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Simulated task environments provide a setting that adds controlled
complexity to experimental tasks performed by human subjects in
laboratory research. Researchers whose problems are mostly applied
may find that their problems are easier to study in a simulated task
environment than in the actual task environment. Researchers whose
theories have been nurtured in the simple environments of the typical
laboratory study may find that adding controlled complexity will al-
low them to study how the theoretical constructs they have studied in
isolation interact with other constructs in a more complex task envi-
ronment. In this article I define a taxonomy and three dimensions of
simulated task environments. The dimensions are based on viewing
simulated task environments from the perspectives of the researcher,
the task, and the participants. Research on complex systems is inher-
ently complex. It is my hope that the terms and distinctions introduced
in this article will further the scientific enterprise by enabling us to
spend less time explaining our paradigms and more time communicat-
ing our results.
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The researcher’s dilemma and a proposed solution

“In field research there is too much [complexity] to allow for any
more definite conclusions, and in laboratory research, there is usually
too little complexity to allow for any inferesting conclusions”.
(Brehmer & Dérner, 1993 p. 172).

Those who study complex situations as well as those who wish to gener-
alize their results to complex situations have often faced the dilemma so
succinctly framed by Brehmer and Dorner. Simulated task environments are
one solution to this dilemma. The term, simulated task environment, is
meant to be both restrictive and inclusive. There are many types of simula-
tions; however, the term is restricted to those that are intended as simula-
tions of task environments. At the same time, the term includes the range of
task simulations from high fidelity ones that are intended as a substitute for
the real thing, all the way to simple laboratory environments that enable the
performance of tasks that do not exist. The common denominator in these
simulated task environments is the researcher’s desire to study behavior in a
task environment that is appropriate to his or her research question of interest.

Simulated task environments provide a continuum of choices for the re-
searcher. Those whose problems are mostly applied may decide that the
natural world is too complex to provide the experimental control and data
collection facilities that they require to make advances on their problem. For
these researchers, the controlled complexity inherent to the continuum of
simulated task environments enables them to reduce the complexity of the
natural world to better focus on the research question of interest. Those
whose theories have been nurtured in simple laboratory environments may
decide that adding controlled complexity will enable them to understand
how their phenomenon interacts with a range of other phenomena. For ex-
ample, those who study working memory may wish to understand the role
that working memory plays in the types of strategies that are adopted in a
decision making task.

Why a new term? Why simulated task environment? Those of us who
study human behavior are a motley group. We represent a variety of disci-
plines. We are given or find a variety of problems. We are inspired by a va-
riety of motivations. Some of us wish only to solve a particular problem in
any way possible. Others wish to solve a problem in the context of a favorite
theoretical approach. Still others care less about solving particular problems
and more about using complex behavior as a vehicle to challenge and de-
velop theory.

Even this latter group is not particularly unified. Some researchers are in-
terested in low-level cognitive, perceptual, and motor operations the dura-
tion of which can be measured in milliseconds, others are interested in
changes that take days, weeks, or even years to develop. Some only care to
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study what goes on inside one person’s head. Others are interested in how
interactive behavior emerges from the constraints and opportunities pro-
vided by the task, the particular artifact designed to accomplish the task, and
embodied cognition (Ballard, Hayhoe, Pook, & Rao, 1997). Others care to
study groups, teams, or organizations rather than individuals.

In this diversity it seems that one of two outcomes is typical. In public fo-
rums we tend to spend more time explaining why we did what we did than
we do telling what we found. In our eagerness to explain quickly the why so
we can get onto the what, we often frame our motivation in terms that are
perceived as dismissive of other approaches. Public discussion can quickly
degenerate into squabbles in which much heat but little light is shed. As an
alternative, we gather in small groups or write for specialized journals in
which our motivations can be assumed but which delimit our influence.

Research on human behavior is inherently complex. It is my hope that
the term simulated task environment as modified by the other terms intro-
duced and defined in this article will enable us to quickly and simply posi-
tion our research in the space of all possible research. If we can reduce the
added complexity involved in explaining why we do what we do, we can
focus on communicating our findings and furthering the scientific enterprise
in which we are engaged.

The next section provides a brief overview of the varieties of simulated
task environments. The following section introduces and discusses the three
dimensions in which I will frame my discussion of simulated task environ-
ments. The fourth section applies these dimensions to a sampling of simu-
lated task environments. In the penultimate section I will summarize the
article and conclude that there are differences among the various types of
simulated task environments, and that the differences are interesting and
may be important in helping us define and communicate alternative re-
search agendas.

Varieties of simulated task environments

Simulated task environment enable laboratory research. The environment
may be as complex as the most complex military flight simulator or it may
be as simple as a paired-associate learning paradigm. The essence that these
extremes share is that the task is not being performed for its own sake, but
for the sake of a research study.

