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ABSTRACT 

This chapter provides a guide for those interested in experimental research in finance. 

The chapter emphasizes the role experiments play in a field governed largely by modeling and 

archival data analysis; discusses the basic methods and challenges of experimental finance; 

explores the close connection between experiments and behavioral finance; and comments on 

how to think about experimental design. First, the chapter begins by discussing the relationship 

between experiments and archival data analysis. Experiments are useful because they allow 

researchers to circumvent common econometric issues such as omitted variables, unobserved 

variables and self-selection. Next, the chapter examines the contributions that experiments can 

make beyond theoretical models, either by relaxing certain assumptions or by addressing 

settings that are too complex to be modeled analytically. Lastly, the chapter discusses the 

difference between experiments and demonstrations, and emphasizes the critical role of 

controlled manipulation.  

 
INTRODUCTION 

Experiments are useful in finance because they allow researchers to isolate and 

manipulate one variable at a time, thereby illustrating its causal effects without resorting to 

complex and imperfect econometric techniques to filter out effects of other variables. 

Experiments also allow researchers to observe independent and dependent variables that might 
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be unobservable outside the laboratory setting, and to avoid the complications of self-selection 

by assigning subjects randomly to different treatments.  

Second, a key challenge in experimental finance is to construct experiments that can 

test economic models in settings that are true to the models’ assumptions, but in which 

alternative hypotheses are sufficiently plausible such that the experimental results are not 

foregone conclusions. One way to do so is to relax the structural, behavioral or equilibrium 

assumptions underlying the model being tested; another is to examine settings that are too 

complex to be definitively modeled.  

Third, experimentalists in finance and economics must distinguish more carefully 

between experiments and demonstrations. A true experiment entails the controlled manipulation 

of a specific variable, while holding all other variables constant. A demonstration simply 

examines behavior within a single setting. The lack of controlled manipulation leaves a 

demonstration susceptible to criticisms that any feature of the setting (such as the wording of 

instructions, labeling of strategies, or even the color of the laboratory) is driving observed 

behavior. Experiments are more robust to such criticisms because the feature in question does 

not vary across treatments, and thus is unlikely to drive the difference in behavior across 

settings. Researchers should conduct demonstrations only when experiments are impractical, 

which happens rarely.  

The chapter  proceeds as follows. Section 2 provides a discussion of how experiments 

complement theoretical and archival (econometric) research in finance. Section 3 describes the 

basic methods of experimental economics and discusses ways in which experiments can 

provide contributions above and beyond the models they are testing. Section 4 focuses on one 

of the most important streams in experimental finance that relates directly to behavioral finance: 

the ability of markets to aggregate information and eliminate individual biases. Section 5 

compares methods of experimental economics and experimental psychology. Section 6 

provides a summary and conclusions.  
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THEORY, ECONOMETRICS AND EXPERIMENTS 

Financial economics is grounded in analytical modeling, which uses mathematical 

methods to derive the implications of some fundamental assumptions about individual or 

aggregate behavior. Many of these models provide testable predictions about the behavior of 

markets, firms, and investors. 

Archival data analysis tests financial theories using data that are generated and archived 

for another purpose.  For example, asset pricing tests typically use CRSP data that is generated 

as a natural outcome of trade in large stock exchanges, perhaps combined with accounting data 

from Compustat that is generated from SEC filings. A key challenge in archival data analysis is 

that the data are drawn from settings created for a purpose other than answering the research 

question at hand. As a result, almost any interpretation of the results can be challenged as 

ignoring other features that have changed. Key problems include omitted variables biases, self-

selection biases, unobservable independent variables, and unobservable dependent variables. 

Some examples will clarify how well-designed experiments can avoid these problems: 

• Experimentalists avoid omitted-variables biases by creating settings that differ from 

one another in exactly one independent variable, controlling all other variables of the 

setting to eliminate alternative explanations for observed differences in the dependent 

variable. For example, Bloomfield and O’Hara (1999) address the role of transparency 

regulations in an experimental setting by having traders trade with market makers in 

three different market settings. In the “transparent” setting, all quotes and trades are 

publically disclosed. In the “semiopaque” setting, quotes are publically disclosed but 

individual trades are not disclosed to any participants. In the “opaque” setting, quotes 

are disclosed only to traders while trades are again not disclosed. Cohorts of traders are 

assigned to trade in each of the different market settings in a random order. These 

market settings are identical in all aspects except the degree of market transparency. 
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Therefore, any differences across settings will be due strictly to transparency 

differences. Bloomfield and O’Hara (2000) and Flood, Huisman, Koedijk, and Mahieu 

(1999) use similar techniques.   

