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ABSTRACT

A proper understanding of human performance characteristics is a prerequisite for de-
signers of complex systems. Although human factors texts provide some insights into
basic performance issues, the emergence of highly automated computing systems have
fundamentally altered the way humans work. The purpose of this article is to present a
research approach to quantify and analyze human performance within a complex,
time-critical system. The approach is centered on a measurement construct, called a time
window, which enables a functional relation between constraints on operator activities
and time availability.

A blackboard model is developed as the mechanism to generate, maintain, and complete time
windows. Moreover, an object-oriented methodology is described that implements the black-
board model within a realistic task context. To demonstrate the utility of time windows, an exist-
ing implementation in a real-time human-in-the-loop simulation is also described. Using time
window outcomes, some cursory analyses are completed to exhibit the potential of the con-
struct.

1. INTRODUCTION

The emergence of highly automated computing systems has fundamentally altered the
way humans work. As these systems have increasingly become mediators between hu-
man operators and the work environment, human understanding of how work is accom-
plished has greatly diminished. Remarks of “What happened?” or “Why did it do that?”
are not uncommon as operators seek to understand the processes of systems designed to
improve their work. Rather than serving the purpose of being tools for human use, these
systems have come to be regarded as autonomous agents to which humans must adapt in
the workplace.

To investigate human decision making in these highly automated systems, research-
ers have had to rethink the applicability of traditional laboratory methods such as ex-
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pected utility theory (Beach & Lipshitz, 1993). The use of traditional methods assumed
that findings from the laboratory environment—where highly cognitive, single-choice
tasks were conducted—could be applied to more realistic settings. The premise that
findings from a static, forced-choice task can be extended to an operational environ-
ment has been called into question (Hammond, 1986). In fact, some researchers have
even suggested that the entire approach toward the factoring of processes into events
occurring inside and outside the mental system is misdirected (Suchman, 1987;
Vicente, 1997; Vicente & Kirlik, 1992). These researchers have recommended that
studies of human operators must occur in settings that are representative of the actual
environment. More important, the search for emergent properties of operator activities
in situated contexts should be favored over the study of isolated factors influencing
cognition (Suchman, 1987).

The purpose of this article is to present a research approach to quantify and analyze
human performance within a dynamic task context. The key concept introduced here is
the notion of a time window that provides a functional relation between constraints on
operator activities and time availability. A methodology is proposed to evaluate time win-
dows as well as to assess operator attunement to them. A simulation environment is used
as a tool (Brehmer, Leplat, & Rasmussen, 1991; Howie & Vicente, 1998) to bridge the
gap between controlled, unrepresentative laboratory environments and unconstrained
real-world settings.

The proposed research methodology is shown in Figure 1. First, the researcher extracts
those situations and time and task constraints that contribute toward meeting an opera-
tor’s objective in the operational domain. The extracted information is then implemented
in a simulation using object-oriented and blackboard methodologies. Data is then col-
lected on activities within the human-in-the-loop simulation. Lastly, performance evalua-
tion is conducted by determining the extent of operator attunement to constraints. To
illustrate the proposed methodology, results from an existing implementation are dis-
cussed.
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2. SITUATIONS, CONSTRAINTS, AND TIME WINDOWS

2.1. Situativity Theory

To extract situations, constraints, and available time, these terms must first be clearly de-
fined. The meaning of the terms situation and constraint as they have been used thus far is
consistent with the interpretation provided by Greeno and Moore (1993) and Greeno (1998).
They introduced a theory of situativity in which cognitive processes are analyzed as relations
between operators and other subsystems in the environment. The theory is powerful because
it stipulates that a functional relation exists between an operator’s decision-making activities
and the task environment. For instance, consider the act of answering the telephone. An indi-
vidual’s action of answering the telephone results in the situation of talking on the telephone.
The dependency relation between an action and the resultant situation—also known as a con-
straint—contains the following form:

<<answering the telephone>> => <<talking on the telephone>>

Greeno (1994) presented a class of more generalized constraint as follows:

<<action by operator>> => <<good effects in situation>>

where the good effects are outcomes that are required for a broader activity to be successful.

2.2. Time Window Extension to Situativity Theory

The notion of a time window is an extension to situativity theory. Situativity theory is con-
ceptually appealing; however, work remains to implement it as a mathematically rigorous
model (Greeno, 1998). To computationally implement the time window extension, there-
fore, a greater degree of definitional precision is required. Accordingly, the definition of
time windows conveys the concepts of situativity theory while relying on temporal logic (Al-
len, 1983; Gabbay, Hodkinson, & Reynolds, 1994) to provide the basic foundation for a
computational model.

