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Procedural errors occur despite the user having the correct knowledge of
how to perform a particular task. Previous research has mostly focused on
preventing these errors by redesigning tasks to eliminate error prone steps.
A different method of preventing errors, specifically postcompletion errors
(e.g., forgetting to retrieve the original document from a photocopier),
has been proposed by Ratwani, McCurry, and Trafton (2008), which uses
theoretically motivated eye movement measures to predict when a user will
make an error. The predictive value of the eye-movement-based model was
examined and validated on two different tasks using a receiver-operating
characteristic analysis. A real-time eye-tracking postcompletion error prediction system was then developed and tested; results demonstrate that
the real-time system successfully predicts and prevents postcompletion
errors before a user commits the error.

1. INTRODUCTION
When performing a routine procedural task, people occasionally make errors
despite having the correct knowledge of how to perform the task (Reason, 1990).
These types of skill-based errors (Rasmussen, 1982) are generally known as procedural
errors and have been documented in several different domains. The base rate of
procedural errors is quite low and most of the time harmless. However, in high-risk
domains such as aviation, medicine, or military settings, procedural errors can have
serious consequences (Perrow, 1999). In fact, there have been several unfortunate
disasters attributed to these types of errors (Reason, 1990).
Raj Ratwani is an applied cognitive scientist with an interest in human–computer interaction; he is
senior research scientist at Perceptronics Solutions Inc. and an affiliate of the Psychology Department
at George Mason University. Greg Trafton is a cognitive scientist with an interest in human–computer
interaction; he is a section head in the Intelligent Systems section of the Naval Research Laboratory.
205

206

Ratwani and Trafton

CONTENTS
1. INTRODUCTION
1.1. Background
Cognitive Components of the Predictive Model
Details of the Predictive Model
1.2. The Current Study
2. EXPERIMENT 1
2.1. Method
Participants
Task and Materials
Design and Procedure
Measures
2.2. Results and Discussion
Postcompletion Error Rates
ROC Analysis
3. EXPERIMENT 2
3.1. Method
Participants
Task and Materials
Design and Procedure
Measures
3.2. Results and Discussion
Postcompletion Error Rates
ROC Analysis
4. EXPERIMENT 3
4.1. Method
Participants
Task and Materials
Design and Procedure
4.2. Results and Discussion
5. GENERAL DISCUSSION
5.1. Theoretical Implications
5.2. Generalizibility of the Predictive Model
5.3. Application of a Real-Time System
APPENDIX A. RECEIVER-OPERATING CHARACTERISTIC (ROC) ANALYSIS
APPENDIX B. SEA VESSEL TASK
APPENDIX C. FINANCIAL MANAGEMENT TASK