• Experimentalists avoid self-selection problems by randomly assigning subjects to 

treatments. For example Tosi, Katz, and Gomez-Mejia (1997) perform an experiment on 

the effects of monitoring and incentive alignment on corporate decision making. Subjects 

are randomly assigned to one of six treatments: high-incentive alignment (CEO pay was 

linked to a profit-maximizing strategy), low-incentive alignment (CEO pay was linked to a 

sales-growth strategy), high-monitoring, low-monitoring, long-term-CEO (the subject had 

been the CEO, and therefore was responsible, for previous investment decisions) and 

short-term-CEO (the subject was recently appointed CEO and therefore was not 

responsible for previous investment decisions).. The subjects then acted as the CEO of 

a firm and had to make an investment allocation decision, given information about the 

firm’s prior poor investment decision. The authors find that incentive alignment is more 

effective than monitoring in making sure management acts in the interests of the 

shareholders. By randomly assigning subjects to these different treatment groups, the 

authors avoid the issues caused by self-selection and are able to directly observe the 

role of different governance practices on earnings.  

• Experimentalists avoid problems of unobservable independent variables by 

creating settings themselves, so that they can observe all variables. For instance, the 

degree of risk aversion that investors have is unobservable in archival data sets. It is 

also unobservable in an experimental setting because experimenters cannot directly 

elicit this information from their subjects. However, Bossaerts and Plott (2004) 

demonstrate how good experimental design can help avoid this issue in their study 

addressing the equilibration of large-scale financial markets. By using the Capital Asset 

Pricing Model (CAPM) framework, Bossaerts and Plott can measure how far the market 
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is from equilibrium at any point without directly knowing the level of risk aversion among 

the participants. They simply need to know the true expected return, which the 

experimental setting makes observable. They predict that risk premia will be proportional 

to the covariances between the risky assets and the market portfolio, as predicted by 

CAPM, and test this prediction using Sharpe ratios. Because expected returns and 

variances are directly measurable in the experimental setting, Sharpe ratios can be 

calculated and the problem of unobservable independent variables is avoided.   

• Experimentalists avoid problems of unobservable dependent variables by creating 

tasks that elicit them. For instance, Bloomfield and Hales (2006) conduct an experiment 

to study the role of mutual observation in analysts’ forecasts. They find that, when 

analysts’ that are able to see each other’s forecasts, the consensus forecast is more 

extreme but more accurate. By conducting this study experimentally, Bloomfield and 

Hales are able to observe the analysts’ prior beliefs. Additionally, they impose a 

structure that eliminates performance-based incentives and provides analysts with 

flexibility in adjusting their estimates. Therefore, their study can draw more precise 

results about the specific question at hand—whether mutual observation leads analysts 

to engage in free-riding or excessive extremity. In traditional archival data studies, 

extracting that role of mutual observation and differentiate between potential reasons 

that analysts may change their forecasts is difficult.   

The most common form of experimentation is to construct a highly controlled setting in 

the laboratory. Laboratory experiments allow for extremely simple settings that facilitate clear 

inferences. For example, securities can have easily known values with simple distributions. The 

ability to control the variables in the experiment provides for a greater degree of assessing 

causality. Laboratory settings allow very clear inferences about causal relationships within the 

experiment (internal validity), but allow doubts about how well behavior in the laboratory will 

generalize to the outside world (external validity). 
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Field experiments have recently become popular in economics. In the field experiment, 

the researcher goes into a natural setting, with all of its messiness, but will manipulate variables 

one at a time (usually with the cooperation of someone with appropriate authority). As one 

example, Thaler and Benartzi (2004) conducted a field experiment on their Save More 

Tomorrow plan, which offered workers at actual firms the chance to commit to devoting more of 

their future income increases to their retirement savings. The goal was to avoid loss aversion by 

increasing savings only when the employee gets a raise, and then to take advantage of inertia 

and the status quo bias to keep people in the program and at the progressively high savings 

rates. Thaler and Benartzi implemented this program at several different firms and, despite 

some uncontrollable differences across implementations, obtained similar, positive results in all 

cases.  

While field experiments are a promising direction, they are rare enough in finance that 

the remainder of the paper focuses exclusively on laboratory experiments. 

 
THE FUNDAMENTAL METHOD AND CHALLENGE IN EXPERIMENTAL FINANCE 

The fundamental method of experiment economics is to create a setting that implements 

some institutional features of interest, and then provide participants with incentives to maximize 

utility within that setting. Smith (1982), who won the Nobel Prize in Economics for his work in 

experimental economics, places great emphasis on providing participants with incentives similar 

to those that economists would model, without unwanted distortion. For example, Smith requires 

that participants  have a reward of real value they can pursue. He also argues that the incentive 

to pursue that reward should never be satisfied (no ceiling on incentives), that rewards are 

entirely private (to avoid the possibility of social pressures that would lie outside an economic 

model), and that the monetary payoffs are so large that they dominate any non-monetary 

rewards. This last requirement is called the principle of ‘dominance.’  
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What are the usual objections? Typically, these entail a failure to ensure that the 

assumptions underlying the theory (such as expected utility maximization, negative exponential 

utility functions, and competitive markets) actually hold in the environment. But if 

experimentalists take this approach, they are simply viewing economic models as tautologies, 

which experiments could not possibly refute. 