Five types of simulated task environments are discussed in this article.
Any given simulated task environment may be regarded as a token of one or
more of these types. However, not only are the types not mutually exclusive,
but also the same token (i.e., the same simulated task environment) may
reasonably be considered to be a different type depending on the research
question of interest.
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Hi-fidelity simulations of complex systems

Hi-fidelity simulations of complex systems attempt to mimic the complexity
of the real world but in a fail-safe environment. Examples include commer-
cial flight simulators, nuclear power plant simulators, and many simulators
used by the military. Many hi-fidelity simulators are used to train teams.
The teams may be as small as the flight crew in a commercial jetliner or as
large as an entire U. S. Army battalion training at the National Training Cen-
ter in Ft. Irwin, CA.

The fidelity of even the most complex simulation is relative to the ques-
tion being asked. For example, the esprit de corps developed by troops at the
National Training Center might be very different from that developed by the
same troops in combat. Hence, the National Training Center might not be
considered a hi-fidelity simulation of the conditions that affect esprit de
corps in combat.

Hi-fidelity simulations of simple systems

Hi-fidelity simulations are not necessarily complex. Sometimes one subsys-
tem of a more complex system may be built as a stand-alone simulation; for
example, Irving, Polson, and Irving (1994) used a simulation of the flight
management computer used by commercial airline pilots to evaluate part-
task training. In other cases the system may be relatively simple as, for ex-
ample, a simulation of a VCR or global positioning system (GPS)’.

In the case of the flight management computer, the simulation sacrificed
context-of-use to allow the investigators to focus on individual interactive
behavior. A further loss of fidelity is that the simulation was presented on
the computer screen and required a mouse and keyboard for interaction
rather than being a physical device with knobs and dials. Whether this loss
of physical fidelity is important depends on the exact research questions
being asked.

Scaled worlds

A scaled world (Ehret, Gray, & Kirschenbaum, 2000) focuses on a subset of
the functional relationships found in a complex task environment. The
scaled world seeks to preserve the functional relationships in this subset
while paring away others. Multiple scaled worlds of the same task environ-
ment can be constructed that differ on which functional relationships are
preserved and which are pared away. This decision as to what to preserve
and what to pare away must be based on the research question of interest.

° Our perspective here is not with the system as a whole, but with that part of the system
with which our population of interest interacts. Hence, a handheld GPS device is one small part
of an extremely complex global system. However, if our population of interest is outdoor en-
thusiasts and our goal is to study the learnability of this class of GPS device for this population,
then it is fair and reasonable to regard the system of interest as simple.
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Performance in a scaled world typically requires prior (extensive) experience
with the target task environment. Researchers who build scaled worlds are
primarily interested in generalizing their findings back to the original task.

Synthetic environments and microworlds

Although the terms synthetic environment and microworld are widely used,
I have been unable to locate definitional references. Judging by extent syn-
thetic environments and microworlds, the distinctions between the two are
subtle and do not seem to be practically important. In this paper, the term
synthetic environment will be preferred to microworld.

Those who use scaled worlds wish to generalize to a particular task envi-
ronment. For these researchers, developing theory may not be as important
as generalizing back to the original task environment. In contrast, theory is
foremost for those who develop synthetic environments.

One way in which synthetic environments further theory is by enabling
researchers to abstract functional relationships from one or more complex
task environments and to study these functional relationships in a less com-
plex, make-believe world. Other researchers may come to a synthetic envi-
ronment with a research problem that has been the focus of years of research
in a simple laboratory environment. These researchers build synthetic envi-
ronments because they believe that further insight into their phenomenon
can only be obtained by learning how it interacts with other phenomena.

In contrast to scaled worlds, synthetic environments may be intended to
be used by people with little or no experience with any of the original task
environments. Similarly, the results of research with a synthetic environ-
ment are intended to generalize to many different task environments.

Laboratory tasks and simulated task environments

Although it is tempting to create a dichotomy between simulated task envi-
ronments and traditional laboratory tasks, I cannot find any simple way of
doing so. Rather, there seems to be a continuum of simulated task environ-
ments from hi-fidelity simulations to simple laboratory tasks that differ on
where they lie on the three dimensions discussed below.

In this paper the term simple laboratory environment will be used to anchor
the complexity dimension of simulated task environments in those tasks that
are the staple of the experimental psychology laboratory. However, it must
be kept in mind that what is considered a simple task depends on the re-
search question of interest. Hence, to those who study complex decision
making, the sorts of simple laboratory tasks used by Payne, Bettman, and
Johnson (1993) to study the effect of cognitive effort on the choice of deci-
sion-making strategy, may be considered simple laboratory tasks. However,
from the perspective of those who study visual attention (e.g., Hoffman,
1998; Logan, 1996; Mozer & Sitton, 1998; Pylyshyn, 1998; Yantis, 1998), such
simple decision-making tasks may appear to be incredibly complex. Describ-
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ing the role of visual attention and its many interactions and influences dur-
ing simple decision-making could be a challenging research endeavor
(indeed, see for example, Lohse & Johnson, 1996.).

It seems unlikely that there are any tasks that humans can perform that
cannot be teased and tortured to yield some insight into human behavior.
Hence, I have to part company from Brehmer and Dé&rner. Ultimately, the
evaluation of whether a research paradigm can yield interesting conclusions
cannot be answered in isolation, but must depend on the research question
being asked.

