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Microworlds (MWs) are dynamic computer-generated environments that subjects interact with in the
laboratory and that simulate conditions encountered in the field. Precise levels of experimental con
trol and improved accuracy and efficiency of data collection procedures are characteristic of MWs, It
is proposed that these benefits are achieved with concomitant gains in internal validity (afforded by
high levels of experimental realism) and external validity (afforded by the replication ofthe temporal
interactive nature of most field phenomena). Toillustrate these ideas, three sets ofMW studies are de
scribed that investigated rumor and behavior in the stock market (BROKER), escalation behavior
(INVE$TMENT CHOICE$), and the application of foraging theory to internet shopping (CYBERSHOPPER).

Two recurrent dilemmas in psychological research are
the tensions between realism and control, and between
realism and efficiency. One dilemma concerns tradeoffs
between realism and experimental control that are often
inherent in the choice of research setting (Berkowitz &
Donnerstein, 1982; Dipboye & Flanagan, 1979; Locke,
1986; Omodei & Wearing, 1995; Runkel & McGrath,
1972; Stone, 1977). Laboratory research typically boasts
a higher level of experimental control but possesses some
degree ofartificiality (Asher, 1994). Field research is more
realistic but the lack of control often encountered in field
settings frequently limits definitive conclusions. Re
searchers who opt for control through laboratory exper
imentation may then seek to boost the realism of the lab
oratory experience, but face yet another tradeoff, this time
between realism and data-collection efficiency. Simple
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experiments are likely to yield a large quantity ofdata for
little resources, but data quality may be limited (in part by
the unrealistic nature of the experimental task). Elabo
rate experimental manipulations (e.g., Milgram, 1963)
may produce high-quality data (in part because ofefforts
to improve the realism of the experimental experience),
but require a greater amount of time, money, and person
nel resources relative to data yield.

Microworlds (MWs) offer a compromise to each of
these dilemmas (Brehmer & Domer, 1993; Funke, 1991).
Among psychological researchers, microworlds refer to
dynamic computer-generated environments that subjects
interact with in the lab and that simulate conditions en
countered in the field (Brehmer & Dorner, 1993; Funke,
1991; Omodei & Wearing, 1995). As regards the first
dilemma, MWs hold promise in reducing concerns over
realism in highly controlled lab studies (Brehmer, 1992;
Omodei & Wearing, 1995). In particular, because oftheir
ability to simulate the complex and dynamic character of
field situations, MWs offer superior levels ofexperimen
tal realism (i.e., subject involvement) and mundane real
ism (correspondence with the field experience). Regard
ing the second dilemma, MWs are a moderately efficient
means of gathering high-quality data.

These features, combined with the proliferation of in
expensive yet powerful microcomputers, advances in the
user friendliness of programming software, and com-
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pelling multimedia capabilities, have led to the emergence
ofMW research as a viable methodological paradigm in
many areas of psychological research (e.g., Andreassen,
1987; Brehmer, 1992; Cohen & Cyert, 1965; DiFonzo &
Bordia, 1997; Gianutsos, 1994; Hantula & Crowell, 1994a,
1994b; Lowman & Norkus, 1987; Omodei & Wearing,
1995; Rajala & Hantula, 1997). Some research situations,
however, seem especially suited to MW investigations.
Given the above considerations and the benefits described
in this manuscript, MW methodologies seem optimal for
research (1) involving complex and dynamic phenomena
(Brehmer & Dorner, 1993; Brehmer, Leplat, & Rasmus
sen, 1991; Omodei & Wearing, 1995); (2) in which eth
ical, practical, or logistical considerations constrain field
experimentation or observation (e.g., Ekker, Gifford,
Leik, & Leik, 1988); (3) for which limited resources are
available to sustain field investigations (e.g., Schiff, Ar
none, & Cross, 1994); and (4) where it is possible to elicit
subject interaction with a microcomputer.