2.2.1. Definition of Time Windows. Let us begin by defining a time window
as a construct that specifies a functional relation between a required situation and a time
interval that specifies availability for action. A time window does not specify what ac-
tion must be taken, but only that there exists an action that will result in the required situ-
ation. In the course of operator activity within a dynamic task, n time windows are de-
noted as wi for i = 1 to n.

At the onset of operator interaction, all time windows are designated as inactive and
represented by the set U0. Until a time window is designated as open, it remains inactive.
Time windows are designated as open if the availability for action exists for a required
situation at the current point in time space. The set of open time windows at time t is des-
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ignated as Ot. When a required situation no longer exists, the corresponding time window
is designated as closed. The set of closed time windows at time t is denoted as Ct. The
membership of U, O, and C is defined to be persistent over time and will remain the same
(i.e., Ut + 1 = Ut, Ot + 1 = Ot, and Ct + 1 = Ct) unless designated otherwise. Methods to ex-
tract conditions specifying the opening and closing of time windows are covered in Sec-
tion 2.3.

2.2.2. Relation between Operator Actions and Time Windows. To com-
plete the constraint specified by situativity theory in a temporal context, one must define op-
erator action and the relation between action and time window. An operator action is defined
here as a two-tuple that includes a detectable act performed by the operator at a specific point
in time. In the course of operator interaction within a dynamic task environment, m actions
are denoted as bj for j = 1 to m. The relation between action and time window can be described
by two Boolean indicator functions, I w

l , such that, for l = 1, the function evaluates whether an
action meets the required situation specified by a time window, and for l = 2, the function
evaluates the relevance of an action toward a time window.

Thus,

I w if does not meet situation
if meets situation s1

0
1( )b b

b={ }pecified in w and

I w if is not relevant toward w
if is relevant towar2

0
1( )b b

b={ }d w

Six predicates, M wT
k

i j( , )b for k = 1 to 6, are now constructed to characterize fundamental re-
lations between time windows and operators actions over a time interval T. In particular, the
truth value, | | ( , )| | –M wk

i j T Tb + , of each predicate is evaluated for a time interval that starts
when operator interaction in the task begins (T+) and ends when operator interaction ceases
(T).Given thatbj occursat time s, equations toevaluate the first fivepredicatesare listedas fol-
lows:

• An on-time action that results in a required situation, M wT i j
1 ( , )b , is formally de-

fined as

[ ]| | ( , )| | ( ) (, –M w iff i such that I w Oi j T T w j i si

1 11 1b b+ = ∃ = ∧ ∈ ) (1)

• An early action that results in a required situation, M wT i j
2 ( , )b , is defined as

[ ]| | ( , )| | ( ) (, –M w iff i such that I w Uj T T w j i si

2 11 1ι b b+ = ∃ = ∧ ∈ ) (2)

• A late action that results in a required situation, M wT i j
3 ( , )b , is defined as

[ ]| | ( , )| | ( ) (, –M w iff i such that I w Cj T T w j i si

3 11 1ι b b+ = ∃ = ∧ ∈ ) (3)

• An action that is relevant toward a required situation, but does not result in it,
M wT i j

4 ( , )b , is defined as
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[ ]| | ( , )| | ( ) (, –M w iff i such that I Ii j T T w j wi i

4 1 21 0b b b+ = ∃ = ∧ [ ]j ) = 1
(4)

• An action with no corresponding time window, M T j
5 ( )b , is defined as

| | ( )| | , ( ( ) ), –M iff i Ij T T w ji

5 21 0b b+ = ∀ = (5)

Because the sixth predicate is based on a time window instead of action, the equation to eval-
uate it is defined separately as follows:

• A time window that has been missed, M wT i
6 ( ) , is defined as

| | ( )| | , ( ( ) ), –M w iff j Ii T T w ji

6 21 0+ = ∀ =b (6)

Because of their reliance on temporal logic, Equations 1 through 5 offer a more explicit de-
scription of constraints than the conceptual distinctions offered by situativity theory. Spe-
cifically, the time window framework can now be utilized as a dependency relation between
an action and a required situation that is also bound by time.

2.3. Extracting Time Window Information

To extract time window information, one must view operator decision making in its expe-
riential context and avoid normative descriptions of analytical decision mechanisms (e.g.,
expected utility theory). The focus of the extraction is, therefore, on the use of analysis
methods to discover mappings between operator actions and situations required to meet
system objectives.

