistical rela- 
ionship between recalls and beliefs. Now we discuss a series 
f alternative explanations for this relationship and argue that 
he most likely mechanism underlying the documented relation- 
hip is simulation—retrieving past experiences to make forecasts 
bout the future. 

1. Anchoring. In the main survey, the elicitation of recalls 
recedes the elicitation of beliefs. This raises concerns about a po- 
ential anchoring effect: if investors anchor their responses to the 

elief questions based on their earlier answers to the recall ques- 
ions, it might create a mechanical positive correlation between 

ecalls and beliefs that is unrelated to the process of simulation. 
o address this concern, we identify and discuss three types of 
nchoring that could potentially emerge in our setting. 
20. Giglio et al. (2021) include experience as an explanatory variable. How- 
ver, as we have shown, it is not only the experience itself that matters, but the 
ay it is processed and subsequently recalled that plays a more significant role. 
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The first type is naive anchoring on numbers. After typing in
a number to answer a previous question, that same number may
linger in one’s mind. When answering a subsequent question, peo-
ple might instinctively rely on that number as a starting point to
formulate their response. Although they may make adjustments,
these adjustments are often insufficient, creating a positive serial
correlation across answers. If naive anchoring on numbers is re-
sponsible for the documented correlations between recalls and be-
liefs, we would expect to see such relationships persist throughout
the survey. For example, R [MktRet episode ] is designed to vary dras-
tically across the three treatments in FreeRecall , as confirmed in
Table II . If naive anchoring on numbers were at play, we would
expect significant differences in answers to the immediate next
ProbedRecall block across the three treatments. Table IX , Panel A
compares R [MktRet episode ] and R [OwnRet] across the three treat-
ments. Column (1) confirms that across the treatments, the mean
values of R [MktRet episode ] increase monotonically from treatment
Painful , to treatment Neutral , and finally to treatment Happy ,
with values of −18.1%, 5.6%, and 23.4%, respectively. However,
columns (2)–(5) show that the average R [OwnRet] over various
horizons does not follow the same monotonic pattern across the
three treatments. Therefore, it does not appear that investors
are mechanically anchored to numbers from their previous
answers. 

The second type of anchoring arises from similarity in word-
ing. For instance, if two questions are phrased similarly—such as
one about past-month returns and another about expected future-
month returns—respondents might anchor on their earlier an-
swers. In the ProbedRecall questions, we asked about portfolio
returns over the past month and year, while the crash probabil-
ity questions referred to the likelihood of a crash over the next
month or year. If anchoring on wording were present, we would
expect no correlation (due to different wording) or a positive cor-
relation (due to matching time horizons). By contrast, Prediction
4 implies a negative relationship: higher recalled returns should
lead to lower perceived crash probabilities via simulation. To test
these hypotheses, we estimate: 

E [CrashProb ] = β0 + β1 R [OwnRet 1M 

] + β2 R [OwnRet 1Y 

] 

+ X + ε. (11) 
r 2025
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TABLE IX 

TESTS FOR ANCHORING IN SIMULATION 

(1) (2) (3) (4) (5) 

Panel A: Testing naive anchoring on numbers 
R [MktRet episode ] R [OwnRet 1D ] R [OwnRet 1M 

] R [OwnRet 1Y ] R [OwnRet 5Y ] 

Neutral 5.6% −0.3% −0.1% 2.1% 4.9% 

Happy 23.4% −0.2% −0.4% 1.8% 5.1% 

Painful −18.1% −0.5% −0.1% 1.6% 2.8% 

Panel B: Testing anchoring due to similarity in question phrasing 
R [CrashProb 1M 

] R [CrashProb 1Y ] 

R [OwnRet 1M 

] −0.11∗∗∗ −0.08∗∗∗ −0.05∗∗∗

(0.02) (0.02) (0.01) 
R [OwnRet 1Y ] −0.03∗∗∗ −0.03∗∗∗ −0.02∗∗∗

(0.01) (0.01) (0.01) 

Observations 7,853 7,853 7,832 7,832 
Adjusted R2 0.02 0.02 0.03 0.03 

Panel C: Testing anchoring due to similarity in answer options 
E [MktRet 1M 

] E [MktRet 1Y ] E [OwnRet 1M 

] E [OwnRet 1Y ] 

R [OwnRet episode ] 0.004∗∗∗ 0.01∗∗∗ 0.01∗∗∗ 0.04∗∗∗

(0.001) (0.002) (0.002) (0.01) 

Observations 5,518 5,518 5,518 5,518 
Adjusted R2 0.01 0.04 0.04 0.06 

Notes. Each panel tests a different type of anchoring: naive anchoring on numbers, an- 
choring due to similarity in question phrasing, and anchoring due to similarity in answer 
options. Panel A tests for naive anchoring on numbers by reporting the mean values of re- 
called market returns for the episode, R [MktRet episode ] , and recalled own returns from the 
past, R [OwnRet 1D / 1M / 1Y / 5Y ] , across three treatments: Neutral , Happy , and Painful . In Panel 
B, we test for anchoring due to similarity in question phrasing by regressing expected crash 
probability on recalled own returns from the past month or year. During the sample period, 
the Shanghai Composite Index mostly hovered between 3,500 and 3,600. We consider two po- 
tential crash events: the index dropping below 3,000 within a month and the index dropping 
below 2,500 within a year. Investors are asked to report a percentage between 0% and 100% 