The term microworld possesses a variety ofmeanings,
including representational learning systems (Nesher,
1989), intersecting social systems within which students
exist (Goldman, 1996), and programming applications
software for use by children so as to enable an interac
tive, applications-oriented type oflearning (Papert, 1980,
1996; Reiber, 1992; Turkle, 1984). More generally, the
term has been associated with computer-simulated envi
ronments often used for educational or training purposes
(Albers, Brand, & Cellerier, 1991; Good, 1987; Keys,
Fulmer, & Stumpf, 1996). In psychological literature
(e.g., Colle & Green, 1996; Funke, 1991; Perkey, 1986),
and especially in the field of decision making, the term
has been more rigorously defined. Berndt Brehmer (1992)
and Dietrich Dorner (Brehmer & Dorner, 1993) have
most clearly delineated the concept to mean computer
generated simulation environments that real subjects in
teract with and that possess, to varying degrees, a dy
namic (see below), complex (i.e., necessitating multiple
considerations by the subject), and opaque (i.e., necessi
tating exploration) character. MWs simulate an environ
ment, and not the behavioral phenomenon that occurs
within that environment, and are therefore distinct from
computer simulations that seeks to discover accurate
mathematical models of behavior (see, e.g., Rabinowitz
& Feldman, 1989). Moreover, MWs typically simulate
interactive environments within which the subject must
act repeatedly over time; thus they are not merely the
computerized administration of instruments or manipu
lations. Omodei and Wearing have identified three gen
eral applications ofMWs: "computerized training simu
lators (e.g., flight simulators, management training
games, etc.), recreational video games (e.g., fantasy ad
venture games, arcade games, etc.), and simulations
specifically developed for theoretically based research
into complex decision-making processes" (1995, p. 304).
The last application is, of course, our focus here.

MICROWORLDS FOR RESEARCH 279

EXAMPLES OF MWs FOR
EXPERIMENTAL RESEARCH

This paper describes three sets ofMWs created to in
vestigate a diverse set of psychological processes and
theories: how rumors affect behavior (BROKER), the be
havioral contingencies involved in escalation behavior
(INVE$TMENT CHOICE$), and the application offoraging
theory to economic choice (CYBERSHOPPER). We will use
these simulations to illustrate several benefits ofMWs in
general and to explore methodological assets accruing
from realism in particular.

BROKER
The BROKER MW consisted of an investment game in

which subjects could trade one stock for a series of 60
consecutive simulated days (DiFonzo & Bordia, 1997).
On the basis ofprediction theory (Ajzen, 1977; Tversky
& Kahneman, 1980), the study manipulated the presence
and credibility of information presented concurrent with
trading and measured subjects' trading strategies. In an
early study, subjects were presented with news, published
rumors, unpublished rumors, or no messages, while trad
ing. The game was programmed using the Microsoft
QuickBASIC 4.5 programming language and was run on
XT and AT class IBM-PC microcomputers.

At the outset, each subject was assigned $245 in cash
and $245 in the form ofseven shares ofone stock (Good
year) valued at $35 per share. Subjects dealt with only
Goodyear stock and could perform only one transaction
during each trading day: They could purchase as many
shares as their cash holdings allowed, sell up to the num
ber of shares they currently possessed, or do neither.

INVE$TMENT CHOICE$

The INVE$TMENT CHOICE$ MW (Hantula & Crowell,
1994a, 1994b) was used to investigate how changes in
the patterning of investment return rates affected invest
ment decisions during trials in which subjects made money
or steadily lost money (this research replicated and ex
tended work by Goltz, 1992, who used a similar MW task).
The continued investment of resources despite steady
losses has been dubbed "escalation and persistence of
commitment" in the organizational psychology literature
(Hantula, 1992; Staw & Ross, 1989). At the start of the
investment trials, subjects were given a sum of$10,000
to manage for an investment firm with explicit instruc
tions to make as much money as they could by investing
in stock. At each investment opportunity subjects entered
the amount they wanted to invest (with the remainder of
the money reserved in a bank account) and were then pro
vided feedback with the amount of gain/loss from their
investment. The invest/return feedback cycle continued
for a number of investments depending on the particular
experiment. INVE$TMENT CHOICE$ was programmed in
Turbo BASIC (and later updated in QuickBASIC) and run
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on XT- and AT-class IBM-PC computers using a mono
chrome or color monitor.

The INVE$TMENT CHOICE$ display was deliberately
sparse and uncluttered. The screen was outlined with a
thin line, and in the center of the outlined screen a mes
sage told subjects how much money they had available to
invest at that time and instructed them to enter their in
vestment in $I00 increments by pressing the ENTER key.
The screen then went blank for a 1-2 sec interval. A mes
sage, again centered, then reported the amount ofgain or
loss on that investment. At the bottom of the screen a
reverse-video ribbon appeared that instructed the subject
to press any key when finished. This display was used in
Hantula and Crowell (l994a). In Hantula and Crowell
(1994b), the task and display were changed slightly to that
ofmanaging funds in two different markets. One market
was denoted by a normal display and the other was de
noted by a reverse-video display, but all other features re
mained the same.