Three dimensions of simulated task environments

Simulated task environments differ from each other along many dimensions.
However, rather than enumerating all possible dimensions of difference, the
dimensions discussed in this paper, tractability, correspondence, and en-
gagement (see

Figure 1) were derived from looking at simulated task environments from
the perspectives of the researcher, the task, and the participant. The choice of
one simulated task environment rather than another can be justified by ref-
erence to where it falls on each of these three dimensions.

The most salient dimension of simulated task environments, complexity,
will not be directly addressed. In this paper I take the position that the abso-
lute complexity of a simulated task environment is less important to the
researcher than its tractability, correspondence, and engagement with re-
spect to the research question of interest.

difficult <@————Tractability=————» tractable

one aspect many
of many <@=———Correspondence=—pp aspects of
systems one system

boring <@—————Engagement——-—— engaging

Figure 1. The three dimensions of simulated task environments represent the
researcher’s perspective, tractability; the task’s perspective, correspondence;
and the participant’s perspective, engagement.
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The researcher’s perspective: Tractability

A thing is tractable if it is “(1) easily managed, taught, or controlled” or “(2)
easily worked; malleable” (Webster's New World Dictionary of the Ameri-
can Language, 1960). For tractability the key issue is whether the simulated
task environment allows the researcher to productively pursue the research
question of interest.

Easily managed, controlled, or trained

Managed or controlled. The dynamic tension in all experimental research is
between control and complexity. We wish to explain phenomena that occur
in the world. Important parts of this explanation include (a) the analysis of
complex phenomenon into simpler phenomena, (b) a description of each of
these simpler phenomena, as well as (c) a description of how one phenome-
non is influenced by another. Different parts of this explanation may require
that research be conducted in different task environments.

For example, Argus Prime (discussed below as well as in Schoelles &
Gray, 2000; Schoelles & Gray, 2001a) is a synthetic environment that we built
to study cognitive workload in a task that captures some aspects of a radar
operator’s task. In analyzing the behavior we observed, we noted that suc-
cessful performance required that subjects switch attention many times per
minute. If attention switching had a cost, then these switch costs may make
an important contribution to the cognitive workload of this task.

We reviewed the existing literature on attention switching (or serial at-
tention) (e.g., Allport, Styles, & Hsieh, 1994; Rogers & Monsell, 1995) for
hints on how much it cost to switch attention and for how we should best
model this process. We were unsatisfied with the answers we found. In pur-
suing this issue ourselves we soon realized that Argus Prime was too com-
plex an environment in which to isolate the costs of attention switching.
Hence, we built a simple laboratory environment, that is, we used a tradi-
tional experimental psychology paradigm to study attention switching
(Altmann & Gray, 1998, 1999a, 1999b, 2000a, 2000b, 2002a, 2002b). The re-
sults of these studies currently inform our models of Argus Prime (e.g.,
Schoelles & Gray, 2000).

Training. Simulated task environments vary widely on the extent to
which subjects must be trained before they can use the environment. For
example, years of pilot training and experience may be prerequisite to the
use of a hi-fidelity simulation of a Boeing 777. On the other hand, Argus
Prime requires an hour of training, and the VCR task (discussed below as
well as in Gray, 2000; Gray & Fu, 2001) requires 5 min. In general, the more
training subjects require before they can use a simulated task environment,
the less tractable it is.
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Easily worked; malleable

Data collection. A simulated task environment is tractable only in relationship
to a given set of research issues. For data collection a tractable simulated task
environment must allow the researcher to collect the right data, at the right
grain size, with the right timestamp. For example, for the cognitive work-
load questions we wished to address using Argus Prime we needed to col-
lect every mouse click made by the subject, every system response, every
mouse movement, and every point-of-gaze. The point-of-gaze and mouse
movements are sampled 60 times per sec and, along with mouse clicks, are
time stamped to the nearest 16.667 msec.

Usability is a tractability issue as well. Hi-fidelity simulations inherit us-
ability problems from the real system. However, for scaled worlds and syn-
thetic environments usability is at least as important as it is for any other
software or hardware system. Care must be taken so that performance on
the functional relationships of interest is not clouded (or confounded) by
usability problems (unless these are the focus of the research).

Models as users. Some sets of research questions or research approaches
impose their own special constraints on the tractability dimension. For ex-
ample, for some of us who build computational cognitive models, it is im-
portant that the models interact with the same system with which the hu-
man subjects interact (Ritter, Baxter, Jones, & Young, 2000). Indeed, the ex-
amples in this paper of simulated task environments from my own labora-
tory all have the unusual property of being capable of use by simulated hu-
man users (SHU) as well as by human users. Although this situation is not
rare, it is uncommon.

For those who do computational cognitive modeling, the more frequent
alternative is to simulate the simulated task environment in the modeling
environment. This double simulation can be a tractable alternative as it is
often difficult to get two independently written computer programs to
communicate. However, the double simulation runs the risk of unintention-
ally omitting, what are for humans, key aspects of the simulated task envi-
ronment. When the simulated task environment is independent of the model
then the decisions that the modeler makes (e.g., choosing to ignore the color
of objects or the distance between two objects) become more obvious to the
modeler and to his or her critics. (The relationship of cognitive models to
human cognition is the same as that of simulated task environments to real
tasks. The goal of cognitive modeling is not to build standalone artificial
intelligences, but to probe and illuminate some aspect of human cognition.
Hence, all models focus on some parts of human information processing
while ignoring other parts. However, because of the complexity of human
cognition and the complexity of task environments, it is important to make
the aspects of each that are ignored or not ignored as clear as possible.)