Many researchers have studied human error with the overarching goal of being
able to prevent these errors from occurring in the first place. There have been two
general approaches to error prevention. One approach has been to identify error
prone steps in a task and then to redesign the task to remove the error prone steps.
For example, task analysis techniques have often been used to analyze the structure
of a task to determine which steps are more prone to error (Barber & Stanton, 1996;
Kirwan, 1992a, 1992b; Shappell & Wiegmann, 2001; Stanton & Stevenage, 1998); if
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possible the task can then be redesigned to remove these steps. A concrete example of
preventing procedural errors by task redesign has been demonstrated with a specific
type of procedural error called a postcompletion error.
Postcompletion errors are associated with forgetting a final step that occurs
after the main goal of a task has been completed (Byrne & Bovair, 1997). For
example, leaving a bank card at a teller machine after completing a transaction is
a postcompletion error. This type of error commonly occurs on teller machines that
dispense the bank card after a transaction (e.g., retrieving the money). Most teller
machines have now been redesigned such that users swipe their bank card, thus
eliminating the postcompletion step from the task. In addition to teller machines,
there are several other common tasks that have postcompletion steps (e.g., replacing
the gas cap on a car, including an attachment on an e-mail message, retrieving the
original document from a photocopier, etc.). The consequences of postcompletion
errors in common tasks may be trivial, but postcompletion errors can occur in highrisk environments as well, and the consequences can be severe. For example, in
January 2005 an accident occurred in which a freight train carrying hazardous chlorine
gas collided with a standing local train; the accident resulted in nine deaths. The
accident was attributed to an improperly lined switch, which sent the freight train
down an unintended track. There had been a construction crew working on the
track that day, and after the construction crew completed work for the day the crew
forgot to return the mainline track switch back to the normal position (National
Transportation and Safety Board, 2005). This was a postcompletion error: The crew’s
main goal was to complete the track work, and the step of returning the mainline
track switch back to the normal position was to be performed after the main goal
was accomplished.
Byrne and Davis (2006) have empirically demonstrated that by redesigning a
task to remove the postcompletion step altogether, postcompletion errors can be
eliminated. However, there are limitations to the task redesign method. First, although
particular task steps might be removed because of the high likelihood of error,
procedural errors can still occur on other task steps because of extraneous factors
(e.g., fatigue, stress, distraction, etc.). Thus, this method cannot completely eliminate
procedural errors from a task. Second, it is not feasible to redesign every task or system
that is susceptible to procedural errors. There are several constraints that may prevent
the redesign of all existing systems. Specifically, it is expensive to redesign and update
some of the current large-scale systems, such as the flight management system in a
cockpit or the control interface in a nuclear power plant control room. Generally, these
large-scale systems are fully integrated, and one cannot easily remove and redesign a
single component of the system without a massive overhaul. Further, aside from the
obvious monetary cost of redesigning the actual system and implementing the new
system, there may be additional retraining time for users and expenses associated with
retraining.
A second approach to preventing procedural errors is to predict the circumstances under which a procedural error is likely to occur and then to attempt to prevent
the user from making the error. Being able to predict when procedural errors might
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occur before the error actually occurs has been the holy grail of error research. The
error prediction approach, however, requires a deep understanding of the cognitive
mechanisms underlying procedural errors. Procedural error research, and the development of specific theories of procedural errors, has had a challenging history. Because
of the difficulty in generating large-enough data sets to successfully study procedural
errors (Gray, 2000, 2004), the majority of early research on procedural errors relied
on data sets composed of observations of errors as they occur in the real-world or on
self-report measures. The early studies led to the development of several taxonomies
as well as general theories of human error (Baars, 1992; Norman, 1981; Rasmussen,
1982; Rasmussen & Jensen, 1974; Reason, 1990; Sellen & Norman, 1992). Only within
the last 10 to 15 years has there been the development of specific testable process
theories of distinct types of procedural errors (Altmann & Trafton, 2002; Byrne &
Bovair, 1997; Byrne & Davis, 2006; Gray, 2000).
The recent advancements in understanding the theoretical underpinnings of
procedural errors have allowed for the development of a predictive model of procedural errors, specifically for postcompletion errors. Ratwani, McCurry, and Trafton
(2008) described a cognitive theoretic mathematical model to predict when a user
will make a postcompletion error based on the user’s behavior. The model relies on
logistic regression, which is a statistical technique for predicting a discrete outcome
(Tabachnick & Fidell, 2001); at a high level, logistic regression is similar to multiple
regression. Logistic regression, however, can capture nonlinear relationships between
the predictors and the outcome variable. Logistic regression provides the log odds
(which can be converted to probability) of the outcome variable given continuous
or discrete predictors; the purpose of the analysis is to predict the category of the
outcome for individual cases (Peng, Lee, & Ingersoll, 2002). Ratwani et al. (2008)
examined user’s eye movement data immediately preceding a postcompletion step,
developed a set of theoretical eye movement predictors based on these data, and
used a logistic regression model to predict the likelihood of a postcompletion error.
A comparison of the model’s predicted probabilities to the actual occurrence of a
postcompletion error (i.e., the individual cases of postcompletion errors) demonstrated that the model successfully predicted the majority of postcompletion errors
in the data set upon which the model was based.
Although this predictive eye movement approach is promising and relieves
some of the shortcomings of the task redesign approach, the feasibility of such
an error prediction system is yet to be determined. The logistic regression model
has only been applied to a single task; the model should to be applied to tasks
different from the task upon which the model was originally based to determine
the robustness of the model. Critically, a true predictive system was never created
or tested by Ratwani et al. (2008). Thus, although the predictive approach may
account for postcompletion errors after a task has been completed and the eye
movement data have been analyzed, because the predictive model has never been
implemented in a real-time eye-tracking system it is unclear how successful such a
system would be at predicting and preventing postcompletion errors before they
actually occur. The goal of this article is to (a) examine whether the cognitive-
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theoretic model of postcompletion errors is robust enough to adequately predict
when a user will make a postcompletion error by applying the model to data sets
from two different tasks, and (b) to determine whether the predictive model can be
instantiated in an eye-tracking system to predict and prevent postcompletion errors
in real time.

