
Subjective Expectations, Experiences, and Stock

Market Participation: Evidence From the Lab

Michael Shin ∗

September 2, 2020

Abstract

Recent evidence suggests that stock market experiences, i.e. realized re-

turns, impact subjective expected returns. I bring a model into the laboratory

and find that experience-based subjective expected returns can help explain

limited stock market participation. In the experiment, the probability of sub-

jects participating in the stock market is increasing in both their subjective

expected returns and past realized returns. I find that “learning from experi-

ence” generates heterogeneity in subjective expected returns, where subjects

who “experience” low returns have lower subjective expected returns than

subjects who only observe low returns. This experience effect is asymmetric,

where subjects who experience high returns have no statistically significant

difference in their subjective expected returns than subjects who only observe

high returns. Finally, after a series of low returns, a fraction of subjects leave

the stock market indefinitely.
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1 Introduction

A key stylized fact in household finance is that stock market participation rates

are significantly lower than predicted by standard models, the so-called “lim-

ited participation puzzle” (Mankiw and Zeldes 1991). Although transaction

costs, incomplete markets, and liquidity constraints all help explain limited

participation, facets of the data are difficult to explain solely with these expla-

nations (Guiso and Sodini 2013). For example, in the 80th percentile of the

U.S. wealth distribution, where a typical household has $200,000 in financial

assets, 20% hold no stocks (Campbell 2006).

Three facts have emerged from the literature on beliefs that suggest a belief-

driven explanation of stock market participation: (1) subjective expected re-

turns are a key determinant in predicting stock market participation within

cross-sectional data (Hurd et al 2011), (2) there is substantial heterogeneity in

subjective expectations of stock market returns within survey data (Dominitz

and Manski 2011), and (3) “learning from experience”, where households over-

weigh data observed within their lifetime, can explain heterogeneity in port-

folio composition (Malmendier and Nagel 2011). Motivated by these facts, I

explore the role of differences in subjective expected returns due to differences

in realized returns in explaining limited participation among households who

are not liquidity constrained.

I develop a simple asset pricing model with heterogeneous participation

costs where limited participation is a steady-state outcome of the model, with

the goal of implementing it in the laboratory. While most expectations-based

theories are tested with survey data, models of stock market participation

are difficult to test using survey data because joint data on expectations and

financial holdings are generally unavailable.1 Moreover, given that the envi-

ronment is constantly changing, researchers have little to no control over the

subject’s information set, which is critical in asset pricing. In particular, the

data-generating process (DGP) is unknown to the researcher and essential pa-

rameters must be estimated or calibrated.

1Vanguard has recently started to elicit expectations but their proprietary data is not available

to the public. More importantly, their dataset does not include households who do not own stocks.

See Ameriks et al (2019).
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Faced with these limitations, I test the theory using the experimental

method. In the laboratory, I jointly elicit stock market return expectations

along with individual stock market participation data, while having full knowl-

edge of each subject’s history and information set. By varying the treatments,

I also test the comparative statics of the model, while analyzing the effects of

participation costs, subjective expected returns, and experience-based learn-

ing on individual stock market participation. Thus, the laboratory presents

a novel environment to diagnose the causes of potential deviations from the

theory, not identifiable solely using survey data.

Models with expectations are inherently difficult to test in the laboratory.

Rational expectations requires that agents not only make optimal forecasts,

but optimal decisions conditional on their forecasts. This joint forecasting-

optimization task makes it difficult to know whether deviations from the the-

ory are due to failures in optimization or in forecasting. A learning-to-forecast

(LtF) experiment separates these tasks where subjects are only asked to fore-

cast stock market returns while the optimization decision is done by an auto-

mated auctioneer. Hence a LtF experiment provides a clean way of eliciting

expectations while preserving the self-referential nature of beliefs and out-

comes.

I extend the standard LtF asset pricing experiment (Hommes et al 2005)

by adding a stock market participation decision. I find mixed results for the

benchmark model with participation costs. Subjects with higher participation

costs do not necessarily have lower subjective expected returns net their par-

ticipation costs. That is, the heterogeneity in subjective expected returns are

more dispersed and persistent than predicted by the model. I next analyze

the individual stock market participation decision using a probit regression. I

find that while participation is increasing in subjective expected returns and

decreasing in participation costs, contrary to the model, participation also de-

pends on past realized returns. Surprisingly, the sign of past realized returns

matter i.e. there are asymmetric effects from past realized returns.

I turn to an experience-based explanation for the observed heterogeneity in

subjective expected returns. Since the fundamentals and aggregate variables

are common knowledge, heterogeneity in subjective expected returns cannot

be explained by differences in public information. Using a probit regression,
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I find evidence that subjects update their expectations differently depending

on the sign of past realized returns and whether they experience the returns

or just observe them. Subjects who experience low returns have lower subjec-

tive expected returns than subjects who only observe low returns i.e. if they

did not participate. This experience effect is asymmetric, where subjects who

experience high returns have no statistically significant difference in their sub-

jective expected returns than subjects who only observe high returns. Thus

I find evidence that limited participation can result from subjects with low

subjective expected returns due to low experienced returns.

I provide justification for my mechanism. Brunnermeier and Nagel (2008)

and Bonaparte et al (2018) find that stock market turnover via entry and exit

can be large, with estimates up to 19% between 1999-2003. Thus, the move-

ments in participation rates in the experiment due to changes in subjective

expected returns are consistent with this stylized fact. I also find that a frac-

tion of participants permanently exit the stock market altogether following

a series of low returns, i.e. a burned effect (Bucher-Koenen and Ziegelmeyer

2013). While the number of subjects who leave the market indefinitely is small,

at 10% of the subject pool, it provides evidence for my mechanism and shows

that the experience effect can have important aggregate implications, which

feedback into the subject’s expectations.

2 Model

2.1 Pricing Equation

The pricing equation implemented in the experiment is the following:

pt = R−1

 1

Nt

∑
i∈{ni

t=1}

Etpt+1 + µ− St
Nt

 (1)

Nt = k̄−1(Etpt+1 + µ−REtpt)

where i denotes an agent, nit = 1 is an agent who participates in the stock

market, Nt is the total stock market participation rate, k̄ characterizes the

distribution of participation costs, R is the risk–free gross interest rate, Eitpt
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and Eitpt+1 are expected stock prices, µ is mean dividends, St is the supply

of stocks, and pt is the price. Note that Etpt+1 is summed over the set of all

market participants {nit = 1}.
The model is derived in Appendix A. In essence, the model is a CARA-

normal mean-variance model with a linear participation decision and is simplis-

tic to clearly understand the interaction between expectations, stock market

participation, and stock prices. In the model, prices are determined by house-

holds who make both a stock market participation decision (participate or not)

and a portfolio decision (stocks versus bonds).