Occasionally commercial software is written so that it is possible to query
the state of key parameters and to alter the parameters by sending the simu-
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lation a data stream like that normally sent by the keyboard or mouse. This
is what Schoppek did (Schoppek, Holt, Diez, & Boehm-Davis, 2001) in his
ACT-FLY model that flies a 747-400 simulation (Aerowinx PS 1.3) running
on a personal computer. In this instance, ACT-R running on one computer
communicates over the serial port with the simulation running on another
computer.

Unfortunately, relying on output and input streams provided by others
puts the modeler in the position of re-purposing a software feature. Hence,
unless the modeler is extraordinarily fortunate, there will be aspects of the
simulation with which the models cannot interact. Indeed, for those who
wish to model the interaction of cognition, perception, and action it is un-
heard of for a model to be able to move visual attention and the mouse
around a screen and to interact with commercially written software in the
same manner that a human would interact.

Ritter et al. (2000) propose one solution to this dilemma; that is, to build
cognitive modeling interface management systems that intervene between com-
mercial software and models. In my lab we have taken a different, more
limited, approach that takes advantage of features built into ACT-R/PM
(Byrne, 1999; Byrne & Anderson, 1998). ACT-R/PM provides hooks between
ACT-R and task environments. By incorporating a little bit of programming
discipline as we write our own simulated task environments, it is simple to
develop simulations that support ACT-R/PM’s hands and eyes.

For example, as ACT-R/PM “knows” the location of screen objects, when
it moves the mouse from one location to another it computes the degrees of
visual angle between the two objects as well as the visual angle of the target
object (i.e., its size) and enters these numbers into its calculation of Fitts law
(see, e.g., Card, Moran, & Newell, 1983 or; MacKenzie, 1992). This feature of
ACT-R/PM, combined with other features, makes it possible to collect the
exact same data from SHU as from our human users. By treating the SHU
and human users as two different groups we can run all of the normal statis-
tical analyses looking for between-group differences (e.g., see Schoelles &
Gray, 2001b). In Argus Prime we are comparing overall performance meas-
ures as well as reaction time and performance on more than a dozen sub-
tasks.

A feature of this approach to models as users is that the SHU and simu-
lated task environment are separate processes. Changes to one process do
not necessarily require changes in the other. Hence, with a little program-
ming discipline, we gain a tractable means of collecting both actual and
simulated human data.

Comparisons on the tractability dimension

How do the various types of simulated task environments compare on the
tractability dimension (see Figure 2)? Many hi-fidelity simulations end up
reinventing the complexity of the real world. This is fine if you want a safe
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environment in which to measure performance under extreme conditions,
but hi-fidelity simulations can be almost as difficult as the real world to
study. Many hi-fidelity simulations do not enable the collection of perform-
ance (as opposed to “outcome”) data. For example, a researcher interested in
pilot error might want to know exactly what information was available in an
airline pilot’s environment, what information the pilot acquired, and exactly
what changes the pilot made in the 60 sec before and after the critical event.
Such information is no more accessible in the flight simulators of today than
it is in the real world. A further problem with hi-fidelity simulations is the
cost involved in running one. Besides the difficulties inherent in obtaining
expert subjects, many hi-fidelity simulations require a small team of techni-
cians to run. These expense considerations make hi-fidelity simulations of
complex systems intractable for many researchers.

Synthetic environments are one solution to the problem of tractability.
Indeed, the point of building a synthetic environment is to study complex
phenomena in a controlled setting. In the example of Argus Prime, we are
able to control the cognitive and perceptual-motor workload imposed by the
environment and to collect and save all relevant behavioral data. However,
Argus Prime is an intractable environment in which to study some of the
simpler phenomena that contribute to cognitive workload. Pursuing the
issue of serial attention required us to build a simple laboratory environ-
ment.

Tractability is more of an open issue for scaled worlds. A scaled world
should be more tractable than a hi-fidelity simulation, else it is not worth the
bother. Nevertheless, exactly how tractable a scaled world can be depends
on that part of the real environment that has been preserved to study the
functional relationships of interest.

The task’s perspective: Correspondence

Correspondence is “1. The act, fact, or state of agreeing or conforming. 2.
Similarity or analogy.” (The American Heritage Dictionary of the English
Language, 2000) Simulated task environments are not built as an end unto
themselves, but to study phenomena that occur in the outside world. High
correspondence simulated task environments simulate many aspects of one
task environment. Low correspondence simulated task environments simu-
late one aspect of many task environments (see Figure 3).