CVBERSHOPPER
The CYBERSHOPPER MW was developed to understand

how consumers respond to elements ofthe on-line shop
ping experience (Rajala, 1996; Rajala & Hantula, 1997).
The simulation was designed to resemble current Amer
ica Online shopping websites. Using a mouse to direct
their actions and select options, subjects entered and ex
ited stores, checked price and availability, and ordered
compact disks (CDs) over 10 sessions. CYBERSHOPPER was
programmed in VisuaIBASIC and run on 486-class PCs
equipped with mouse and color monitor.

Subjects would "log on" to the "mall" display, which
consisted oflogos for five cyberstores arranged in a pen
tagon on the screen with a neutral-color backing. Click
ing on the store logo would allow the subject to "enter
the store." Upon entry, the store logos disappeared and a
pop-up window with the store name appeared that asked
the subject to enter the CD he/she would like to purchase.
After a CD was entered, other windows would appear as
necessary that advised in-stock status and price and asked
for an order.

In the remainder of this manuscript we use these sim
ulations to illustrate three benefits of MWs: enhance
ments to realism afforded by the simulation of dynamic
decision systems, the capacity for precise experimental
control, and improvements in data-collection procedures.

DYNAMIC DECISION SYSTEM MODELING

First, MWs typically present dynamic decision tasks
to subjects. Brehmer (1992; cf. Vallacher& Nowak, 1994)
has described a dynamic decision-making task as one in
which (I) a series of decisions is required to achieve the
goal, (2) the decisions are not independent ofone another
(i.e., decision parameters change as a result of previous
decisions), (3) the decision problem also changes as a re
sult ofautonomous system factors, and (4) decisions must

be made within a real or simulated time frame. BROKER
and INVE$TMENT CHOICE$ illustrate each component of
a dynamic decision system in which the decision task
was to maximize profit: In BROKER, (I) subjects traded
sequentially in a series of60 trading "days," (2) each de
cision impacted the parameters of subsequent decisions
(e.g., buying stock today may increase/reduce assets avail
able tomorrow), (3) the decision problem changed in re
sponse to trading decisions and an autonomous factor
(e.g., price changes), and (4) decisions were made in sim
ulated real time (i.e., the computer did not wait beyond
20 sec for a trading decision). In INVE$TMENT CHOICE$,
32 sequential decisions (concerning how much money to
invest) were made, the parameters (e.g., current assets
available) of which changed over time as a result of au
tonomous factors (e.g., return rates specified by the ex
perimenter) as well as "investor" actions (e.g., amounts
previously invested). In CYBERSHOPPER, subjects attempted
to maximize purchasing efficiency over a series of search
and purchase decisions the parameters (e.g., price and
in-stock availability) of which changed as a result of au
tonomous factors (e.g., experimenter specifications) and
"consumer" actions (e.g., search patterns).

The simulation of dynamic systems is important be
cause most decision phenomena (e.g., stock market trad
ing, resource allocation, shopping on the Internet) are in
teractive (Vallacher & Nowak, 1994) and time oriented
(Hogarth, 1980) in nature. Unfortunately, results of sta
tic (e.g., "paper-and-pencil") methodologies are almost
always used to make inferences about dynamic, inter
active, and time-oriented phenomena (Elsmore, 1994;
Vallacher & Nowak, 1994). This is a serious drawback of
much current psychological research for which the MW
paradigm holds great ameliorative potential (DiFonzo,
Hantula, & Bordia, 1997). The implication of this consid
eration is that the modeling ofdynamic decision systems
inherent in MW research enhances internal and external
validity.Wepropose that these enhancements are mediated
through gains in experimental and mundane realism.

Realism has more than one meaning (Aronson & Carl
smith, 1968). Experimental realism is the extent to which
the experiment is realistic to subjects-that is, the de
gree to which it involves and affects them, and the degree
to which they take it seriously. Mundane realism is the
extent to which the experiment is realistic to the situa
tion-that is, the likelihood that experiences encountered
in the study will occur in the field. Asch's (1951) classic
studies in conformity and Milgram's (1963) memorable
investigation of obedience are two examples where sub
jects were highly involved in the experimental task (as
evidenced by physiological reactions), but the experi
mental events per se of judging the relative lengths ofver
tical lines and administering increasing doses of electrical
voltage rarely occur outside the laboratory. Conversely,
in a study by Walster and her associates (Walster, Aron
son, & Abrahams, 1966), subjects read a newspaper arti
cle in which a statement of attribution was varied; mun-



dane realism was very high (because subjects often read
newspapers) but experimental realism was quite low
(reading a newspaper article was not very involving).