as their subjective probability of a crash, E [CrashProb 1M / 1Y ] . In Panel C, we regress measures 
of subjective beliefs on recalled episode own returns. The dependent variables are four mea- 
sures of beliefs: the return expectation ( E ) for the market return (MktRet) or the investor’s 
own portfolio return (OwnRet) over the next month (1M) or year (1Y). The main independent 
variable is the recalled own return for the episode, R [OwnRet episode ] . This is elicited by first 
asking about the total RMB investment and then the total RMB return; the ratio of the RMB 

return to the investment is the return rate. In Panels B and C, we control for age, gender, edu- 
cation, wealth, income, frequency of checking accounts, frequency of checking news, frequency 
of discussing investments, and number of WeChat groups. Standard errors, in parentheses, 
are clustered by date, and we include treatment fixed effects. ∗ p < .1; ∗∗p < .05; ∗∗∗ p < .01. 
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s shown in Table IX , Panel B, both coefficients are signif- 
cantly negative across specifications, supporting the simula- 
ion mechanism and ruling out mechanical anchoring on similar 
ording. 
 2025
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The third type of anchoring stems from similarity in answer
formats. Even if questions differ in wording, responses might cor-
relate mechanically if they share units (e.g., percentages). To ad-
dress this, we examine Table VI , Panel A, where beliefs are re-
lated to recalled episode returns. In the FreeRecall block, instead
of directly eliciting percentage returns, we ask for RMB profit and
investment amounts, then compute R [OwnRet episode ] as their ra-
tio. In Table IX , Panel C, we find that beliefs remain significantly
positively associated with R [OwnRet episode ] , suggesting that these
correlations are not driven by similar answer options. 21 

2. Priming. A second concern is priming, which is related
to but distinct from anchoring. Suppose that causality runs from
memory to beliefs, with investors routinely drawing on mem-
ory when forming expectations. Under this causal direction, our
survey design may amplify the role of memory: by eliciting ex-
pectations immediately after recall, it makes memory especially
salient, potentially overstating its influence on beliefs. We fully
acknowledge this concern and provide additional evidence below
and in Section V.F to help address and partly alleviate it. How-
ever, if beliefs also influence memory, then our subsequent test—
where beliefs are elicited before recalls—could make expectations
salient and induce recall consistent with those expectations. In
that case, the priming test described below would not mitigate
such concerns. 

Specifically, we conduct an additional survey, called Ran-
domOrder , in which we vary the order of survey blocks. De-
tails about the survey’s implementation can be found in Online
Appendix A10. 22 This survey is similarly structured to the main
survey and includes three main blocks: FreeRecall , ProbedRecall ,
and Expectation . For simplicity, we only consider the Neutral
treatment for FreeRecall . Maintaining the requirement that
FreeRecall must precede ProbedRecall , we consider three order-
ings: 

(i) In the Baseline treatment, the order is the same as in the
main survey: FreeRecall —ProbedRecall —Expectation . 
21. See Online Appendix A9 for additional anchoring robustness checks. 
22. The survey has passed the IRB and AEA RCT pre-registration. IRB no. 

CUHKSZ-D-20240003; RCT ID: AEARCTR-0013186. 
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(ii) In the Reverse treatment, we elicit beliefs before eliciting 

recalls: Expectation —FreeRecall —ProbedRecall . 
(iii) In the Switch treatment, we switch the order between 

Expectation and ProbedRecall : FreeRecall —Expectation —
ProbedRecall . 

Each respondent is randomly assigned to one of the three 

reatments with equal probabilities. We start with a target sam- 
le size of 1,500 in total, with 500 for each treatment. After ap- 
lying quality assurance criteria and excluding observations with 

issing values, the final sample consists of 1,202 investors. 
Using RandomOrder , we revisit Table VI , Panel B, which 

howed strong correlations between recalled own returns and 

eliefs. If this positive correlation results from investors being 

rimed by recall elicitation, we would expect the correlation to 

eaken or disappear when expectations are elicited before recalls, 
s in the Reverse and Switch treatments. To test this hypothesis, 
e run the following regression for each treatment: 

E [MktRet 1M 

] = β0 + β1 R [OwnRet 1M 

] + X + ε. 12) 

able X , Panel A reports the regression results. In all three treat- 
ents, the coefficients on R [OwnRet 1M 

] are positive and statisti- 
ally significant. Therefore, changing the order of survey blocks 
oes not eliminate the positive correlation between recalls and 

eliefs. 
In Table X , Panel B, we formally test whether the correla- 

ion between recalls and beliefs varies with the order of survey 

locks. We do this by including two treatment dummies and their 
nteractions with R [OwnRet 1M 

] in the same regression. In col- 
mn (1), which examines the correlation between E [MktRet 1M 

] 
nd R [OwnRet 1M 

] , the two interaction terms are close to zero 

n magnitude and statistically insignificant. In columns (2) and 

3), we consider two other measures of beliefs: E [OwnRet 1M 

] and 

 [CrashProb 1M 

] . The interaction terms are generally close to zero 

nd insignificant; the only significant term is positive, suggesting 

n even stronger relationship between recalls and beliefs. Over- 
ll, even when beliefs are elicited before recalls, the positive corre- 
ation between recalls and beliefs remains unchanged, suggesting 

hat the priming effect cannot fully explain our findings. However, 
e recognize that the survey may place undue emphasis on cer- 

ain types of memories, such as recalled own returns, which could 

nflate their impact on belief formation. As a result, we consider 
 2025
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TABLE X 

TESTING ORDER EFFECTS IN SIMULATION 

(1) (2) (3) 

