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ABSTRACT: Research using survey data has found that respondents report lower expectations 

of future stock returns in bad times. This empirical pattern conflicts with the predictions of 

leading rational asset pricing models, where investors demand higher returns in bad times. We 

hypothesize that departures from rational cash-flow expectations can help reconcile the 

mismatch between theory and survey data. We test this hypothesis in an experiment that enables 

us to precisely control information about the cash flow process. Subjects are incentivized to 

report a time series of expected cash flows and asset valuations, which we use to infer discount 

rates. We find that discount rates and perceived risk are strongly negatively correlated; in 

contrast, a rational risk averse agent in our experiment should exhibit a strong positive 

relationship. We then document a new fact: when perceived risk is higher, subjects apply lower 

discount rates and are also willing to pay less for future cash flows. We argue that the 

mechanism which generates this new fact operates through distorted beliefs about cash flows. 

Overall, our results point to the importance of jointly modeling subjective expectations of cash 

flows and subjective expected returns.  
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Over the past several years, there has been a surge of interest in using survey data to 

measure investor expectations about stock market returns (Brunnermeier et al., 2021; Adam, 

Mateveev, and Nagel, 2021). Greenwood and Shleifer (2014) synthesize data from multiple 

surveys and demonstrate that when past stock market returns have been high, investors and 

CFOs expect high future returns. Conversely, when past returns have been low, survey 

respondents expect low returns. This evidence clashes with a central prediction of prominent 

rational asset pricing models, in which investors demand (and expect) high returns when recent 

returns have been low. One path to resolve the mismatch between theory and data is to discount 

the survey responses, on the grounds that questions are non-incentivized and respondents are 

confused about expected returns. This view, however, is quickly being eroded by a new 

generation of survey data, which reinforces existing puzzles and reveals new facts.  

Giglio et al. (2021a; 2021b) merge survey data on expectations with microdata on 

portfolio choice. With this new dataset, the authors reveal that survey expectations are highly 

informative about actual portfolio choice: those investors who expect higher stock market returns 

allocate a higher equity share in their portfolio. Giglio et al. (2021a) also provide a battery of 

new facts about the relationship between expected returns, perceived risk, and portfolio 

allocations. In line with the Greenwood and Shleifer (2014) evidence, Giglio et al. (2021a) show 

that when investors perceive high disaster risk, they expect low future returns – a relationship 

opposite to the prediction of rare disaster models. Additionally, portfolio allocations are too 

stable given the variation in stated expectations, cash flow growth expectations covary with 

expected returns, and there is substantial variation in expectations across investors. 

In this paper we revisit several of these new facts in a controlled experimental setting, 

with an emphasis on understanding how discount rates vary with perceived risk. We design our 
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experiment to provide three main advantages that complement data from past surveys. First, 

rather than assuming the expected returns reported by survey respondents are the same as 

discount rates, here we infer the discount rate in an incentive compatible manner. To do so, we 

elicit both a subject’s willingness to pay for an asset and expectations of the asset’s cash flows; 

these two ingredients enable us to back out the implied discount rate for each subject.  

Second, we exogenously set the cash flow process and control the subject’s information 

set; we can then make quantitative statements about how cash flow expectations and discount 

rates deviate from that of a risk averse Bayesian investor2. Finally, we incentivize subjects to 

price a one-period dividend strip in a partial equilibrium setting. This allows us to study the 

relationship between expectations and valuations at the subject level, without requiring the 

respondent to be the marginal investor. The one-period nature of the asset further simplifies the 

environment by shutting down the need for subjects to form cash flow expectations at longer 

horizons. 

These design features give rise to a clean environment to investigate the basic building 

blocks of asset pricing. We ask subjects to report the full distribution of their beliefs about next 

period’s dividend, and then we elicit their willingness to pay (or certainty equivalent) for the 

subjective cash flow distribution. The ratio of the subject’s cash flow expectation to their 

willingness to pay is the discount rate, and we analyze how this quantity varies with a subject’s 

perception of risk. 

Our main results can be summarized as follows.  Discount rates vary negatively with 

perceived risk, both within and across subjects. This result stands in stark contrast to the 

predictions of a rational benchmark model, in which a risk averse subject should discount cash 

 
2 See Afrouzi et al. (2021) for a recent experimental study that also exogenously sets the stochastic 

process that subjects need to forecast, in order to study deviations from Bayesian learning.  
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flows at a higher rate when perceived risk is high. The data are instead consistent with past 

surveys which find that when respondents perceive high risk, they expect low returns. We then 

show that willingness to pay and subjective cash flow expectations decline in perceived risk. 

Because the discount rate falls with perceived risk, it follows that cash flow expectations must be 

falling faster than willingness to pay (so that the ratio of the two also declines with perceived 

risk). Indeed, we find that as perceived risk becomes higher, subjects switch from overestimating 

to underestimating cash flows. This specific departure from rational expectations drives the 

observed negative relationship between discount rates and perceived risk. 

 In addition to matching the empirical relationship between subjective discount rates and 

risk from surveys, we also find that expected realized returns vary positively perceived risk. This 

pattern is observationally equivalent to the empirical data that motivates the leading dynamic 

asset pricing models, which induce variation in equity valuations using discount rate variation. 

Time variation in risk aversion in Campbell and Cochrane (1999), time varying volatility in 

Bansal and Yaron (2004), and time varying disaster risk in Gabaix (2012) and Wachter (2013) all 

generate high expected returns in times of high risk, contributing to the decline in valuations in 

bad times.  