Three techniques meet the criteria for extracting time window information. Because
each technique focuses on a slightly different information source, the most effective ap-
proach is one that integrates the advantages of all three. One method, cognitive task anal-
ysis (e.g., Militello & Hutton, 1998), is based on human input. Cognitive task analysis
focuses on experienced practitioners in operational contexts to extract information they
deem diagnostic to successfully operate in the task environment. The two other methods
rely on theoretical and empirical studies of the environment in which the task is per-
formed. Cognitive work analysis utilizes theoretical expertise and engineering analyses of
system dynamics to identify conceptual distinctions within a work domain that can later
be used as modeling tools (Vicente, 1999). Ecological task analysis is focused on analysis
of the task environment to determine empirical regularities in environmental behavior
(Kirlik, 1995). Time window information extracted through the integrated method should
therefore be (a) valid from an operator’s perspective, (b) consistent with system dynam-
ics, and (c) true to the availability of action within the task environment. Consider, for ex-
ample, the process of extracting time window information in an air traffic control (ATC)
domain. Cognitive task analysis is used to determine normal operator courses of actions
to reach established objectives. Cognitive work analysis is used to ascertain static and ki-
nematic constraints in the ATC domain that affect the operator’s ability to reach the ob-
jectives (e.g., radar range). Ecological task analysis is used to discover constraints in the
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ATC environment (e.g., appropriate regulations) and empirical regularities to which good
controllers must be sensitive.

Once time window information has been extracted, the next step in the proposed research
methodology is to implement the construct. The next section presents an object-oriented
simulation architecture that includes a time window generation and maintenance system
based on the blackboard model.

3. BLACKBOARD MODEL IN OBJECT-ORIENTED SIMULATIONS

The blackboard model was first developed in the early 1970s as a tool for speech understand-
ing (Erman, Hayes-Roth, Lesser, & Reddy, 1980). Since then, it has been implemented in
many domains for multiple purposes. For example, Vranes, Lucin, Stanojevic, Stevanovic,
and Subasic (1991) used it as a tool to conduct military planning, and Rubin, Jones, and
Mitchell (1988) used it as a framework to construct an operator’s associate in a supervisory
control task. More recently, Adeli and Yu (1995) used it to develop an integrated computing
environment to solve complex engineering problems. Although it has been implemented in
vastly different forms, the blackboard model approach to problem solving remains the same.
In essence, the blackboard model of problem solving is a reasoning scheme that applies
pieces of knowledge at the most opportune time to construct a solution to the problem.

A blackboard model consists of three major components (Nii, 1986): knowledge
sources, the blackboard data structure, and control. The knowledge sources contain knowl-
edge required to solve the problem. The blackboard data structure is a global database in
which partial and full solutions are kept. The blackboard control is an opportunistic reason-
ing model that guides problem solving by choosing and activating appropriate knowledge
sources.

3.1. The Blackboard and Time Windows

To illustrate the use of blackboard model to open, maintain, and close time windows, con-
sider the following example: In a real-time simulation, a human operator assumes the role of
an air traffic controller monitoring aircraft entering and leaving Country X’s airspace (Fig-
ure 2). The operator has been given specific instructions to identify all unknown aircraft en-
tering the airspace and to establish radio contact with all aircraft that come within radio
range. An unknown aircraft, traveling along the trajectory indicated by the direction vector,
enters Country X airspace at point A, enters and leaves range to establish radio contact at
point B, and leaves Country X airspace at point C.

In the context of time windows, the blackboard knowledge sources include operators
who act on the environment and entities that produce situations. These sources contribute
not only actions and situations to the blackboard, but also temporal information that defines
constraints within the environment in which the task is performed.

In the example, the knowledge sources include the air traffic controller and the un-
known aircraft. Moreover, the unknown aircraft also reveals constraints that dictate ex-
pected air traffic controller actions. At point A, w1 is designated as open so that
w Ota1 ∈ with the specification that the situation of a correctly identified aircraft be re-
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quired. The time at which the aircraft reaches point A is designated as ta. At point B, a
second time window, w2, is designated as open to specify the situation of established ra-
dio contact at time tb so that W Otb2 ∈ . Because the trajectory of the aircraft is tangential
to the curve bounding the radio contact area, the available time interval for the air traffic
controller to establish radio contact is instantaneous. Therefore, w2 is also designated as
closed at time tb so that W C tb2 ∈ . At point C, the aircraft exits Country X airspace and
triggers the closing of w1 so that w C tc1 ∈ .