2.1.1 Steady-state Equilibrium

I solve for the steady-state by making the distribution of participation costs

uniform U(0, k̄), where k̄ is the upper support. I can represent the distribution

with a participation cost function c(Nt) = Ntk̄, where Nt = 1 is full stock

market participation. The aggregate cost of full stock market participation is

k̄ i.e. the agent with the highest participation cost.2

The equilibrium participation rate is characterized by the marginal agent

who is indifferent between participating and not participating, where expected

returns equals the cost function c(Nt) = Ntk̄. In the steady-state, pt = pt+1 =

p̄, St = S. Then the steady-state values are:

p̄ =
µ− S

N̄

R− 1

N̄ = min

{√
S

k̄
, 1

}

where p̄ and N̄ are the steady-state price and participation rates. The steady-

state is the fundamental price and participation rates that are equilibrium

best-responses for all agents, under a given cost distribution. Steady-state

participation N̄ depends on the mean supply of stocks S and the upper sup-

port of the distribution of participation costs k̄. The minimum operator insures

that the participation rate is never greater than 1.

2c(Nt) is the limiting cost function that arises as the number of agents approaches infinity. With

a discrete number of agents, I can represent the cost function with a step function.
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The key feature of the model is that higher participation costs k̄ lead to

lower participation rates N̄ because higher participation costs lower the aggre-

gate demand for stocks. The specific mechanism is that participation costs ki

reduce the expected utility of participation and acts as a participation wedge

for agents with high participation costs. In equilibrium, agents with high par-

ticipation costs leave the stock market.

2.2 Implementation

To implement the model in the laboratory, I make two additional assumptions.

First, I make dividends constant Dt = µ. This has no effect on the equilibrium

and simplifies the instructions. Next, I create bounds on excess returns from π

to π̄. This is to map closely to the experiment where payoffs from stock market

participation are bounded. It also has no effect on the equilibrium since these

bounds are chosen such that the thresholds will not bind in the model.

3 Experimental Design

In a LtF experiment, the experimenter elicits expectations from subjects while

the optimization decision is done through an automated auctioneer. My ex-

periment differs from the standard design in that I introduce a simple binary

participation decision: participate in the stock market or not.

3.1 Treatments

I vary the participation cost distribution k̄ and use 4 treatments. Treatment

1 tests the benchmark case without participation and is a replication exercise.

Treatments 2-4 vary the participation cost parameter k̄ from {0, 1.5, 4}, which

is a shift in the distribution of participation costs. I conduct 16 sessions with 4

sessions per treatment. Each session has 8 subjects for a total of 128 subjects.
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3.2 Experimental Instructions

I program the experiment using oTree. 8 subjects are told they are advisors

to a household.3 Households need advice on whether they should participate

in the stock market along with a forecast of stock prices each period i.e. the

subjective expected returns from periods t to t + 1. Subjects are told that

the household will make an optimal portfolio allocation between stocks and

risk-free bonds, conditional on the forecasts, and completely follow any partic-

ipation advice. At the beginning of the experiment, each subject is randomly

given a participation cost drawn from a uniform distribution without replace-

ment. Subjects are told the distribution U(0, k̄) and their participation cost

ki is fixed.

Subjects are only told qualitative information about the DGP. In particu-

lar, they are told that higher price forecasts lead to higher stock purchases and

that stock market prices are determined by supply and demand. They are told

that demand depends on the decisions of the other subjects in the experiment,

where the exact number of subjects is not revealed. Moreover, they are told

the dividend µ and risk-free gross interest rate R which are fixed. Subjects

are told there is one fund who always participates in the market along with a

small, exogenous demand for stocks by private investors.4

3.2.1 Pricing Mechanism

The pricing mechanism is:

pt = R−1

h(Nt)
∑

{i∈nt=1}

pet+1,i + [1− h(Nt)]p̄+ µ− St
Nt

 (2)

h(Nt) =

∑
i n

i
t∑

i n
i
t + 1

where 1−h(Nt) is the weight placed on the automated fund, which depends on

the number of market participants, p̄ is the model implied steady-state price,

3Originally subjects were advisors to fund managers. The current formulation just changes “fund

manager” to “households” within the instructions and changes nothing else.
4This is equivalent to supply shocks in the model.
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nit is the participation decision for subject i, and pet+1,i is subjective expecta-

tions for subject i which are taken as inputs in the experiment. Equation 2 is

just Equation 1 implemented in the laboratory. As an example, if all 8 sub-

jects participate, then 1− h(Nt) is 1
9 i.e. the automated fund receives weight

1
9 or 11%. The automated fund participates every period and forecasts the

fundamental price p̄ to insure prices exist every period. The automated fund

also plays a stabilizing role, given that they forecast the fundamental price

every period.5

3.2.2 Timing and Decisions

There are 50 periods and each period is divided into 3 stages.6 In Stage 1,

subjects are told to make a 1 and 2-period ahead forecast of prices pet , p
e
t+1.

pet+1 is called a 2-period ahead forecast because pt is not revealed until the end

of the period, thus using an information set up to period t−1. I add an upper

bound p̄et+1 = 100 similar to past studies to rule out potential bubbles and help

focus solely on the participation decision. In Stage 2, subjects are asked to

give participation advice nit to the household to either participate in the stock

market or not. In Stage 3, all decisions are given to the automated auctioneer

who clears the market. The price pt and participation rate Nt are then re-

vealed. Throughout the experiment, subjects are provided with the history of

past prices {pj}t−1
j=1, past participation rates {Nj}t−1

j=1, subject-specific expecta-

tions {pet+1,j}
t−1
j=1, and past payoffs {πj}t−1

j=1. The following timeline shows the

sequence of decisions:

Stage 1

Forecast pet , p
e
t+1

Stage 2

Participation nit

Stage 3

Markets Clear xit

Screenshots of the experiment for the forecasting and participation de-

cisions are in the Online Appendix.

5Hommes et al (2005) also have a stabilizing fund and show that removing it has no qualitative

impact on their results.
6Subjects actually play 51 periods so that they are paid for 50 participation periods where 50

periods help insure that the subjects have enough time to learn.
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3.2.3 Experimental Parameters

I follow Hommes et al (2005) and choose the parameters as follows: the mean

dividend µ = 3, the risk-free gross interest rate R = 1.05, and the standard

deviation of the supply shock σ2
S = 0.25. I also set mean supply S = 1.

3.3 Payoffs

The conversion rate is 15 points = $1. Subjects are paid for: (1) forecasting

accuracy and (2) the 1-period return from participating in the stock market.

3.3.1 Forecasting Payoff

Forecasting payoffs are given by:

πft =
16

2 + |pt − pet,t−1|+ |pt − pet,t|
(3)

where pet,t−1 is the 2-period ahead forecast of price pt made in period t− 1 and

pet,t is the 1-period ahead forecast of price pt made at the beginning of period

t. Equation 3 is an adjusted Brier score with sharp declining payoffs to avoid

the flat maximization problem (Camerer 2003).7 Intuitively, the forecasting

payoff function can be interpreted as a quadratic loss function without loss of

continuity.