We show that the higher statistical expectation of realized returns in our experiment, e.g., 

implied by a predictive regression in the spirit of Campbell and Shiller (1988), does not imply 

that agents discount cash flows at a higher rate. Rather, we find that the low valuations in bad 

times are driven by excessively low cash flow expectations, and that discount rates are actually 

lower in times of high risk. The cash flow effect dominates the cyclicality of valuations leading 

to procyclical prices. Contrary to conventional wisdom in the asset pricing literature (e.g., 

Cochrane, 2011), we find that valuations are not driven by higher discounting in bad times. If 
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anything, discount rate variation makes prices less volatile, all else equal. The lower discount 

rates in bad times can counteract the excessively pessimistic cash flow expectations, effectively 

serving as a cushion on which prices can fall. Conversely, the higher discount rates in good times 

will temper the high prices driven by excessively optimistic cash flow expectations3.  

Because we elicit the full distribution of cash flow beliefs from each subject over time, 

we have rich data to analyze departures from rational expectations. Interestingly, the deviations 

from rational cash flow expectations that we document are not easily detectable when simply 

looking at the subjective distribution of beliefs: on average, subjects report a distribution of cash 

flows that is reasonably close to the Bayesian benchmark. The systematic nature of the irrational 

expectations is revealed only when disaggregating the data across subjects and over time. When 

risk is high, subjects are overly pessimistic about cash flows, and when risk is low, subjects are 

overly optimistic. The subjective expectations are largely driven by wrong beliefs about the 

probability of receiving the lowest possible cash flow, which has an objectively low probability. 

When risk is high, subjects overestimate the probability of this low cash flow by 5.8 percentage 

points (relative to a rational benchmark of 10.4%), but when risk is low, subjects underestimate 

the probability of this cash flow by 3.2 percentage points (relative to a rational benchmark of 

9.6%).  

 Our paper contributes to two different strands of literature. First, our results build directly 

on a recent set of papers in finance and macroeconomics that has returned to surveying investors 

and professional forecasters about their expectations (Greenwood and Shleifer, 2014; Kuchler 

 
3 In our experiment, we define good (bad) times as times of low (high) risk for the one-period asset. We note that 

while the asset pricing models discussed above induce risk premia through systematic risk in the economy, there is 

no notion of systematic risk in our experiment. Therefore, our statements regarding the attitude of a rational 

Bayesian agent towards risk implicitly assume that subjects perceive the experimental asset's risk as being non-

diversifiable, so that higher risk leads to higher discount rates. Importantly, the controlled nature of our experiment 

allows us to demonstrate that the mechanism which gives rise to the variation in discount rates is distinct from 

common explanations based on systematic risk.   
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and Zafar, 2019; Das, Kuhnen, and Nagel, 2020; Choi and Robertson, 2020; Bordalo et al., 2020; 

Choi et al., 2021; Chinco, Hartzmark, and Sussman, 2021; Liu et al., 2021; De La O and Myers, 

2021). These studies have spurred the development of new models, which aim to match not only 

data on realized returns, but data on return expectations from surveys (Barberis et al., 2015; 

Adam, Marcet, and Beutel, 2017). In our data, we observe a positive correlation between 

discount rates and expected cash flows, which is in line with the positive correlation between 

expected cash flow growth and expected returns documented in Giglio et al. (2021a). This 

suggests that new models may seek to additionally impose this covariation between expectations 

of fundamentals and returns (Jin and Sui, 2021)4. 

We also contribute to the literature on learning and asset pricing. In our design, subjects 

are told that there is a stock which follows a two-state Markovian process. In the good state, the 

cash flow distribution has a lower volatility and higher mean, compared to the cash flow 

distribution in the bad state.  Importantly, the state can switch in each period with 20% 

probability. This switching process ensures that there is persistent time series variation in 

expected cash flows (see, for example, Veronesi, 2000; Lettau, Ludvigson, and Wachter, 2008; 

Collin-Dufresne, Johannes, and Lochstoer, 2016; Ghaderi, Kilic, and Seo, 2021). While the 

distribution of possible cash flows in our experiment does not have an extremely long left tail, 

we can still qualitatively examine how perception of downside risk affects discount rates. 

Moreover, because we provide subjects with the distribution of cash flows (conditional on each 

state), subjects are able to learn about downside risk even in the absence of a downside event.  

 
4 For related models that assume misperception of fundamentals, see Barberis et al. (1998), Fuster et al. 

(2012), Choi and Mertens (2013), Alti and Tetlock (2014); Hirshleifer et al. (2015), and Bordalo et al. 

(2018, 2019). For a more comprehensive review of these models and the associated empirical evidence, 

see Barberis (2018).  
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The rest of this paper is organized as follows. Section 1 presents our experimental design. We 

present our experimental results in Section 2. We discuss our results and conclude in Section 3.  

 

1. Experimental Design 

A. Experimental Setup 

There is a stock that delivers a dividend, 𝑑𝑡, in each of 30 periods. There are five possible 

dividends: {$60, $85, $115, $135, $150}, and the distribution of dividends is governed by a two-

state Markov chain. We build a five point distribution of cash flows to mimic the five point 

distribution of returns that Giglio et al. (2021a) use to elicit beliefs from their survey 

respondents5. We denote the state in period t by 𝑠𝑡, which can take on one of two values, either 

good or bad. The dividend distribution generated in the good state has a higher mean and lower 

volatility, compared with the dividend distribution in the bad state. Specifically, in the bad state, 

the distribution of dividends is given by: 

 

Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) ≡ ($60, 0.15; $85, 0.30; $115, 0.40; $135, 0.10; $150, 0.05).               (1)                 

 

In the good state, the distribution of dividends is given by: 

 

Pr(𝑑𝑡|𝑠𝑡 = 𝑔𝑜𝑜𝑑) ≡ ($60, 0.05; $85, 0.10; $115, 0.40; $135, 0.30; $150, 0.15).                 (2)                  

 

 
5 Giglio et al. (2021a) elicit a distribution over five different ranges of returns, whereas we will elicit a distribution 

over five different values of cash flows. 
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Note that the bad state is also associated with a higher probability of delivering the lowest 

dividend of $60 (in addition to having higher volatility). We initialize the state in period 1 to be 

either good or bad with equal probability: Pr(𝑠1 = 𝑔𝑜𝑜𝑑) = 0.5. There is also persistence in the 

states: the probability of remaining in the same state from one period to the next is 80%. 