The blackboard data structure holds time window information in the form of computa-
tional and solution-state data. Each time window represents a structural means-ends hierar-
chy (Vicente, 1999) where the required situation (ends) is achieved by an expected operator
action (means).

Although the knowledge sources provide necessary information to generate and main-
tain time windows within the blackboard architecture, the activities on the blackboard are
monitored and controlled by the blackboard control. The control uses opportunistic reason-
ing to apply backward-reasoning as well as forward-reasoning models to maintain time
window information. Backward reasoning is applied at the point of a required situation to
determine if the expected operator action has been taken, whereas forward reasoning starts
at an operator action to determine if the action outcome meets any required situations.

Returning to the ATC example, assume that the operator takes three actions. The first ac-
tion, b1, incorrectly identifies the aircraft at time t1, where t1 is before ta (i.e., t1 < ta). The
second action, b2, correctly identifies the aircraft at time t2 where ta < t2 < tc. The third ac-
tion, b3, alerts Country X’s border patrol at time t3 where tb < t3 < tc.

Using backward reasoning, the blackboard control examines all open time windows to
determine if any have been met. At time ta, the control assesses b1 as applicable to w1 so
that I w 1

2
1 1( )b = , but does not result in the required situation so that I w 1

1
1 0( )b = . Thus,

Equation 4 is satisfied and the action is deemed irrelevant. At time t2, the control deter-
mines that b2 is consistent with the expected operator action specified by w1 so that
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I w 1

1
2 1( )b = . Moreover, because w Ot1 2

∈ , the control evaluates w1 and b2 to satisfy Equa-
tion 1 and assesses b2 an on-time, required action.

Applying forward reasoning, the control examines all current actions to determine if they
address any required situations. At time t3, the control determines that b3 is not relevant to-
ward any time window so that ∀ =i I w, ( )

1

2
3 0b . The control does not, however, make a deter-

mination on the action at this point. Rather, it seeks resolution of the action’s status by
checking backward-reasoning results to ensure that the action is not early for a later time
window. Nevertheless, the third action was eventually determined to be irrelevant.

3.2. Blackboard Models in a Real-Time, Object-Oriented Simulation

Conceptually, the use of time windows in a blackboard model has been demonstrated. To il-
lustrate the utility of time windows in a simulation environment, the implementation of time
windows via a blackboard model is now presented. The simulation architecture developed at
the Georgia Institute of Technology (Chu, Jones, & Mitchell, 1991; Jones, Chu, & Mitchell,
1995) is used as a baseline for discussion. The integration of the blackboard model within the
simulation architecture is depicted in Figure 3.

The active simulation object (ASO) is used as a base class so that events can be sched-
uled by methods contained in its subclasses. The display class contains parameters as well
as methods for generating the graphical user interface. The simulator class contains meth-
ods to control the experimental simulation. The platform class represents physical plat-
forms (e.g., airplanes) that exist in the simulation environment and contains methods that
allow those objects to act on the environment. The blackboard class contains the knowledge
sources within the blackboard data structures. It also contains methods to control the black-
board by opening time windows, closing time windows, updating and reconciling time win-
dows, conduct forward-chaining reasoning, or execute backward-chaining reasoning.

An illustration of the blackboard and time window implementation within an ob-
ject-oriented simulation framework is represented in the form of a sequence diagram in Fig-
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ure 4. A sequence diagram is a model that describes how groups of objects collaborate in
some behavior (Booch, Rumbaugh, & Jacobson, 1999; Fowler & Kendall, 2000). Each box
above the diagram represents an object. Each vertical line represents the object’s life during
the interaction. The flow of events is chronologically ordered from top to bottom. Methods
labeled with an asterisk are iterative.

Revisiting the air traffic control example, the event flow of operator actions and aircraft
movements is reflected in Figure 4. A chronologically-ordered narration on the sequence of
events follows:

1. The flight of the unknown aircraft along the southeasterly trajectory is accomplished
by the iterative call of the modify Position() method.

2. The first operator action, b1, of incorrectly identifying the aircraft (as a jet) is posted
to the blackboard.

3. When the control detects the aircraft entering the airspace of Country X, w1 is desig-
nated as open.

4. The backward-chaining model reasons that b1 is an incorrect identification that has
been taken early. Thus, | | ( , )| | , –M w T T

4
1 1 1b + = .

5. The second operator action, b2, of correctly identifying the aircraft (as a propel-
ler-driven aircraft) is posted to the blackboard.