Panel A: Regressing beliefs on recalls by treatment 
E [MktRet 1M 

] 

Baseline Reverse Switch 

R [OwnRet 1M 

] 0.13∗∗∗ 0.16∗∗∗ 0.10∗∗
(0.03) (0.03) (0.04) 

Observations 395 429 378 
Adjusted R 

2 0.04 0.05 0.01 

Panel B: Statistical tests of order effects 
E [MktRet 1M 

] E [OwnRet 1M 

] E [CrashProb 1M 

] 

R [OwnRet 1M 

] 0.15∗∗∗ 0.24∗∗∗ −0.45∗∗∗
(0.03) (0.06) (0.17) 

Reverse −0.001 −0.42∗∗ −0.71 
(0.33) (0.21) (1.03) 

Switch −0.22 −0.60∗∗ 1.15 
(0.31) (0.24) (1.00) 

R [OwnRet 1M 

] × Reverse 0.02 0.22∗∗∗ −0.11 
(0.02) (0.07) (0.17) 

R [OwnRet 1M 

] × Switch −0.06 0.09 0.35 
(0.06) (0.13) (0.40) 

Observations 1,202 1,202 1,202 
Adjusted R2 0.04 0.12 0.01 

Notes. To examine the effect of question ordering on the statistical relationship between recalls and beliefs, 
we conducted a new survey that varies the order of survey blocks. The first treatment, Baseline , follows the 
same order as our baseline survey: FreeRecall , ProbedRecall , and Expectation . The second treatment, Reverse , 
reverses the order: Expectation , FreeRecall , and ProbedRecall . The third treatment, Switch , swaps the order 
between probed recall and beliefs: FreeRecall , Expectation , and ProbedRecall . Each respondent was randomly 
assigned to one of the three treatments. In Panel A, we regress the expected market return for the next month 
( E [MktRet 1M 

]) on the recalled one-month own return ( R [OwnRet 1M 

] ) separately for the three treatments. 
In Panel B, we pool all treatments together and regress expected future returns or crash probability on 
recalled one-month own returns, along with two dummies indicating the Reverse and Switch treatments, 
and interaction terms between the recalled one-month own return and the two dummies. We control for age, 
gender, education, wealth, income, frequency of checking accounts, frequency of checking news, frequency of 
discussing investments, and the number of WeChat groups. Standard errors, in parentheses, are clustered by 
date. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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our estimates to be an upper bound for the effect of recalled own
returns on beliefs. This does not necessarily imply that memo-
ries play a lesser role in belief formation in real-world settings.
Instead, it highlights the importance of other types of memories
that may be more influential in field contexts. 

3. Cognitive Defaults. Another potential explanation for the
positive correlation between recalls and beliefs is the use of
  2025
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ognitive defaults ( Enke and Graeber 2023 ). This mechanism is 
lausible given that both recall and forecasting are cognitively de- 
anding tasks. For instance, an investor with a fixed belief—say, 

hat stock returns average 1% per month—might report this fig- 
re for both questions to minimize effort, thereby inducing a pos- 

tive correlation. However, as shown in Table II , recalled and ac- 
ual experiences are highly correlated, suggesting that investors 
ere not responding randomly but instead engaged meaningfully 

ith the recall task. To provide additional evidence against cog- 
itive defaults as the driver of our results, we repeat the analysis 

n Table VI , Panel B for a subsample of investors whose recalled 

pisode returns are accurate, suggesting they did not rely on cog- 
itive defaults. Specifically, we focus on investors whose recalled 

pisode returns and actual episode returns differ by no more than 

0%, indicating clear effort in the survey. The results are reported 

n Online Appendix A11. In this subsample, we find similar cor- 
elations between recalled episode returns and beliefs, suggesting 

hat these correlations are unlikely to be driven by cognitive de- 
aults. 

4. Motivated Reasoning. Although it is psychologically 

lausible to expect the direction of causality to flow from memory 

o expectations, it is also possible that causality operates in the 

pposite direction—through motivated reasoning. For instance, 
uppose that expectations are not directly influenced by memory 

ut are instead shaped by some omitted variables. Optimistic in- 
estors might then justify their optimism by selectively recalling 

ore positive experiences. Because we do not exogenously vary 

ither expectations or recall, we cannot definitively differentiate 

etween these two possibilities. However, we can analyze one spe- 
ific version of the motivated-reasoning hypothesis by examining 

he relationship between past actions and future recall. According 

o this version, after an investor increases her stock holdings, she 

ight justify her decision by recalling more positive past experi- 
nces. To test this possibility, in Online Appendix A12 we regress 
ecalled own returns on recent holding changes, and none of the 

oefficients are significantly positive. Therefore, we find little ev- 
dence that past actions drive recall. 

5. Taste for Consistency. Sequencing recall and belief ques- 
ions in the same survey may inflate their correlation if respon- 
ents perceive the two to be related and feel some pressure to 
 2025
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answer consistently ( Falk and Zimmermann 2013 ). We acknowl-
edge this is a valid concern, and it is possible that eliciting recall
and belief in separate surveys could attenuate the correlation by
weakening such perceived links. 23 However, for consistency bias
to fully explain our findings, it must overcome two challenges.
First, the notion of “consistency” between recalled past returns
and expected future returns is inherently ambiguous in financial
contexts. Some investors may view high past returns as signaling
lower future returns (e.g., due to mean reversion), while others
may expect continuation (e.g., due to momentum). As a result,
both positive and negative correlations between recall and be-
lief can be construed as consistent, depending on the investor’s
model of the market. This interpretive flexibility limits the ex-
planatory power of the consistency bias argument in our setting.
Second, even well-established financial principles—such as the
positive risk–return trade-off—are frequently violated in survey
data. As in prior studies ( Giglio et al. 2021 ), we find that many
investors simultaneously expect high returns and low risk. 24 If
respondents do not feel compelled to align beliefs on this basic
and widely taught dimension, it seems unlikely that they would
feel bound to align recall and belief—particularly when no clear
standard for such consistency exists. 