3.3.2 Participation Payoff

Participation payoffs are given by:8

πpi,t =


min{5, 3 +Re} if nit−1 = 1 and Re = pt + µ−Rpt−1 − ki ≥ 0

max{1, 3 +Re} if nit−1 = 1 and Re = pt + µ−Rpt−1 − ki ≤ 0

3 if no participation nit−1 = 0

where Re = pt +µ−Rpt−1− ki is the net 1-period return and nit−1 is the par-

ticipation decision where nit−1 = 1 is participation in the stock market. Hence,

7The flat maximization problem is that if the payoff function is flat enough such that differences

from the optimum only lead to small changes in payoffs, then the payoff function may not be

sufficient to induce truthful revelation.
8Payoffs are non-negative because negative payoffs cannot be credibly enforced in the laboratory.
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if there is positive profit from participation, subjects make a high payoff up to

5, else they make a low payoff down to 1, which is linear in realized returns.

Subjects can also take the risk-free option which is chosen between the high

and low payoffs at 3. Participation payoffs depend on subjects’ participation

decision in period t−1 because the 1-period return depends on the realization

of next period’s price. In equilibrium, subjects with high participation costs

will lose payoff in expectation.

I now rationalize my experimental design choices. With unbounded payoffs,

the range of payoffs is between [−98, 103] because Re = pt + µ−Rpt−1− ki. I

bound payoffs because if one task gives more payoff on average than the other,

then subjects have an incentive to pay more attention to one task. I choose

the loss and gain thresholds to be symmetric such that the expected payoff

from participation is symmetric i.e. a symmetric loss function.

Next, I place cutoffs on the payoffs rather than give subjects an endowment

due to potential wealth effects. I take the interpretation from Crockett et al

(2018) that subjects may bring intrinsic utility to the laboratory that differs

from induced utility. Thus to avoid potential complications, I remove wealth

effects from consideration.

3.4 Subjects and Payments

Subjects are undergraduates from the University of California, Irvine. As part

of the instructions, each subject is required to complete a quiz to test compre-

hension. Subjects are recruited for two and a half hour sessions but a typical

session lasts two hours, which includes instructions and a quiz. Treatment

1 lasts 1 hour and 45 minutes on average because there is no participation

decision. At the end of the last round and before the realization of payoffs,

subjects are given a risk elicitation task which takes 10 minutes on average.

The instructions and descriptions of the risk elicitation are in the Online Ap-

pendix.

Payoffs are earned from every period for each task. At the end of the ex-

periment, one task, either forecasting or participation, is selected at random

and subjects are paid for that task. Random selection helps insure that sub-

jects pay attention to both tasks. The mean payment is $18.49 including the
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show-up payment of $7. The average payment for the risk elicitation is $2.21.

3.5 Hypotheses

Based on Equation (1), I present the following hypotheses. The model pre-

dicts that subjects with lower participation costs should participate more than

subjects with higher participation costs. Any deviation from this prediction

must be due to factors unrelated to participation costs.

Hypothesis 1: Treatments with a higher (lower) participation cost parameter k̄

have lower (higher) mean prices p̄ and mean participation rates N̄ . In partic-

ular, p̄2 > p̄3 > p̄4 and N̄2 > N̄3 > N̄4.

Hypothesis 2: For treatments 3 and 4, subjects with higher (lower) partici-

pation costs ki have lower (higher) mean net subjective expected returns and

lower (higher) mean participation rates n̄i.

Hypothesis 3: The probability of stock market participation is increasing in

net subjective expected returns pet+1,i + µ − Ritpet,i − ki. In particular, partic-

ipation is an increasing function of the 2-period ahead forecast pet+1,i and a

decreasing function of both the 1-period ahead forecast pet,i, and participation

cost ki.

Hypothesis 4: For all treatments, under the rational expectations (RE) hy-

pothesis and constant fundamental values, net subjective expected returns are

independent of past returns.

Hypothesis 5: For all treatments, under adaptive learning and constant fun-

damental values, after subjects have sufficient time to learn, net subjective

expected returns are independent of past returns.

Hypothesis 1 is a test of the aggregate predictions of the model where the

superscript i refers to the treatment number. Hypothesis 2 is a test of the

average beliefs and participation behavior of subjects. Hypothesis 3 follows
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from the utility function. I use net subjective expected returns to refer to

subjective expected returns net participation costs. I also use pet+1,i to specify

that the expectations are not necessarily rational. The model predicts that

at the individual level, subjects with higher net subjective expected returns

should participate more than those with lower net subjective expected returns,

which affects aggregate participation and prices.

Hypotheses 4 and 5 follow from the model implications under both RE

and adaptive learning. To operationalize the hypotheses, I implement a panel

data regression on subjective expected returns with respect to past returns.

With RE and constant fundamental values, the rational expectations equilib-

rium (REE) is a constant plus noise which implies that expected returns are

constant over time and independent of past returns. While this is a sharp pre-

diction and is regularly rejected in LtF asset pricing experiments, it provides

a formal benchmark.

To allow for learning over time, I augment Hypothesis 4 with Hypothesis

5. With adaptive learning, if the REE is a constant plus a noise, then both

the 1-period and 2-period ahead forecasts must be equal.9 Moreover, learning

in this model converges to the REE (Shin 2020).10 I make “sufficient time”

precise by splitting the sample into two parts. Since, the REE is learnable,

if RE is a good approximation, we should expect the second half to pass the

hypothesis test. Formally, Hypotheses 4 and 5 state that the coefficient on

past returns should not be statistically different from zero. The empirical

evidence on “learning from experience”, pessimism bias, and heterogeneous

subjective expected returns in survey data suggest an alternative mechanism

(Malmendier and Nagel 2012, Kuhnen 2016):

Conjecture 1: For all treatments, subjects with higher past returns have higher

net subjective expected returns and subjects’ with lower past returns have lower

net subjective expected returns.

9If agents believe they are in a REE which is a constant plus a noise, then pt = at−1 + νt where

νt is the perceived white noise and at is updated recursively. Then pet = at−1 = pet+1. Shin (2020)

shows that this model has an E-stable REE which is a constant plus a noise.
10Specifically, adaptive (econometric) learning converges to the REE while constant-gain learning

converges to a distribution around the REE.
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I call this Conjecture 1, because the prediction does not follow from the

model. Empirical evidence from survey data along with psychological evidence

suggests that agents who experience lower returns expect lower returns and

those who experience higher returns expect higher returns. Under this be-

havioral alternative, we would expect Conjecture 1 to hold. Formally, in my

experiment this implies that the coefficient on past returns should be pos-

itive for positive past returns and negative for negative past returns. The

experiment provides an ideal environment to test Conjecture 1 since (1) the

fundamentals are common knowledge and the subjects’ information sets are

known and (2) heterogeneous participation costs allow for differences in return

experiences.

4 Experimental Findings

I first explain the data at the aggregate level and then at the individual level.

At the individual level, I implement a probit regression to explain the deter-

minants of the participation decision. I then demonstrate that subjects have

different subjective expected returns depending on past experienced (realized)

returns.