For example, most commercial and military flight simulators are built to
simulate many aspects of one task environment. An attempt is made to
simulate all aspects of an actual flight deck that can be simulated in a
ground-based system to the limits of current technology and some financial
considerations.
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Scaled Worlds .
Simple
29 724 7? Lab Tasks
difficult <—LLTractabilityL> tractable
Outside World Synthetic
Hi-Fidelity Sim Environments

Figure 2. The tractability dimension
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systems Synthetic Hi-Fidelity Sim one system

Environments

Figure 3. The correspondence dimension

For hi-fidelity simulations of complex systems the correspondence may ex-
tend not only to the device (e.g., a F-16), but the environment in which the
device is embedded (e.g., communication with air traffic control, weather
conditions, etc.) In contrast, hi-fidelity simulations of simple subcomponents
of complex systems tend to exclude the larger context of use. For example,
research on the flight management computer was conducted in the labora-
tory not in the airplane or in the flight simulator (Irving et al., 1994).

Scaled worlds are built to correspond to a few aspects of one task envi-
ronment (see Figure 3). Scaled worlds seek to preserve certain functional
relationships while paring away most everything else. In deciding what to
leave and what to pare away, care must be taken to ensure that the absence
of certain correspondences does not destroy the functional relationship(s) of
interest.

Synthetic environments correspond to a few aspects of many tasks. For
example, Moray’s pasteurization plant (Moray, Hiskes, Lee, & Muir, 1995)
provides an environment in which trust in automation can be studied. The
notion is that the functional relationships extracted from Moray’s studies can
be applied to many diverse automated systems.

Simple laboratory environments are built to isolate phenomenon that
never appear in isolation in the outside world. Compared to synthetic envi-
ronments, simple laboratory environments tend to study lower level phe-
nomena that are a ubiquitous aspect of most human tasks. For example,
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compare memory retrieval with the phenomenon of trust in automation, or
the phenomenon of visual attention with cognitive workload.

By combining subtle tradeoffs in generalization, scaled worlds represent
an interesting intermediate point on the correspondence dimension. For
example, the Ned scaled world (see below and Ehret et al., 2000) provided
submarine commanders with a simulated task environment in which they
could query and receive sonar information and maneuver ownship.

Ned was built to correspond to the information-processing aspects of the
commander’s task environment. Other aspects of the commander’s task
environment, most notably the mission and scenarios, were also included.
However, Ned pared away aspects involving team interactions, onboard
procedures, and specifics of the information displays. (As discussed below,
paring away the non-cognitive factors increased tractability in several im-
portant ways.) The results of this research program are targeted to the next
generation of submarines where the teams, procedures, and displays will be
very different from those used today. Moreover, we expect that generaliza-
tions arising from understanding the human information-processing re-
quired for this task will be appropriate to this new type of submarine. A
higher correspondence to the non-cognitive factors would have made the
task of uncovering generalizable cognitive processes that much harder.

As a rule, the higher the correspondence of a simulated task environment
to one system, the less the research on that simulated task environment can
be generalized to other systems. (For a related discussion see DiFonzo, Han-
tula, & Bordia, 1998.) This rule seems validated by common practice. For
example, researchers who use simulated task environments at the high end
of the correspondence scale, typically wish to generalize to one system.
Hence, F-16 simulators are used to train or to study pilots who fly F-16’s.
They would never be used to either train or study pilots who fly 777’s. In
contrast, researchers who, like Moray, build synthetic environments believe
that the functional relationships they study can be generalized to many sys-
tems.

The participant’s perspective: Engagement

Scaled Worlds Hi-Fidelity Sim
0 S22 2 59 Synthetic
[E Ay Environments

boring Wgementg_» engaging
7?7 99 929 29

. N
Simple LabTasks Outside World

Figure 4: The engagement dimension
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To engage is “INTRANSITIVE VERB: 1. To involve oneself or become occu-
pied; participate: ‘engage in conversation” 2. To assume an obligation;
agree.” (The American Heritage Dictionary of the English Language, 2000) A
simulated task environment is engaging to the degree to which it involves
and occupies the participants; that is, the degree to which they agree to take
it seriously. Engagement describes something about the participant’s moti-
vation. Participants may be engaged because we are paying them money to
do well. They may be engaged because they view the simulated task envi-
ronment as an interesting game that they like to play. Or they may be en-
gaged because they have deep knowledge of the real-world task, believe that
it is interesting and important, and are able to fill in the blanks that are miss-
ing from the simulation.

For synthetic environments it is often, but not always, possible to build in
engagement by making the task game-like. Unless a simple laboratory envi-
ronment is inherently engaging, it may be impossible for researchers to in-
crease the engagement of the task without obscuring the phenomenon they
wish to study. Not all real-world tasks are especially engaging. Hence, any
hi-fidelity simulation of those tasks may not be engaging either. Likewise, a
scaled world that is based on a non-engaging task should probably not be
more engaging than the task itself (see Figure 4).

Putting it together: How simulated task environments vary on
tractability, correspondence, and engagement

To illustrate ways in which the three dimensions interact with the type of
simulated task environment, I will discuss four systems, a generic flight
simulator and three systems built by my laboratory for research purposes.

Example: Flight simulator

Flight simulators for commercial and military pilots correspond as highly to
the real task environment as money and current technology can provide.
However, as currently built most are as intractable to research as a real flight
deck. It is possible to imagine changes in flight simulators that would enable
the logging and time stamping of every action and every change in system
state for later playback and analysis. Although such changes would improve
tractability, the complexity of the flight deck with its 2-3 person crew and
hundreds of instruments accessible via an eye or head movement would still
make flight simulators intractable for large numbers of important research
questions.