Therefore, with 20% probability, the state switches in each period.  

Subjects are given all the above information about the model of dividends; however, they 

do not observe the identity of the state in each period. As such, subjects face a learning problem 

in which they can use data on past dividends to infer the probability that the current state is good. 

We choose the above stochastic process so that there is substantial time series variation in the 

expected dividend. Furthermore, the two-state switching process guarantees that the variation 

does not decline over time (as would be the case, in say, a model where there is probability 0 of 

switching from one state to the other). To ease comparability of behavior across subjects, we use 

the same realized sequence of thirty dividends for all subjects. 

In eight randomly chosen periods, we elicit a subject’s full distribution of expectations 

about next period’s dividend. Specifically, we ask subjects for the probability that they attach to 

each of the five possible dividend outcomes. The ordering of the buckets (i.e., lowest to highest 

or highest to lowest) is randomized across subjects, and we ensure that the probabilities add up to 

100%. This elicitation enables us to test how the subjective distribution of dividend expectations 

differs from the objective distribution. We also ask subjects to report their willingness to pay for 

the right to receive next period’s dividend, 𝑑𝑡+1 (one can think of this as a willingness to pay for 

a one-period dividend strip). We use this willingness to pay to back out the implied discount rate, 

as described below.  
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Importantly, we incentivize the expectations question and the willingness to pay question. 

When we elicit a subject’s distribution of beliefs about next period’s dividend, we pay subjects 

based on their accuracy relative to how a Bayesian agent would respond. To see how a Bayesian 

agent would respond, we derive the probability that the state is bad, conditional on all past 

dividends. We denote this quantity as 𝑝𝑡 = Pr(𝑠𝑡 = 𝑏𝑎𝑑 | 𝑑𝑡, 𝑑𝑡−1, … 𝑑1). Conditional on 𝑝𝑡, it is 

straightforward to compute the distribution of dividends. 

Because the stochastic process is Markovian, we can rewrite the expression for 𝑝𝑡 as a 

function of the current period’s realized dividend and the prior belief: 

𝑝𝑡(𝑝𝑡−1, 𝑑𝑡) =

Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) Pr(𝑠𝑡 = 𝑏𝑎𝑑 | 𝑝𝑡−1) 

Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) Pr(𝑠𝑡 = 𝑏𝑎𝑑|𝑝𝑡−1) + Pr(𝑑𝑡|𝑠𝑡 = 𝑔𝑜𝑜𝑑) Pr(𝑠𝑡 = 𝑔𝑜𝑜𝑑|𝑝𝑡−1) 
 

=
Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) (0.8𝑝𝑡−1 + 0.2(1 − 𝑝𝑡−1))

Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) (0.8𝑝𝑡−1 + 0.2(1 − 𝑝𝑡−1)) +  Pr(𝑑𝑡|𝑠𝑡 = 𝑔𝑜𝑜𝑑) (0.2𝑝𝑡−1 + 0.8(1 − 𝑝𝑡−1))
 

(3) 

where the expressions Pr(𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑) and Pr(𝑑𝑡|𝑠𝑡 = 𝑔𝑜𝑜𝑑) are defined in equations (1) and 

(2), respectively (Frydman et al., 2014). Given the probability that the stock is in the bad state, 

the expected dividend is just a weighted average of the expected dividend in each of the two 

states: 𝐸(𝑑𝑡|𝑝𝑡) = 𝑝𝑡𝐸[𝑑𝑡|𝑠𝑡 = 𝑏𝑎𝑑] + (1 − 𝑝𝑡)𝐸[𝑑𝑡|𝑠𝑡 = 𝑔𝑜𝑜𝑑]. Similarly, the probability of 

each dividend outcome is a weighted average of the probability of that outcome in each of the 

two states. For example, for a $60 dividend, 𝑃𝑟(𝑑𝑡 = $60|𝑝𝑡) = 𝑝𝑡𝑃𝑟(𝑑𝑡 = $60|𝑠𝑡 = 𝑏𝑎𝑑) +

(1 − 𝑝𝑡)𝑃𝑟(𝑑𝑡 = $60|𝑠𝑡 = 𝑔𝑜𝑜𝑑). This establishes the Bayesian benchmark, which we use to 

incentivize subjects when they report their dividend expectations. In particular, we pay subjects 

based on their accuracy relative to the Bayesian benchmark (below we describe the payment 

scheme in more detail.) 
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It is more challenging to incentivize truthful reporting of the discount rate, which is a 

subjective quantity that depends on the subject’s risk tolerance, and there is no natural Bayesian 

benchmark. Our solution is to ask subjects to report their willingness to pay for the right to 

receive next period’s dividend, 𝑑𝑡+1. We then use this willingness to pay to infer the discount 

rate as follows: 

 

                                                     𝐷𝑖𝑠𝑐𝑜𝑢𝑛𝑡𝑅𝑎𝑡𝑒𝑡 =
E𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒[𝑑𝑡+1|𝑝𝑡]

𝑊𝑇𝑃𝑡
                     (4) 

In the right hand side of (4), the numerator is the subjective expected next-period dividend, 

which we compute from the elicited distribution of dividends. 

