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Abstract

We run a laboratory experiment that contributes to the finance litera-

ture on “return chasing behavior” studying how investors switch between

mutual funds driven by past performance of the funds. The subjects in this

experiment make discrete choices between several (2, 3 or 4) experimental

funds in multiple periods. The time series of funds’ profits are exogenously

generated prior to the experiment and subjectss are paid for that period

according to the profit of the fund they choose. The experimental results

show that the investment decision can to a large extent be explained by a

discrete choice model (“switching model”) with a few lags and a predisposi-

tion effect. The intensity of choice parameter β in the discrete choice model

depends on the structure of the profit time series of the funds, and there is

no evidence that it is influenced by experience.
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1 Introduction

Switching between profitable alternatives is a common phenomenon in many as-

pects of life, ranging from decisions about which route to take when commuting

to the workplace to investment in financial markets. In the financial literature,

there are many studies on “return chasing behavior” that investigate how investors

switch between mutual funds when they are primarily driven by past performance

of these funds. In fact, it is very common for professional financial websites (e.g.

Morningstar, Yahoo Finance) to provide information on past performance of all

mutual funds, and recommend or rate funds based upon this past performance.

Empirical evidence suggests that the money that flows in and out of these mutual

funds is indeed strongly driven by recent past performance of these funds (see e.g.

Patel et al. (1994), Sirri and Tufano (1998)), although the funds that performed

well in the past and thereby attracted more money do not necessarily generate a

higher average return than other funds (Jain and Wu (2000), Zheng (1999)).

In this paper, we study to what extent fund choice decisions are driven by past

performance by means of a laboratory experiment. The advantage of running a

laboratory experiment is that it provides a controlled environment so that we can

rule out other factors that may also influence investment decisions (e.g. service

quality). Every participant chooses a fund and is paid for that period according

to the profit of the chosen fund.1 We understand that investors may care not

only about the values of the past returns, but also about the structure of the time

series (e.g. whether there is a cyclical pattern or autocorrelations in the returns).

Therefore we establish an experiment where subjects have to make choices between

several (2, 3 or 4) investment alternatives (“funds”), which can be from one out of

three different types of time series of profits, with respectively no (autocorrelation)

structure, limited structure and a high level of structure. The time series of profits

of the different investment alternatives are exogenously generated prior to the

experiment. Like in real life, the subjects in this experiment do not know the data

1We use profits instead of return rates in order to make the decision problem as simple as

possible for the experimental subjects.
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generating process of the profits.2 Subjects makes these choices for 80 consecutive

periods, where the time series of profits is changed after the first 40 periods. We

show the subjects different types of time series in order to make it possible to

investigate whether and how decisions depend upon the features of the time series

of profits.

Return chasing behavior in mutual fund choice can be studied by discrete

choice models, where agents switch from one alternative to another over time on

the basis of the relative past performances of alternatives. These models usually

assume that people tend to switch to alternatives that generate higher profit in

the recent past. Discrete choice models have been utilized to explain different eco-

nomic phenomena but, following the influential work by Brock and Hommes (1997,

1998) they have become particularly popular in the literature on heterogeneous

agents models of financial markets. In these models a population of traders is dis-

tributed over a small number of trading or prediction heuristics that determine the

behavior of these traders. The market price, which results from the aggregation

of these investment strategies, may then be used to evaluate the performance of

these heuristics. When traders switch between the heuristics on the basis of their

performance, the distribution of the population of traders over the heuristics will

continually be subject to change. Although very promising as a behavioral model

of financial market dynamics, the dynamics of these heterogeneous agents models

typically depends crucially on the exact heuristics that are used. Moreover, the

outcomes of heterogeneous agent models depend critically upon how the switching

process is modelled exactly, which parameters are included and their precise val-

ues used for analysis and simulations. No convincing empirical validation which

favours one specification of the switching process and/or values of the learning

parameters over another has been provided yet. This fact significantly impedes

application of heterogeneous agent models. One of the objectives of the current

paper is to get a better insight into how switching between heuristics is optimally

modeled.

A simple version of the discrete choice model can be written as:

nk,t+1 =
exp [βπk,t]∑K
j=1 exp [βπj,t]

, (1)

where nk,t is the fraction of agents using alternative k at time t, and πk,t is the

2Anufriev et al. (2012) present a similar experiment where subjects do know the data gener-

ating process.
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realized payoff generated by choosing alternative k at time t. This is a backward

looking model, so the fraction of agents choosing alternative k in period t + 1

depends (positively) upon πk,t. The idea behind this model is very intuitive: if

past performance contains information about future performance, the agents will

tend to choose, for the current period, the alternative that was more profitable

in the recent past. In order to understand this model better and apply it to real

data, it is very important to estimate the switching rule, especially the intensity

of choice β in the model. The problem of identifying the main determinants of

switching behavior, especially the intensity of choice parameter β has far not been

satisfactorily resolved. Besides studying return chasing behavior in the choice of

mutual funds, one goal of this study is to make a systematic estimation of the

parameter β in this model. We want to address the following questions: (1) Is

there a universal β that can fit people’s decision in all environments? (2) Is there

heterogeneity in β between individuals? (3) Is β affected by experience?

The experimental results show that subjects switch a lot between the funds,

and the switching behavior is usually driven by past performance of the funds.