6. The backward-chaining model determines that a correct identification action has
been taken on time. Therefore, | | ( , )| | , –> =+M w T T

1
1 2 1b .

7. When the control detects the aircraft entering radio range, w2 is designated as open.
8. The control immediately detects the aircraft leaving radio range and closes w2.
9. The third operator action to alert the border patrol, b3, is posted to the blackboard. The

forward-chaining model determines that no time window specifies the need for b3.
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Moreover, the action does not serve any required situation—radio contact or cor-
rectly identified aircraft. Therefore, the action is classified as irrelevant. Thus,
| | ( )| | , –M T T

5
3 1b + = .

10. When the control detects the aircraft leaving Country X airspace, w1 is closed.
11. Operator interaction ceases as the aircraft leaves Country X airspace. At this point,

the backward-chaining model reconciles the blackboard by closing all open win-
dows and assessing if windows have been missed. The only window in question is w2

and is assessed to be missed so that | | ( )| | , –M w T T
6

2 1+ = .

3.3. Possible Time Window Outcomes

The utility of a time window is not only in its temporal and functional descriptions but also in
the richness of the possible outcomes. Some time window outcomes have already been de-
scribed. Not surprisingly, the complete space of possible time window outcomes (Figure 5)
is represented by the fundamental relations between time windows and operator actions out-
lined in Equations 1 through 6. In itself, the existence of a required situation does not impact
system performance. It is the presence of operator action in a temporal context that specifies
whether performance is good or poor. An incorrect, early action (first ATC operator action)
is represented as Equation 4. An on-time, accurate action (second ATC operator action) is
represented as Equation 1. An action with no corresponding required situation (third ATC
operator action) is categorized as Equation 5. A nonaction for an existing situation require-
ment (no attempt to establish radio contact) is characterized as a miss and is represented as
Equation 6.

It has been shown that time window is a viable construct, both conceptually as well as in
an implemented mechanism within a simulation framework. However, the value of imple-
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(time window exists) or no situation is required (time window does not exist). Equations 1 through 4 represent
actions that are relevant to a time window. Equations 1 through 3 represent actions that result in the required sit-
uation (correct actions). Equation 4 represents actions that do not meet the required situation (incorrect actions)
even though they are relevant.



menting time windows in a research effort has yet to be discussed. The following section
discusses the implications of applying time windows toward human performance measure-
ment and evaluation.

4. TIME WINDOWS AND HUMAN PERFORMANCE

4.1. Implications Toward Measurement

Wickens and Holland (2000) observed that most performance measures are associated with
one of the following categories of raw data:

1. Measure of speed or time (e.g., how fast can an operator reach for a lever?).
2. Measure of accuracy or error (e.g., how many typing mistakes are made?).
3. Measure of workload or capacity demands (e.g., how difficult is this task?).
4. Measure of preference (e.g., is one display preferred over another?).

In most cases, the use of a particular type of measure is dependent on the real-world task to
which the results of the laboratory task generalize. The emphasis, therefore, is on finding
methods that analyze factors in isolation. However, it has already been noted that research on
dynamic and complex environments should take place in representative settings. Recog-
nizing the problem, researchers have sought to develop techniques to measure performance
in tasks that are more representative of the operational environment. Sanderson, Verhage,
and Fuld (1989) focused on the use of verbal protocol data in operational tasks. Howie and
Vicente (1998) used automated log files to construct a number of measures to assess operator
performance in a microworld setting. Still other researchers (Laudeman & Palmer, 1995;
Moray, Dessouky, Kijowski, & Adapathya, 1991; Raby & Wickens, 1994) focused on re-
corded data in time-critical task environment.

Even with a focus on the environment, however, the majority of measurement efforts re-
main guided strictly by operator actions and do not adequately consider the environment in
which the task is situated. One notable exception is the research of Laudeman and Palmer
(1995). Laudeman and Palmer derived a window of opportunity measure to evaluate opera-
tor response to different task demands. Using their measure, they were able to generate
workload profiles for aircraft crews based on their ability to complete a specified set of
tasks.

The time window construct represents a fundamental shift from existing performance
measurement approaches. It is not focused solely on whether a certain task is completed, or
how fast a certain button is pushed, or what percentage of error is detected. Rather, it pro-
vides a computational framework to dynamically evaluate heterogeneous situation de-
mands and operator abilities to meet them in a complex domain. The benefit of the
framework is the functional link between operator actions and the domain with which he or
she interacts.