We incentivize subjects as follows. We randomly pick one of the eight periods in which 

we elicit the distribution of beliefs and the willingness to pay, and then pay subjects based on 

either the distribution question or the willingness to pay question. If the distribution question is 

randomly chosen, then we randomly select one of the outcomes of the distribution and pay 

subjects a $3 bonus if their elicited probability estimate is within one percentage point of the 

objective probability of that outcome. For each percentage point that subjects are off, we subtract 

3 cents.  

If instead the willingness to pay question is randomly chosen, we implement a Becker-

DeGroot-Marschak (BDM) mechanism, which is designed so that it is in the subject’s best 

interest to report their true willingness to pay. To implement the mechanism, we endow the 

subject with $210 in experimental wealth, which can be used to purchase the right to next 

period’s dividend. After the subject reports their willingness to pay for next period’s dividend, 

we draw a random price between $60 and $150. If the price that we draw is equal to or smaller 

than the willingness to pay, the subject purchases the one period asset at the randomly drawn 



 11 

price. If the number is larger than the stated willingness to pay, the subject does not purchase the 

asset. Subjects receive their remaining experimental wealth after any profits or losses from 

purchasing the asset. Each dollar in the experiment converts to $0.01 USD. Thus, subjects can 

receive a bonus of up to $3 in this question. 

While it may be difficult for subjects to implement the Bayesian updating rule in (3), our 

main tests do not rely critically on subjects’ ability to accurately compute 𝑝𝑡. Rather, because we 

are interested in testing whether discount rates increase with risk, it is important to test this 

hypothesis using a measure of the subject’s perception of the asset’s risk. Thus, even if dividend 

expectations do not coincide with rational expectations, we can still test whether discount rates 

and perceived risk assessments are positively correlated. 

 As a rational benchmark, we can compute the relationship between discount rates and 

risk, assuming a subject is Bayesian and risk averse. We begin by defining risk as the conditional 

volatility of cash flow. At any point in time, the probability of being in the bad state, 𝑝𝑡, induces 

a mixture of the two cash flow distributions generated in the good and bad state. Our measure of 

objective risk is defined as the volatility of the time-varying mixture of cash flow distributions. 

In order to impose risk aversion, we assume the subject has a utility function given by u(x) = 

log(x). (In the Appendix, we show our benchmark predictions are robust to alternative utility 

functions that impose risk aversion).  

Figure 1A plots the relationship between discount rates and risk, across the eight periods 

in which we elicit beliefs and WTP for the dividend strip in our experiment. There is a positive 

relationship: as volatility increases, a risk averse agent’s willingness to pay drops, and she 

discounts cash flows at a higher rate – controlling for shifts in rationally forecasted cash flows. 

When deriving this relationship, we assume that the agent views the asset’s cash flow risk as 



 12 

being non-diversifiable, and thus she demands compensation for this risk in the form of high 

expected returns. Of course, in a rational framework, the presence of only diversifiable risk 

would induce a flat relationship between discount rates and risk. As we will see, the data from 

our experiment closely mimics data from surveys about the aggregate stock market. In this sense, 

we believe that the mechanism generating the data in our experiment – despite the absence of 

systematic risk – has implications for the behavior of investors in the field.  In Figure 1B, we 

show that the same positive relationship holds when using an alternative measure of risk based 

on the probability of the lowest dividend. Because we have time series variation of discount rates 

and willingness to pay within subject, we can test for this relationship at the subject level. 

 

 

Figure 1A: Discount rate vs. risk for a Bayesian risk averse agent, using conditional volatility as 

the measure of risk. 
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Figure 1B: Discount rate vs. risk for a Bayesian risk averse agent, using the probability of the 

lowest dividend as the measure of risk. 

 

 

 

 

B. Experimental Procedures 

 We recruit N=300 subjects from the online data collection platform, Prolific. The sample 

size, main hypotheses, and exclusion criteria are all pre-registered on Aspredicted.org (see 

https://aspredicted.org/6Z4_RLQ for the pre-registration document). Subjects receive $2 for 

completing the experiment, in addition to their bonus payment. The average completion time of 

the experiment was approximately 13 minutes, and the average earning is $4.39, including the $2 

participation fee. 
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2. Experimental Results 

A. Sample and Summary Statistics 

 In Figure 2A we plot the time series of expected dividends and WTP. At each elicitation 

period, the subjective expected dividend, E*[D], is the mean of the subject’s reported cash flow 

distribution. The figure displays the average across all subjects at each of the eight elicitation 

periods. Several things stand out in this graph. First, subjects’ WTP is consistently below their 

expected dividend, which implies that subjects are risk averse on average. Second, WTP follows 

a similar path as E*[D], suggesting that subjects adjust their WTP according to changes in their 

beliefs. 

 In Figure 2B, we additionally overlay our measure of risk, namely the volatility implied 

by subjects’ reported cash flow distribution.6 The figure shows that both E*[D] and WTP are 

strongly negatively correlated with risk in the time series. In some tests, we use the perceived 

probability of the lowest dividend as our measure of risk, in analogy to disaster risk models, such 

as Wachter (2013). Figure 2C shows that the two measures of risk are strongly positively 

correlated in the time series. Indeed, all our results are robust to using either measure of risk. In 

Table 1, we provide additional summary statistics for our main variables. 