One way around this difficulty is to think more clearly about the nature of assumptions in 

economic models. Following the discussion in Bloomfield, Tayler, and Zhou (2009),  

experimentalists usually classify models as having three types of assumptions: Structural 

assumptions describe the institutions in which agents interact, including the distribution of 

information, possible actions, and incentives; Behavioral assumptions characterize agents’ 

preferences and decision-making abilities (such as expected utility maximization and the form of 

the utility function); and Equilibrium assumptions that describe the solution concepts used to 

predict behavior (such as Bayesian Nash Equilibrium, rational expectations, or arbitrate free 

pricing).   

The pricing experiment described above fails to contribute beyond the model on which it 

is based because it imposes behavioral assumptions and (certainly in the one-person case) 

provides no plausible alternative to the equilibrium assumption. However, imagining slight 

relaxations that would make the experiment more interesting is not diffiicult.  The remainder of 

this section is devoted to discussing various examples of studies that relax structural, 

behavioral, and equilibrium assumptions in different ways to allow experiments to make novel 

contributions. 

 
Testing Behavioral Assumptions 

Benartzi and Thaler (1999) conduct an experiment that relaxed, and thus tested, the 

behavioral assumption that people perfectly process information about risk. The experiment 

provides participants with information about the historical performance of debt and equity 
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investments, and manipulates whether participants are informed of the yearly return for each of 

thirty years, or just summary information about returns over a 30-year period. Results indicate 

that the yearly feedback makes the more volatile equity investment seem far more risky, while 

the summary information reduces participants concerns about volatility and highlights the higher 

expected return. Therefore, participants who are given the summary information are much more 

likely to invest in equities. By explicitly testing the behavioral assumption of perfect information 

processing in the model, Benartzi and Thaler are able to show that people in fact suffer from 

myopic loss aversion, and thus make a contribution beyond a simple pricing experiment.   

Forsythe, Lundholm, and Reitz (1999) test a behavioral assumption in a different setting.  

Their paper incorporates voluntary disclosure—the potential buyers learn about the possible 

dividends from the sellers, who report a range of values that must include the true value. In 

equilibrium, the buyers should assume that the value is the lowest element of the reported 

range, to protect themselves from sellers who attempt to inflate prices by including higher 

elements. The paper is often known by the title ‘Half a sucker is born every minute’ because 

sellers do engage in such attempts at price inflation, and it works—even though the same 

people alternate between roles as buyers and sellers. Thus, people seem to make shrewd 

reporting decisions, but are gullible in interpreting others’ reports, in a clear violation of the 

behavioral assumptions behind most cheap-talk models. 

 
Equilibrium Assumptions:  Multiple Equilibria 

Other papers relax equilibrium assumptions. The most natural direction is to examine 

contexts with multiple equilibria. Most modelers are fairly cavalier about their equilibrium 

assumptions. In rational expectations models with heterogeneous information, a standard 

conjecture is that demand is a linear function of expectation, but in fact there could be other 

equilibria. Thus, there is benefit in testing models of information aggregation by conducting 
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laboratory markets—the experimental data demonstrate that the equilibrium assumption is in 

fact accurate, which need not be the case.   

Equilibrium assumptions are particularly important in signaling models. Cadsby, Frank, 

and Maksimovic (1990) use a series of experiments to test the theoretical predictions of Myers 

and Majluf (1984) regarding the signaling of firms seeking investors. Participants are divided 

into two groups, firms and investors. Firms are told they are either of type H or type L, then 

make a decision to undertake a new project or not. Investors are then informed of the firms’ 

decisions, but not their types, and participate in an auction to fund the projects. When theory 

predicts a unique equilibrium, subjects attain this equilibrium in all cases. However, if there are 

multiple equilibria predicted, whether participants should pool or separate is unclear. The 

authors argue that experiments provide an important tool to address these ambiguous cases. In 

all versions of the experiment in which theory predicted multiple equilibria, subjects pooled, 

possibly because the pooling equilibrium is always Pareto superior to the separating and semi-

separating equilibria. Therefore, experimental means can offer predictions in cases when 

theoretical approaches are insufficient.  

 
Equilibrium Assumptions:  Convergence 

Even in settings with a unique equilibrium, there is no guarantee that the equilibrium can 

be achieved. An equilibrium is a fixed point—an outcome that, if obtained, will leave no 

participant wishing to deviate from it. Still, experimentalists are quickly forced to think about the 

process that would drive participants toward equilibrium if they are not already there 

(convergence), and also about the process that might drive participants away from an 

equilibrium if, having attained it, they drift infinitesimally far away (instability).   

Laboratory studies of information aggregation are natural settings in which to think about 

the dynamics leading to equilibrium. Studies by Plott and Sunder (1982, 1988) provide a classic 

example. In these studies, security values are determined by which state of nature occurs, and 
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each trader is given information about a state that has not occurred. Collectively, traders know 

the state that must have occurred. For example, in some markets the possible states are X, Y 

and Z, and some traders know the state is not X, while others know the state is not Z; therefore, 

collectively traders know the state is Y. 