V.F. Relevance to the Field 

1. Discussion of Limitations. We document a strong and ro-
bust relationship between recalled returns and return expecta-
tions. Although this evidence is highly consistent with a memory-
based channel of belief formation, it does not establish causality
from memory to beliefs. A further concern, as noted, is that the
survey design may overemphasize the role of memory by instruct-
ing participants to recall past returns without consulting external
sources. While this restriction is necessary to elicit genuine re-
calls, it may amplify the apparent influence of memory on belief
23. A potentially fruitful direction for future research is to compare two dis- 
tinct designs: one in which recall and belief are elicited sequentially in the same 
survey, and another in which they are elicited separately. The latter setup may 
yield a different correlation—possibly weaker, either due to reduced consistency 
bias or because the recall question becomes less salient when decoupled from the 
belief context—and it would be interesting to quantify these effects. 

24. In our survey, the correlation between investors’ expected market return 

and expected crash probability is −0.11 at the 30-day horizon and −0.15 at the 
one-year horizon. Both correlations are statistically significant at the 1% level. 

nom
ics user on 09 Septem

ber 2025
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ormation, particularly in a survey setting. In real-world environ- 
ents, two factors may attenuate the link between memory and 

eliefs. First, investors can supplement memory with external 
nformation, such as historical return data or market commen- 
ary. For example, an investor aware of their imperfect memory 

ight check their phone to retrieve past market or portfolio per- 
ormance. If investors can partially correct for their own memory 

iases, this would weaken the relationship between memory and 

eliefs. Second, other belief-formation mechanisms—including 

odel-based inference, extrapolation from observed data, and 

ttention-based filtering—also shape expectations. Institutional 
nvestors, for instance, often rely on dedicated research teams 
hat employ forecasting models to generate return projections. 

hen such competing mechanisms are at play, the influence of 
emory on beliefs may be further reduced. For these reasons, we 

iew our estimates as an upper bound on the effect of recalled per- 
onal returns on beliefs. We also conjecture that memory-based 

echanisms are particularly relevant for beliefs about the aggre- 
ate market, where broad impressions or salient past events may 

uide expectations. In contrast, for individual stocks or mutual 
unds—where performance histories are harder to recall and eas- 
er to access—investors are more likely to consult external data. 

Even when historical data are readily accessible and alterna- 
ive models are available, memory may continue to influence deci- 
ion making meaningfully in many circumstances. Investors may 

ot always consult external sources when forming beliefs, espe- 
ially in situations where time is limited, attention is divided, or 
ecisions are made out of habit. In practice, memory may be a con- 
enient shortcut, particularly for retail investors making quick or 
epeated portfolio choices. Moreover, memory-based inputs into 

eliefs need not be limited to numerical returns. Investors may 

ecall episodes of vivid news stories or personal experiences—
lements that can shape beliefs in ways not easily captured by 

eturn data alone. Although we do not claim that memory domi- 
ates all other belief-formation mechanisms, our results suggest 
hat it plays a consistent and detectable role, even when other 
nputs may also be available. 

2. Trading Behavior. We analyze the extent to which be- 
iefs and recalls are reflected in trading behavior. To begin, in 

he merged sample, we regress measures of trading activity ob- 
erved in the transaction data on return expectations elicited in 
 2025
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TABLE XI 
BELIEFS, RECALLS, AND TRADING DECISIONS 

(1) (2) (3)

Panel A: Dependent variable NetBuy 1D 

E [OwnRet 1M 

] 26.15∗
(14.94) 

E [MktRet 1M 

] −18.72 
(22.95) ˜ E [OwnRet 1M 

] 71.16∗∗∗ 79.67∗∗
(24.49) (37.52) 

OwnRet 1M 

13.58 
(9.58) 

Observations 1,869 1,783 1,088 
Adjusted R2 0.01 0.01 0.00 

Panel B: Dependent variable NetBuy 1M 

E [OwnRet 1M 

] 295.52∗∗∗
(146.90) 

E [MktRet 1M 

] 219.51 
(368.17) ˜ E [OwnRet 1M 

] 1,141.48∗∗∗ 1,347.80∗∗
(434.28) (590.62) 

OwnRet 1M 

243.93 
(158.27) 

Observations 1,869 1,783 1,088 
Adjusted R2 −0.01 0.00 −0.01 

Notes. We regress measures of future trading behavior on return expectations and actual experiences. The 
dependent variables are NetBuy 1D / 1M 

, the net buy amount (buy minus sell) on the day of the survey or in the 
month after the survey. The independent variables are E [OwnRet 1M 

] and E [MktRet 1M 

], return expectations 
of own portfolios or the market over the next month; ̃  E [OwnRet 1M 

] , return expectation of own portfolio return 
in the next month that can be explained by recalled own returns; and OwnRet 1M 