 

 

 

 

 

 
6 To ease interpretation, we add a second y-axis for the perceived conditional volatility. Due to the two different 

scales of the y-axis, we omit the confidence intervals. 
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Figure 2A: This figure shows the average expected dividend E*[D] and average WTP across all 

subjects at each of the eight elicitation periods. The vertical bars denote 95% confidence 

intervals, clustered by subject. 

 

 

Figure 2B: This figure shows the average expected dividend E*[D], average WTP, and average 

perceived conditional volatility across all subjects at each of the eight elicitation periods.  
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Figure 2C: This figure shows the average perceived conditional volatility and average perceived 

probability of the lowest dividend across all subjects at each of the eight elicitation periods. 
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Table 1: Summary Statistics 

This table presents summary statistics for the main variables in our sample. The sample consists of 300 subjects, each elicited at 8 

elicitation periods, yielding 2,400 observations. E*[D] is the subjective expected dividend, defined as the mean of a subject’s reported 

distribution. E[D] is the Bayesian expected dividend, defined as the mean of the Bayesian distribution. WTP is the subject’s reported 

willingness to pay for next period’s dividend. Discount rate is the ratio of E*[D] and WTP. Expected realized return is the ratio of 

E[D] and WTP. Perceived conditional volatility is the volatility of a subject’s reported cash flow distribution. Perceived probability of 

lowest dividend is the subjective probability that a subject attaches to the lowest dividend in the reported distribution. 

 

  Mean p25 p50 p75 Std. Dev. Min Max N 

Expected Dividend E*[D] 112.61 105.50 113.00 120.50 12.04 65.00 150.00 2,400 

WTP 95.15 80.00 95.70 110.00 20.88 60.00 150.00 2,400 

Discount Rate 1.23 1.04 1.19 1.38 0.27 0.52 2.23 2,400 

E*[D] / E[D] 1.01 0.96 1.02 1.08 0.10 0.59 1.32 2,400 

Expected Realized Return 1.22 1.02 1.17 1.38 0.27 0.69 1.97 2,400 

Perceived Conditional Volatility 23.64 21.36 24.81 27.22 6.05 0.00 39.69 2,400 

Perceived Prob. of Lowest Dividend 0.11 0.05 0.10 0.15 0.11 0.00 0.90 2,400 
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B. Discount Rates and Risk 

In Figure 3 we plot the empirical relationship between discount rates and risk. We define 

risk as perceived conditional volatility, which we compute as the volatility of the cash flow 

distribution reported by the subject. The discount rate is defined in (4). Figure 3 displays a clear 

negative relationship between perceived risk and discount rates. This is starkly at odds with the 

rational benchmark plotted in Figure 1, which predicts a strong positive relationship between 

discount rates and risk. To be clear: when subjects perceive risk to be higher, we find that 

subjects apply less of a discount to future cash flows. We formally confirm this relationship in 

column 1 of Table 2, which present results from a mixed effects regression with a random slope 

and a random intercept. This specification allows for heterogeneity across subjects in average 

discount rates, and also heterogeneity with respect to the sensitivity between discount rates and 

perceived risk.  

While the data strongly reject the prediction of the rational benchmark, the results are 

consistent with the evidence from Giglio et al. (2021a), who find that expected returns are 

negatively correlated with perceived risk. Because we measure both valuations and expectations, 

we can use these two components of the discount rate to analyze the mechanism that generates 

the negative relationship in Figure 3.  
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Figure 3: Binned scatterplot of inferred discount rates and perceived risk, controlling for subject 

fixed effects. 

 

 

One candidate mechanism operates through a subject’s willingness to pay. In particular, 

if subjects have rational expectations about dividends, but are willing to pay more for the asset 

when risk is higher, then this could give rise to a negative relationship between risk and discount 

rates. To test this hypothesis, in Figure 4 we plot the relationship between willingness to pay and 

perceived risk. The plot clearly shows that subjects are willing to pay less for the asset as risk 

increases. We formally confirm this result in a mixed effects regression in column 2 of Table 2. 

Taking stock, so far we have found that both discount rates and willingness to pay are 

declining in perceived risk. The only way to reconcile these facts with the present value 

relationship in (4), is to allow cash flow expectations to depart from rational (Bayesian) 

expectations. Because we control the information that subjects have about the cash flow process, 

we can precisely measure how close (or far) subjective expectations are from the rational 

benchmark. To do so, we construct a variable which measures the degree to which subjects 
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overestimate cash flows. This variable is given by the ratio, E*[D]/E[D], where E*[D] is the 

mean of the subjective cash flow distribution. Thus, for a Bayesian, E*[D]/E[D] should equal 1 

in all periods, and should not vary with risk. Figure 5 shows that instead, E*[D]/E[D] declines 

systematically with risk. This clearly rejects rational expectations, and we confirm this negative 

relationship in column 3 of Table 2. 

The negative relationship between E*[D]/E[D] and risk provides further evidence on the 

nature of the irrational expectations. When E*[D]/E[D] > 1, subjects overestimate cash flows and 

when E*[D]/E[D] < 1, subjects underestimate cash flows. Therefore, the data indicate that when 

risk is low, subjects are too optimistic; when risk is high, subjects are too pessimistic. Cash flow 

expectations are therefore moving too much, relative to a given change in perceived risk.  

 

Figure 4: Binned scatterplot of willingness to pay and perceived risk, controlling for subject 

fixed effects. 
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Figure 5: Binned scatterplot of E*[D]/E[D] and perceived risk, controlling for subject fixed 

effects. The horizontal line at E*[D]/E[D]=1 provides the rational benchmark which predicts no 

(variation in) overestimation of cash flows. 