4.1 Summary Statistics

Table 1 provides mean prices and participation rates by treatment and ses-

sion. Table 2 provides summary statistics for prices, participation rates, net

subjective expected returns, and realized returns by treatment.11 12 I detail

how each variable was calculated in Appendix B.

11The last three rows take the average subjective expected returns of participants and non-

participants within a given period. The average difference is the deviation from the averages in a

given period.
12Treatment 3 has a lower sample size because three subjects were removed. In particular, these

subjects consistently alternated between extreme price values which adds an upwards bias to the

summary statistics. They are not removed in the following empirical results.
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Treatment Session Mean Price S.S. Price Mean Participation S.S. Participation

1 1 46.23 40 N/A N/A

1 2 41.62 40 N/A N/A

1 3 42.84 40 N/A N/A

1 4 43.02 40 N/A N/A

Mean 43.33

2 5 41.44 40 72.6% 100%

2 6 43.89 40 61.9% 100%

2 7 47.04 40 78% 100%

2 8 40.38 40 82.14% 100%

Mean 43.19 73.66%

3 9 45.13 35.51 48.15% 81.67%

3 10 48.37 35.51 63.62% 81.67%

3 11 50.77 35.51 65.58% 81.67%

3 12 40.42 35.51 45.32% 81.67%

Mean 46.17 55.67%

4 13 28.70 20 63.83% 50%

4 14 25.82 20 60.13% 50%

4 15 25.76 20 55.56% 50%

4 16 29.51 20 66.45% 50%

Mean 27.45 61.49%

Table 1: Mean Price and Participation Rates by Treatment and Session
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Treatment 2 (No Cost)

Median Mean Std. Dev. N

Net Subj. Expected Returns 1.03 1.13 3.44 1632

Realized Returns 1.13 0.99 2.14 1126

Price 43.64 43.19 5.75 204

Participation 0.78 0.74 0.19 204

Net Subj. Returns (Participants) 1.49 1.60 0.92 51

Net Subj. Returns (Non-Participants) 0.16 0.13 0.69 51

Average Difference 1.15 1.47 1.30 51

Treatment 3 (Low Cost)

Median Mean Std. Dev. N

Net Subj. Expected Returns 0.32 0.44 3.31 1479

Realized Returns 0.09 -0.02 3.54 704

Price 44.8 46.17 6.76 204

Participation 0.56 0.56 0.18 204

Net Subj. Expected Returns (Participants) 1.33 1.42 1.20 51

Net Subj. Expected Returns (Non-Participants) -0.40 -0.39 0.79 51

Average Difference 1.77 1.81 1.37 51

Treatment 4 (High Cost)

Median Mean Std. Dev. N

Net Subj. Expected Returns -0.1 0.21 4.59 1632

Realized Returns 0.25 -0.45 4.47 905

Price 26.21 27.44 8.42 204

Participation 0.67 0.62 0.19 204

Net Subj. Expected Returns (Participants) 1.14 1.06 1.12 51

Net Subj. Expected Returns (Non-Participants) -0.99 -0.89 1.42 51

Average Difference 1.99 1.96 1.95 51

Table 2: Summary Statistics by Treatment

Consistent with survey evidence, I find that there is large heterogene-

ity in net subjective expected returns. Next I find that net subjective ex-
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Figure 3. Aggregate Prices by Treatment.

pected returns for stock market participants are systematically higher than

non-participants across periods. The fact that all subjects in Treatment 2

have the same participation costs suggests that this heterogeneity is due to

factors other than participation costs. Finally, I find that the heterogeneity

in subjective expected returns are persistent throughout the experiment i.e.

there is systematic disagreement over time.

Figures 3 and 4 show aggregate prices and participation rates for each treat-

ment. Each figure has 4 series which are the 4 different sessions, along with

a dotted series which represents the models steady-state predictions. Consis-

tent with Hommes et al (2005) I find heterogeneity across sessions while each

treatment follows a general pattern.
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Figure 4. Aggregate Participation Rates by Treatment.

4.2 Findings for Treatment-level Prices and Partic-

ipation

Inconsistent with Hypothesis 1:

Finding 1: For Treatments 2 and 4, higher participation costs result in lower

mean prices and participation rates. Treatment 3 has higher mean prices and

lower mean participation rates than Treatments 2 and 4. Participation rates

are lower than predicted for Treatments 2 and 3 and higher for Treatment 4.
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To potentially allow for learning over time, I use the mean values of the

second half of each session. For robustness, in the Online Appendix, I provide

alternative average values. None of these alternatives have a qualitative effect

on my results.

Hypothesis 1 is rejected in the data. The model predicts that Treatments

1 and 2 should have the same mean price and participation rates and that

treatments with higher participation costs imply both lower mean prices and

participation rates. That is:

p̄1 = p̄2 > p̄3 > p̄4 N̄1 = N̄2 > N̄3 > N̄4

where p̄i is the mean price and N̄ i is the mean participation rate for treatment

i.

In order to test my predictions, I use the Mann-Whitney test. The Mann-

Whitney test is a nonparameteric rank sum test commonly used in the litera-

ture to compare mean values across different treatments (Moffatt 2015). Table

4 summarizes the results from the Mann-Whitney tests.

Price

Treatment 2 3 4

1 > > >∗∗

2 < >∗∗

3 >∗∗

Participation

Treatment 2 3 4

1 >∗ >∗ >∗

2 >∗ >∗

3 <

Table 3: Mann-Whitney Tests for Price and Participation Rates

The asterisks represent the standard significance levels. I also summarize

the results from Table 3 here:

p̄3 > p̄1 > p̄2 > p̄4 N̄1 > N̄2 > N̄4 > N̄3

4.3 Findings for Individual Participation Decisions

I now focus on the individual participation decision.
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4.3.1 Findings for Average Participation Rates

Inconsistent with Hypothesis 2:

Finding 2: Subjects with higher participation costs ki do not always have

lower net subjective expected returns on average. Subjects with high partici-

pation costs can have higher subjective expected returns and subjects with low

participation costs can have lower subjective expected returns, on average, in-

dependent of participation costs.

Figure 5. Aggregate Participation Cost and Positive Net Subjective Expected

Returns.

Hypothesis 2 is rejected in the data. Figure 5 shows the percentage of

periods that a subject has positive net subjective expected returns and their

participation costs. I rank subjects within a session by participation costs

from 1 to 8 with 1 being the lowest and 8 being the highest to capture session

and treatment level heterogeneity. Here I use the percentage of periods that a
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Figure 6. Participation Costs and Positive Net Subjective Expected Returns by

Treatment.

subject has positive net subjective expected returns, but there are no qualita-

tive differences by using the percentage of participation instead. Nevertheless,

because the participation decision depends on more factors, the results are

noisier using participation rates versus using subjective expected returns.