4.2. Implications Toward Evaluation

As shown in Figure 5, utilization of the time window construct leads to a multidimensional
space of possible outcomes. As yet, no mathematical formalism exists to comprehensively

OPERATOR PERFORMANCE 11



evaluate operator performance based on all dimensions. Instead, two methods are proposed
to provide different perspectives on operator attunement to the constraints. The first method,
factor analysis, is designed to determine correlations among different types of time windows
and time window outcomes. The second method depends on the use of signal detection the-
ory (SDT) to determine the sensitivity of operator actions to situation requirements.

4.2.1. Use of factor analysis. Factor analysis is a data reduction technique that
attempts to find a smaller number of dimensions, or factors, while retaining most of the infor-
mation in the original space (Green, 1978).The intent, therefore, is to evaluate which situa-
tions and operator actions can be aggregated into higher order factors. The analysis process
proceeds in three major steps:

1. Rotate original data (i.e., variables consisting of the different time window outcomes
in different types of required situations) to a new orientation that exhibits dimensions
with maximal variance.

2. Reduce the dimension of the transformed data space.
3. Identify the new dimensions, or factors, in terms of variables that show high associa-

tion with each factor.

The reader is referred to any multivariate statistics text for details on Steps 1 and 2. To iden-
tify underlying factors, a technique called the scree test (Cattell, 1966) is suggested. In es-
sence, the scree test requires plotting the variance accounted by each factor extracted and
then finding elbow in the curve of the plot. To identify which variables belong to the selected
factors, factor loadings (i.e., correlation between the variable with a factor) are recom-
mended.

4.2.2. Use of signal detection theory. Signal detection theory is a formulation
that has been widely used to assess human ability to detect signals (Green & Swets, 1966;
Swets, 1996). The premise of the paradigm is that there are two states of the world (signal vs.
noise) and two possible human responses (I detect a signal vs. I do not detect a signal). The
possible resulting states produces a 2 × 2 stimulus–response matrix shown in Figure 6.

A key theoretical representation of signal detection theory is the receiver operating char-
acteristic (ROC; Swets, 1996). The standard graphical depiction of the ROC is known as the
ROC curve (Figure 7). The curve reveals two important sources of information about opera-
tor performance: an individual’s decision criterion (the amount of evidence required to de-
tect a signal) and the sensitivity of an individual’s detection performance (the individual’s
ability to discriminate between signal and noise).

To apply SDT to the sensitivity analysis of time window outcomes, one must develop
methods that do not violate assumptions of either formulation. In particular, the following
three issues must be addressed: conversion of time window outcomes to SDT outcomes,
calculating the probability of a false alarm in time window outcomes, and the development
of a sensitivity measure without distribution assumptions.

The conversion of time window outcomes (Figure 5) to SDT outcomes is dependent on a
common definition of a hit. If a hit is defined to be an on-time and accurate action, so that
Equation 1 holds, then conversions from time window outcomes to SDT outcomes can
readily be made. Table 1 shows the conversion from time window outcomes to SDT out-
comes. If an action is not executed on time, it is considered a false alarm. Therefore, a signal
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is only considered valid and detectable during a specified time interval in which the associ-
ated time window is designated open.

The original SDT formulation required forced-choice tasks primarily to ensure that cor-
rect rejections were accurate assessments of the absence of a signal. However, the decision
environments for which time windows are intended as dynamic and interactive, and opera-
tors are not forced to take action. To calculate the probability of false alarm, which requires
the number of false alarms and correct rejections, an accurate accounting method for correct
rejections is needed. In fact, one method to measure correct rejections in these “free re-
sponse” (Wickens & Kessel, 1979) environments has already been developed. Wickens and
Kessel computed the probability of false alarms as the number of false alarms divided by the
number of false-alarm intervals. In their formulation, equal-valued intervals that span the
detection task are separated into those that contain hits and those that do not—called
false-alarm intervals. Based on this concept, a false-alarm interval can be defined in the time
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FIGURE 7 The ROC curve under different distribution assumptions. If the distributions of signal and
noise are normal, the sensitivity, d’, is determined by the distance of a point on the curve, point A, from the
upper-left diagonal. If no assumptions on the distributions can be made, the sensitivity can be approximated
by the area under the ROC (e.g., point B).



window context. Consider the duration of a time window, T, over the lifetime of a simula-
tion, Ts. The number of false-alarm intervals can simply be formulated as

FAI
T

T

s= –1 (7)