 

 

This excessive volatility of beliefs can naturally explain the negative relationship 

between discount rates and risk in Figure 3. Since we know that WTP is declining in risk, then 

subjective dividend expectations must be falling faster than WTP, in order for the ratio of 

E*[D]/WTP to decline in risk.  The excessive volatility of beliefs generates the excessive 

sensitivity of E*[D] to risk. Our data therefore indicate that when risk increases, subjects 

discount cash flows at a lower rate because of wrong cash flow beliefs. Interestingly, the 

excessive volatility of beliefs that we observe does not necessarily imply that on average, beliefs 

are wrong. The fact that we elicit a time series of expectations within subject is crucial to 

identifying the source of the irrational expectations, which we examine further in the next 

section. 

Figure 6 shows the relationship between discount rates and expectations of cash flows. 

When subjects expect high cash flows, they apply high discount rates; conversely, when subjects 
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expect low cash flows, they apply low discount rates. This finding is in stark contrast to the 

Bayesian benchmark, which predicts a negative relationship. However, the data are consistent 

with Giglio et al. (2021a), who find that expected returns and expected GDP growth (a proxy for 

cash flow growth) are positively correlated. 

 

Figure 6: Binned scatterplot of inferred discount rates and E*[D], controlling for subject fixed 

effects.  

 

 

C. Expected Realized Returns and Risk 

We can also test whether the expected realized returns increase in risk – as they do in the 

field. To do so, we replace the subjective expectation in the numerator in (4) with rational 

expectations. Figure 7 presents a clear picture: there is a strong positive relationship between 

perceived risk and average realized returns (see column 4 of Table 2 for regression results). 

When subjects set the price of the asset low (in times of high risk), subsequent realized returns 

are high. Thus, we reproduce two key facts from the field: subjective expected returns vary 
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negatively with risk, while expected realized returns vary positively with risk (Greenwood and 

Shleifer, 2014).  

One concern, however, with interpreting the survey evidence from Greenwood and 

Shleifer (2014) through the lens of representative agent asset pricing models, is that survey 

respondents may not be the marginal investor. Our design sidesteps this concern because we 

elicit both expectations and valuations from each respondent. Thus, we are able to examine the 

endogenous relationship between realized returns and expectations at the individual level, 

without having to appeal to general equilibrium pricing. 

  

Figure 7: Binned scatterplot of expected realized returns and perceived risk, controlling for 

subject fixed effects. 
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Table 2: Univariate regression results with two alternative definitions of perceived risk.   

This table presents results from a mixed effects regression with a random slope and a random intercept in each univariate 

specification. The dependent variable in column 1 is a subject’s inferred discount rate, in column 2 it is a subject’s willingness to pay, 

in column 3 it is the ratio of a subject’s expected dividend to the Bayesian expected dividend, and in column 4 it is a subject’s 

expected realized return. The independent variable in Panel A is a subject’s perceived conditional volatility, and in Panel B it is a 

subject’s perceived probability of the lowest dividend. Standard errors are clustered by subject and displayed in parentheses below the 

coefficient. *, **, and ***, indicate statistical significance at the 10%, 5%, and 1% level, respectively. 

 

Panel A (1) (2) (3) (4) 

Dependent variable:  Discount rate WTP E*[D] / E[D] Expected realized return 

          

Perceived conditional volatility -0.002** -0.662*** -0.006*** 0.006*** 

  (0.001) (0.079) (0.000) (0.001) 

          

Observations 2,400 2,400 2,400 2,400 

          

          

Panel B (1) (2) (3) (4) 

Dependent variable:  Discount rate WTP E*[D] / E[D] Expected realized return 

          

Perceived prob. of lowest dividend -0.253*** -67.529*** -0.665*** 0.671*** 

  (0.056) (5.039) (0.016) (0.062) 

          

Observations 2,400 2,400 2,400 2,400 
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D. Overestimation and Underestimation of Cash Flows 

Because we elicit the full distribution of cash flow beliefs, we can further analyze 

whether expectational errors are concentrated on specific cash flows and how these expectational 

errors vary with perceived risk7. In Figure 8A, we plot the subjective distribution of beliefs 

against the objective distribution. Because the objective distribution is time-varying, we average 

it across all eight elicitation periods. We see small deviations from the rational benchmark, 

mainly in the form of an underestimation of the $115 dividend and an overestimation of the 

smaller probability $135 and $150 dividends. On net, this leads to a slight overestimation of 

mean cash flows (subjective: $112.61 vs. objective: $110.97, p<0.001). This is consistent with 

the evidence from Figure 5, which demonstrates that for a bulk of our data, E*[D]/E[D]>1, 

implying overestimation of cash flows.  

At the same time, we know from Figure 5 that deviations from rational expectations are 

systematically related to perceived risk. Specifically, subjects overestimate expected cash flows 

to a greater extent as perceived risk declines. Here we investigate this pattern more closely by 

examining the full distribution of beliefs. In Figure 8B, we plot the difference between subjective 

and objective beliefs, and we cut the data based on whether perceived volatility falls above or 

below the sample median. 