Figure 5 shows that, while there is large heterogeneity across sessions, sub-

jects are responding to the treatments, and participation costs do align with

net subjective expected returns on “average”. That is, subjects with the lowest

cost tend to have higher net subjective expected returns than subjects with the

highest cost. Figure 6 decomposes the data into Treatments 3 and 4 and shows

that while on average, participation costs line up with net subjective expected

returns, within a session, participation costs need not align with net subjec-

tive expected returns. In particular, subjects with high participation costs can

have higher subjective expected returns and subjects with low participation

costs can have lower subjective expected returns, independent of participation
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costs i.e. the lines are not monotonically downward sloping. While Figure 6

provides graphical evidence for Finding 3, in Appendix B I also implement a

Mann-Whitney test which formally rejects Hypothesis 2.

4.3.2 Findings for the Determinants of the Participation De-

cision

Consistent with Hypothesis 3:

Finding 3: The probability of participating in the stock market is increasing in

positive subjective expected returns, lagged realized returns, lagged forecasting

payoffs, and decreasing in participation costs.

I fail to reject Hypothesis 3 in the data. In order to understand the par-

ticipation decision at the individual level, I report on a random-effects probit

panel data regression with robust standard errors.13 Random-effects regres-

sions are preferred over fixed-effects under the probit model because coefficient

estimates under fixed-effects are inconsistent. The regression is run using pe-

riod, session, and treatment level dummies to capture potential dependence.

In the Online Appendix, I show robustness checks with logit and linear prob-

ability models and find that the results are similar.

The baseline random-effects probit regression is:

P (nit = 1|xit, zi) = Φ(α+ β′xit + γ′zi + ui)

where nit = 1 is stock market participation, Φ(·) is the CDF normal, i is the

subject, t is the period, xit contain variables that vary both between subjects

and periods, zi contains variables that vary among subjects, β and γ are the

regression coefficients, α is the constant term, and ui is the subject specific

term, where V (ui) = σ2
u.

I report two specifications. For Specification 1 (Benchmark), I add poten-

tially explanatory regressors. I add a dummy variable for whether the sub-

jective expected returns are positive, participation costs, risk aversion, lagged

13Here I decompose net subjective expected returns to subjective expected returns and partici-

pation costs to uncover the effects of participation costs versus the other variables. This choice is

not qualitatively important for my results.
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forecasting payoffs, and lagged realized returns. I decompose net subjective

expected returns from participation costs to see the impact of the distribution

of participation costs per treatment. I use a dummy variable for whether sub-

jective expected returns are positive or negative rather than the actual value of

subjective expected returns because there are asymmetric effects from positive

and negative subjective expected returns. The dummy variable captures this

discontinuity.14 Realized returns and forecasting payoffs are lagged because it

is the last payoff that is in the subject’s information set.

4.3.3 Experience Dummies

Specification 2 (Experience Dummies) adds a dummy variable for past expe-

rienced returns. In particular, subjects can experience four different events:

(1) not participate and the counterfactual return is high, (2) not participate

and the counterfactual return is low, (3) participate and receive a low return,

and (4) participate and receive a high return. I characterize a low return when

the subject receives a return lower than the risk-free payoff and a high return

when the subject receives a return higher than the risk-free payoff. These

events allow me to distinguish between the effects of observing payoffs ver-

sus experiencing them. Here the counterfactual payoff is what the subject

would have received if they had participated. Table 4 shows the results of the

regression and provide marginal effects.

4.3.4 Benchmark Regression

Specification 1 is the benchmark regression. I find that subjective expected

returns, lagged realized returns, lagged forecasting payoff, and participation

costs matter for stock market participation. In particular, as predicted by

Hypothesis 3, subjective expected returns are the main determinant of partic-

ipating. Having positive subjective expected returns increases the probability

of participating by 44.3%. Participation costs go in the right direction but

does not seem to be a strong factor. A 1 franc increase in the participation

cost decreases the probability of participating by 6.7%. Nevertheless, other

14Using the actual value of subjective expected returns does not change the qualitative predictions

of the regression but reduces some predictability.
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Table 4: Dependent Variable: Individual Participation (Probit)

Variable Benchmark Experience Dummies

Positive Subj. Expected Returnst 0.443*** 0.419***

(0.032) (0.029)

Participation Cost -0.067* -0.062*

(0.041) (0.036)

Realized Returnst−1 0.022***

(0.004)

Forecasting Payofft−1 0.01* 0.006

(0.006) (0.006)

Risk Aversion 0.042* 0.039*

(0.024) (0.022)

Past Low Returnt−1 | No Participation -0.09***

(0.028)

Past High Returnt−1 | Participation 0.138***

(0.024)

Past Low Returnt−1 | Participation -0.065*

(0.031)

N 4800 4704

Pseudo R2 0.203 0.241

***p < 0.01, **p < 0.05, *p < 0.1
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variables also predict participation. A one franc increase in past realized re-

turns increases the probability of participating by 2.2%. A one franc increase

in the forecasting payoff increases the probability of participating by 1%. Sur-

prisingly, risk aversion positively impacts the probability of participating but

this may be because risk aversion is a rough measure of static risk aversion

while decisions here are dynamic.

4.3.5 Experience Regression

I find that if a subject receives a high return from participating, they are 13.8%

more likely to participate in the stock market. In contrast, when subjects re-

ceive a low return, the probability of participating decreases by 6.5%. The

magnitudes of the marginal effects are also robust to both a linear probability

model (LPM) and logit regressions. The experience effects are robust to the

logit regressions but not the LPM. In particular, the marginal effects of ex-

periencing the high return is larger at 37.4% and the sign of experiencing the

low return is positive. While this can be because the LPM may not be a good

approximation to the nonlinearities in the experiment, since the behavioral re-

sults are not robust to all different specifications, I find the behavioral effects

here to be suggestive. Given that past returns impact subjective expected

returns, to disentangle these effects I report on one more set of regressions.

4.4 Findings for “Learning from Experience”

Because subjective expected returns are the main determinant for stock mar-

ket participation, I also report on regressions to uncover the determinants of

observables on subjective expected returns. Inconsistent with Hypotheses 4-5

and Conjecture 1:

Finding 4: Net subjective expected returns depend on past returns. In particu-

lar, subjects who participate in the stock market in the prior period and receive

a low return, have lower subjective expected returns. Subjects who experience

high returns have no statistically significant difference in their subjective ex-

pected returns from subjects who only observe high returns.
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To formally test Hypotheses 4-5 and Conjecture 1, I report on 3 different

regressions. Hypothesis 4 is rejected, which is common in LtF asset pricing

experiments. Hypothesis 5 is also rejected, which is a less stringent test using

the second half of the data.15 Surprisingly, Conjecture 1 is also rejected. While

the coefficient is the correct predicted sign for low returns, it is the incorrect

sign for high returns, that is, the experience effect only applies for low returns.

First I report a regression with all the regressors from Finding 2 but I make

the probability of positive subjective expected returns the dependent variable.

Again I implement a random-effects probit model. Table 5 shows the results

and displays marginal effects. I find that observing a low return decreases the

probability of a positive subjective expected return by 13.3% while “experi-

encing” the low return decreases the probability by 14.4%. The difference for

observing and experiencing positive returns are smaller in magnitude at 0.015

and statistically insignificant.