The earnings are generally higher when there is structure (e.g. autocorrelation) in

the data. A simple discrete choice model with one lag and a predisposition effect

provides a good fit to the data when there is no cyclical/periodic pattern in the

return time series. When there is a cyclical pattern in the time series of profits,

the model needs to incorporate more lags in order to provide a good description

of the data, which suggests that people refer to the cyclical pattern of the return

when they make the investment decision. The estimated intensity of choice β is

therefore heavily influenced by the structure of the time series of the profits of

funds. There is some heterogeneity in the intensity of choice parameter β between

agents. There is no evidence that experience has a strong impact on the switching

behavior.

Our work is related to recent work of Anufriev and Hommes (2012a, 2012b)

where the evolutionary path of several heuristics commonly used in ‘learning-to-

forecast’ experiments (see e.g. Hommes et al. (2005) and Heemeijer et al. (2009))

are calibrated. They show that three different kind of aggregate outcomes (mono-

tonic convergence, oscillatory dampened price fluctuation and persistent price os-

cillations) can find their driving forces in the evolutionary selection among some

simple forecasting rules by the market participants within a universal framework.

But as the data of the experiments are in the form of price prediction only, it is

very difficult to make direct analysis on the weights of the participants following

different market heuristics. In the experiment presented in this paper, the partici-
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pants will be asked to choose just one alternative, which in some cases corresponds

to the profit generated by a particular prediction heuristic. That will make it much

easier to do direct econometric analysis on the relationship between weights the

strategies gain and their relative performance. There are also empirical works that

estimate the discrete choice model using data from financial markets, the inflation

rate and real estate market, such as Branch (2004), Boswijk et al. (2007), Cornea

et al. (2012), Frijns et al. (2010), Goldbaum and Mizrach (2008), Franke and

Westerhoff (2011), de Jong et al. (2009), Jongen et al (2012), Kouwenberg and

Zwinkels (2010).

There are not many experimental finance works where subjects make binary

choices. To our knowledge there is only an experimental literature on herding

behavior (Anderson and Holt, 1997, Drehmann et al, 2005, Alevy et al, 2007),

or more specifically “information cascades” where subjects choose between two

assets, one of which generates a positive payoff and where the other pays nothing.

They receive a public signal as well as a private signal about which asset will pay

the positive dividend. The public signal is the history of the choices of former

subjects who faced the same problem. An information cascade happens when

they purely base their decision on the public signal, even when the private signal

suggests them to choose the other asset. Anderson and Holt (1997) also estimate

a discrete choice model on the probability of choosing one asset, and report the

estimated β, which usually lies between 2 and 8. While in their experiment,

different subjects play in different periods and the payoff of the assets are more

or less repeated (each asset has equal probability to generate positive and zero

payoff), in our experiment the same subject makes decision for all periods, but

the payoff of the assets are time varying.

Our work is also related to an experimental study on portfolio choice by

Bossaerts et al. (2007). They investigate the relation between the weight peo-

ple put on one financial asset and its past performance. The difference with our

experiment is that subjects in their experiment choose the fraction of wealth to be

put in each asset, which is a continuous decision variable, while in our experiment

the subjects make discrete choices.

The remainder of the paper is organized as follows. Section 2 discusses the

experimental design and Section 3 discusses the experimental results. In Section

4 the discrete choice model discussed above is estimated from the experimental

data. Section 5 concludes. The Appendix contains the instructions given to the

subject of the experiment, and some estimation results.
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2 Experimental Design

The experiment was conducted on June 17-18, 2010, at the CREED laboratory of

the University of Amsterdam. A total of 91 student subjects participated in four

sessions, and none of them participated in more than one session. Each session

lasted for about two hours, and the subjects’ payoffs varied between 18 and 25

euros.

2.1 Subjects’ Task

The experiment is an individual choice experiment where subjects have to repeat-

edly make an investment decision. In particular, the subjects observe the time

series of realized profits of either two, three or four investment alternatives, de-

noted A, B, C and D, in two blocks of 50 periods. The investment alternatives

are different in the two blocks (and the number of alternatives is also different

in these two blocks). Each block of 50 periods starts with a given history of 10

periods, so that the subject can get acquainted with the investment alternatives.

For the remaining 40 periods the participant has to submit an investment decision

for each period sequentially by selecting one of the possible alternatives. After a

decision is made for a certain period the realized profits of all available investment

alternatives for that period are revealed.

The payoff for a subject in any particular period is equal to the profit of the

alternative they choose in that period. This profit ranges between 0 points and 16

points, and the total number of points earned during the experiment is translated

to euros, with the number of euros given by 0.05 times the number of points (that

is, subjects receive one euro for every 20 points they earned by their investment

decisions). In addition subjects receive a ‘show-up’ fee of 5 euro.

Figure 1 shows an example of the computer screen the subjects face during

the experiment. The subjects are presented with a graph of past profits in the

bottom left part of the screen and the same information is given, in numbers,

in the table in the bottom right part. The subject then has to make a discrete

choice on which alternative to invest in, using the radio boxes in the top part of

the screen. After all subjects have done this the computer screen is updated with

the new information (realized profits of the different alternatives of the previous

period, and the choice of the subject).
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Figure 1: An example experimental screen. The subjects submit their decision by

choosing between the radio icons in the top box, and can refer to information of

past profits of the funds in the graph and table below.

2.2 Time series

We construct seven different sets of time series of profits for investment alternatives

for 50 periods. The data generating processes (DGPs) used to obtain these time

series, which can be divided into three categories, are explained below.

1. White Noise time series (one set, denoted WN2). A set of two white

noise time series. Both time series are generated by the DGP

πi,t = 5 + εit, i = A,B and t = 1, 2, . . . , 50, (2)

where εit is independently and identically distributed, with εit ∼ N(0, 1).

The realized time series are shown in Figure 2. Note that these two time

series are independent from each other, and serially uncorrelated.