, actual own return over the 
past month. The test is based on the merged sample. We control for age, gender, education, wealth, income, 
frequency of checking accounts, frequency of checking news, frequency of discussing investments, and number 
of WeChat groups. Standard errors, in parentheses, are clustered by date. ∗ p < .1; ∗∗ p < .05; ∗∗∗ p < .01. 
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the survey. For trading activity, we consider NetBuy, calculated
as the total buy amount minus the total sell amount in Chinese
yuan, on the survey day or during the month following the sur-
vey. For return expectations, we use the two return expectations
over the next month, E [OwnRet 1M 

] and E [MktRet 1M 

]. We run the
following cross-sectional regression of net buy amount on the two
return expectations, controlling for a variety of individual charac-
teristics: 

NetBuy = β0 + β1 E [OwnRet 1M 

] + β2 E [MktRet 1M 

] + X + ε. (13) 

The results are reported in Table XI , column (1). In both specifica-
tions, the coefficients on E [OwnRet 1M 

] are significantly positive,
  2025
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uggesting that investors who believe in higher own returns tend 

o increase their holdings both on the survey day and in the sub- 
equent month. A 1 percentage point increase in the one-month 

wn return expectation is associated with an increase of 26 RMB 

n buying on the survey day and 296 RMB in buying during the 

ext month. Interestingly, the coefficients on E [MktRet 1M 

] are not 
tatistically significant. This comparison suggests that expecta- 
ions of one’s own portfolio returns may have a larger effect on 

nvestors’ portfolio decisions. 25 

Next we show that memory correlates with trading behavior 
hrough beliefs. We first decompose E [OwnRet 1M 

] , which is shown 

o be related to trading, into two components: one driven by mem- 
ry and one that is not. Specifically, we first regress E [OwnRet 1M 

] 
n R [OwnRet 1M 

] and R [OwnRet 1Y 

] from ProbedRecall , while con- 
rolling for the same list of individual characteristics as before; 
he fitted values are then denoted as ̃  E [OwnRet 1M 

] . 26 

We rerun the same cross-sectional regression of net buy 

mount on ̃

 E [OwnRet 1M 

] : 

NetBuy = β0 + β1 ̃  E [OwnRet 1M 

] + X + ε. 14) 

he results are reported in column (2). Memory-induced return 

xpectations are positively correlated with trading behavior: a 1 

ercentage point increase in the one-month memory-induced re- 
urn expectation is associated with an increase of 71 RMB in buy- 
ng on the survey day and 1,141 RMB in buying in the subsequent 

onth. These coefficients are much larger in magnitude than be- 
ore. One possibility is that memory-driven return expectations 
re more relevant for decision making. Alternatively, it could be 

hat the elicited return expectations contain noise, creating an 
ttenuation bias. 

25. Giglio et al. (2021) also examine the link between beliefs and portfolio 
hoices by regressing the equity share on return expectations. However, our trans- 
ction data include detailed records of exchange-traded products but do not con- 
ain information on cash balances, preventing us from measuring overall equity 
hare. As such, the two exercises are not directly comparable. It is important to 
ecognize that these regression results above do not imply causality. For instance, 
t could be a case of reverse causality, where planned trades influence reported be- 
iefs, or the result of an omitted variable that jointly affects both trading decisions 
nd return expectations. 

26. We include only R [OwnRet 1M 

] and R [OwnRet 1Y ] as these are the two hori- 
ons most frequently used for trading. Other specifications, such as including all 
our types of recalled own returns in ProbedRecall , produce essentially the same 
esults. 
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Last, in column (3) we further control for actual experience
and find that the results are essentially unchanged. This further
suggests that it is the recalled experiences, rather than the objec-
tive experiences, that affect portfolio decisions through the expec-
tations channel. 

VI. CONCLUSION 

There is growing interest in the role of memory in shaping be-
liefs and choices. Much of the existing discussion has focused on
laboratory evidence and the development of memory-based the-
ories of decision making. This article contributes new field evi-
dence to support these theories. Surveying a large, representa-
tive sample of retail investors, we elicit their memories of stock
market investments and return expectations. By merging these
survey responses with administrative transaction records, we val-
idate the memories, examine their properties, and provide new
insights into how investor memory shapes belief formation. 

Our analysis delivers several key messages. First, memory is
not a simple record of past experiences. It oversamples recent and
salient events and is shaped by the current environment. This
challenges belief-formation models based solely on time-weighted
averages of past experiences, where recent experiences receive
greater weight ( Malmendier and Nagel 2011 , 2016 ). Future mod-
els should incorporate salience by assigning more weight to par-
ticularly vivid or extreme experiences. Our findings on cued re-
call further highlight the importance of environmental cues in
shaping expectations. Though we focus on returns as a key cue,
more comprehensive models must allow for interacting cues with
changing significance over time. For example, Taubinsky et al.
(2024) show how affect influences recall in the context of inflation
expectations, pointing to the need for richer dynamic frameworks.

Second, memory plays a central role in shaping beliefs. Our
evidence is consistent with the investors in our study forming ex-
pectations by sampling from a subjective distribution of past re-
turns and projecting these samples onto future outcomes. While
this process reflects a psychologically realistic mechanism for
retail investors, more sophisticated investors may use memory
differently—for instance, by recalling past return dynamics or
regime shifts. Exploring such uses of memory is a promising di-
rection for future research. 
r 2025
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Third, memory-driven expectations meaningfully influence 

rading decisions. Although our analysis focuses on investment 
ehavior, the broader economic implications of memory are sub- 
tantial. Recent work has begun to explore how memory affects 
ecisions in other domains, such as consumption. Further inves- 
igating these dynamics offers the potential to enrich our under- 
tanding of decision making across a wide range of economic con- 
exts. 