1.1. Background
Cognitive Components of the Predictive Model
The logistic regression model used to predict postcompletion errors leverages
two different theoretical frameworks, a specific theory of postcompletion error (Byrne
& Bovair, 1997) and a broader theory of goal memory (Altmann & Trafton, 2002,
2007). Both of these theories are activation-based memory accounts. The theory of
postcompletion error, put forward by Byrne and Bovair, suggests that postcompletion errors are due to goal forgetting and inattention to the postcompletion step.
Specifically, postcompletion errors occur because the postcompletion step of a task is
not maintained in working memory and thus is not executed as part of the task. The
main goal of a task and the subsequent subgoals are stored in working memory and
must remain active to be executed. The main goal provides activation to the subgoals.
When the main goal of a task is satisfied, the goal no longer provides activation to the
subgoals; thus, the remaining subgoals may fall below threshold and will no longer be
maintained in working memory. In the bank teller machine example used previously,
the main goal of the task is to make a transaction, and when this is completed the
final subgoal of retrieving the bank card may no longer be provided activation by
the main goal. Consequently, this subgoal may fall below threshold and may not
be executed resulting in the postcompletion error of leaving the bank card at the
teller machine.
Byrne and Bovair (1997) developed a computational model of these processes
and provided empirical support of the associated processes. Empirically, Byrne and
Bovair manipulated the working memory load of participants with low and high
working memory load capacities. They found that when participants with low working
memory load capacities were given high working memory load tasks they were more
likely to make a postcompletion error. There was no difference in postcompletion
error rates for the high working memory load participants when the working memory
load of the task was manipulated. These results provide strong support for the Byrne
and Bovair theory.
The postcompletion error prediction equation also leverages a broader theory of
goal memory, called the memory for goals theory (Altmann & Trafton, 2002, 2007).
The memory for goals theory accounts for how the cognitive system remembers
its goals; for example, when completing a hierarchical task, how does one manage
to accomplish subgoals that are part of a more general high-level goal? The theory
suggests that behavior is directed by the current most active goal and that the activation
level of goals decay over time. For a goal to direct behavior, the goal must have enough