2. Brock-Hommes time series (three sets, denoted BH2, BH3 and BH4,

respectively). To generate these time series we simulated the two canonical

heterogeneous agents models of Brock and Hommes (1997, 1998). To be

specific, the set denoted BH2 contains the two time series of profits gener-

ated by the deterministic nonlinear cobweb model presented in Brock and

Hommes (1997), with parameter values β = 3.9, η = 0.5, δ = 0.2 (see Brock

and Hommes (1997), p. 1066-1067). One time series corresponds to the

profits generated by the rational expectations heuristic (net of information

costs) and the other time series corresponds to the time series generated by

the naive expectations heuristic.
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The three time series in BH3 are generated by the deterministic nonlinear

asset pricing model with three heuristics described in Brock and Hommes

(1998, p.1240-1242), with intensity of choice parameter β = 450. We added

a shock to the price in every period. This shock is independently and iden-

tically drawn from N(0, 0.1). The four time series in BH4 are generated by

the asset pricing model with four heuristics in Brock and Hommes (1998),

with intensity of choice parameter β = 95, and again an idiosyncratic i.i.d.

shock, in this case drawn from N(0, 0.12). In order to make the profits for

the different time series comparable, we normalize these time series such

that profits are always in the range (0, 13), with a mean of around 5.3 The

time series from BH2, BH3 and BH4 are shown in Figure 3. The time se-

ries from BH2 have a clearly recognizable, repeated, quasi-periodic pattern.

Their ‘cycle’ is, however, fairly unpredictable. On the other hand, the time

series from BH3 and BH4 appear to have little structure.

3. Stock Index time series (three sets, denoted SI2, SI3 and SI4, respec-

tively). These time series are constructed from four actual stock indices,

in particular the Austrian Trade Index (ATX), the Belgium 20 Stock Index

(BFX), the Dow Jones Index (DJI) and the FTSE 100 index (FTSE) from

October 2005 to November 2009. We use rotation based yearly return, in-

stead of monthly returns. We normalize the data to fit in the range (0, 13)

by dividing the profits by 12 and adding 5.4 We use the ATX and BFX

indices for SI2, the ATX, BFX and DJI indices for SI3 and the ATX, BFX,

DJI and FTSE for SI4. These time series are shown in Figure 4. Obviously,

all of these time series are highly correlated.

We make sure that the maximum, minimum and average profit in each type

of time series is similar. The descriptive statistics can be found in Table 1. This

make sures that when we estimate the discrete choice model in later sections, the

estimated intensity of choice variable is free from a scaling effect.

The three types of time series do differ substantially in their autocorrelation

structure. The time series fromWN2 exhibit almost no autocorrelation or periodic

3We achieved this by multiplying the time series from BH2 by 2 and subsequently subtract

2, and by multiplying the time series from BH3 and BH4 by 75 and adding 3.
4We understand that after this adjustment the return time series does not look like the

typical monthly returns of mutual funds. Here, the label “stock index” is only due to the source

of the data, and the main purpose is to study the switching behavior when profits are highly

autocorrelated. The results from the “white noise” time series have more relevance for the

behavior of investors in actual markets for mutual funds.
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Figure 2: The profit time series generated by white noise models.
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Figure 3: The profit time series generated by Brock-Hommes models.

pattern. The time series from BH2 have a strong quasi-periodic pattern, and the

time series from BH3 and BH4 exhibit chaotic patterns. Finally, the time series

from SI2, SI3 and SI4 exhibit strong autocorrelation.

Figure 5 shows the autocorrelation patterns of the different types of time series.

Since we conjecture that for a subject’s decisions the differences between profits of

different alternatives are more important than the absolute value of these profits,
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Figure 4: The profit time series from returns to stock indices.

we plot the autocorrelation of profit differences, where we take alternative A as

benchmark. The profit difference is then calculated as the profit of A minus the

profit of one of the other alternatives. The autocorrelation is plotted until the 10th

lag. According to the Ljung-Box Q test, the autocorrelation is not significant for

any of the lags of the time series fromWN2, significant at the 5% level for all lags of

the time series from BH2, BH3 and BH4, except for the profit difference between

heuristic A and heuristic D from BH4, for which none of the lags is significant. As

might be expected, the autocorrelation for all profit differences of the time series

from SI2, SI3 and SI4 is significant for all lags and also higher than in the other

time series (note that, since the time series from SI2 and SI3 are part of SI4 as

well, we only include autocorrelation plots for SI4). The autocorrelation of profit

differences is typically higher in the time series from BH2 than in the time series

from BH4 and, to a lesser extent, those in BH3. Moreover, autocorrelations are

very small for the time series from WN2, as they should be.

Discrete choice models, as they are used in heterogeneous agent models, are

typically backward looking models, with the assumption that agents only care

about the size of past profits, and do not use patterns in past profits to predict

future profit levels. The implication of this is that there should be no signifi-
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Time series min mean max

WN2 0.60 5.64 10.25

BH2 0.47 5.58 9.42

BH3 0.87 4.55 12.69

BH4 1.33 5.64 10.64

SI2 0.36 4.66 8.04

SI3 0.36 4.27 8.04

SI4 0.36 4.89 8.04

Table 1: Descriptive statistics about profits from each set of time series.

Figure 5: The autocorrelation of the difference of profits in each type of time

series. The numbers on the horizontal axis indicate the order of lags.

cant differences between the discrete choice models that are estimated from the

experimental data on the different time series.