EXPERIMENTAL REALISM

Because of the ability to simulate dynamic decision
systems, we propose that even noncomplex MWs offer a
level of experimental realism not often experienced in
laboratory research (see, e.g., Omodei & Wearing, 1995).
In our simulations, evidence indicated that experimental
realism was high. During BROKER posttrading inter
views, subjects reported a high degree of involvement in
the task. In addition, a small (but memorable) minority
of subjects seemed to be caught up in the task ofmaking
money and occasionally pounded their fists on the com
puter desk and cried with delight (or in agony) as chang
ing stock prices altered the value of their holdings. Sim
ilarly, at least I subject in INVE$TMENT CHOICE$ became
so involved that he hit the return key repeatedly and
overloaded the input buffer, thereby "freezing" the pro
gram (Hantula, 1989). Many subjects also requested that
their earnings be posted outside the lab, as is often done
on arcade game machines, and spontaneously recruited
their friends to participate. CYBERSHOPPER subjects often
remarked about particular stores, and most insisted on
taking their shopping lists home with them (Rajala,
1996). Other MW studies have typically reported simi
lar indications of interest (Colle & Green, 1996; Ekker
et aI., 1988; Elsmore, 1994; Lowman & Norkus, 1987).

We speculate that MWs are likely to engender high
levels ofexperimental realism for at least three classes of
reasons, most of which flow from the dynamic nature of
MW simulations. First, MWs involve the physical and
temporal senses. MW multimedia (i.e., sound and video)
help to establish a more engrossing experience. Further
more, MWs evoke a sense oftime. People experience the
passing of "days," delays, deadlines, and/or temporally
related change, all ofwhich may produce a sense oftem
porality or even urgency. Second, MWs require subjects
to be active participants. In this vein, MWs evoke a "here
and-now" type of experience. As with Gestalt psycho
drama (see Corey, 1991), MWs represent an action ap
proach: People experience events in the present rather
than talking about them in a detached manner.' Similarly,
MWs are interactive; that is, the environment changes
(partly) as a result of subjects' behavior. Interactivity
evokes interest by creating a sense of impact or control
in the subject when the environment changes in response
to input (Lepper, 1985); witness the ubiquitous popular
ity of video and computer games. Contrast this with the
pallid and inert quality of experiences produced by non
dynamic methods in which, for example, subjects read a
scenario and role-play one decision, or subjects are
asked to imagine that a series ofdescribed events occurs.
Furthermore, MWs deliver goal-oriented feedback and
consequences (often immediately). The involving effects
of feedback and consequences are well known (Skinner,
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1953, 1969). Payoffs and losses result from subject ac
tions; therefore what a subject does matters.

Third, MWs present challenging tasks in the following
ways. They provide opportunity for competition, which
appeals to some subjects. Also, MW tasks often mirror
real-world goals that subjects view as significant. These
have included stopping forest fires (Omodei & Wearing,
1995), earning profits on investments (e.g., BROKER &
INVE$TMENT CHOICE$), and managing retail operations
(Cohen & Cyert, 1965). In addition, MWs may involve
complex problems that demand effortful processing and/
or careful strategical thinking. The preceding reasons are
often absent, in part or in whole, from such frequently
used psychological methods as survey questionnaires and
interviews. It is not surprising that many subjects (often
undergraduate students) view participation as boring.
Spontaneous comparisons with other studies by BROKER
subjects, for example, underscored this idea; subjects
found the MW more involving than "the typical psychol
ogy experiment." The atypical indications ofintense sub
ject interest cited earlier (e.g., requests that INVE$TMENT
CHOICE$ results be posted, unsolicited recruitment ofad
ditional subjects, retention of CYBERSHOPPER shopping
lists) also support this idea.

Experimental realism is important because it in
creases internal validity (Aronson & Carlsmith, 1968).
An experimental result is internally valid when it is due
to the manipulation of the independent variable as op
posed to artifacts such as demand characteristics. In order
to infer that effects are due to the experimental manipu
lation, subjects should be highly involved and engaged in
effortful processing. Otherwise, outcome behaviors may
be due to motivational factors (e.g., boredom). The high
levels of experimental realism encountered in our MW
investigations, for example, bolstered our confidence in
the internal validity of these studies. Indeed, one crite
rion for evaluating MW (internal) validity is the extent of
subject involvement. As in our studies, MW experimen
tal realism may be easily measured by self-report of in
volvement or by direct observation (e.g., nonverbal signs
of attentiveness).