210

Ratwani and Trafton

activation to overcome interference from previous goals; thus, the goal must reach a
certain threshold to actually direct behavior.
Goal activation is determined by two main constraints. The strengthening constraint suggests that the history of a goal (i.e., how frequently and recently the goal was
retrieved) will impact goal activation. The priming constraint suggests that a pending
goal can receive activation (priming) from an associated cue. These cues can be in
either the mental or environmental context; for example, particular information in
a task interface may provide priming of a pending goal. Thus, a goal can overcome
decay and direct behavior if appropriate environmental cues are attended to (Ratwani
& Trafton, 2008). These cues may prime the goal and boost activation, allowing the
goal to overcome the interference level.
Altmann and Trafton (2002, 2007) have instantiated their theory in the ACT–R
framework. Memory for goals is a general theory of memory, but several researchers
have applied the theory to task interruption paradigms. There has been explicit
empirical support for the decay of goals over time (Hodgetts & Jones, 2006b) as
well as support for the strengthening (Trafton, Altmann, Brock, & Mintz, 2003)
and priming constraints (Hodgetts & Jones, 2006a; Trafton, Altmann, & Brock,
2005). Together, these studies provide broad support for the memory for goals
theory. It should be noted that there is considerable overlap between the predictions from the memory for goals theory as it is applied to an interruptions
paradigm and other theories (Dodhia & Dismukes, 2009) that are specific to task
interruption.
Real-Time Measures of Cognitive State. The postcompletion error prediction
equation was directly based on the Byrne and Bovair (1997) and Altmann and
Trafton (2002, 2007) memory theories. However, instead of focusing solely on
memory processes, Ratwani et al. (2008) developed eye movement measures that
co-occurred with memory processes proposed by these theories. One advantage of
eye movement measures is that they can be collected in real time. Eye movement
measures have been used as indicators of cognitive process in previous research (Just
& Carpenter, 1976; Rayner, 1998). Using eye movement measures as predictors of
the likelihood of a postcompletion error allows for the development of a real-time
feedback system if the user’s eye movements are analyzed in parallel with performance
of the task. If there is a high likelihood of error, the user can be alerted that he or
she may be likely to make a postcompletion error before the user actually makes
an error.
Developing real-time measures of cognitive processes is not a new research
endeavor. Several methods have been used to measure cognitive processes online
and to provide feedback to users. For example, eye movement measures have been
developed to discriminate between cognitive states on a variety of tasks, such as a
user being alert or fatigued (Marshall, 2007). Real-time measures of cognitive state
have been implemented in real-world systems to provide feedback to a user; for
example, systems have been developed to monitor driver fatigue (Ji, Zhu, & Lan,
2004). Methods other than eye tracking have been used to assess cognitive state
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as well. For example, electroencephalography (EEG) has been used to assess the
workload of air-traffic control operators in real time (Wilson & Russell, 2003).
There are, however, no real-time systems that can detect when a user will
make a procedural error before the error is actually made. Using simple repetitive
stimulus response tasks, researchers have shown that there is a correlation with brain
activity and error actions (Eichele et al., 2008). However, these correlations were
demonstrated after an extensive amount of data postprocessing; these correlations
were not demonstrated in real time.
Relying on eye movement measures, as opposed to behavioral measures from
EEG or functional magnetic resonance imaging (fMRI), has several advantages. The
temporal resolution of eye movement data collection allows for near immediate
processing as users interact with their environment, whereas other techniques typically incur substantial time delays. Of importance, collecting eye movement data is
noninvasive and nonintrusive. By embedding cameras in a computer monitor (e.g.,
Tobii eye trackers as well as others), eye-tracking technology is now sophisticated
enough that one can sit in front of a computer monitor, untethered, while still being
monitored by the eye tracker. This method of eye tracking allows for a free range
of motion; thus, user interaction with the eye-tracking computer monitor is similar
to user interaction with any other computer monitor and is quite natural. Setup time
with an eye tracker is extremely fast compared to other methods such as EEG.
Calibrating the eye tracker to the user requires a simple procedure of having the user
look at several dots on the computer screen and can be accomplished in a matter of
seconds. Further, the user’s calibration can be saved allowing the user to come and
go as the user pleases (e.g., on a coffee or restroom break) and return to be recorded
by the eye-tracking computer without having to recalibrate.
The use of eye-tracking technology should not be dismissed as a tool that can
be used only for experimentation in laboratory settings. Eye-tracking devices have
been successfully implemented in several field experiments. In particular, real-time
eye-tracking technology has been implemented in cars and trucks to monitor driver
fatigue (Ji et al., 2004) and awareness (Donmez, Boyle, & Lee, 2007; Pompei, Sharon,
Buckley, & Kemp, 2002), the technology has been examined as a method for control
of aircraft (Schnell & Wu, 2000), and the technology has been used to develop tools
to facilitate the interaction between disabled people and machine interfaces (De Santis
& Iacoviello, 2009).
Details of the Predictive Model
Ratwani et al. (2008) developed three measures to successfully predict postcompletion errors on a computer-based task. One measure examined whether the
postcompletion step within the task interface was fixated on or not (i.e., did the user
look at the postcompletion step button). This measure is binary and is called the
postcompletion fixation measure. The second measure was a count of the number of
fixations made by the user after completing the step just prior to the postcompletion step; this measure is called the total fixation measure. The third measure
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was time1 from completion of the action prior to the postcompletion step. The
postcompletion fixation and total fixation measures were significant predictors in
the model; the time measure was not a significant predictor. The logistic regression
equation is as follows:
Predicted logit of Error D .12