The tasks performed in these simulators can vary widely on engagement.
This variation is not a characteristic of the simulation but reflects the en-
gagement of the real-world task itself.
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Example: From high fidelity simulation of a simple task to
synthetic environments

We developed a simulation of a commercial VCR to pursue issues regarding
performance and errors in routine interactive behavior (Gray, 2000; Gray &
Fu, 2001). The simulated VCR corresponds highly to the real VCR except it
does not record shows. Minor differences are that the simulated one appears
on a monitor and is programmed using a mouse, whereas the real VCR is a
stand-alone device that is programmed by toggling and sliding various
physical switches and buttons.*

Not only is correspondence high, but programming the VCR is a tracta-
ble task to study. In VCR 1.0 (Gray, 2000) the current state of the system was
saved to a log file at each mouse click with a 1 sec resolution. For VCR 2.0
the time stamp has a 16.667 msec resolution and point-of-gaze information
can be sampled and saved to the log file 60 times a sec (Gray & Fu, 2001).
Likewise, the VCR was easily learned by our subjects and was as usable as
the real system. In addition, because of our concerns with computational
cognitive modeling, models written in ACT-R 2.0 (Anderson, 1993) and
ACT-R/PM 1.0 (Byrne, 1999) directly interact with VCR 1.0 and 2.0.

However engaging programming a real VCR might be; programming a
simulated one 10 times in a row is less engaging. But, although the task itself
is not inherently engaging, the demand characteristics of the experimental
situation were such that our college student subjects seemed moderately
engaged if not enthusiastic.

The simulated VCRs were created to study performance and errors in
routine interactive behavior (Gray, 2000). To establish our basic taxonomy
and approach, it was important that the simulation be based on a widely
used, commercially designed product. We did not wish to be accused of
building-in the patterns of performance and error behavior that we were
trying to uncover.

Since the original study, the VCR has been used to study trade offs be-
tween perceptual-motor versus cognitive effort (Gray & Fu, 2001). These
questions did not mandate the choice of a VCR. Rather, the questions could
have been pursued using any simulated task environment that met three
criteria. First, we needed a clear separation between using the task interface
versus accessing information for the task. Second, we wanted a task that would
not force users to keep or manipulate information in-the-head; that is, storage in
memory for more than a few seconds should be an optional, not a necessary
requirement of task performance. Third, the task environment had to enable us
to manipulate the perceptual-motor effort involved in accessing information.

! Differences along this physical dimension present minor differences for the simulated ver-
sus actual VCR in terms of the research question of interest. However, if, for example, the task
being simulated were learning to ride a bicycle, then the differences between the actual bicycle
and a bicycle simulation that appeared on a CRT would be considered a major difference.
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Indeed, since we have begun to pursue questions regarding the trade off be-
tween perceptual-motor versus cognitive effort the simulated task environments
we use have changed from hi-fidelity simulations of simple systems to synthetic
environments. For one line of research we borrowed from Ballard and associates
(e.g. Ballard, Hayhoe, & Pelz, 1995) to build a Blocks World synthetic environ-
ment (Fu & Gray, 2000). To pursue this work in a more complex context, we
have built an interface construction kit (ICK 1.0) that allows us to directly ma-
nipulate the three cognitive engineering principles described by Gray (2000);
least-effort in operating the device, least-effort in mapping prior knowledge to
device knowledge, and least-effort in place-keeping. (This work is currently
underway and research reports on it have not been written.)

Example: Ned — A scaled world

=————Sonar-nb-otwel ——~——————§8
Sierra Angle Bearing SHR BB—sphere
S001 242 296/344 257 BB-towed
5002 BE .63 252/027 040 HE—towed
TimeBrng
TimeFreq

THA

GEOSIT

LOS

0sC

Array STAELE

Figure 5. The sonar, narrow-banded towed display used in Ned (with the dis-
play menu shown on the right). NB-towed is one of Ned’s 10 displays and one
of three that include sonar sensors. The figure shows two targets (indicated by
the white streaks, or waterfall, in the left display) being tracked (indicated by
the circles attached to each streak). The NB-towed waterfall display indicates
targets by the frequency of the sound they emit (from Ohz to 400hz at the top
of the display). Target bearing from ownship is indicated by the band in
which the target occurs beginning with 0-22.5° and ending with 157.5-180°.
Thus, NB-towed yields an ambiguous bearing as it does not indicate which
side of the ship the target is on (i.e., 0-180° or 180-360°). The table on the right
indicates, for each target, its angle from ownship, its ambiguous bearing (for
target S001 the bearing is either 296° or 344°), and the signal-to-noise ratio. On
the bottom-right, the display indicates that the array of sonar sensors used for
NB-towed is stable. To the right of NB-towed is the menu of the other dis-
plays available to the AO. Ned is generated dynamically and all information
is updated every second.
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Ned corresponds to many aspects of a few functional relationships of one
complex, real-world task. The target audience for Ned is submarine Ap-
proach Officers. These are typically either the Executive Officer or Com-
manding Officer of the submarine (Kirschenbaum & Gray, 2000) (though we
have used Ned with junior officers as well). The functional relationships
incorporated into Ned were defined by the information-processing aspects
of the Approach Officer’s task environment and most other aspects of that
environment have been pared away. The more we built Ned to correspond
to the non-information aspects of the Approach Officers” environment, the
better our analyses would have been for re-engineering the current envi-
ronment, but the less able we would be to generalize our results to new
submarine environments. Hence, we decreased correspondence by paring
away the functional relationships provided by the Approach Officer’s inter-
actions with his crew and boat, but we maintained an information environ-
ment in which the functional relationships essential to our goals were pre-
served.