An equilibrium analysis would predict that prices fully reflect the information held 

collectively. Plott and Sunder (1982) show that this is in fact the case in a simple one period 

market in which some traders are informed of the true state. In this experiment, a security pays 

a state-dependent dividend that differs across individual traders. Some traders know the 

realized state but it is unknown which traders are informed and which are uninformed. Double 

oral auctions between the traders should result in complete information aggregation in this 

setting. However, through another series of experiments, Plott and Sunder (1988) show that this 

is not always the case in more complex settings. Markets aggregate information much more 

effectively when the securities are Arrow-Debreu securities: that is, the market includes one 

security that pays off only in state X, another that pays off only in state Y, and a third that pays 

off only in state Z. Apparently, this setting allows participants to extract information from the 

trades they observe more easily. Additionally, if all traders have identical preferences, 

information can be fully aggregated even if there is only one security. In a market with only one 

security and diverse preferences, however, information aggregation is incomplete. 

Bloomfield (1996) provides some additional insight into the process of information 

aggregation. In his study, the value of each security is the sum of four random numbers. In one 

setting, every random number is seen by two traders and every trader sees one number. In 

another setting, every random number is seen by four traders and every trader sees two 

numbers.  

Although traditional theory predicts a fully-revealing equilibrium, Bloomfield predicts and 

finds that the markets will impound information incompletely, and impound less completely when 

the information is less widely distributed. The reasoning is that traders make decisions to buy or 
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sell on the basis of the information they personally hold, the information they extract from the 

market, and their preferences. At the same time, traders invert that function to infer information 

from others’ trades. This inversion and inference process is far more difficult when traders are 

endowed with less information individually, even though collectively the total amount of 

information is the same in both cases. Thus, the market may not be able to fully incorporate all 

of the available information; rather, the degree of convergence is dependent on how that 

information is distributed among individual traders. 

As a final example of non-convergence to equilibrium, Bhojraj, Bloomfield, and Tayler 

(2009) construct a model with a single security, which all human participants are told will pay a 

liquidating dividend of 500 laboratory dollars. The market uses a robot specialist who sets a 

price of 500 + k(D-S), where D-S is the net cumulative demand for the security. The market also 

includes a robot buyer who buys shares steadily in each period of trade until a known ending 

time, and thus would drive prices upward. Bhojraj et al. (2009) assume that the market price 

constitutes a Nash equilibrium, and show that a simple backward induction argument should 

keep prices at 500 in each period of trade, as long as the traders have access to enough 

capital.  

Bhojraj et al. (2009) develop an alternative hypothesis by noting that the structure of the 

setting includes a social dilemma. Participants collectively make far more money by a strategy 

of front-running:  buying shares at the beginning of trade to force the robot to buy at even higher 

prices, and selling those shares only after the robot has driven the price up. Extensive research 

on prisoners’ dilemmas shows that people will initially choose disequilibrium strategies that 

would be socially optimal if everyone did so, and learn to play equilibrium strategies only as they 

gain experience. In the setting of Bhojraj et al. (2009), this shows that traders will initially 

engage in front-running to take advantage of the robot trader’s positive sentiment. This is 

particularly true when investors have a small initial share endowment. Additionally, the authors 

find that looser margin restrictions, and therefore more short-selling, will result in delayed 



  13

convergence to equilibrium because traders face the risk of a margin call if they go against the 

crowd and attempt to arbitrage the deviation from equilibrium too early.  

 
Testing Models that Cannot Be Solved 

A final way to avoid the problem of having no plausible alternative hypothesis is to 

construct a setting in which theory is simply unable to provide a unique prediction. This 

alternative is particularly relevant in market microstructure, which deals with extremely complex 

settings and strategic problems. The most common market used in laboratory settings is the 

double auction, which is simple in execution, but extremely difficult to model (see Friedman, 

1984). Modelers in microstructure will often look at simpler settings, such as Kyle-type or 

Glosten-Milgrom-type experiments. For example, Bloomfield (1996) uses a Glosten-Milgrom-

type setup in which investors and market makers simultaneously submit the best bid and ask at 

which they are willing to trade. Crossing trades are then executed, all other orders are canceled 

and trade moves on to the next period. Orders that are not immediately marketable do not have 

any impact on trade as they would in a limit order market. These types of models of quote- or 

order-driven markets are much less relevant these days, when most trade takes place in 

electronic limit order markets. 

Bloomfield, O’Hara, and Saar (2005, 2009) examine the behavior of informed and noise 

traders in an electronic limit order market. The first study addresses the liquidity provision 

strategies of different types of traders. In this experiment, informed traders and uninformed 

liquidity traders with specific trading targets trade in a market with many features of actual 

electronic markets. This enables the authors to determine how both market characteristics (such 

as the depth of the limit order book) and security characteristics (such as volatility) affect 

traders’ strategies depending on trader type in a way that is impossible in a strictly theoretical 

framework. Therefore, this setting is much more robust and less restrictive than typical theory 

work in this field must necessarily be. Results show that order submission strategies are 
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dependent on trader type and evolve over the trading period. While informed traders begin 

trading with market orders to capitalize on their informational advantages, they switch to limit 

orders as the period progresses. In this way, informed traders act as a dealer and provide 

liquidity to the market because they know the security’s true value. They benefit from this 

strategy by profiting from the bid-ask spread.  