We see that when subjects perceive risk to be low, they underestimate the probability of 

the two lowest cash flows. This generates an overestimation of the mean cash flow, relative to 

the Bayesian benchmark (subjective: $116.44 vs. objective: $111.70, p<0.001). Conversely, 

when subjects perceive high risk, they overestimate the probability of the lowest cash flow, 

 
7 De La O and Myers (2021) provide some evidence that analyst forecast errors about earnings are 

predictable in some subsamples, which suggests overreaction. We complement their analysis by 

inspecting the mechanism in a fully controlled environment, allowing us to study the nature of 

expectation errors conditionally.      
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pushing the subjective expected cash flow below the Bayesian benchmark (subjective: $108.77 

vs. objective: $110.26, p<0.001). It is worth emphasizing the quantitative nature of subjects’ 

distorted beliefs about the lowest cash flow. When perceived risk is low, the objective Bayesian 

probability of the lowest cash flow is 9.6%; subjects state the subjective probability is 6.4%, 

leading to an approximate distortion of 33%. When perceived risk is high, the objective Bayesian 

probability of the lowest cash flow increases to 10.4%; in this case, subjects state the subjective 

probability is 16.1%, leading to an approximate distortion of over 50%. Taken together, the 

evidence suggests that subjective expected cash flows move too much for a given shift in 

perceived risk; furthermore, this excess volatility of beliefs stems in large part from wrong 

beliefs about the lowest possible cash flow.  

One caveat to the above analysis is that we are analyzing how belief distortions vary with 

perceived risk, rather than objective risk. Thus, the degree to which expected cash flows are 

“excessively” volatile is computed against the benchmark of how much expected cash flows 

should move for a given change in perceived risk. At the same time, the above analysis is 

motivated by the fact that measured beliefs are not rational, and thus perceived risk will not 

coincide with objective risk. Thus, the “excessive volatility” that we observe in cash flow 

expectations is not identical to the excessive volatility in the sense of Shiller (1981). 
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Figure 8A: Subjective and objective distribution of cash flow expectations. 95% confidence 

intervals are included and standard errors are clustered by subject. 

 

 

Figure 8B: Deviations from Bayesian cash flow beliefs. Data are cut by whether the belief is 

associated with perceived volatility that is above the median (dark grey bars) or below the 

median (light grey bars). 
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If we look back to Figure 5, it is important to emphasize that those results indicate that 

the systematic relationship between wrong cash flow beliefs and perceived risk obtains within 

subject (since we include subject fixed effects.) Yet it is possible that when partitioning the data 

based on high and low levels of perceived risk, as in Figure 8B, this could mainly partition the 

data across subjects. In other words, those observations where subjects perceive risk to fall 

below the sample median may be concentrated among a group of persistently optimistic subjects. 

The observations where subjects perceive risk to be high (above sample median) would then be 

concentrated among a group of pessimistic subjects. In the next section, we investigate the 

degree to which some subjects have persistently low or high expectations of cash flows. 

 

E. Heterogeneity Across Subjects 

For each subject, we compute the subjective expectation of cash flows, averaged across 

the eight elicitation periods. If all subjects hold rational expectations about cash flows, then the 

average subjective cash flow expectation would equal $110.97. Figure 9A plots a histogram and 

kernel density of subject-level average expectations. The density is roughly centered at the true 

mean, but there is substantial heterogeneity. A large number of subjects are, on average, 

pessimists who expect cash flows below the rational expectation; there are also many subjects 

who are optimists and expect cash flows above the rational expectation. 

Figure 9B conveys a similar message about perceived volatility, there are some subjects 

who on average perceive the cash flow distribution to be riskier than other subjects. This 

substantial heterogeneity is consistent with the large investor fixed effects found in survey data 

(Giglio et al. 2021a). Figure 9C shows that it is the pessimists – those who on average expect low 
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cash flows – who are more likely to perceive high risk. This joint distribution across subjects 

complements the within-subject effect that we display in Figure 58.  

 

 

Figure 9A: Kernel density of subjective expectations across subjects. For each subject, we 

compute the average subjective expectation of the next-period dividend across the eight 

elicitation periods. The plot shows the density across subjects. The red vertical line shows the 

average cash flow expectation of a Bayesian investor.  

 

 

 

 

 

 

 

 

 
8 We note that Figure 5 and Figure 9C are not perfectly comparable. In Figure 5, we display how E*[D]/E[D] 

declines in perceived risk; Figure 9C displays how E*[D] declines in perceived risk. 
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Figure 9B: Kernel density of perceived risk across subjects. For each subject, we compute the 

average perceived risk across the eight elicitation periods. The plot shows the density across 

subjects. The red vertical line shows the average conditional volatility of a Bayesian investor. 

 

 

 

Figure 9C: Scatterplot of perceived risk vs. subjective expected cash flow. Each point represents 

a single subject, and is computed by averaging perceived conditional volatility and E*[D] across 

the eight elicitation periods.  
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3. Discussion 

We have conducted an experiment to analyze several facts from the literature on survey 

expectations. Just as in the surveys, we elicit measures of perceived risk and expected returns. 

The novel experimental design that we employ, however, moves beyond a traditional survey 

design by incorporating several advantages, including precise control over subjects’ information 

sets and the incentive compatible elicitation of discount rates. 

Our experimental results stand in stark contrast to the predictions of a model in which a 

rational risk averse agent forms expectations using Bayes’ rule. At the same time, several 

patterns in our data resemble features of expectations and portfolio choice from a sample of 

Vanguard investors (Giglio et al. 2021a; 2021b). Throughout the paper, the main pattern we have 

emphasized is the negative correlation between discount rates and perceived risk.  

In addition, we also find substantial heterogeneity in expectations across subjects, similar 

to the substantial investor fixed effects found in Giglio et al. (2021a). Furthermore, we document 

that expected returns and expected cash flows are positively correlated. This is reminiscent of the 

covariation between expected returns and expected cash flow growth (proxied by GDP growth) 

found in Giglio et al. (2021a). Our ability to experimentally reproduce these facts using a 

substantially different methodology, should provide confidence that data from previous surveys 

are largely immune to critiques about lack of incentives or confusion about expected returns.  