(postcompletion fixation  5.7)

C (total fixations  .63)

(time  .001)

The postcompletion fixation measure instantiates the Byrne and Bovair theory that
the reason a postcompletion error is made is because the step itself is forgotten.
Clearly, if the step is forgotten, the button or area of the interface associated with
the postcompletion step is not likely to be visually examined. The postcompletion
fixation measure also instantiates part of the priming constraint from Altmann and
Trafton (2002, 2007) which suggests that the environment (in this case, the postcompletion button) provides priming to the goal representation. Failing to look at
the postcompletion button will not boost activation, leading to a higher likelihood of
making an error. Although the process explanations are slightly different for the two
models, it is clear that not looking at the postcompletion step increases the probability
of making an error.
The total fixation and time measures are derived directly from the memory for
goals theory (Altmann & Trafton, 2002, 2007); these measures represent goal decay.
The more fixations that occur or the more time that passes, the more the subgoal of the
postcompletion step has decayed from memory and the less likely this subgoal will be
retrieved to direct behavior. Thus, the more fixations that occur or the more time that
passes, the more likely a user will be to make a postcompletion error. Of interest, the
total fixations measure was a significant predictor in the model, but the time measure
was not. The total fixations measure may also capture individual differences in decay
rates and differences in visual and cognitive activity (Just & Carpenter, 1976; Rayner,
1998); thus, this measure may provide greater predictive power than time alone.
Figure 1 illustrates how the predicted probability of a postcompletion error
changes when the predictors from the logistic regression model are varied (e.g., how
does the probability of error change given a postcompletion button fixation and an
increasing number of total fixations). We calculated the actual predicted probabilities by varying the levels of the two significant predictors (postcompletion fixation
and total fixations) and then plotted the predicted probabilities; the nonsignificant
time predictor is not represented in this figure. The binary postcompletion fixation
predictor is represented by two lines in the graph. The dashed line represents cases
where a user looks at the postcompletion action button on the task interface, and
the solid line represents cases where a user does not look at the postcompletion
action button. The continuous total fixations measure is represented on the x-axis.
1 The time measure was originally calculated by Ratwani et al. (2008) as the sum of fixation durations immediately
preceding the postcompletion action. The logistic regression model was also run using clock time, and the results
were consistent; the time measure was not a significant predictor of postcompletion errors.
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FIGURE 1. The logistic regression model developed by Ratwani et al. (2008). (Color figure
available online.)

The y-axis shows the predicted probability of a user making an error. Finally, the data
associated with the error and nonerror cases from the original Ratwani et al. (2008)
study were run through the model, and the predicted probabilities for those cases
are plotted on the graph. The empty circles represent the error cases, and the filled
circles represent the correct postcompletion actions; these circles have been slightly
jittered in the x direction of the graph to reduce the number of overlapping circles.
As the dashed line in Figure 1 suggests, if a user looks at the postcompletion
action button, there is a very low probability that the user will make a postcompletion error, at least until 10 or 15 fixations. Based on the theories just described,
fixating on the postcompletion action button suggests that the user is attending to the
postcompletion step and that attending to this cue may provide activation to the subgoal. However, as the number of fixations increases (i.e., greater goal decay), the
likelihood of a user making the error quickly increases. The majority of participants’
actual correct actions (filled circles) fall on or near the dashed line when there are
fewer than 10 total fixations (i.e., when participants get activation from looking at
the button and there is little goal decay). As the solid line in Figure 1 suggests, if
a user does not look at the postcompletion action button, there is a much higher
initial chance of the user making an error. The failure to fixate on the postcompletion
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action button reflects inattention and suggests that the subgoal is not being primed
by this environmental cue. As the total number of fixations increases (i.e., greater
goal decay), the likelihood of error quickly increases. One can see that the majority of
the error actions (unfilled circles) fall on or near the solid line when there are more
than five fixations. Overall, correct actions (filled circles) are associated with lower
predicted probabilities of error, and error actions (unfilled circles) are associated with
higher predicted probabilities of error.
One criticism of the logistic regression model might be that the predictive power
of the postcompletion button fixation measure may be explained by the fact that a
user must always fixate on the postcompletion action button before clicking the
button. After all, most actions on a computer interface require the user to attend
to the relevant parts of the interface before interacting with them. Consequently,
one might conclude that a single fixation on the postcompletion action button
would predict that no postcompletion error will occur. However, the dashed line
in Figure 1 which represents when a user looks at the postcompletion button makes
the point that a user may look at the postcompletion action button and still make
a postcompletion error. There are several instances where this might occur. For
example, if the postcompletion goal has undergone a substantial amount of decay, a
user might fixate on the postcompletion button and continue searching the interface
eventually making a postcompletion error. Thus, the explanation of looking before
clicking will not account for all of the postcompletion error cases. The measures of
decay (total fixations and time) do, however, contribute to accounting for these cases
where a user might look at the postcompletion action button and still make an error.