On the other hand, if significant differences do exist, this may indicate that

subjects try to forecast future profits by extrapolating patterns in past profits (or
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Time-series Unexperienced Experienced Total

WN2 (T1 and T6) 16 13 29

BH2 (T2 and T5) 15 14 29

BH3 (T3 and T1) 14 16 30

BH4 (T4) No 14 14

SI2 (T4 and T3) 14 14 28

SI3 (T5) 14 No 14

SI4 (T6 and T2) 13 15 28

Table 2: General setting of the experiment. This table shows the number of

participants in each treatment.

in profit differences) and (partly) base their investment decisions upon that.

2.3 Treatments

As discussed above, we generated seven sets of time series (WN2, BH2, BH3,

BH4, SI2, SI3 and SI4), where the range of profits and the average profit for

each time series is similar, but profit differences and (autocorrelation) structure

in the time series of profits is different. During the experiment each subject will

be confronted with exactly two of these seven sets of time series. Note that the

subjects do not know the data generating process that underlies the time series

they observe.

Of the 42 different possible combinations of sets of times series, we selected

six. We made sure that for every participant both the number of investment

alternatives (2, 3 or 4) and the type of investment alternatives (WN , BH or SI)

was different in the two blocks. The resulting six treatments are denoted by T1

(first WN2, then BH3), T2 (BH2 and SI4), T3 (BH3 and SI2), T4 (BH4 and

SI2), T5 (SI3 and BH2) and T6 (SI4 and WN2). The summary information of

the experimental design is also shown in Table 2.

Note that each set of time series is used in exactly two treatments (except

for sets BH4 and SI3), once with unexperienced subjects (when it is used in the

first block) and once with experienced subjects (when the set is used in the second

block), where experience refers to experience with another set of time series. Table

2 also shows the number of participants in for each treatment and for each time

series.
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3 Experimental Results

In this section we give a, mostly, qualitative discussion of the experimental results.

In Section 3.1 we investigate the dynamics of choice, and in Section 3.2 we study

the number of switches on an individual level. Section 3.3. is concerned with

the question whether the decisions of subjects improve over time and finally, in

Section 4 we investigate to what extent subjects condition their decision on payoff

information from the previous period.

3.1 Fraction of Choice

Figure 6 presents an area chart that plots the time series of the shares of subjects

choosing fund A, B, C and D, respectively, in each period. The results are pre-

sented for each set of time series, and separated for experienced and unexperienced

subjects (this gives 12 plots, since there are no unexperienced subjects confronted

with the time series from BH4 and no experienced subjects confronted with the

time series from SI3, see Table 2). There is substantial fluctuation in the shares

during the course of the experiment, which suggests that at least some subjects

switch between alternatives regularly during each block of the experiment. More-

over, the dynamics of shares are quite similar for unexperienced and experienced

traders that face the same set of time series, as is confirmed by a visual comparison

between the left and right panels of Figure 6 (this obviously does not hold for the

bottom two panels, which refer to time series from different sets). This suggests

that there is not a strong learning effect between the two blocks of the experiment.
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Figure 6: Shares of choices. From top to bottom: shares for WN2, BH2, BH3,

SI2, SI4(unexperienced in left panel and experienced on right panel), SI3 (bot-

tom left) and BH4 (bottom right).

It is remarkable that, for the time series from WN2 (top two panels of Figure

6), although there is no difference in the average or expected profit of alternatives

A and B, people still choose A with a higher frequency than B. This may be

partly due to some “default choice bias” for alternative A. However, when the
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Treatment Block Total Number of Switches Switches per Person per Period Time Series

1 1 210 0.33 WN2

2 341 0.53 BH3

2 1 159 0.27 BH2

2 254 0.42 SI4

3 1 308 0.55 BH3

2 129 0.23 SI2

4 1 147 0.26 SI2

2 210 0.38 BH4

5 1 169 0.30 SI3

2 153 0.27 BH2

6 1 218 0.42 SI4

2 228 0.44 WN2

Table 3: Number of switching in each treatment.

same subjects (from treatment T1) are faced with the BH2 time series, where

alternative B is typically more profitable than alternative A, they do choose B

with a higher frequency than A. Also for the time series from SI4, the majority

of subjects learns to switch from fund A (which is initially the most profitable

alternative on average) to fund D (which is the most profitable alternative, on

average, for the last couple of periods). These observations suggests that the

subjects do respond to profit differences in the correct way.

3.2 Frequency of Switches

To get a more precise idea of the frequency with which subjects switch between

alternatives we count the number of switches for each treatment. A switch occurs

when a subject chooses differently in period t than in period t−1. As the number

of subjects is different for different treatments, we use the number of switches per

subject per period as a measure to compare different treatments. The results are

shown in Table 3.

We can see from this table that the average frequency with which subjects

switch in a given period ranges from 23% to 55%. The frequency of switching

is very similar for subjects faced with the same time series (with the largest dif-

ferences between subjects facing WN2, which makes sense, given that expected

payoffs for alternatives are always the same for those time series), suggesting that
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behavior of the subjects is quite consistent and that learning between blocks does

not seem to play a role.

Figure 7 shows the empirical cumulative distribution function of the number

of switches subject make for the different time series. The horizontal axis presents

the number of switches made by a subject (which can range from 0 to 39) and the

vertical axis gives the percentage of subjects switching a given number of time.

We see most subjects switch between 10 and 20 times, and that very low and

very high frequencies of switching (more than 25) are rare (the exception being

subjects facing the time series from BH3, who change relatively often).

For a majority of cases, the distribution of frequencies of switching are similar

for unexperienced and experienced subjects (the exeption arising for the time series

from WN2, where experienced subjects switch more often than unexperienced

subjects, and for the time series from SI2, where experienced traders switch less

often).