The empirical correlation between expected returns and expected cash flows is related to 

the model of Jin and Sui (2021), which predicts covariation between the two expectations. In that 

model, by assumption investors extrapolate past stock market returns: expected returns are 

positively related to sentiment, which itself is an increasing function of past returns. Importantly, 

the model endogenously generates expectations about cash flow growth that are more sensitive 
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to sentiment, compared with expectations of returns; this is due to the mean reversion in the 

price-dividend ratio. In this sense, the experimental data we produce in a one-period setting are 

broadly consistent with the prediction of the Jin and Sui (2021) model -- if one replaces 

sentiment with risk perception. In particular, we find that subjects’ discount rate declines in risk, 

yet their cash flow expectation declines faster than discount rates, leading to low prices in times 

of high risk.  Interestingly, some of the forces in the Jin and Sui (2021) model which induce 

covariation between cash flow expectations and return expectations are absent in our 

experimental setting. Given that we still observe a stronger reaction of cash flow expectations to 

the underlying state compared to subjective return expectations, our findings bolster the case for 

new models to maintain this relation.  

A key message in our paper is that the negative relationship between discount rates and 

perceived risk is generated by non-Bayesian cash flow expectations. In particular, Figure 5 

shows that subjects overestimate cash flows when perceived risk is low, but they switch to 

underestimating cash flows when perceived risk is high. It is therefore crucial to measure and 

control the perception of risk, otherwise we would wrongly conclude that cash flow expectations 

are on average correct but subject to idiosyncratic noise.  

To see this point more clearly, we reproduce Figure 2A below by overlaying the time 

series of the Bayesian expectation of cash flows over subjective expectations. The picture 

suggests that on average, subjects track the objective expected dividend quite well. How can this 

picture be reconciled with the clear deviations from rational expectations in Figure 5? It turns out 

that at a given point in time, there is substantial heterogeneity across subjects in perceived risk, 

and importantly, subjective cash flow expectations are declining perceived risk. This analysis 
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suggests caution when examining aggregate expectations data (Bordalo et el., 2020), and 

reinforces the importance of investor fixed effects emphasized by Giglio et al. (2021a). 

 

Figure 10: This figure reproduces Figure 2A and shows the average expected dividend E*[D] 

and average WTP across all subjects at each of the eight elicitation periods. This figure also 

includes the Bayesian expected dividend E[D]. The vertical bars denote 95% confidence 

intervals, clustered by subject. 

 

 

 

 

We have argued that the one period nature of the asset in our experiment is useful 

because it allows us to see how valuation relates to expectations in the simplest possible setting. 

Indeed, we find clear structure in subjective expectations, even when there is no need to form 

expectations over long horizons. Yet this simplicity also means that the data set we produce is 

not optimized to analyze other previously documented facts about subjective expectations.  

For example, one of the most salient facts from the survey literature is that investors 

extrapolate recent returns when forming expectations about future returns (Greenwood and 
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Shleifer, 2014; Barberis et al., 2015). One reason we do not analyze this dimension of the data in 

our experiment is because the degree of extrapolation, and more generally, expectational errors, 

may depend on the horizon of the forecast (Giglio and Kelly 2018; Da, Huang, and Jin, 2021). 

One opportunity for future work is to enrich the experimental design we present here by having 

subjects price an asset that delivers a long stream of cash flows – rather than a one period 

dividend strip. This would further enable testing of other important phenomena, including the 

dividend-price ratio and its ability to predict returns of long-duration assets such as aggregate 

equity.  
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Appendix 
 

Figure 1 in the main text shows that for a risk averse agent with 𝑢(𝑥) = log (𝑥), the relationship 

between the discount rate and risk is positive. Here, we show that this relationship is robust to 

alternative utility functions that impose risk aversion. The following figures plot the linear slope 

coefficient that emerges in Figure 1 for different utility functions of the form 𝑢(𝑥) = 𝑥𝛼. The x-

axis displays different values of 𝛼 in [0.5, 1], and the y-axis displays the corresponding slope 

coefficient that emerges in Figure 1. The slope is positive for all values of 𝛼, showing that the 

relationship between discount rates and risk is firmly positive. As 𝛼 increases, the agent becomes 

less risk averse, and the slope coefficient becomes smaller. For 𝛼 = 1, the agent is risk neutral, 

the relationship between the discount rate and risk is zero, and consequently the slope coefficient 

is zero. Mirroring Figure 1 from the main text, in Figure A.1A, we use the conditional volatility 

of the cash flow distribution as the measure of risk, and in Figure A.1B, we use the probability of 

the lowest dividend as the measure of risk.  

 

Figure A.1A 
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Figure A.1B 
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Screenshots of the Experiment 

 

Subjects had full information of the dividend distribution in both states. The distributions were 

displayed to subjects before the first dividend realization and in each elicitation period. Below 

are screenshots showing how the dividend distributions were displayed to subjects: 
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Below is a screenshot showing how dividend realizations were displayed to subjects in each 

period: 

 

 
 

 

 

After observing the dividend realizations over the course of several periods, subjects were asked 

to answer two questions. While answering these questions, they received an overview of the full 

history of dividend realizations: 
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Subjects were able to report the probability that they attached to each dividend outcome. The 

ordering of the buckets (i.e., highest to lowest or lowest to highest) was randomized across 

subjects. The probability of each bucket was restricted to [0%, 100%] and the sum of the five 

probabilities was required to add up to 100%. 
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Subjects were able to input their willingness to pay using a slider. This slider had to be initiated 

by the subject by clicking on the slider. Below are screenshots showing how the slider appeared 

before and after initiation: 

 

 
 

 

 
 