1.2. The Current Study
Ratwani et al. (2008) suggested that the logistic regression model can be used
to predict when a user will make a postcompletion error as the user is working on a
particular computer-based task. When the logistic regression model reveals that there
is a high likelihood of a postcompletion error, one should intervene and alert the
user that an error is imminent before the user actually makes the error. Thus, this
logistic regression model can be used to predict when a user will make an error in
real time, and then a method can be developed to prevent the user from making the
error. To accomplish this goal, the predictive value and robustness of this logistic
regression model must first be examined. After determining whether the model can
adequately predict postcompletion errors, the model can be implemented in a realtime eye-tracking system to determine whether postcompletion errors can truly be
prevented before a user actually makes the error.
Experiment 1 focused on validating the logistic regression model and on establishing an appropriate decision criterion value at which one should intervene based
on the predicted likelihood of a postcompletion error. Data were collected on that
same task that was used by Ratwani et al. (2008), and the original model was applied
to the new data set. Experiment 2 focused on validating the logistic regression model
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and the determined optimal decision criterion on a new task. In Experiment 3, the
logistic regression model was implemented in an eye-tracking system and user’s eye
movements were monitored in real time to predict and prevent postcompletion errors
as the user performed the computer-based procedural task.

2. EXPERIMENT 1
The purpose of the experiment was to answer two main questions. First, what
is the appropriate probability value at which a user should be alerted that a postcompletion error is likely? Because logistic regression results in a predicted probability
of error, not a binary indicator of error likelihood, an appropriate discrimination
criterion of error/nonerror classification must be established. Second, after establishing the optimal discrimination criterion, how well does the logistic regression model
categorize instances of errors and nonerrors on a new data set that is different from
the data set upon which the model was based? To be useful, the determination to
provide an alert should be extremely accurate, providing an alert only when an error
is extremely likely to occur, neither so often that it becomes irritating nor so rarely
that it does not prevent errors.
To answer these questions, a receiver-operating characteristic (ROC) analysis
from signal detection theory was used (see Appendix A). ROC analysis is a method
for selecting the optimum criterion when making a positive or negative decision about
the occurrence of an event (Swets, 1986a, 1986b, 1992). An ROC curve illustrates
how the true-positive (hits) and false-positive (false alarms) rates vary as the decision
criterion level is varied. A clear example of how an ROC analysis is useful comes from
Swets (1992). Swets gave an example of an inspector examining metal aircraft parts to
determine whether the metal is fatigued; if the metal is fatigued, the aircraft part
cannot be used. An inspector may conduct a diagnostic test of the part, which results
in a meter reading; based on this meter reading the inspector must decide to use the
part or not. The meter reading lies along a scale, and the decision to accept or reject
the aircraft part requires a decision criterion on the scale (e.g., a point on the scale at
which values above the criterion will be identified as fatigued and values below will
be identified as nonfatigued).
Using an ROC analysis, the number of aircraft parts that are correctly and
incorrectly identified as fatigued can be examined given different meter reading values.
Hypothetically, the meter readings range from 0 to 100 and the optimal decision
criterion is 55 (i.e., this decision criterion maximizes the true positives and minimizes
the false negatives). Thus, when the meter reading is 55 or greater, the inspector
should classify the aircraft part as fatigued, and when the reading is below 55 the
inspector should classify the part as nonfatigued. Looking at an ROC curve, one
could determine the true-positive and false-positive rates at the optimal decision
criterion and could see how these rates change as the criterion is changed. Further,
the outcomes can be weighted (e.g., it may be important to avoid false negatives)
and the decision criterion can be adjusted based on these weightings.
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Just as the inspector’s meter reading lies on a scale and the decision to accept or
reject a part requires a decision criterion, our predictive model results in the probability
of making a postcompletion error (ranging 0–100) and the decision to categorize
actions as an error or nonerror requires a decision criterion. To determine the optimal
decision criterion, participants’ eye movement data associated with postcompletion
error and nonerror actions were entered into the logistic regression model and the
predicted probabilities of a postcompletion error were determined. The predicted
probabilities were then compared to the actual occurrence of an error. The ROC
curve was calculated by varying the probability values (i.e., the decision criterion) of
error classification from 0% to 100% and plotting the associated true positives and
false positives (Fawcett, 2006; Macmillan & Creelman, 2005). Based on this ROC
curve, the optimal criterion value could be selected by finding the criterion point
on the ROC curve that is associated with the highest true-positive rate and lowest
false-positive rate. For the purposes of testing the postcompletion error model, the
consequences of the predicted outcomes (e.g., true positive or false positives) were
equally weighted. Finally, the number of postcompletion error and nonerror actions
that were correctly classified at the optimal discrimination criterion was examined to
determine the robustness of the logistic regression model.