SUPPLEMENTARY MATERIAL 

An Online Appendix for this article can be found at The 
uarterly Journal of Economics online. 

DATA AVAILABILITY 

The data underlying this article are available in the Harvard 

ataverse, https://doi.org/10.7910/DVN/MGIDH7 ( Jiang et al. 
025 ). 

ELLOGG SCHOOL OF MANAGEMENT, NORTHWESTERN UNIVER- 
ITY, AND NATIONAL BUREAU OF ECONOMIC RESEARCH, UNITED 

TATES 

HENZHEN FINANCE INSTITUTE AND SCHOOL OF MANAGEMENT 

ND ECONOMICS, THE CHINESE UNIVERSITY OF HONG KONG, 
HENZHEN, CHINA 

ONDON SCHOOL OF ECONOMICS AND POLITICAL SCIENCE AND 

ENTRE FOR ECONOMIC POLICY AND RESEARCH, UNITED KING- 
OM 

EPAUL UNIVERSITY, UNITED STATES 

REFERENCES 

ndre, Peter , Ingar Haaland, Christopher Roth, Mirko Wiederholt, and Johannes 
Wohlfart, “Narratives about the Macroeconomy,” Working Paper no. 426, 
Leibniz Institute for Financial Research SAFE, Leibniz, 2024. https://doi.org/ 
10.2139/ssrn.4947636 

rmona, Luis , Andreas Fuster, and Basit Zafar, “Home Price Expectations and 
Behaviour: Evidence from a Randomized Information Experiment,” Review 

of Economic Studies , 86 (2019), 1371–1410. https://doi.org/10.1093/restud/r 
dy038 

addeley, Alan , “Working Memory,” in Memory , 3rd ed., Alan Baddeley, Michael 
W. Eysenck, and Michael C. Anderson (London: Routledge, 2020), 71–111. 

arberis, Nicholas , “Psychology-Based Models of Asset Prices and Trading Vol- 
ume,” in Handbook of Behavioral Economics: Applications and Foundations , 
vol. 1, B. Douglas Bernheim, Stefano DellaVigna, and David Laibson, eds. 
r 2025

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjaf035#supplementary-data
https://doi.org/10.7910/DVN/MGIDH7
https://doi.org/10.2139/ssrn.4947636
https://doi.org/10.1093/restud/rdy038


54 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjaf035/8215190 by London School of Econom

ics user on 09 Septem
be
(Amsterdam: North-Holland, 2018), 79–175. https://doi.org/10.1016/bs.hesbe
.2018.07.001 

Barberis, Nicholas , Robin Greenwood, Lawrence Jin, and Andrei Shleifer, “Ex-
trapolation and Bubbles,” Journal of Financial Economics , 129 (2018), 203–
227. https://doi.org/10.1016/j.jfineco.2018.04.007 

Bénabou, Roland , and Jean Tirole, “Self-Confidence and Personal Motivation,”
Quarterly Journal of Economics , 117 (2002), 871–915. https://doi.org/10.116
2/003355302760193913 

———, “Willpower and Personal Rules,” Journal of Political Economy , 112 (2004),
848–886. https://doi.org/10.1086/421167 

Bordalo, Pedro , Giovanni Burro, Katherine Coffman, Nicola Gennaioli, and An-
drei Shleifer, “Imagining the Future: Memory, Simulation, and Beliefs,” Re-
view of Economic Studies , 92 (2025), 1532–1563. https://doi.org/10.1093/rest
ud/rdae070 

Bordalo, Pedro , Katherine Coffman, Nicola Gennaioli, Frederik Schwerter, and
Andrei Shleifer, “Memory and Representativeness,” Psychological Review ,
128 (2021), 71–85. https://doi.org/10.1037/rev0000251 

Bordalo, Pedro , John J. Conlon, Nicola Gennaioli, Spencer Y. Kwon, and An-
drei Shleifer, “Memory and Probability,” Quarterly Journal of Economics , 138
(2023), 265–311. https://doi.org/10.1093/qje/qjac031 

Bordalo, Pedro , Nicola Gennaioli, Yueran Ma, and Andrei Shleifer, “Overreaction
in Macroeconomic Expectations,” American Economic Review , 110 (2020),
2748–2782. https://doi.org/10.1257/aer.20181219 

Bordalo, Pedro , Nicola Gennaioli, and Andrei Shleifer, “Salience,” Annual Review
of Economics , 14 (2022), 521–544. https://doi.org/10.1146/annurev-economic
s- 051520- 011616 

Bower, Gordon , “Stimulus-Sampling Theory of Encoding Variability,” in Coding
Processes in Human Memory , Arthur W. Melton and Edwin Martin, eds.
(Washington, DC: V.H. Winston, 1972), 85–124. 

Charles, Constantin , “Memory and Trading,” LSE Working Paper, LSE, London
United Kingdom, 2022. 