MUNDANE REALISM

When concerned about realism in experiments, how
ever, one typically has mundane realism in mind. Study
A is said to be unrealistic to the extent that subjects' phe
nomenology of the experiment differs from real-life Sit
uation A. The concern over mundane realism stems from
a perceived threat to the external validity (i.e., general
izability) of study results. Ifthe experimental manipula
tion does not sufficiently mimic field experience, one
cannot infer that study results apply to field phenomena
(see discussion in Schiffet aI., 1994). Before addressing
this issue with respect to MWs, we note two situations in
which generalizability is not of concern.

One situation is where generalizability (and any mun
dane realism on which it is based) may not be the main
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intent of the study (Berkowitz & Donnerstein, 1982;
Kruglanski, 1975; Mook, 1983). Mook (1983; see also
Locke, 1986) has argued that the aim ofthe study may be
to test a theoretical idea using a given setting and with a
given sample. It is not the setting or the sample that
needs generalizing but the theoretical idea. The BROKER
and INVE$TMENT CHOICE$ studies, for example, were pri
marily concerned with testing the theory behind investor
actions by predicting how subjects would act in the lab
oratory. As predicted, changes in source credibility (i.e.,
news, published rumors, unpublished rumors) failed to
cause changes in tracking behavior (in BROKER), whereas
changes in reinforcement history had a significant impact
on later investing (in INVE$TMENT CHOICE$); therefore,
the conceptual basis for these predictions was bolstered.
Another example is Brehmer's (1992) fire fighting sim
ulation, in which subjects encountered complex and dy
namic forest fire scenarios and were charged with man
aging resources so as to put out the fire. Brehmer omitted
many aspects related to fire fighting; his studies were not
necessarily-nor were they intended to be-externally
valid. Rather, they were designed to study "the more gen
eral problem of how subjects cope with spatio-temporal
processes of the kind exemplified by the fire fighting
task" (pp. 214-215). Put another way, the intention of
much MW-based research is to map the functional rela
tions between the variables studied in the MW, and not
necessarily the surface similarities between the MW and
a particular field setting. In this vein, a word ofcaution is
in order: Labeling an MW task (e.g., as a "broker" or "fire
fighter" activity) may lead some to attribute greater gen
eralizability to the MW than is intended or warranted.

A second situation where generalizability is not ofcon
cern involves computer-mediated activities; for these ac
tivities, computer-generated simulations are already pre
disposed toward high levels of mundane realism. In fact,
MWs may have increasing mundane realism because so
many activities now involve computer interaction. For
example, the mundane realism of BROKER and INVE$T
MENT CHOICE$ may be supported by the fact that many
people invest and manage their funds on-line already.
Also, CYBERSHOPPER mundane realism is supported by
the increasing popularity ofshopping on the net.

For situations in which mundane realism is of con
cern, however, the matter of how much mundane realism
is enough to generalize validly hinges upon a judgment
about what features are essential and whether these fea
tures are replicated in the simulation (Gianutsos, 1994).
For example, in designing BROKER, a conscious attempt
was made to define and include such key characteristics
ofthe trading experience as sequential decision making,
agreement of rumor with the day's price change, chang
ing prices, and the use of unambiguous news and rumor
items. Unlike real trading episodes, though, rumor recip
ients were unable to discuss the rumor with colleagues,
unable to evaluate its likelihood ofbeing veridical on the
basis of numerous criteria, were trading novices, did not
pay transaction fees, did not use real money, and were

exposed to high-variance nonautocorrelated price stim
uli in the space of 20 real-time minutes. On the face of
it, these drawbacks seem to present a serious challenge
to the external validity of findings.

But because MWs have met with success in reproduc
ing key dynamic system features of the field experience
(Brehmer, 1992; Cohen & Cyert, 1965; Gianutos, 1994;
Omodei & Wearing, 1995), we propose that they are more
likely to possess higher levels of mundane realism than
typical (nondynamic) types oflaboratory research. That
is, dynamic features may be more integral to the field ex
perience than nondynamic features. BROKER subjects, for
example, experienced the "heart" ofspeculative investing
in that they bought and sold assets whose value changed
over time, and they were compelled to make predictions
within an uncertain environment. Contrast this with how
the same phenomenon might be studied without an MW
for example, by asking subjects how rumor/ news would
affect the amount of money they would invest or by pre
senting subjects with a one-time investment decision task.
The essential dynamic flavor of speculative investing is
sorely missing in the latter examples.