2.1. Method
Participants
Thirty George Mason University students participated for course credit.
Task and Materials
The same experimental paradigm that was used by Ratwani et al. (2008) was used
in this experiment as well. This paradigm consisted of a procedural task that served as
the primary task and periodic interruptions from a secondary task to increase the error
rates. This allowed for a large-enough data set to study the postcompletion errors.
The primary task was a complex production task called the sea vessel task (originally
based on Li, Blandford, Cairns, & Young, 2008). The objective of the task is to
successfully fill an order for two different types of sea vessels by entering order details
in various modules on the interface (see Figure 2). The order of entering information
is as follows: vessel information, material, paint, weapons, location. Before entering
information in a module, the module must first be activated by clicking the appropriate
button in the selector window (lower right corner of Figure 2). After entering
information in the module the ok button was clicked to submit the information.
After entering information in each of the modules, the order was processed by
clicking the process button. Upon clicking the process button, a small window popped
up indicating the order had been submitted, and the window provided details about
how many sea vessels were ordered. The participant had to click the ok button
to acknowledge this window. Finally, the participant must click the complete contract
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FIGURE 2. Screenshot of the sea vessel production task. (Color figure available online.)

button to finish the order. Clicking the complete contract button is the postcompletion
step. Appendix B contains a complete description of the primary task and a diagram
illustrating the structure of the task.
The pop-up window that appeared after clicking the process button served as a
false completion signal, which is characteristic of postcompletion steps (Byrne & Bovair, 1997; Li et al., 2008; Li, Cox, Blandford, Cairns, & Abeles, 2006). Failure to click
the complete contract button after acknowledging the signal constituted a postcompletion
error.
Any deviation from the strict sequence of actions (vessel, material, paint, weapons,
location, process, complete contract) was considered an error. If a participant made
an error on the primary task, the computer emitted a beep signifying the error. The
participant had to make the correct action in order to continue on with the task; thus,
if a postcompletion error was made, the participant had to continue working and
eventually make the correct postcompletion action to move on.
After entering information in any of the modules and clicking the ok button,
the information that was entered in the module was cleared from the interface.
Thus, no information remained on the interface to indicate which steps have been
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completed. Clearing the information on the interface was purposefully done to remove
global place keeping (Gray, 2000) and to force participants to remember which steps
have already been completed without explicit environmental cues.
The secondary interruption task required participants to answer addition problems with four single digit addends; the interrupting task window completely occluded
the primary task interface.
Design and Procedure
Each order on the sea vessel task constituted a single trial. Control and interruption trials were manipulated in a within-participants design; participants performed
12 trials. Half of the trials were control trials with no interruption, and half were
interruption trials with two interruptions each. The order of trials was randomly
generated, and participants did not have prior knowledge as to which trials would be
control or interruption trials.
There were six predefined interruption points in the sea vessel task. There was
an interruption point after clicking the ok button in each of the five modules. The
sixth interruption point occurred after the process button was clicked, and the false
completion signal was acknowledged by clicking the ok button; this interruption point
occurred just prior to the postcompletion step. During the experiment, there were
12 interruptions (6 interruption trials  2 interruptions in each trial) each lasting 15 s.
The interruptions were equally distributed among the six interruption locations.