———, “Memory Moves Markets,” Review of Financial Studies , 38 (2025), 1641–
1686. https://doi.org/10.1093/rfs/hhae086 

Coibion, Olivier , and Yuriy Gorodnichenko, “Information Rigidity and the Expec-
tations Formation Process: A Simple Framework and New Facts,” American
Economic Review , 105 (2015), 2644–2678. https://doi.org/10.1257/aer.201103
06 

Colonnelli, Emanuele , Niels Joachim Gormsen, and Tim McQuade, “Selfish Cor-
porations,” Review of Economic Studies , 91 (2024), 1498–1536. https://doi.or
g/10.1093/restud/rdad057 

D’Acunto, Francesco , Daniel Hoang, Maritta Paloviita, and Michael Weber, “Cog-
nitive Abilities and Inflation Expectations,” AEA Papers and Proceedings , 109
(2019), 562–566. https://doi.org/10.1257/pandp.20191050 

Das, Sreyoshi , Camelia M. Kuhnen, and Stefan Nagel, “Socioeconomic Status and
Macroeconomic Expectations,” Review of Financial Studies , 33 (2020), 395–
432. https://doi.org/10.1093/rfs/hhz041 

Enke, Benjamin , and Thomas Graeber, “Cognitive Uncertainty,” Quarterly Jour-
nal of Economics , 138 (2023), 2021–2067. https://doi.org/10.1093/qje/qjad025 

Enke, Benjamin , Frederik Schwerter, and Florian Zimmermann, “Associative
Memory, Beliefs, and Market Interactions,” Journal of Financial Economics ,
157 (2024), 103853. https://doi.org/10.1016/j.jfineco.2024.103853 

Falk, Armin , and Florian Zimmermann, “A Taste for Consistency and Survey
Response Behavior,” CESifo Economic Studies , 59 (2013), 181–193. https:
//doi.org/10.1093/cesifo/ifs039 

Fredrickson, Barbara L. , and Daniel Kahneman, “Duration Neglect in Retrospec-
tive Evaluations of Affective Episodes,” Journal of Personality and Social Psy-
chology , 65 (1993), 45–55. https://doi.org/10.1037/0022-3514.65.1.45 
r 2025

https://doi.org/10.1016/bs.hesbe.2018.07.001
https://doi.org/10.1016/j.jfineco.2018.04.007
https://doi.org/10.1162/003355302760193913
https://doi.org/10.1086/421167
https://doi.org/10.1093/restud/rdae070
https://doi.org/10.1037/rev0000251
https://doi.org/10.1093/qje/qjac031
https://doi.org/10.1257/aer.20181219
https://doi.org/10.1146/annurev-economics-051520-011616
https://doi.org/10.1093/rfs/hhae086
https://doi.org/10.1257/aer.20110306
https://doi.org/10.1093/restud/rdad057
https://doi.org/10.1257/pandp.20191050
https://doi.org/10.1093/rfs/hhz041
https://doi.org/10.1093/qje/qjad025
https://doi.org/10.1016/j.jfineco.2024.103853
https://doi.org/10.1093/cesifo/ifs039
https://doi.org/10.1037/0022-3514.65.1.45


INVESTOR MEMORY AND BIASED BELIEFS 55

G

G

G

G

G

G

G

J

J

K

K

L

L

M

—

M

M

M

M

S

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/advance-article/doi/10.1093/qje/qjaf035/8215190 by London School of Econom

ics user on 09 Septem
b

ao, Zhenyu , Wenxi Jiang, Wei A. Xiong, and Wei Xiong, “Daily Momentum and 
New Investors in an Emerging Stock Market,” Working Paper no. 31839, Na- 
tional Bureau of Economic Research, Cambridge, MA, 2023. https://doi.org/ 
10.3386/w31839 

ennaioli, Nicola , and Andrei Shleifer, “What Comes to Mind,” Quarterly Journal 
of Economics , 125 (2010), 1399–1433. https://doi.org/10.1162/qjec.2010.125.4. 
1399 

iglio, Stefano , Matteo Maggiori, Johannes Stroebel, and Stephen Utkus, “Five 
Facts about Beliefs and Portfolios,” American Economic Review , 111 (2021), 
1481–1522. https://doi.org/10.1257/aer.20200243 

laser, Markus , and Martin Weber, “Overconfidence and Trading Volume,”
Geneva Risk and Insurance Review , 32 (2007), 1–36. https://doi.org/10.100 
7/s10713- 007- 0003- 3 

ödker, Katrin , Peiran Jiao, and Paul Smeets, “Investor Memory,” Review of Fi- 
nancial Studies , 38 (2025), 1595–1640. https://doi.org/10.1093/rfs/hhaf006 

raeber, Thomas , Christopher Roth, and Florian Zimmermann, “Stories, Statis- 
tics, and Memory,” Quarterly Journal of Economics , 139 (2024), 2181–2225. 
https://doi.org/10.1093/qje/qjae020 

reenwood, Robin , and Andrei Shleifer, “Expectations of Returns and Expected 
Returns,” Review of Financial Studies , 27 (2014), 714–746. https://doi.org/10 
.1093/rfs/hht082 

iang, Zhengyang , Hongqi Liu, Cameron Peng, and Hongjun Yan, “Replication 

Data for: ‘Investor Memory and Biased Beliefs: Evidence from the Field’,”
2025, Harvard Dataverse. https://doi.org/10.7910/DVN/MGIDH7 

iang, Zhengyang , Cameron Peng, and Hongjun Yan, “Personality Differences and 
Investment Decision-Making,” Journal of Financial Economics , 153 (2024), 
103776. https://doi.org/10.1016/j.jfineco.2023.103776 

ahana, Michael Jacob , Foundations of Human Memory , (New York: Oxford Uni- 
versity Press, 2012). 