The latter paper by Bloomfield, O’Hara, and Saar (2009) examines the behavior of noise 

traders, who have no exogenous reason to trade, in an electronic limit order market. The 

markets in these experiments contain informed traders with individually imperfect information 

but perfect information in the aggregate, liquidity traders with fixed trading targets, and, in some 

cases, uninformed noise traders. By comparing markets with and without noise traders, their 

role can be better understood. The authors find that these traders benefit the market by 

increasing volume and liquidity through their contrarian strategies, but also hinder the market’s 

ability to incorporate new information.  

 
INDIVIDUAL BIAS AND AGGREGATE MARKET BEHAVIOR 

A large literature from psychology shows individual errors in judgment. Some of the 

biases most relevant in the financial setting, are outlined by Tversky and Kahneman (1974). 

These biases include representativeness, the tendency to assume commonality between similar 

objects; availability, which causes probabilities to be assigned based on how easily similar 

examples can be brought to mind; and anchoring, the reliance on a single piece of information 

or starting point when making an estimate.  

A key tenet of traditional finance is that markets eliminate these errors. It is suggested 

that people learn to avoid these mistakes through experience and incentives,. As people learn, 

either directly from investment professionals or indirectly through their own experience, irrational 

investors will be flushed out of the market. Additionally, even if individual biases are present in 

the market, they will likely cancel each other out so that, on aggregate, the market will be 
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unbiased. Yet, experimental work has shown that the markets’ ability to do so is somewhat 

limited. 

Camerer (1987) conducted the initial experimental work on markets’ ability to eliminate 

individual biases. He reports 15 experiments asking people to predict from which urn a series of 

three balls are drawn. First, an urn, X or Y, is chosen by picking a random number between 1 

and 10 from a third urn. There is a 60 percent chance of choosing urn X, and a 40 percent 

chance of urn Y. Subjects know these probabilities but do not know which urn is chosen. Then 

three balls are chosen with replacement from either X or Y. X contains 1 red and 2 black balls 

and Y contains 2 red and 1 black balls. Participants are assigned to be either type I or II and 

then trade an asset that pays a state-dependent dividend in a double-oral auction. Camerer 

finds that the prices of the assets do tend toward the values predicted by Bayesian theory, but 

there is also evidence of statistically significant representative bias. This bias decreases as 

participants gain experience and as incentives are increased. This study may not generalize to 

real world financial markets, but is still instrumental in demonstrating some of the potential 

shortcomings of markets’ ability to eliminate individual biases.  

Ganguly, Kagel, and Moser (1994) show that information aggregation depends on 

market structure. They conduct two versions of an experiment to test the persistence of 

individual biases in the form of the base-rate fallacy; one version is a market in which unbiased 

traders have the highest expected payoffs and the other is a market in which biased traders 

have the highest expected payoffs. The base-rate fallacy is the tendency for people to 

overweight current information rather than the initial base rate. As hypothesized, prices are 

biased when biased traders have the highest expected payoffs. On the other hand, when 

unbiased trades have the highest expected payoffs, prices move toward the unbiased level but 

remain biased. This is because so few traders are actually unbiased; the majority fall victim to 

the base-rate fallacy. When there are short-sale constraints, as there are in this market, people 

with unbiased views cannot push prices back to their true values because they cannot sell short. 
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If there is a high probability of traders being biased, even a competitive market cannot remove 

individual biases if its structure limits certain types of trading.  

Gode and Sunder (1993) show that smart institutions can compensate for dumb traders, 

even if none of the traders in the market are smart. Gode and Sunder create ‘zero-intelligence’ 

(ZI) programs that submit random orders, and report the results of their simulations. These 

machine-based traders submit random, independent, uniformly distributed orders; they do not 

try to maximize profits and they do not remember or learn from past orders. There is obviously a 

large discrepancy between the behavior of human traders and unconstrained ZI traders. Gode 

and Sunder attempt to determine how much of this difference is due to learning and profit 

incentive, and how much can simply be attributed to market discipline. To address this, they run 

three versions of each market: one with human traders, one with unconstrained ZI traders, and 

one with ZI traders with budget constraints. The authors find that, while there is no learning with 

constrained ZI traders, the price series with these traders has much less volatility than that of 

unconstrained ZI traders and converges to equilibrium within each trading period. In this case, 

the market is able to eliminate individual irrationality and converge to equilibrium despite the 

randomness in the traders’ strategies. These methods do not work very well in slightly more 

complex settings. 