The third issue to be addressed is the need for an appropriate sensitivity measure. If the dis-
tributions of the signal and noise are normal, the determination of the sensitivity, d’, can be vi-
sually determined from the ROC curve. In Figure 7, for instance, the closer point A is from the
upper-left corner, the higher the sensitivity value. However, no assumptions can be readily
made about distributions of signal and noise in dynamic domains. Therefore, one must rely on
nonparametric measures of sensitivity. Wickens and Hollands (2000) recommended a simple
measure based on area under a ROC. The measure, first considered by Green and Swets
(1966), is formulated as follows:

A
P H P FA

G =
+( ) [ – ( )]1

2
(8)

If only one point is acquired on the ROC, such as Point B in Figure 7, a sensitivity value can
now be calculated. Although these measures are still dependent on distributional assump-
tions (Caldeira, 1980), they nevertheless serve as a good first approximation (Craig, 1979).

The research methodology proposed here was implemented in a study to investigate tacti-
cal decision-making performance under stress. The study is now presented to demonstrate the
viability of the methodology and the utility of the time window construct. Only salient aspects
of the study are discussed to highlight the research approach. For experiment details, see
Hodge et al. (1995).

5. EMPIRICAL STUDY

5.1. Method

The participants were 72 male undergraduate university students. The basic experimental
equipment per participant included two personal computers. One of the computers hosted a
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TABLE 1
Conversion Between Time Window Outcomes and

Signal Detection Theory (SDT) Outcomes

Time Window Outcome SDT Outcome

|| M1 (wi, bj) || T + ,T– = 1 Hit
|| M2 (wi, bj) || T +,T– = 1 False alarm
|| M3 (wi, bj) || T + ,T– 1
|| M4 (wi, bj) ||T + ,T– = 1
|| M5 (bj) || T + ,T– = 1
|| M6 (wi) || T + ,T– = 1 Miss
Correct rejection Correct rejection



discrete-event, human-in-the-loop simulation called the Georgia Tech Aegis Simulation
Platform (GT–ASP). The other computer hosted a sound player that provided auditory stim-
ulus consistent with the simulation. Six training conditions were used that varied the form of
post-scenario feedback and online decision aiding. Each participant ran 18 thirty-min sce-
narios. The 15 earlier scenarios were designed to train the participants to a criterion level on
the assigned training condition. The final three scenarios were used to evaluate transfer of
learning to a nonaided version of the simulation.

Participants were briefed that they were assuming the role of an air defense officer on
board a naval warship. They were told to follow nine rules in a military context and were
given one general order to protect their own ship. Each of the nine rules is represented as
constraints in Table 2.

The GT–ASP simulation was constructed in a manner consistent with the architecture re-
flected in Figure 3. As participants ran the simulation, the blackboard generated, main-
tained, and completed all time windows associated with the nine rules. All time window
information was logged for further analysis.

5.2. Analysis

To highlight the use of factor analysis, participant performance data from just the first trans-
fer scenario was used. The variables examined included the following:

1. (R1ERR–R9ERR) Number of errors committed while acting on time windows asso-
ciated with GT–ASP Rules 1 through 9 (compiled using Equations 4, 5, and 6).

2. (EARLY) Number of early actions (compiled using Equation 2).
3. (ONTIME) Number of on-time actions (compiled using Equation 1).
4. (LATE) Number of late actions (compiled using Equation 3).
5. (FA) Number of false alarms (compiled using Equation 4).
6. (MISS) Number of required situations missed (compiled using Equation 6).
7. (TOTERR) Number of total errors committed.
8. (MTACT) Mean time required for operator to act after a window has been opened,

regardless of GT–ASP rule.
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TABLE 2
GT–ASP Rules in Constraint Format

Expected Action Required Situation Condition of Availability

Engage hostile track Hostile track engaged Hostile track within 20 nm of own ship
Illuminate hostile track Hostile track targeted Hostile track within 30 nm of own ship
Issue level 1 warning Hostile track warned (level 1) Hostile track within 50 nm of own ship
Issue level 2 warning Hostile track warned (level 2) Hostile track within 50 nm of own ship
Issue level 3 warning Hostile track warned (level 3) Hostile track within 30 nm of own ship
Recall own aircraft Recall own aircraft Own aircraft further than 256 nm
Dispatch own aircraft Own aircraft leaving Own aircraft closer than 20 nm
Assign primary ID to

unknown aircraft
Correctly identified aircraft Unknown aircraft is detectable

Assign designation to
unknown aircraft

Correctly designated aircraft Undesignated aircraft is detectable



9. (R1MT–R9MT) Mean time required for operator to act after a time window corre-
sponding to each GT–ASP rule has been opened.