3.3 Learning Effect

We want to see whether the subjects learn during the experiment by investigating

whether they perform better in later periods (within the same block) than in earlier

periods. Figure 8 plots the time series of the fraction of subjects who choose the

best alternative for that period (that is, the alternative that generates the highest

profit in that period) for each set of time series. If subjects learn to make better

decisions this fraction should increase over time.

From Figure 8 we observe that, again, experience with another time series

does not improve subject’s choices. Wheter, within one particular set of time

series there is a learning effect, depends upon the type of time series. For the

time series from BH2, SI2 and SI3 we see an overall increase in the fraction

of optimal choices (note that these are also the time series with the most clear

structure), while for the other time series, there is not such a clear trend (for the

time series from SI4 this might be due to the fact that there is, compared to SI3,

an additional fund which, for many periods towards the end, is not much worse

than the optimal fund).

Table 4 shows the average fraction of subjects choosing the best fund in each

phase. The fraction of subjects choosing the best alternative is very similar for

unexperienced and experienced subjects (in fact, for three of the five cases unex-
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Figure 7: Empirical CDF function of the number of switches in different treat-

ments. The vertical axis is in terms of percentage.
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Figure 8: This figure shows the fraction of people choosing the best fund. From the

top to the bottom: time series of WN2, BH2, BH3, BH4, SI2, SI3, SI4. Square

indicates unexperienced subjects, and triangle indicates experienced subjects.

perienced subjects do slightly better than experienced subjects, but none of the

differences between unexperienced and experienced subjects is significant at the

5% level according to a Mann-Whitney-Wilcoxon test). Subjects are the most
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Time-series Unexperienced Experienced Total

WN2 (T1 and T6) 0.5313 0.5115 0.5214

BH2 (T2 and T5) 0.8133 0.8500 0.8317

BH3 (T3 and T1) 0.4625 0.4313 0.4469

BH4 (T4) No 0.5768 0.5768

SI2 (T4 and T3) 0.7250 0.7089 0.7170

SI3 (T5) 0.6518 No 0.6518

SI4 (T6 and T2) 0.5692 0.5967 0.5829

Table 4: Fraction of best choice in each treatment and phases.

succesful in choosing the best alternative with time series from BH2, SI2 and

SI3, which have substantial structure. The fraction of optimal choices is lowest

with the highly unpredictable time series from BH3. Remarkably, the fraction of

optimal choices with the time series from WN2 is higher than 0.5 (but it is not

significantly different from 0.5 at the 5% level, according to a Wilcoxon sign rank

test).

3.4 Influence of Past Performance

Figure 9 plots, for time series with only two alternatives, the fraction of subjects

choosing alternative A against a binary variable that equals 1 if the return of A

is larger than that of B in the last period, and 0. This figure illustrates whether

there is past return chasing behavior. If the subjects are past return chasing, the

fraction should go down (up) when the binary variable is 0 (1). This is almost

always the case with the unexperienced subjects that face the time series from

WN2, and a little less the case with the experienced subjects facing those time

series. For the time series from BH2, the data also suggests that subjects are

return chasing, although the fraction of choice of A goes up (down) when the

return of alternative A has been lower (higher) for several periods. This may

be due to the fact that time series from BH2 exhibit a quasi-periodic pattern,

and the cycle tends to be longer in the later periods of the experiment than in

the earlier periods. The subjects might therefore choose the alternative that has

generated lower return for several periods, anticipating that the order of profits

will be reversed in the next period. The data for the time series from SI2 also

provide support for return chasing behavior. The fraction of subjects choosing

A almost always goes up (down) when the return of A is higher (lower) in the
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last period, except for the unexperienced subjects at the very beginning of the

experiment.

Figure 9: The fraction of subjects choosing fund A (diamonds) plotted against the

binary variable that indicates whether fund A generates higher return than fund

B in the last period (squares).

These observations suggest that a model where subjects condition their decision

upon the profits of the different alternatives from the previous period might give a

good description of the experimental data. In the next section we try to estimate

such a model.

4 Describing subject behavior by the discrete

choice model

In this section we try to estimate a discrete choice model, and in particular the

‘intensity of choice’ parameter β, from the experimental data. In theoretical het-
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erogeneous agents models that use discrete choice dynamics, the parameter β is

typically exogenously given. In this section wqe want to investigate the potential

success of the discrete choice model as a description of the switching behavior

of subjects to our experiments. Moreover, we want to investigate whether β is

affected by the decision environment.

In Section 4.1 we will consider the binary choice model, using experimental

data obtained from the choices with time series from WN2, BH2 and SI2. In

Section 4.2 we then focus on the multiple choice model, for the experimental data

with three of four alternatives.

4.1 The Binary Choice Model

For the six blocks involving choices between two alternatives, A and B (with time

series from WN2, BH2 and SI2) we estimate the model on individual data. The

binary choice model for individual i given by probabilities of choosing alternative

A at time t as:

Pr (ci,t = A|It−1) =
expUA

t−1

expUA
t−1 + expUB

t−1

, (3)

where UA
t−1 = α + βπA

t−1 and UB
t−1 = βπB

t−1.

Here πA
t−1 (πB

t−1) is the profit that would have been generated by choice A (B) in

period t − 1. The parameter α measures a ‘predisposition effect’: if α is positive

(negative) a subject tends to choose alternative A (B), if profits are the same.