More complex information structures also interfere with information aggregation in 

markets with human traders. As discussed above, Plott and Sunder (1988) and Bloomfield 

(1996) show how the distribution of information can block full revelation. Forsythe and Lundholm 

(1990) show that information aggregation requires both experienced traders and common 

knowledge of the dividend structure. O’Brien and Srivastava (1991) also conduct a series of 

experiments in which information is not fully aggregated. They argue that the more complex the 

market is, in terms of the number of securities and the number of trading periods, the more 

difficult it is for information to be aggregated. In these complex settings, fully arbitraging away 

these inefficiencies is impossible. Lundholm (1991) shows that information aggregation is less 
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complete when traders would face uncertainty even if they knew all information available in the 

market. 

Aggregation is even more difficult when traders’ information comes from their own 

knowledge, rather than from a fact passed on by the experimenter. Bloomfield, Libby, and 

Nelson (1996) conduct markets in which the value of a security is based on the answer to an 

“almanac-style” business-related question. The experiment has two treatments; one in which 

participants can see the number of traders who traded above, below, and at the posted share 

price; and one in which they can see the number of shares traded above, below, and at the 

posted share price. They show that individuals who have higher accuracy in assessing the value 

of the security trade a larger number of shares. This implicitly allows traders to determine each 

others’ confidence levels. Therefore, when traders see the number of shares rather than just the 

number of traders, the market price is more accurate. This process is likely to be imperfect in 

real financial markets due to well known limits of calibration. This paper does not demonstrate 

that people are often unaware of their own biases so they will trade aggressively even when 

they are biased. Therefore, biased judgments will remain prevalent in the market price as well.  

Finally, some research examines the possibility that markets can create biases that 

would not exist at the individual level. Seybert and Bloomfield (2009) examine this issue in the 

context of wishful thinking. People often trade on their optimistic biases, which may in turn lead 

others to overestimate these probabilities too because people often infer others’ beliefs from 

their actions. In this study, participants traded multiple assets simultaneously and were all 

endowed with a long position in half of the assets or a short position in the other half. The 

assets’ prices are a function of cumulative demand, so if traders buy shares, the price 

increases, and vice versa. Each trader also had imperfect information about the value of the 

asset. Seybert and Bloomfield find that, while traders do not initially engage in wishful thinking 

(their beliefs are unbiased), they do engage in wishful betting. They are more likely to buy the 

assets in which they have an initial long endowment. This results in a contagion of wishful 
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thinking because other traders cannot differentiate between wishful betting and actual 

information about the value of the security. Thus, while other studies show that markets can 

eliminate some individual biases, Seybert and Bloomfield show that markets can create and 

magnify biases as well.  

 
INSIGHTS FROM COMPARING EXPERIMENTAL PSYCHOLOGY AND EXPERIMENTAL 
ECONOMICS 
 

Experimentation has a very long tradition in psychology, but is relatively new to 

economics. In fact, Chamberlain performed the first experiment in 1948 and Smith laid out the 

tenets of experimental economics in 1976. Camerer (1997) describes many of the differences 

between the styles of those who conduct experiments based in economics (the E’s) and 

psychology (the P’s). Camerer notes a number of key differences in the experiments run by E’s 

and P’s.  Some of the most important are: 

• E’s insist that participants receive incentive compensation, while P’s rarely do. 

• E’s typically have experiments with groups of people who interact with one another, 

while P’s often look at individual participants’ beliefs and decisions. 

• E’s typically focus on participant actions that affect aggregate outcomes (e.g., market 

price) and payoffs, while P’s often focus on stated beliefs. 

• E’s typically remove context from their settings, while P’s rarely do.  For example, a test 

of probability assessment by an E would be described in terms of balls drawn randomly 

from urns with replacement, while a P would more likely present a question like “how 

likely is it that the population of Miami is greater than the population of Paris?” 

• E’s often include extremely complex tables of raw data and econometric estimates of 

parameters, while P’s will usually provide only summary statistics (such as means, 

variances, F- and t-statistics, and p-values). 
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Demonstrations vs. Experiments 

Understanding the causes of these differences provides an excellent vehicle for 

understanding how to conduct better experiments in finance. Camerer (1997argues that some 

of the differences are driven by the variation in psychological and economic theory. In particular, 

compensation plays a large role in E studies because the theory assumes there is a payoff to be 

maximized. Much P research needs only to ensure that participants pay attention to the task 

and take it seriously, therefore requiring minimal or no payment. Similarly, economic theory is 

usually devoid of context, so therefore most E’s see little benefit to enhancing the numerical 

settings with irrelevant content and, in fact, many see costs to doing so (because the context 

might matter for some unknown reason). In contrast, the context in which decisions are made 

often largely drives psychological models. In general, E’s favor precise mathematical 

formulations of a concise abstraction of reality, while P’s prefer verbal descriptions that illustrate 

the big picture. While the two groups have significant stylistic differences, Camerer argues that, 

substantively, they are quite similar.  