Static methods (i.e., one-time and noninteractive; see,
e.g., Lundberg, 1976; Stone, 1977; Thomas & Tymon,
1982) seem appropriate for stable phenomena, but un
fortunately, results of such studies are often generalized
to dynamic situations. This is like trying to experience a
chord by hearing one note, or trying to understand a sym
phony by hearing one chord. The problem is one ofmix
ing levels ofanalyses. A single (static) decision is an in
dependent event; multiple (dynamic) decisions are not
independent (Bateman, 1986; Hogarth, 1980; O'Fla
herty & Komaki, 1992; Rachlin, 1990; Rachlin & Siegel,
1994), thus occupying a separate, horizontal level of
analysis. Generalizing from one level to the other may
not be warranted. Single decisions may be the product of
an entirely different class of variables than are repeated
decisions (Sitkin & Pablo, 1992). It is entirely probable
that distinct levels ofhorizontal analysis may exist (such
as a single decision, two decisions in sequence, three in
sequence, and greater than three in sequence), and with
them issues ofpattern and cyclicity (Goltz, 1992; Hantula
& Crowell, 1994b), chaos (Barton, 1994), "strings" of
gains and losses (Rachlin, 1990; Rachlin & Siegel, 1994),
and temporal discounting (Ainslie, 1992; Kirby & Mara
kovic, 1995), which ought to be considered in a useful
understanding of phenomena.

The ability to model dynamic decision systems implies
that experiments performed with MWs can be viewed in
cybernetic rather than linear terms (Brehmer, 1992). In
MWs, the conception of an independent variable moves
beyond the manipulation of a single static feature of the
experiment (as is often the case when subjects are as
signed to different treatment groups). Instead, system
characteristics themselves can be used as the indepen
dent variables, such as system complexity and feedback
delays (e.g., as in CYBERSHOPPER). In the INVE$TMENT
CHOICE$ MW, the independent variable was not a single



event (e.g., the investment return on a single trial), but
rather was the temporally extended pattern of gains and
losses over the course of the experiment. Dependent
variables in MW studies are subject tactics or strategies.
In BROKER, trading strategies were indicated by how
closely subjects adhered to a buy-low-sell-high behavior
pattern (in contrast to, e.g., a single trading decision). This
trading pattern is an axiomatic rule for profit making on
Wall Street. Such cybernetic approaches are clearly a
more mundane-realistic paradigm.

Indeed, generalizability, for all but the most narrow
investigative foci, may actually be hindered by excessive
attention to mundane realism. This point becomes obvi
ous when one considers the limited generalizability that
one achieves even in field studies, which are typically
conducted in a single field setting. External validity of
field research in psychology has been beset with limita
tions due to lack of variability in sample selection and
measurement strategies (Aronson & Carlsmith, 1968;
Dipboye & Flanagan, 1979). The use ofa manufacturing
plant setting, for example, will render the generalizability
of study results defunct for a service industry environ
ment. Similarly, the highly detailed simulation ofa man
ufacturing plant setting will render generalizability defunct
for a service industry environment. These limitations stem
from the fact that, for most research questions, there is
no "idealized" or "typical" real-life situation that can be
recreated.

Ironically, this fact can make lab simulations that rep
licate common dynamic features of the field highly gen
eralizable. BROKER and INVE$TMENT CHOICE$ MWs, for
example, captured the dynamic character of market in
vesting. CYBERSHOPPER replicated the dynamic character
ofInternet shopping. A similar argument has been made
with regard to "synthetic work tasks" that reproduce "func
tional aspects of a situation" (Elsmore, 1994, p. 421).
Empirical evidence supporting the generalizability of
MW studies that represent central features of the real
world experience hales from studies in which behavior in
both MW and real-world environments was observed
(Ekker et aI., 1988; Gianutsos, 1994). For example, sub
ject relocation decision patterns were similar in an MW
simulation ofthe Mt. Saint Helens volcano eruption and
actual relocation decisions in 1980 (Ekker et aI., 1988).
Commenting on generalizability, these researchers con
cluded: "Thus, to the extent that game-simulation exper
iments tap actual subject experiences, they generate re
alistic or externally valid responses" (p. 90).