The parameter β is the familiar ‘intensity of choice’ parameter, measuring how

sensitive participants are with respect to differences in profits. We are going to

assume that α and β are the same for each individual in a particular block, but

may differ between blocks.5

5In order to check whether there is heterogeneity in the intensity of choice β across individuals,

we also estimated the following model

Pr (ci,t = A|It−1) =
expUA

t−1
expUA

t−1 + expUB
t−1

,

where UA
t−1 = α+ β (1 + γi)π

A
t−1 and UB

t−1 = β (1 + γi)π
B
t−1.

Here the estimation includes the individual-specific parameter γi (where i ∈ {1, 2, ..., I}, with I

the total number of subjects in the treatment). If there is a lot of heterogeneity in the intensity

of choice β between individuals, we should see that γi is significantly different from 0 at the 5%
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The estimation results are presented in Table 7 in the Appendix. We see that

the level of intensity of choice is different for different time series. As the payoff

in all treatments is on average 5 points per period, the differences between the

estimated intensities of choice can not be attributed to a scaling effect. We find

the estimated β to be quite high in the SI2 sessions, and low in the the WN2

sessions. This result has an intuitive explanation: choosing the alternative that

generated a high profit in the previous period is sensible in particular when profits

are highly and positively autocorrelated. The results suggest that the intensity of

choice β is affected by the structure of the time series of profits, and subjects are

succesful in adjusting their reaction to past information in the right direction (e.g.

their behavior is described by higher β when past information has more predictive

power about the future). There is also a difference between the estimated β with

experienced and unexperienced subjects, but the pattern is not clear: in two of the

three cases unexperienced subjects are more sensitive to profit differentials than

experienced traders, and in the other case they are less sensitive.

Figure 10 compares the probability of choosing alternative A using the es-

timated discrete choice model (3) with the share of subjects actually choosing

alternative A in the experiment. At the aggregate level, this simple model already

provides a very decent description of the experimental data. According to num-

bers reported in Table 7, the mean squared error of the model is highest in the

BH2 treatments, probably due to a larger variation in the dependent variable,

and is very similar in the WN2 and BH2 treatments.

We are also interested in whether the model can make good out-of-sample

predictions. Therefore we estimate the model using the experimental data from

the first 20 periods (periods 1-20), and use the estimated coefficients to predict

the data in the second set of 20 periods (periods 21-40). In Figure 11 we plot

the actual shares of the last 20 periods from the experiment, together with the

out-of-sample predicted probabilities (based upon the first 20 periods) and the

in-sample predicted probabilities (based upon all 40 periods). This figure suggests

that the out-of-sample predictions are very close to the in-sample predictions.

level for many subjects. The level of heterogeneity turns out to be mild, however. The number

of values of γi that are significantly different from 0 at the 5% level is 16 out of 86 subjects (18%,

which can be broken down as follows: 3 out of 16 unexperienced subjects for WN2 in treatment

1, 6 out of 13 experienced subjects for WN2 in treatment 6, 1 out of 15 unexperienced subjects

for BH2 in treatment 2, 2 out of 14 experienced subjects for BH2 in treatment 5, 1 out of 14

unexperienced subjects for SI2 in treatment 4, and 3 out of 14 experienced subjects for SI2

session in treatment 3.)
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Figure 10: The actual and fitted time series by the simple 1 lag models. The

diamonds are the experimental data, and the squares are the fitted fractions by

the model.

This is confirmed by the mean squared errors for the in-sample and out-of-sample

predictions presented in Table 5.

To check robustness of our results we estimated a more general form of the

discrete choice model. This model, with l lags, is given by

Pr (ci,t = A|It−1) =
expUA

t−1

expUA
t−1 + expUB

t−1

,

where UA
t−1 = βA

0 + βA
1 π

A
t−1 + . . .+ βA

l π
A
t−l,

and UB
t−1 = βA

1 π
B
t−1 + . . .+ βA

l π
B
t−l.

Since the length of the “cycles” in the time series from BH2 is typically fewer

than 5 periods, we choose l to be maximally 5. We apply a likelihood ratio
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Figure 11: The actual and fitted time series by the simple 1 lag models in periods

21-40. The diamonds are the experimental data, the squares are the in sample pre-

diction by the model using all data, and triangles are the out of sample prediction

by the model using data in periods 1-20 only.

test iteratively to determine the number of necessary lags to include.6 We find

that, when more lags can be included, the estimation results for the treatments

with time series from WN2 and SI2 do not change very much. In fact, for the

treatment with unexperienced subjects facing time series from WN2 and for the

treatment with experienced subjects facing time series from SI2, the estimated

model does not incorporate more lags. For the treatment with experienced subjects

facing time series fromWN2 and the treatment with unexperienced subjects facing

time series from SI2 the estimated model only involves one additional lag. For

both treatments with time series from BH2, the estimated model incorporates

up to the 4th lag. The estimation results are shown in Table 8 in the Appendix.

Moreover, we observe some negative coefficients for higher order lags in the return,

6That is, we include new lags until the test does not reject the null hypothesis that the model

with more lags is not an improvement over the model with fewer lags.
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Time Series Group MSE In Sample MSE Out of Sample

WN2 Unexperienced 0.0208 0.0291

Experienced 0.0311 0.0796

BH2 Unexperienced 0.0732 0.0740

Experienced 0.0688 0.0698

SI2 Unexperienced 0.0069 0.0109

Experienced 0.0087 0.0089

Table 5: The mean squared error, for the last 20 periods, of the in-sample and

out-of-sample predictions by the binary choice model (3).

especially for the treatments with time series from BH2. Figure 5 shows that the

autocorrelation pattern in the profit difference in the time series from BH2 is

negative from the second to the fifth lag. The negative estimates for β in the

higher order lags suggest that subjects recognize some of the long term reversion

pattern in the profit dynamics, and use this information when choosing between

alternatives A and B.