While differences between economic and psychological theory drive some of the 

differences, a far more important force is likely to be that many experiments in economics are 

not actually experiments—they are demonstrations. A defining characteristic of an experiment is 

that the researcher manipulates a single variable, while holding all other aspects of the setting 

constant.  Rarely does an experiment appear in a top psychology journal that does not 

manipulate a variable. By contrast, many papers published by E’s, even in top journals, contain 

no manipulated variables.   

Perhaps the most famous of these is Smith, Suchanek, and Williams (1988), which 

conducted a series of markets for a security that paid a constant dividend D for each of N 

periods. Although the value declines from ND to 0 over the periods, Smith et al. conjectur that 

market prices might form a bubble, with participants buying for more than the fundamental 

value, in hopes of reselling at a higher price in the future. Smith et al. (p. 1129) report a 
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‘success’ as follows: “We observed our first full scale bubble – a boom followed by a market 

crash. Replication of this experiment (19x) with experienced subjects failed to extinguish a 

boom-bust pattern of trading.” 

This paragraph suggests that the study is more a demonstration of a behavior than an 

experiment. The authors have shown that bubbles arise in the setting they created. 

Demonstrations have a long tradition in the physical sciences. For example, chemistry 

researchers will often publish papers in which they describe how they created a molecule that 

had not been previously synthesized. The authors will do what is necessary to create the 

molecule, through months or years of trial and error, and then report the method ended up 

working. Trial and error often takes the form of controlled experiments, but researchers rarely 

report the results of those experiments, While the success of the demonstration may be 

consistent with existing theory, and prompt conjecturing refinements to existing theory, the 

demonstration does not emphasize controlled manipulations used to test a specific theory in a 

focused way. 

In contrast, a true experiment identifies a variable that theory predicts will alter behavior, 

and then manipulates that variable to test the theory. For example, Smith et al. (1988) 

conjecture that, even if traders are rational and have common initial beliefs about the value of 

the asset, they may be uncertain about how other traders will react to the same information. 

Therefore, speculation can arise if traders think they can profit by trading with someone else 

who interprets the market information differently, and thus bubbles and crashes can occur. A P 

would likely suggest an experiment in which half of the participants were randomly assigned to a 

market in which speculation is allowed, while the remainder is assigned to a market in which 

they are solely a buyer or a seller, thus making speculation impossible. Lei, Noussair, and Plott 

(2001) conducted such an experiment, which shows that bubbles can arise even when 

speculation is not allowed. Traders do in fact make judgment errors and the theory that traders 

are rational and bubbles are caused strictly by speculation cannot be the whole story. By 



  21

conducting experiments with controlled manipulation rather than simply demonstrating a market 

characteristic, true sources of causality for that characteristic can be better identified. The 

introduction of a controlled manipulation dramatically changes the costs and benefits of various 

choices in design and analysis.  Consider, for example, the role of context.  For psychologists, 

the benefits of context are to provide a natural setting for a decision that is similar to one that 

participants might make in real life.   

Experimental economics often worry about the extra-theoretical implications of context.  

Yet, recognizing that concerns about such ‘baggage’ are far more serious for a study that has 

no manipulations is important. Without a manipulation, any aspect of the setting could be 

important in driving bubble formation. Thus, the presence of context makes attributing the 

presence or absence of bubbles to economic factors very difficult. While concerns about 

‘baggage’ are a problem, context is only one relatively obvious noneconomic factor that might 

drive results. The color and temperature of the room, the background and intelligence of the 

participants, and details of the trading interface and the noise generated by trading could all 

affect pricing. Moreover, economic factors not being considered by the research could also 

matter, such as the length of trading periods, nominal price levels, or the nature of the pricing 

mechanism (e.g., double auctions vs. clearinghouse markets). Quite simply, Smith et al. (1988) 

can only provide conjectures of why they observe bubbles and any deviation from their setting 

may change their results.  

In contrast, imagine that Smith et al. (1988) had in fact manipulated a variable such as 

the amount of cash in the market. In fact, Caginalp, Porter, and Smith (2001) conducted a study 

like this by indicating that large cash endowments do indeed make bubbles more likely. Thus, 

assume that this alternative to Smith et al. would generate a similar result. In this case,  finding 

such a difference across treatments to be driven by the features of the two settings that are held 

constant would be very unlikely. As a result, there is little reason to be concerned about the fact 

that context and meaningful labels would detract from the inferences one can take from the 
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study. After all, the context and labels do not drive bubbles when cash endowments are low. 

Thus, context and labels by themselves are unlikely to drive bubbles. Also highly unlikely is that  

the presence of context and labels drives the difference between the two treatments. This would 

require an interaction between context and cash endowments that, at least at first glance, does 

not seem plausible. 

The power of controlled manipulations also provides experimentalists with defenses 

against many common criticisms, such as the types of participants in the study and the levels of 

compensation. While more training and greater incentives might reduce the formation of 

bubbles, the level of training and incentives in this particular experiment is very unlikely to 

explain differences across settings in which training and incentives are identical. Thus, those 

reviewing experiments should be extremely cautious in criticizing experiments in which they 

believe participants had too little experience or were not paid enough, unless they have a 

specific reason to believe that experience or incentives will interact with the manipulated 

variable. 