In deciding which correspondences to keep and which to pare away we
were guided by three types of analyses. First and primarily, our decisions
were based on a deep and intensive cognitive task analysis of 10 Approach
Oftficers using a much higher fidelity simulation (Ehret et al., 2000; Gray &
Kirschenbaum, 2000). Less formally, all decisions made in designing the
scaled world were informed by the years of experience working with and
studying submarine officers that one member of our team had. Finally, early
prototypes of the scaled world were tested with former and current Ap-
proach Officers. Suggestions made by these testers were incorporated into
the design. Each of the three types of analyses helped to ensure that al-
though much of the submariners’ environment was pared away, the func-
tional relationships of interest were preserved.

For this study, being able to take the simulation to our subjects was an
important tractability issue. Ned met this objective as it is written in Macin-
tosh Common Lisp and runs well on a laptop computer. Data collection is
always a tractability issue. For Ned the state of the simulation is saved to a
log file along with each object that the Approach Officer clicks. All informa-
tion is time stamped to the nearest tick (16.667 msec). In addition, the laptop
computer feeds directly into a VCR so that everything that happens on the
screen is recorded along with all verbalizations. Reducing the redundancy of
the information displays was a tractability goal for data interpretation. Each
of the 10 displays has been carefully designed to contain a minimum of over-
lapping information. Hence, if an Approach Officer went to a given display
we infer that he was seeking the unique information that it contains.

Figure 5 shows one of Ned’s 10 displays that Approach Officers use for
situation assessment. As will be apparent to most readers, Ned requires
specialized knowledge to understand its displays, and even more knowl-
edge to localize an enemy submarine. Hence, Ned would be intractable for
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any population other than experienced submarine officers. However, given
their extensive knowledge, the officers we studied required approximately
15 min of training. For our purposes, a final tractability goal was that com-
putational cognitive models written in ACT-R 4.0 (Anderson & Lebiere,
1998) be able to use Ned in the same manner that our Approach Officers do.

Ned maintains a reasonable level of engagement, but only for those with
much prior submarine experience — that is, Ned is not suitable for college
sophomores (or for most of our readers). The mission and scenarios used for
Ned entail searching for an enemy submarine hiding in deep water. These
missions and scenarios correspond highly with those on which Approach
Officers train onboard submarines. We believe that this correspondence
contributes to the engagement of Ned.

Example: Argus — A synthetic environment

The Argus simulated task environment (Schoelles & Gray, 2001a) was de-
signed after studying the Advanced Cockpit task (Ballas, Heitmeyer, &
Perez, 1992), Space Fortress (Donchin, 1995), the Team Interactive Decision
Exercise for Teams Incorporating Distributed Expertise (TIDE2 Hollenbeck
et al., 1995; Hollenbeck et al., 1997), and Tandem (Dwyer, Hall, Volpe, &
Cannon-Bowers, 1992). Like the Advanced Cockpit and Space Fortress, Ar-
gus places a premium on embodied cognition (Kieras & Meyer, 1997) and
rapid shifts in serial attention (Altmann & Gray, 2000b). It can be used in
either single-subject (Argus Prime) or team (Team Argus) mode. Like TIDE’
and TANDEM, Argus emphasizes judgment and decision-making in a mul-
tiple-cue probability task (see also, Gilliland & Landis, 1992). Argus was
designed to facilitate the investigation of a broad category of research ques-
tions centered on how interface design affects cognitive workload in both
team and individual performance.

Although the design of Argus was informed by our knowledge of real-
world systems, specifically the U. S. Army’s Patriot Air Defense system and
the U. S. Air Force’s AWACS (airborne warning and control system), Argus
is not a hi-fidelity simulation nor is it a scaled world. Rather Argus was de-
signed to incorporate a few aspects of several systems; that is, Argus is low
to medium on the correspondence dimension.

Tractability does not vary monotonically with simplicity. Among the syn-
thetic environments that we studied carefully, Argus and Space Fortress are
the most complex, but the most tractable for data collection. For our needs,
Argus is more tractable than Space Fortress. For Argus, interface elements
can be quickly changed, scenarios written at varying levels of complexity,
and the entire state of the simulation can be saved and played back later
along with all of the subject’s mouse movements, mouse clicks, eye move-
ments, and decisions. Furthermore, cognitive models written in ACT-R/PM
can interact with Argus using the same interfaces and scenarios that human
subjects use (Schoelles & Gray, 2001a, 2001b).
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Unlike the VCR, Argus Prime requires one hour and Team Argus re-
quires two hours of instruction for subjects to become proficient. Hence, for
some researchers the time required for training may make Argus intractable.
The usability aspect of Argus is a research question; by design, some varia-
tions of Argus are easier for subjects to use than are other variations.