ahneman, Daniel , Barbara L. Fredrickson, Charles A. Schreiber, and Donald A. 
Redelmeier, “When More Pain Is Preferred to Less: Adding a Better End,”
Psychological Science , 4 (1993), 401–405. https://doi.org/10.1111/j.1467-9280. 
1993.tb00589.x 

iao, Jingchi , Cameron Peng, and Ning Zhu, “Extrapolative Bubbles and Trading 
Volume,” Review of Financial Studies , 35 (2022), 1682–1722. https://doi.org/ 
10.1093/rfs/hhab070 

iu, Hongqi , Cameron Peng, Wei A. Xiong, and Wei Xiong, “Taming the Bias Zoo,”
Journal of Financial Economics , 143 (2022), 716–741. https://doi.org/10.101 
6/j.jfineco.2021.06.001 

almendier, Ulrike , and Stefan Nagel, “Depression Babies: Do Macroeconomic 
Experiences Affect Risk Taking?,” Quarterly Journal of Economics , 126 
(2011), 373–416. https://doi.org/10.1093/qje/qjq004 

——, “Learning from Inflation Experiences,” Quarterly Journal of Economics , 
131 (2016), 53–87. https://doi.org/10.1093/qje/qjv037 

almendier, Ulrike , Demian Pouzo, and Victoria Vanasco, “Investor Experi- 
ences and Financial Market Dynamics,” Journal of Financial Economics , 136 
(2020), 597–622. https://doi.org/10.1016/j.jfineco.2019.11.002 

almendier, Ulrike , and Jessica A. Wachter, “Memory of Past Experiences and 
Economic Decisions,” in The Oxford Handbook of Human Memory , (Oxford: 
Oxford University Press, 2024), 2228–2266. https://doi.org/10.1093/oxfordhb 
/9780190917982.013.78 

ullainathan, Sendhil , “A Memory-Based Model of Bounded Rationality,” Quar- 
terly Journal of Economics , 117 (2002), 735–774. https://doi.org/10.1162/0033 
55302760193887 

urdock, Bennet B. , “The Serial Position Effect of Free Recall,” Journal of Exper- 
imental Psychology , 64 (1962), 482–488. https://doi.org/10.1037/h0045106 

chacter, Daniel L. , Searching for Memory: The Brain, the Mind, and the Past , 
(New York: Basic Books, 1996). 
er 2025

https://doi.org/10.3386/w31839
https://doi.org/10.1162/qjec.2010.125.4.1399
https://doi.org/10.1257/aer.20200243
https://doi.org/10.1007/s10713-007-0003-3
https://doi.org/10.1093/rfs/hhaf006
https://doi.org/10.1093/qje/qjae020
https://doi.org/10.1093/rfs/hht082
https://doi.org/10.7910/DVN/MGIDH7
https://doi.org/10.1016/j.jfineco.2023.103776
https://doi.org/10.1111/j.1467-9280.1993.tb00589.x
https://doi.org/10.1093/rfs/hhab070
https://doi.org/10.1016/j.jfineco.2021.06.001
https://doi.org/10.1093/qje/qjq004
https://doi.org/10.1093/qje/qjv037
https://doi.org/10.1016/j.jfineco.2019.11.002
https://doi.org/10.1093/oxfordhb/9780190917982.013.78
https://doi.org/10.1162/003355302760193887
https://doi.org/10.1037/h0045106


56 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/a
Scheinkman, José A. , and Wei Xiong, “Overconfidence and Speculative Bubbles,”
Journal of Political Economy , 111 (2003), 1183–1219. https://doi.org/10.1086/
378531 

Taubinsky, Dmitry , Luigi Butera, Matteo Saccarola, and Chen Lian, “Beliefs
About the Economy Are Excessively Sensitive to Household-Level Shocks:
Evidence from Linked Survey and Administrative Data,” NBER Working Pa-
per no. 32664, National Bureau of Economic Research, Cambridge, MA, 2024.
https://doi.org/10.3386/w32664 

Wachter, Jessica A. , and Michael Jacob Kahana, “A Retrieved-Context Theory of
Financial Decisions,” Quarterly Journal of Economics , 139 (2024), 1095–1147.
https://doi.org/10.1093/qje/qjad050 

Xiong, Wei , and Jialin Yu, “The Chinese Warrants Bubble,” American Economic
Review , 101 (2011), 2723–2753. https://doi.org/10.1257/aer.101.6.2723 

Zimmermann, Florian , “The Dynamics of Motivated Beliefs,” American Economic
Review , 110 (2020), 337–361. https://doi.org/10.1257/aer.20180728 
C © The Author(s) 2025. Published by Oxford University Press on behalf of President and Fel- 
lows of Harvard College. This is an Open Access article distributed under the terms of the 
Creative Commons Attribution License ( https://creativecommons.org/licenses/by/4.0/ ), which 
permits unrestricted reuse, distribution, and reproduction in any medium, provided the orig- 
inal work is properly cited. 

dvance-article/doi/10.1093/qje/qjaf035/8215190 by London School of Econom
ics user on 09 Septem

ber 2025

https://doi.org/10.1086/378531
https://doi.org/10.3386/w32664
https://doi.org/10.1093/qje/qjad050
https://doi.org/10.1257/aer.101.6.2723
https://doi.org/10.1257/aer.20180728
https://creativecommons.org/licenses/by/4.0/

	I Introduction
	II A Conceptual Framework
	III Survey Design and Stylized Facts
	IV Cued Recall
	V Recalls, Beliefs, and Actions
	VI Conclusion
	Supplementary Material
	Data Availability
	References