For the regression with the full sample, the difference between the coeffi-

cients is not statistically significant with a χ2-statistic of 0.33 and a p-value

of 0.568 and hence only suggestive of a difference. To allow for learning over

time and to test for robustness, I also report on a regression by splitting the

data into the first half and the second half of the experiment. In particular,

while subjects are learning the game, they may place more weight on the sig-

nal (prices) even if they do not participate. This is consistent with empirical

evidence and the model by Malmendier et al (2019).

I find that over time, subjects place less weight on returns versus expe-

riences while the experience effects are around the same magnitude between

-13.9 and -17.6%. In particular, observing the low return decreases the prob-

ability of participating by 8.4% while “experiencing” the low return decreases

the probability of participating by 13.9%. Moreover, the coefficients are sta-

tistically different from each other with a χ2-statistic of 5.72 and a p-value

of 0.017. In the Online Appendix, I also report on a logit and linear proba-

bility model regression and find that my results are robust to the alternative

specifications.

15Hypothesis 5 is also rejected using the last quarter of the data.
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Table 5: Dependent Variable: Positive Subj. Expected Returns (Probit)

Variable Full Sample Before Learning After Learning

Past Low Returnt−1 | No Participation -0.133*** -0.198*** -0.084***

(0.029) (0.038) (0.03)

Past High Returnt−1 | Participation 0.015 0.008 0.004

(0.024) (0.034) (0.027)

Past Low Returnt−1 | Participation -0.144*** -0.176*** -0.139***

(0.028) (0.037) (0.033)

Participation Cost 0.023 0.03* 0.015

(0.014) (0.017) (0.019)

Forecasting Payofft−1 0.019*** 0.003 0.024***

(0.005) (0.008) (0.007)

Risk Aversion 0.009 0.002 0.015

(0.009) (0.009) (0.011)

Before Round 25 Yes Yes No

After Round 25 Yes No Yes

N 4800 2112 2592

Pseudo R2 0.141 0.179 0.119

***p < 0.01, **p < 0.05, *p < 0.1
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5 Interpretation

5.1 Interpretation of Treatment-level Findings

I find that the model with participation costs and homogeneous subjective

expected returns does not fit the experimental data well. Finding 1 demon-

strates that while the participation rates for Treatments 2 and 4 fit the model

predictions, Treatment 3 does not fit the predictions and there is no systematic

pattern across treatments that can pass the Mann-Whitney test. That is, as

long as subjective expected returns differ among participants, the aggregate

patterns need not align with the predictions of the benchmark model. More-

over, participation rates are lower than predicted by the model for Treatments

2 and 3.

5.2 Interpretation of Individual-level Findings

Finding 2 demonstrates that subjects are not participating in the stock market

solely based on their participation costs. That is, subjects with higher par-

ticipation costs do not necessarily have lower net subjective expected returns

on average than subjects with lower participation costs. Figure 6 shows that

differences in mean net subjective expected returns cannot be explained solely

by differences in participation costs.

Finding 3 implies that the sign of the predictions are right at the individ-

ual level but expectations also depend on factors omitted from the model, in

particular, past experiences. Hence, the failure of the model seems to be at

the individual level, which translates into the treatment-level.

Interestingly enough, the behavioral effects on the participation decision

are different than their effects on subjective expected returns. In particular,

high past returns seem to increase the probability of participation, but not

through increasing subjective expected returns. Nevertheless, because this

effect is not robust to different specifications, they are only speculative. One

possible explanation might be that subjects place more trust in the DGP when

they receive high returns.
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5.3 Interpretation for Subjective Expected Returns

The main result is Finding 4 which states that subjects who experience low

returns expect low returns. The underlying story is that differences in subjec-

tive expected returns due to differences in experiences, can lead to differences

in updating the history of stock market prices. Moreover, since differences

in subjective expected returns are directly measurable, I provide a testable

theory for explaining limited participation in a laboratory setting. The main

mechanism is behavioral in that the “experience hypothesis”, where subjects

overweigh their own experiences, seems to be the main driver (Weber et al

1993, Hertwig et al 2004).

In essence, an agent that “learns from experience”, will tell you that they

expect lower future returns since they have directly experienced them. My ex-

periment allows me to distinguish between different confounding effects. First,

by focusing exclusively on the extensive margin, I do not confound the ex-

perience effect with the intensive margin. To clarify, changes in experiences

and expectations may impact the decision to hold stocks, but also how many

stocks to hold. By separating these tasks in the experiment, I am able to focus

entirely on the effects of experiences on the participation decision. Second,

experiences here are endogenous and there are feedback effects between beliefs

and outcomes. Thus, it is an ideal environment to study the impact of subjec-

tive expected returns on actual returns and vice-versa.

Finally, I am able to reconcile the micro-evidence in Kuhnen (2015) i.e.

pessimism bias, where loss outcomes are more impactful than gain outcomes,

with the macro-evidence in Malmendier and Nagel (2011). I do this by demon-

strating that the experience effects are not only asymmetric, in that receiving

low returns have a larger quantitative impact than high returns, but also differ

depending on observing them versus experiencing them. In their seminal pa-

per, Malmendier and Nagel (2011, pg. 376) postulate the difference between

observing and experiencing returns but are unable to get the individual data

required.
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5.4 Discouraged Investors

To provide support for my mechanism, I demonstrate that there exist discour-

aged participants within the experiment. Discouraged participants here are

subjects who stop participating altogether after some period T due to receiv-

ing a sequence of low returns. 10 out of the 96 subjects (from the participation

treatments), which is around 10% of the sample, are within the discouraged

participants category and are analogous to the phenomenon “once burned,

twice shy” (Bucher-Koenen and Zeigelmeyer 2013). Here, the empirical phe-

nomena is that if a subject gets “burned” in the market i.e. receives many

consecutive low returns, then they may lose trust in the market and leave in-

definitely. Because, the sample size is small and each discouraged subject is

distributed across different sessions, the actual determinants are difficult to

disentangle in my experiment. Nevertheless, the burned effect provides some

evidence for my mechanism.

5.5 Caveats

A caveat of my experiment is that all non-participation is due to experiences,

that is, all non-participants have participated at some point during the experi-

ment. Prior belief might make us think that a large fraction of non-participants

in the data have never participated before, but recent empirical evidence sug-

gests that there are large inflows and outflows in the stock market (Vissing-

Jorgensen 2002, Brunnermeier and Nagel (2008), and Bonaparte et al (2018)).

Nevertheless, the experiment can be reconciled with the conjecture that

most households have never participated in the stock market. Here, the exper-

iment is artificial by design and provides an environment where subjects can

face a similar decision problem every period. This allows me to cleanly identify

the interaction between experienced returns on subjective expected returns in

an environment where beliefs and outcomes interact. In a more general setting,

we can imagine that “experiences” can broadly include other factors such as

social interactions and group-based experiences. Thus while my experiment

demonstrates that experiences can influence subjective expected returns, in

practice, experiences may include other features not depicted in this experi-
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ment.16

5.6 Potential Model Explanations

While a fully-specified learning model is beyond the scope of this paper, I ex-

plain which models may be consistent with the experiment. First, Malmendier

et al (2019) provide an OLG model to help explain their previous findings and

seems to be broadly consistent with the experimental data. While their paper

provides a parsimonious explanation, my experimental results demonstrate

that individual experiences have different effects from just observing prices.