Argus has enough elements of a video game that some subjects find it
engaging, whereas it is clear that other subjects do not. Changes in the Argus
interface do not change the overall task, but do affect the ease with which
subtasks are performed. Interestingly, the easiest interface seems to be asso-
ciated with the most reports of boredom.

Dimensions of simulated task environments

By capturing three different perspectives, the researcher’s, the task’s, and the
participant’s, the dimensions of tractability, correspondence, and engage-
ment (see Figure 1) provide a vocabulary for discussing the differences and
similarities among various simulated task environments.

Tractability

Tractability is an important but relative dimension. Whether a given simu-
lated task environment is tractable or not is defined by the research question.
For example, Argus Prime is a tractable environment for the study of cogni-
tive workload but is intractable for the study of serial attention.

For most researchers the essential aspect of tractability is whether the
simulated task environment enables them to collect the data they need with
the frequency and accuracy that they need it. For data collection, high corre-
spondence may be the enemy of tractability. High correspondence systems
may impose requirements that are at odds with data collection. For example,
even if flight simulators could be instrumented to the satisfaction of a re-
searcher, it would remain extremely difficult to know what information a
pilot had or was acquiring at any given moment. Similarly, tactical engage-
ment simulation systems for small unit combat training (Gray, 1983) take
place over an extended terrain with each soldier doing his best to be invisi-
ble to the enemy. For such simulations, knowing “who was where when” let
alone knowing “who knew what when” may be an inherently intractable
task.

Training, usability, and the expense of running the simulation are impor-
tant considerations that affect tractability. Likewise, different research ques-
tions or constraints may impose idiosyncratic but vital requirements for
tractability. Examples discussed above included portability and the ability to
support cognitive models as users.

In considering tractability, it is important to bear in mind the distinction
between questions and research questions. Not all good questions can prof-
itably be addressed through experimental research. A research question is
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one that is tractable given current limits on funding, time, technology, or
training.

Correspondence

Correspondence can vary from one aspect of many systems, to some aspects
of one system, to many aspects of one system as the goal of research shifts
from basic research, to building next generation systems, to fixing problems
in current systems. Unfortunately, the goal of building high correspondence
simulated task environments exerts a siren-like lure to the unwary re-
searcher and, all too often, to those who fund and sponsor research. For
these individuals I can do no more than to paraphrase Brehmer and Dorner
(1993) as well as DiFonzo et al. (1998) and state that too high of a correspon-
dence may limit generality.

Engagement

The engagement dimension arises not from the needs of the task or re-
searcher but from the needs of the participant. If the task is not engaging it
simply may not be done or, at least, not performed with the attention and
detail desired by the researcher. Engagement may be a two-edged sword. It
is possible to imagine a simulated task environment that is so engaging that
some participants ignore instructions in an attempt to do whatever is possi-
ble to “win” the game.

Summary

In this article I have introduced the term simulated task environment, dis-
cussed different types of simulated task environments, as well as dimen-
sions on which they may differ. The distinctions between hi-fidelity simula-
tions, scaled worlds, synthetic environments, and simple laboratory envi-
ronments are not crisp and clean. Rather, such distinctions are inherently
fuzzy and overlapping. For example, if the research question concerns such
issues as how airline pilots perform in emergency situations when they be-
lieve that their own lives are in danger, then the correspondence between a
hi-fidelity simulation of a commercial jetliner and the emergency situation
may be too low to yield valid results. Similarly, the dimensions provided —
tractability, correspondence, and engagement — are meant to capture three
perspectives on simulated task environments, but are surely not an exhaus-
tive set.

Despite limitations my goal in making these distinctions is to facilitate
communication among researchers and between the research community,
our sponsors, and the public. Although the distinctions are imprecise, if
widely adopted they will facilitate communication across these diverse
groups.
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The researcher’s dilemma revisited

This article began with a quotation that I expected would get many who use
simulated task environments nodding in agreement. Unfortunately, the quo-
tation is half-right and half-wrong. The spirit of the quotation is right. Simu-
lated task environments allow us to address a range of research questions
that cannot be addressed by either field research or by simple laboratory
environments. However, the implications of the quotation are demonstrably
wrong. Field research can yield definite conclusions and even the simplest
laboratory environment can yield interesting conclusions.

Research paradigms, whether field research, simulated task environ-
ments, or simple laboratory tasks are inherently neither good nor bad. The
key issue for any researcher is not paradigm but productivity: are the ques-
tions addressed of interest and does the methodology employed support the
inferences that the researchers wish to draw?

In a diverse research community we must listen carefully as individual
researchers define their research questions and research approaches. If we
find the questions interesting, then we must insist that all researchers — de-
spite paradigm — convince us that their research is both reliable and valid
and can be generalized to the situations defined by the research question
(see also, Gray & Salzman, 1998).
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