 
Analyses 

The use of controlled manipulation also partly explains why statistical tests differ so 

much between E and P studies. Analyses of experiments are far simpler than analyses of 

archival data for the simple reason that the experimental design eliminates many of the 

problems that econometricians face using data from uncontrolled settings. The alternative Smith 

et al. (1988) study proposed above could provide strong evidence on the link between cash 

endowments and bubbles using simple statistics. For example, one could measure a bubble as 

the time averaged excess of price over fundamental value in each market, and then conduct a t-

test of the difference in means across the two settings. Of course, the usual caveats apply 

regarding the normality of the dependent variable and the similarity of the variances across 

cells, so using a nonparametric test might be better. However, testing the theory at hand does 



 

not requ

simple a

small set

B

of two m

captures 

Theory p

of exces

about de

differenc

the raw d

T

within the

of the ad

Here, Pt 

have som

markets 

unobserv

face the 

As a res

selection

E

Such ana

with ma

ire sophistic

analyses. Th

t of particula

Because dem

methods of 

the predict

predicts that 

s pricing sh

eviations fro

e.  As a res

data. 

The second a

e various de

aptive natur

is the price 

me advanta

because th

vable outside

challenge th

sult, such a

n biases. 

Experimental

alyses are e

ny people 

cated econo

his is becau

ar tests poss

monstrations

analysis. Th

tions of the

price should

hould be zer

m normality

sult, such stu

approach to

ependent va

re of prices, 

at time t an

ages over tr

hey can inco

e the labora

hat they rely

analyses are

ists should 

extremely us

engaging i

ometrics—go

use the rese

ible in a sim

s cannot rely

he first is to

eory. This le

d equal fund

ro. Note tha

y and outlier

udies traditio

o data analy

ariables. For

running regr

nd Bt-1 — Ot

raditional ec

orporate de

tory (such a

y on measure

e prone to 

not avoid an

seful in unde

in repeated

23

ood experim

earcher des

mple and clea

y on control

o assess ho

eads to ext

amental val

t this is nec

rs are more

onally provid

sis in a dem

r example, S

ressions of t

t-1 is the exc

conometric s

pendent an

s investor be

ed (rather th

criticism for

nalyses relyi

erstanding w

d interaction

mental desig

igned the e

an way. 

led manipul

ow similar t

ensive focu

ue in each p

cessarily a p

e severe tha

de tables an

monstration 

Smith et al. (

the form  

 

cess demand

studies of d

d independe

eliefs and fu

han manipul

r correlated 

ing on meas

why people b

n. Research

gns are usu

entire experi

ations, they 

the behavio

us on param

period, so th

parametric t

an in a test 

d figures to 

is to search

(1988) cond

  

d at time t-1

data from na

ent variable

undamental v

ated) indepe

omitted va

sured indepe

behave as th

hers should

ually followe

ment to ma

must follow

r in their se

meter estima

e mean mea

est, so conc

of the sign

permit revie

h for associa

duct various

 

1. Such ana

aturally-occu

es that woul

value).  Still,

endent varia

riables and 

endent varia

hey do in set

d rely on t

ed by 

ake a 

w one 

etting 

ation.  

asure 

cerns 

 of a 

ewing 

ations 

tests 

(4) 

lyses 

urring 

ld be 

, they 

ables. 

self-

ables. 

ttings 

these 



  24

econometric methods as secondary analyses that serve to support treatment effects, which 

should be the primary focus of the experiment.  

 
SUMMARY AND CONCLUSIONS 

Experiments are an underused method in finance and have natural advantages for 

behavioral finance. Experiments can provide a useful means to circumvent several common 

econometric issues, such as omitted variables, unobserved variables, and self-selection. 

Experiments can extend the theoretical models they test by relaxing various assumptions or 

examining settings that are too complex to be addressed analytically. Whether or not theoretical 

predictions are clearly known in advance, experiments are most informative when they rely on 

controlled manipulation, which is the source of their inferential power.  

 
DISCUSSION QUESTIONS 
 
• How can experimental examinations of extremely simple settings shed light on the behavior 

of far more complex financial settings? 

• Assume that an economic model predicts that, under a given set of assumptions, 

manipulating independent variable X will increase dependent variable Y.  What can possibly 

be learned from an experiment that imposes the set of assumptions and confirms the 

predictions of the experiment? 

• Assume that there is no tractable economic model that can clearly predict that manipulating 

independent variable X will increase dependent variable Y.  How can one interpret the 

results of an experiment demonstrating such an effect, as it cannot be said to confirm or 

refute a prediction? 

• Why do the authors of this chapter argue that experimentalists in economics and finance 

worry far too much about the influence of features of experimental tasks that are extraneous 

to economic models, such as the labels used to describe players and actions? 
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