That is, even in an environment where all agents have the same history, there

may be differences in expectations due to different past return experiences.

My results point towards models with asymmetric learning effects along

with differences in return experiences and histories as one that is consistent

with the data. Moreover, the fact that low returns are quantitatively stronger

seem to be consistent with ambiguity aversion (Hansen and Sargent (2008),

Epstein and Schneider (2008)).

6 Literature Review

I contribute to three literatures. First, I contribute to the literature on endoge-

nous stock market participation. Limited stock market participation is first

documented by Mankiw and Zeldes (1991), and Haliassos and Bertaut (1995)

provides an early systematic test of explanations for the puzzle. The first paper

to endogenize stock market participation is Allen and Gale (1994). Since then,

there have been numerous extensions such as Orosel (1998), Vissing-Jorgensen

(2002), Gomes and Michaelides (2005), Fagereng et al (2017), and Shin (2020).

I also contribute to the empirical literature on limited stock market par-

ticipation, in particular, to the strand of the literature dealing with subjective

beliefs. Guiso and Sodini (2013) provides a survey of alternative explanations

such as participation costs, trust, and non-standard preferences. Hurd et al

16For instance, Arrondel et al (2019) show that social learning may explain limited participation

in a theoretical setting.
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(2010) and Arrondel et al (2014) use novel datasets on expectations and as-

set positions to estimate a causal effect between subjective expected returns

and likelihood of stock market participation. Malmendier and Nagel (2011)

shows that living through a period of low stock market returns reduces the

likelihood of stock market participation. Although they do not focus on the

extensive margin, Ameriks et al (2016) and Giglio et al (2019) use Vanguard

data to identify links between beliefs and asset portfolios. In contrast, I pro-

vide a laboratory study to focus solely on the role of subjective beliefs on the

extensive margin rather than the intensive margin. My paper consolidates

previous findings by establishing a connection between subjective expected re-

turns, experienced realized returns, and its subsequent effects on stock market

participation.

Second, I contribute to the literature on LtF asset pricing experiments a

la Hommes et al (2005). The standard LtF asset pricing experiment has been

extended numerous times and Hommes et al (2011) and Duffy (2016) provide

excellent surveys. Belief-based experiments that do not use the LtF design

include Kuhnen (2015) and Jiao (2019) who find results consistent with mine.

A related paper is Hennequin (2018), who analyzes the effects of stock market

experiences on bubble formation. My paper differs from theirs in that stock

market experiences are endogenous in my experiment and that I focus on lim-

ited participation rather than bubbles.

Finally, this paper contributes to the literature on learning and asset pric-

ing. Marcet and Sargent (1989) and Evans and Honkapohja (2001) provide

the first systematic relaxations to the RE hypothesis and replace it with an

econometric learning rule. Branch and Evans (2011) use a similar asset pric-

ing model as mine to explain bubbles and crashes. Next Adam et al (2016)

formally tests a consumption asset pricing model with learning. Finally Mal-

mendier et al (2018) provides an OLG learning-based environment to explain

their earlier “learning from experience” results. As far as I know, this paper

is the first to explore the role of subjective expectations on endogenous stock

market participation in a LtF environment.
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7 Conclusion

I write down a model of limited participation with heterogeneous participa-

tion costs and bring it into the laboratory. I find that subjective expected

returns are the main driver of the participation decision in the experiment.

I find that “learning from experience” generates heterogeneity in subjective

expected returns, where subjects who “experience” low returns have lower

subjective expected returns than subjects who only observe low returns. The

key result is that the experience effect, whether subjects receive low or high

past returns, are not only asymmetric but also differ depending on observing

returns versus experiencing returns. In particular, I provide micro-evidence

for the conjecture in Malmendier and Nagel (2011, pg. 376) that “true experi-

ences” are important determinants of “learning from experience”, that is, it is

also the subjects’ experiences i.e. low versus high realized returns that matter,

not just the history.

While my paper answers some key questions, others remain. The setting

I use is a quasi-static one where subjects have to make a similar decision ev-

ery period, which is different from dynamic portfolio decisions. Future work

should develop a tractable model of dynamic portfolio decisions with an ex-

tensive margin decision that can be implemented in the laboratory. Second,

further extensions can look at the effects of social experiences on stock mar-

ket participation. Finally, my experiment provides a natural extension to the

standard LtF design which allows for a participation decision.
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A Appendix A

A.1 Full Model

The benchmark model is a CARA asset pricing model with heterogeneous par-

ticipation costs and an endogenous participation decision. The CARA model

has long been a workhorse model in the asset pricing literature due to its
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tractability (Campbell 2018). In order to map the model to the simplest

laboratory setting, I introduce two agents that make the stock market par-

ticipation and portfolio decisions separately. Importantly, the addition of the

advisor allows a closed-form solution by making the participation decision lin-

ear in expectations, while keeping the same comparative statics as the model

without the advisor and only risk-averse households as in Shin (2020).

Time is discrete and continues forever. There are M households who

are each paired with a financial advisor. Households have CARA utility:

uH(ct) = −e−ρct , where ρ is the coefficient of absolute risk aversion and fi-

nancial advisors are risk-neutral: uF (ct) = ct. Both households and advisors

are 1-period maximizers. There are two assets: a risk-free 1-period bond which

pays a gross return R = 1 + r > 1 and a risky asset (stock) with price pt that

pays an ex-ante dividend Dt = µ + εDt , where εDt ∼ N(0, σ2
D). The risk-free

1-period bond is in infinitely elastic supply. The supply of stocks is iid with

mean S and follows St = S + εSt , where εSt ∼ N(0, σ2
S).

To participate in the stock market, financial advisors have to pay a research

cost κi which is specific to each advisor i. Here the research cost is a proxy for

both financial and psychological participation costs that are well documented

in the literature (Guiso and Sodini 2013). The financial advisor makes the

participation decision and the household makes a subsequent portfolio alloca-

tion decision. The advisor makes a fraction α ∈ [0, 1] of the total payoff from

the portfolio returns and the household keeps fraction 1−α. The advisor and

households do not have the technology to change this contract.17

Let Wt+1 = RWt+(1−α)xit(pt+1 +Dt+1−Rpt) be the next period’s wealth

for the household, where xit is the wealth held in the risky asset by household i.

With CARA utility, optimal asset holdings are independent of wealth and Wt

need not be indexed by i. The endowment is sufficiently large such that agents

are not liquidity constrained. Since all the random variables are normally

distributed and the household has CARA utility, the maximization problem

is:
max
xit

EitWt+1 −
ρ

2
V i
tWt+1

s.t. Wt+1 = RWt + (1− α)xit(pt+1 +Dt+1 −Rpt)

17α can be microfounded through an optimal contract design.
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where i denotes household i and Vt(·) is the conditional variance at time t. If

the financial advisor decides not to participate, then the household places all

their wealth into the riskless bond.