Figure 8 shows the scree plot for the amount of variance accounted by each extracted factor.
Further investigation of the factor loadings (Table 3) suggested that six of the variables were
highly correlated with the first extracted factor.

The results of the factor analysis indicate that identification tasks (assign primary ID and
assign designation) are highly correlated with the total number of errors as well as the mean
reaction time after windows opened (i.e., latency). Therefore, the findings suggest that cor-
rect identification of unknown aircraft is key to overall good performance.

To demonstrate the use of SDT to analyze participant performance in GT–ASP, the first
transfer scenario was again used. All time window outcomes were first converted to SDT
outcomes. The number of false-alarm intervals for each time window was then calculated
using Equation 7. The aggregate number of false-alarm intervals per participant was, there-
fore, the summation of intervals for all time windows in the scenario. The measure, AG, was
finally calculated to determine the sensitivity of each participant’s actions to required situa-
tions in GT–ASP. Figures 9 through 12 show the bivariate correlations between AG and each
of the four possible stimulus–response outcomes.

The bivariate plots suggest a high correlation between AG and the number of hits (r =
.789) as well as a negative correlation between AG and the number of false alarms (r =
–.921). To better evaluate the significance of each stimulus–response outcome as a predic-
tor of sensitivity, a multiple regression model was used. The form of the regression model
was as follows:

A a b misses b false alarms b false alarm eG′ = + + +1 2 3( ) ( ) ( int rvals b hits) ( )+ 4

Results of the regression analysis are shown in Table 4.
It is seen from Table 4 that misses, false alarms, and hits were significant predictor vari-

ables for participant sensitivity in GT–ASP. It is perhaps equally significant that the vari-
able that is least diagnostic (i.e., the number of times that nothing was done when no
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FIGURE 8 Scree plot for successive factors extracted.
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FIGURE 10 Plot of AG versus false alarms. Correlation: r = –.9211.

FIGURE 11 Plot of AG versus false alarm intervals. Correlation: r = .09225.

FIGURE 9 Plot of AG versus misses. Correlations: r = –.5245.



situation was required) was not a significant predictor of sensitivity. Therefore, AG stands as
a viable indicator of the ability of an operator to correctly meet required situations.

6. SUMMARY AND CONCLUSIONS

A research approach to evaluate operator performance in highly automated and complex sys-
tems has been proposed. The key concept within the approach is a notion of time windows.
The time window construct provides a computational framework to dynamically evaluate
operator actions in the context of heterogeneous task demands. The primary contribution of
this research is the provision of a functional link between operator actions and the domain
with which he or she interacts.

To implement time windows in a working model, a blackboard paradigm was intro-
duced. The blackboard model is suited to accommodate the time window construct because
of its ability to reason opportunistically about the availability of situations and the timeli-
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FIGURE 12 Plot of AG versus hits. Correlation: r = .78881.

TABLE 3
Significant Factor Loadings

Factor 1 Factor 2

R8ERR .777529 ns
R9ERR .838927 ns
TOTERR .953719 ns
MTACT .759150 ns
R8MT .743501 ns
R9MT .719211 ns
Explained variance 6.508721 2.626776
Proportion of total .282988 .114208

Note. Significant loadings are > .700000. ns = not significant.



ness of operator actions. It was argued that human-in-the-loop simulations are ideal tools to
investigate dynamic phenomena without concerns of the oversimplified laboratory environ-
ment or the unconstrained real world. Therefore, requirements for implementation of the
blackboard model were discussed. Moreover, a study that implemented the blackboard
model in a human-in-the-loop simulation was used to illustrate the viability of the time win-
dow construct to provide a framework for operator performance. Two methods for analysis
of time window outcomes were discussed to provide complementary perspectives on opera-
tor attunement to the constraints.

There are two major limitations in the current formulation of time windows. First, it does
not explicitly account for cognitive activity. Although it is assumed that cognitive activity is
necessary to effect action, an action is specifically defined as a detectable act at a defined
point in time. Second, the navy domain in which the time window construct was used con-
tains highly defined rules of operation. In less defined environments, however, the con-
struction of time windows will be highly contingent on the reliability of the domain and task
analysis results.

Although some evidence of the viability of time windows has been shown here, more
work remains. Based on the broad range of topics covered in the proposed research ap-
proach, it is hoped that the reader gains an appreciation of the interdisciplinary nature of the
research. In fact, considerable efforts are being made across multiple disciplines to develop
a general theoretical account of activity in terms of interactions of agents with systems in
their environments (Greeno, 1994).
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