With these points in mind, we propose that assessing
the mundane realism ofan MW procedure is determined
by how closely the phenomenological experience of the
MW corresponds to the essential features of the field ex
perience. Elsewhere (DiFonzo et aI., 1997) we have out
lined how assessment of this correspondence involves
"a) describing the fundamental features of the field ex
perience, b) describing the phenomenological experi
ence of the MW, and c) comparing a) and b). These goals
may be achieved by asking pilot-phase subjects, experi-
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enced in the field phenomena under investigation, to per
form functions a), b), and c)" (p. 23). For example, to the
extent that stockbrokers and Internet shoppers rate cen
tral MW and real-world features similarly, MW mun
dane realism is supported.

CONTROL

A second benefit of MWs is that they provide a high
level of experimental control and thereby heighten con
fidence that obtained effects are due solely to the exper
imental manipulation. By "control," we mean the precise
uniformity oflevels ofnonmanipulated variables and the
precise variation oflevels ofmanipulated variables (Bor
ing, 1954). Precise uniformity and variation are achieved
via reductions in experimenter bias and reductions in ex
perimenter error.

Experimenter bias refers to the (usually unintentional)
influence that the experimenter exerts upon subject be
havior. For example, in most escalation study tasks, the
experimenter provides the feedback to the subject about
hislher investment outcomes. Ifthe experimenter conveys
this feedback along with a positive or negative facial ex
pression, experimenter bias can be introduced. Rosen
thal and his associates have documented how experi
menter bias is a powerful confound in a wide variety of
human and animal experimental research domains (see
Rosenthal & Rosnow, 1991, for summary). Attempts to
reduce experimenter bias depend upon the avoidance of
experimenter-subject interactions, especially those in
which the experimenter is aware of the hypothesis (Ros
enthal & Rosnow, 1991). For example, instructions may
be delivered in writing or may be delivered by an exper
imenter who is "blind" to the hypothesis under investi
gation or the condition of the subject. MWs employ this
strategy by supplanting human experimenter-subject in
teractions with (obviously blind) machine-subject inter
actions (see, e.g., Lowman & Norkus, 1987). Facial ex
pressions such as smiles and frowns were avoided in the
escalation study feedback conveyed in INVE$TMENT
CHOICE$, as well as all other cues that might bias results.
A computer can be programmed to avoid "nodding its
head," varying its "tone ofvoice," or providing other sub
tle cues; had Clever Hans's trainer been an MW, Hans
would have been just another horse.? Similar arguments
can be made with regard to MW avoidance of effects
stemming from human interaction, such as social facili
tation] (Guerin, 1993; Zajonc, 1965) and biosocial, psy
chosocial, situational, and modeling effects (Rosenthal
& Rosnow, 1991).

Experimental error refers to genuine procedural mis
takes that arise from our human tendency toward variation.
"To err is human," but to maintain uniformity is machine
like. MWs, by virtue of being machine-generated, pre
sent a uniform subject experience free ofadministrative
errors (Lowman & Norkus, 1987). The procedural ad
vantages of automation have been known for some time
(e.g., Skinner, 1956, has eloquently described these ben-
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efits in connection with the operant chamber and asso
ciated electromechanical programming used in behavioral
research). These advantages are especially important be
cause of the likelihood that human error will increase
with a dynamic methodological paradigm. Consider how
difficult (in some cases impossible) it would be to flaw
lessly execute BROKER, INVE$TMENT CHOICE$, or CYBER
SHOPPER simulations using a human interface. Each of
these simulations required repeated, rapid, and multiple
data reception, calculation, and response capabilities.

As a machine, therefore, MWs are capable ofpresent
ing a precisely invariant (or for that matter, a randomly
varying; see Goltz, in press, and Goltz & Northey, in press)
experience with respect to nonmanipulated variables and
introduce precise variation with respect to manipulated
variables. The three simulations described (cf. Gifford &
Wells, 1991) exemplify the former capability in that, be
yond the initial greeting and screening by the research
administrator, system characteristics were invariant within
conditions. Recent MW studies (Goltz, in press; Goltz &
Northey, in press) in which the variability of investment
return rates were randomly computer generated about a
mean value in each condition exemplify the latter capa
bility (i.e., controlled variability of the levels of the ma
nipulated variable). Such techniques have not enjoyed
widespread use despite the fact that these capabilities
offer experimenters greater flexibility as well as increased
mundane realism (e.g., random variation of extraneous
variables is often a hallmark of the field experience).