Figure 12 shows the fitted group with models with one lag and models allowing

for more lags. Models allowing for more lags provide generally about the same

level of fit as the model with one lag for the treatments with time series from WN2

and SI2, and substantially outperform the model with one lag for the treatment

with time series from BH2. The difference of the level of fitness can also be seen

from the mean squared error numbers in Table 6.

Time Series Group MSE One Lag MSE More Lags

WN2 Unexperienced 0.0210 0.0210

Experienced 0.0299 0.0066

BH2 Unexperienced 0.0809 0.0254

Experienced 0.0391 0.0167

SI2 Unexperienced 0.0219 0.0162

Experienced 0.0140 0.0140

Table 6: The mean squared error of the in sample and out of sample prediction of

the logit model with 1 lag and model that allows for more lags.

These findings suggest that the structure in the profit time series are an im-

portant determinant of the choice behavior of experimental subjects. When there

is either almost no structure, or very much (autocorrelation) structure, subjects

condition their choice only upon the most recent information. For the time series
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Figure 12: The actual and fitted time series by the simple 1 lag models and models

that allow more lags. The diamonds are the experimental data, the squares are

the fitted fractions by the 1 lag model, and triangles are models allowing for more

lags.

from WN2 there is not much information in either more recent or less recent data,

and for the highly positively autocorrelated data, the most recent information al-

ready contains a lot of the information about the upcoming profit realizations.

When there is a cyclical pattern in the data (as is the case with the time series

from BH2), subjects need to use more past information because this information

is helpful in predicting the reversal point of the current trend.

4.2 Multiple Choice Model

For sessions with three or four alternatives (that is, treatments with time series

from BH3, BH4, SI3 and SI4 time series), we estimate a discrete choice model

of the following form:
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Pr (ci,t = A|It−1) =
expUA

t−1

expUA
t−1 + expUB

t−1 + expUC
t−1

,

when there are three alternatives, and

Pr(ci,t = A|It−1) =
expUA

t−1

expUA
t−1 + expUB

t−1 + expUC
t−1 + expUD

t−1

,

when there are four alternatives (the probabilities of choosing the other alterna-

tives then follow directly from the estimated model).

We normalize the performance of the last alternative, and for the other per-

formance measures we consider

UK
t−1 =

{
α + βπA

t−1

βπK
t−1

if K = A

if K 6= A
.

The result of the aggregate estimation can be found Table 9. The estimated β

is very small or even insignificant for the treatments with time series from BH3,

which indeed have very little structure, and relatively large for the treatments

with time series from SI4. These estimation results confirm that the estimated

value of β is to a large extent determined by the predictability of the profit time

series.

Figure 13 plots the fractions simulated from the estimated models against the

experimental data. The simulation reproduces the pattern in the data quite well.
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Figure 13: Simulated shares of choice by multiple choice model and the experimen-

tal data. The simulated shares are shown in the left panel, and actual experimental

data are shown in the right panel.
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5 Concluding remarks

We run an experiment where subjects have to make a discrete choice, in a number

of subsequent periods, between several profitable investment alternatives (e.g. fi-

nancial funds). Our aim is to investigate to what extent differences in profitability

drives decisions of the subject, to identify what are the driving forces that make

them switch between these alternatives and to analyze whether the well known dis-

crete choice model (Brock and Hommes (1997, 1998)), which serves an important

role in the literature on heterogeneous agents models, provides a good description

of the switching decisions of the subjecst in the experiment.

The experimental data shows that human subjects switch often when they

are faced with dynamic discrete choice between different investment alternatives.

Moreover, this switching behavior is typically to a large extent driven by past

performance of the different alternatives. When the time series of profits of the

different alternatives exhibits a certain structure, such as autocorrelation and cycli-

cal patterns, subjects are able to exploit this structure quite well. When there is

limited structure in the time series of profits, e.g. when the time series are chaotic

or random, and highly unpredictable, the typically tend to use a heuristic decision

rule such as “choosing last period’s most profitable alternative”. Finally, we do

not find any effect of experience on the quality or characteristics of the decisions

made by the subjects.

The behavior of the subjects can be described by discrete choice models, such

as those used in Brock and Hommes (1997, 1998), quite well. A simple discrete

choice model, where decisions are only conditioned upon last period’s performance

of the different alternatives, already captures the patterns in the data to a large

extent, in particular when there is limited structure in the time series of profits.

However, when there is a cyclical pattern or a high level of autocorrelation in the

time series of profits, more lags need to be included into the model. This suggests

that subjects pay attention to apparent structures in the past data. An important

implication for this is that the discrete choice model, in the form in which it is

used in a large part of the literature on heterogeneous agents models, may only

be valid when the time series of the payoffs generated by different alternatives or

heuristics exhibits limited structure.

There are several interesting possible extensions for future work in this di-

rection. For example, one could think of an experiment where subjects are only

informed about the payoff of the alternative they actually chose, in order to in-
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vestigate how they deal with the trade-off between exploration and exploitation.

Another extension would be to subtract from the subject’s earnings a small fee

every time they switch between alternatives to investigate how large payoff differ-

entials have to be in order for participants to change alternatives).

By considering exogenous payoff histories in the experiment we abstract from

any influence the subject’s decision may have on the actual outcomes. While this

might be justified for some market environments, it does not hold in general. In

fact, a key difference between natural and social sciences is that the latter often

correspond to feedback systems: past market behaviour determines individual

beliefs and choices, which in turn determine current aggregate market outcomes.