Taking the F.O.C.:

xit =
Eitpt+1 + µ−Rpt

(1− α)ρσ2
p

(4)

where VtWt+1 ≡ σ2
p.

18 Equation (4) is the standard mean-variance asset de-

mand adjusted for α.

The participation decision for the advisor is:

max
ni
t

αxit(E
i
tpt+1 + µ−REitpt)− κi

where nit is 1 if the advisor decides to participate in the stock market and 0

otherwise. Etpt+1 + µ − REtpt is the expected return from participating in

the stock market for the advisor and αxit is the fraction of the profits that

the advisor makes per share xit. There is an expectation Et on pt because pt

is unknown to the advisor before participating. I rationalize this by treating

the participation decision as a market order where realized prices can differ

from the quoted price during the time of the order. In contrast, the portfo-

lio decision is a limit book order, where agents give the auctioneer an asset

position for every potential price. While limit books are reasonable for the

portfolio decision, it is unreasonable for the participation decision because the

participation decision is made before the portfolio decision.

I solve by backward induction where the advisor takes xit as given. Then

the cutoff decision for the advisor is:

nit =

1 if Eitpt+1 + µ−REitpt ≥ b
√
κi

0 else
(5)

where b ≡
√

1−α
α ρσ2

p. Equation (5) is a cutoff strategy because advisors are

risk-neutral and weigh their expected marginal utility gains from participating

with the marginal cost. Here the cutoff threshold for the participation decision

depends positively on the participation cost, risk aversion, and negatively on

18σ2
p is commonly assumed to be a known constant for tractability. See Branch and Evans (2011)

and Shin (2020) for models with endogenous σ2
p.
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the surplus share α. I can rewrite ki ≡ b
√
κi and call it the effective par-

ticipation cost for advisor i. The advisor only cares about expected returns

relative to the participation cost per fraction of earnings. Thus, I can always

rewrite the distribution of costs as a function of ki, where ki is the per stock

cost of participation for advisor i. The optimization problem reduces to a

mean-variance portfolio problem with a participation decision that is linear in

expected returns.

Aggregate participation is Nt = 1
M

∑
i n

i
t which is the fraction Nt ∈ [0, 1]

of the population participating in the stock market and aggregate stock hold-

ings is Xt =
∑

M xit. Market-clearing NtXt = St implies that the equilibrium

pricing equation is:

pt = R−1

 1

Nt

∑
i∈{ni

t=1}

Eitpt+1 + µ− St
Nt

(1− α)ρσ2
p

 (6)

where the summation on Etpt+1 is over all stock market participants Nt. Since

market-clearing implies prices must be positive, the participation rate Nt is al-

ways positive in equilibrium and hence Equation (6) is well-defined.19

Participation affects prices through two channels. First, only expectations

of participants are priced, so participation endogenously affects the number of

agent’s expectations in the market. Second, as Nt increases, prices increase.

In particular, lower participation rates lead to lower prices and higher partic-

ipation rates lead to higher prices. When Nt = 1 the model collapses to the

standard model without a participation decision. Thus, Nt acts as a demand

multiplier for aggregate stock holdings. Because Nt is a decreasing function

of Etpt, higher Etpt leads to lower participation which leads to a lower price.

This is because higher Etpt lowers expected returns and the advisor expects to

pay a higher price to hold stocks. The advisor always wants to pay the lowest

price possible.

For simplicity I set the parameter b to 1. With b = 1 I arrive at a form

similar to Hommes et al (2005) and am also able to directly analyze the inter-

19Given that prices are not defined for Nt = 0, I utilize an automated trader who always partic-

ipates during the experiment.
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actions between the expectational feedback mechanism and prices.

pt = R−1

 1

Nt

∑
i∈{ni

t=1}

Eitpt+1 + µ− St
Nt

 (7)

Equation (7) is implemented in the experiment.

B Appendix B

B.1 Description of Data for Table 1

Realized returns are calculated only for periods when subjects participated.

Hence, the sample sizes are not the same per treatment. Subjective expected

returns for participants and non-participants are calculated by taking the av-

erage subjective expected returns in a given period for all participants and

non-participants. The values reported are the means of the 51 rounds.

B.2 Mann-Whitney Test for Individual Subjective

Expected Returns

Here I formally reject Hypothesis 2 using the Mann-Whitney test. I rank

subjects by their participation cost from 1 to 8. I then test each individual’s

percentage of positive net subjective expected returns. The model predicts

that: R̄e
1
i > R̄e

2
i > ... > R̄e

8
i for i = 3, 4 where the superscript is the partic-

ipation cost rank with lower numbers having lower costs, i is the treatment

number, and
¯
Reji is the average percentage of positive net subjective expected

returns for subject j = 1, 2, ..., 8.

Because Hypothesis 2 requires that 8 different binary relationships be satis-

fied, there are many ways to operationalize the hypothesis test. I formalize and

implement two different hypothesis tests. The first test, is stringent in that,

there should be a one-sided relationship that is statistically significant. That

is, R̄e
1
i > R̄e

2
i > ... > R̄e

8
i , should be the relationship we see, with statistical

significance. The second test is less stringent in that, I just require the rank

sum in the predicted direction i.e. R̄e
1
i > R̄e

2
i > ... > R̄e

8
i , without requiring

statistical significance.
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Net Subjective Expected Returns

Part. Cost 2 3 4 5 6 7 8

1 < < > >∗ >∗∗ >∗∗ >∗∗

2 > > > >∗ >∗∗ >∗∗

3 > >∗ >∗∗ >∗∗ >∗∗

4 = > >∗∗ >∗∗

5 > >∗∗ >∗∗

6 >∗∗ >∗∗

7 >

Table 6: Mann-Whitney Tests for Net Subjective Expected Returns for Treatment 3

Net Subjective Expected Returns

Part. Cost 2 3 4 5 6 7 8

1 > >∗ >∗∗ >∗∗ >∗∗ >∗∗ >∗∗

2 > >∗∗ >∗∗ >∗∗ >∗∗ >∗∗

3 > >∗∗ >∗∗ >∗∗ >∗∗

4 >∗ >∗∗ >∗∗ >

5 > >∗ =

6 > =

7 =

Table 7: Mann-Whitney Tests for Net Subjective Expected Returns for Treatment 4
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Hypothesis 2 is rejected for Treatment 3 for both tests. We can see that the

model predicted directions fail to hold from lower cost subjects like subjects

1 and 2. Hypothesis 2 is also rejected for Treatment 4 for both tests. While

Treatment 4 fails for the less stringent test, the results are more promising.

In particular, the first 4 subjects align well with the model predictions, but

the relationship starts to break down starting subject 5. We then see that

subjects 5-7’s net subjective expected returns are not statistically different

from subject 8’s net subjective expected returns, which implies that subject

8, the highest cost subject has net subjected expected returns that are not

statistically different from subjects 5-7.
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