Moreover, in the midst of a precisely controlled expe
rience, MWs allow for individualized feedback to indi
vidual subjects while responding in a uniform manner to
all subjects. This means that it is possible to vary the as
pects of feedback to subjects that are germane to the
experiment at hand, while other aspects of feedback to
subjects can be held constant. For example, in CYBER
SHOPPER, the "in/out of stock" message displayed to sub
jects stated, "the CD you ordered, xxx, is not in stock ... ,"
where xxx was the title ofthe CD. The same message box
appeared for all subjects, on the same part of the screen
and at the same time (as programmed in the particular
experiment). However, the names of the CDs differed to
reflect what each individual subject had ordered. The ca
pacity to present subjects with individualized conditions
within a uniform manipulation seems paradoxical and rep
resents an important qualitative advance in control method
ologies. This capability derives from the cybernetic ap
proach made possible by modern computing technology.

IMPROVEMENTS IN DATA COLLECTION

A third benefit to be realized by MWs involves the ac
curacy and efficiency ofdata-collection procedures. MW
data are recorded, coded, and transferred electronically
from start to finish. This is rapid, inexpensive, and greatly
reduces the possibility ofcoding errors (see Ekker et aI.,
1988; Elsmore, 1994; Gianutsos, 1994; Gifford & Wells,
1991; Schiffet aI., 1994). Confidence in data integrity is

thereby enhanced. For example, BROKER measured trad
ing behavior automatically by computing the Fisher z
transformation of the Pearson r for the price of the stock
and the number of shares held at the end of each trading
day. Each subject's total number of shares traded (vol
ume), profit, and profits per share traded were also au
tomatically calculated and recorded. In addition, number
ofshares held, amount ofcash available, number ofshares
that could be bought, and total assets were all automati
cally recorded for each of the 60 simulated days. The ac
curate collection of such a voluminous amount of data
necessitated a computer methodology.

Enhancements to efficiency stem from greater exper
imental control (as discussed above) and from the use of
machine labor. Ifwithin-condition variance is minimized
through the use of good experimental procedures (i.e.,
higher experimental control), then fewer subjects are
needed for any given expected effect size, and indepen
dent variables with smaller effects can be investigated (i.e.,
power is increased). More parametric studies can thereby
be executed, resulting in a more systematic treatment of
a research question. Each simulation presented in this
manuscript was used in a series of studies that methodi
cally altered experimental manipulations. For example,
BROKER began with news and no-message conditions,
added published rumor, unpublished rumor, and irrele
vant news conditions in two subsequent studies, used
thought-stopping techniques in a later study, and then var
ied message-price-change congruence. In addition, inter
lab replications become more feasible because many
idiosyncratic laboratory variations are eliminated. Fur
thermore, if studies use machine, rather than human, re
sources, then experiments may be run more quickly, fewer
experimenter human resources are needed, and data can
be analyzed sooner. Problems and artifacts can thereby
be detected earlier and corrected, and studies may be rerun
in a timely fashion. Ofcourse, the ethical implications of
all these points are positive. With increased efficiency,
fewer resources are squandered, fewer subjects' daily
routines are disrupted, and a greater research "bang for
our buck" is obtained (Rosnow & Rosenthal, 1997; Ros
now, Rotheram-Borus, Ceci, Blanck, & Koocher, 1993).

SUMMARY

The MW paradigm brings certain favorable features
to experimental research in psychology, including high
levels ofcontrol and improvements in data-collection ac
curacy and efficiency. These achievements are not made
at the expense of subject involvement and generalizabil
ity, as is usually the case with other methodologies. In
deed, the most noteworthy contribution of MW simula
tions may be the enhanced internal validity they bring to
the research by providing higher experimental realism
and by the increased external validity afforded by dynamic
kinds of mundane realism. It therefore seems likely that
MWs will transform the nature of the split between lab
oratory and field research from a yawning chasm to a



mere fracture! (Brehmer & Dorner, 1993). Finally, MWs
are an important methodological innovation because
they are the machinery necessary for a paradigm shift to
dynamical frameworks (Vallacher & Nowak, 1994). As
operant chambers are to behavior analysis, so MWs are
to a dynamic psychology.
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NOTES

I. With this also come attendant advantages of observational over
self-report data (see Podsakoff & Organ, 1986).

2. The case of Clever Hans has been used to illustrate experimental
bias (Rosenthal & Rosnow, 1991). Hans was a horse who answered sim
ple math, spelling, and history questions correctly by stomping one
hoof. Hans's academic accomplishments were in reality achieved via
subtle and unintentional visual cues delivered by his trainer.

3. Ofcourse, a computer interface can also take on socially facilitative
control of behavior and people will attribute causality to the computer
if it has a human-like interface (Quintanar, Crowell, & Moskal, 1987).

4. We are indebted to an anonymous reviewer for this excellent
metaphor.
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