An investor, for example, buys a stock that he expects to go up in the future based

upon the past development of the price. If many speculators have the same beliefs

and invest in this stock, demand for the stock goes up, as will the price, leading to

an increase in the profits of the speculators investing in that stock. Therefore it

might be worthwhile to consider a laboratory experiment in which this feedback

is explicitly incorporated. Payoffs of the subjects will then also depend upon the

decisions the other subjects in the experiment make.
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A Appendix

A.1 Experimental Instructions

In this experiment you will observe the time series of the financial returns of 2,

3 or 4 investment funds: fund A, B (or fund A, B, C, fund A, B, C, D) for 100

consecutive periods. You will have to make an investment decision by choosing

one of these funds. Your payoff in the experiment will depend on the return of

the fund chosen as your investment decision.

The actual returns of the funds will always be positive. The information you

have when making your forecasts and investment decision consists of the actual

returns of the funds in the recent past. After each 50 periods of predictions, we

will show you the returns of new funds, which might not have the same pattern

as the former ones.

Earnings

You may earn points for every period of the experiment. The earned points

will be transformed to the payoff in Euros at the end of the experiment. The

number of points you get is the return from the fund you have chosen

this period.

At the end of the experiment you are paid 1 euro for each 20 points you earned

during the experiment. In addition you will get a show-up fee of 5 euros. As an

example, if for one period you choose between 3 funds, and your choice and the

actual returns are as in the table below:

The Fund You choose Profit of Fund A Profit of Fund B Profit of Fund C Your Payoff

A 3 1.3 4.6 3

Then: you will get 3 points for this period, which is the actual return on fund

A.

You earn 1 euro for each 20 points you make till the end of the experiment.
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A.2 Estimation Result of Discrete Choice Models

A.2.1 Binary Choice

Phase Type α β log-likelihood McFadden R-squared MSE

T1 40 WN2 0.901 0.139 −367.402 0.024 0.0210

(0.090) (0.033)

T6 80 WN2 0.430 0.293 −307.493 0.098 0.0299

(0.098) (0.039)

T2 40 BH2 −0.197 0.378 −315.741 0.212 0.0809

(0.103) (0.034)

T5 80 BH2 −0.314 0.438 −267.038 0.271 0.0391

(0.113) (0.038)

T4 40 SI2 0.573 4.504 −200.018 0.482 0.0219

(0.144) (0.374)

T3 80 SI2 0.381 3.293 −246.644 0.361 0.0140

(0.119) (0.271)

Table 7: Aggregate estimation of binary choice models with one lag.

Phase Type βA
0 βA

1 βA
2 βA

3 βA
4 log-likelihood McFadden R2 MSE

T1 40 WN2 0.901 0.139 −367.402 0.024 0.0210

(0.090) (0.033)

T6 80 WN2 0.554 0.313 −0.153 −286.185 0.120 0.0066

(0.107) (0.041) (0.040)

T2 40 BH2 −0.271 0.892 -0.591 0.072 0.234 −202.661 0.428 0.0254

(0.232) (0.123) (0.097) (0.101) (0.065)

T5 80 BH2 −0.572 0.982 −0.671 0.199 −0.411 −161.371 0.498 0.0167

(0.289) (0.138) (0.113) (129) (0.098)

T4 40 SI2 0.591 5.830 −1.337 −175.433 0.521 0.0162

(0.158) (0.535) (365)

T3 80 SI2 0.381 3.293 −246.644 0.361 0.0140

(0.119) (0.271)

Table 8: Aggregate estimation of binary choice models allowing for more lags.

A.2.2 Multiple Choice
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Treatment Coefficicient Std. Err. T Statistic p-value

BH3-Uexp πA
t−1 0.0056 0.0423 0.13 0.895

πB
t−1 0.3692 0.0165 2.24 0.025

constant -0.1163 0.2051 -0.57 0.571

α -0.255 0.0935 -2.73 0.006

β 0.035 0.0164 2.13 0.033

BH3-Exp πA
t−1

πB
t−1 0.0965 0.019 5.08 0

constant 0.1295 0.0902 1.43 0.151

α 0.3295 0.355 0.93 0.353

β -0.098 0.0955 -1.03 0.305

BH4-Exp πA
t−1 1.6978 0.1244 13.65 0

πB
t−1 1.6293 0.137 11.89 0

πC
t−1

constant 1.5952 0.1032 15.46 0

α 1.5961 0.1033 15.44 0

β 1.6734 0.1174 14.26 0

SI3-Uexp πA
t−1 0.4273 0.0528 8.09 0

πB
t−1 -0.6777 0.0238 -2.85 0.004

constant -2.4296 0.3165 -7.68 0

α -0.0725 0.1041 0.49 0.486

β 0.0075 0.0196 0.38 0.705

SI4-Uexp πA
t−1 2.2317 0.1783 12.52 0

πB
t−1 2.5075 0.1848 13.57 0

πC
t−1 3.8102 0.3175 12 0

constant -0.4416 0.136 -3.25 0.001

α -0.1305 0.1085 -1.2 0.229

β 2.5152 0.1549 16.23 0

SI4-Exp πA
t−1 4.0784 0.2657 15.35 0

πB
t−1 4.0972 0.2699 15.18 0

πC
t−1 4.7236 0.3586 13.17 0

constant -0.0.0739 0.1306 -0.57 0.571

α 0.0500 0.1129 0.44 0.658

β 4.1987 0.2439 17.21 0

Table 9: Aggregate estimation of multiple choice models.
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