In total, there were 12 postcompletion error opportunities (one on each trial).
Six of these opportunities were during control trials with no interruptions, two
opportunities were immediately following an interruption, and four opportunities
were during interruption trials where an interruption occurred at a point that did not
immediately precede the postcompletion step.
Participants were seated approximately 47 cm from the computer monitor.
After the experimenter explained the sea vessel task and interrupting task to the
participant, the participant completed two training trials (one trial with and one trial
without interruptions) with the experimenter. Following these two training trials,
participants had to perform two consecutive randomly selected trials on their own
without making a postcompletion error before the participant could begin the experiment. Forcing participants to perform two consecutive error free trials was a
method for ensuring that participants were proficient at the task before beginning the
actual experiment. Each participant was instructed to work at his or her own pace.
When performing the interrupting task, participants were instructed to answer the
addition problems as soon as the solution was known and to answer as many addition
problems as possible in the time interval. Upon resumption of the sea vessel task,
there was no information available on the interface to indicate where to resume.
Measures
Keystroke and mouse data were collected for every participant. A postcompletion error was defined as failing to click the complete contract button and instead
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making an action that was in service of the next order on the sea vessel task
(e.g., clicking Next Order). Repeating a step that was already performed was not
considered a postcompletion error. Postcompletion error rates were calculated by
counting any postcompletion error that occurred during control or interruption trials.
The postcompletion error rate was the number of errors divided by the number of
opportunities to make a postcompletion error.
Eye track data were collected using a Tobii 1750 operating at 60 Hz. A fixation
was defined as a minimum of five eye samples within 30 pixels (approx 2ı of
visual angle) of each other, calculated in Euclidian distance. For the purposes of this
study we were concerned only with postcompletion errors; thus, all eye movement
analyses focus on the postcompletion steps. Based on the eye movement data, the
postcompletion fixation measure, the total fixation measure, and the time measure,
as used by Ratwani et al. (2008), were calculated. In the control trials, the recording
of the three measures began with the acknowledgment of the false completion signal
(i.e., clicking the ok button) and ended with the correct action of clicking the complete
contract button or an error action. In the interruption trials in which the interruption
immediately preceded the postcompletion step, the recording of these measures began
with the offset of the interruption and ended with the correct action of clicking
the complete contract button or an error action. In the interruption trials in which
the interruption did not immediately precede the postcompletion step, the recording
of the measures was the same as the control trials.
The postcompletion fixation measure was a dichotomous variable that indicated
whether the postcompletion action button (i.e., the complete contract button) was fixated
on. The total fixation and time measures were continuous variables. Consistent
with Ratwani et al. (2008), time was measured as the sum of fixation durations (in
milliseconds). To determine whether participants fixated on the complete contract button,
this button was defined as an area of interest. The width of the button subtended
3.5ı of visual angle and the height of the button subtended 1.5ı of visual angle. The
button was separated by at least 3ı of visual angle from any other relevant part of
the task interface.
Despite the nonsignificant loading of the time predictor in the original logistic
regression model, this predictor was included in the ROC analysis in all experiments.
There were theoretical reasons to initially include the time predictor, and although
it was not significant in the original formulation of the model this predictor may be
important in other tasks.

2.2. Results and Discussion
Postcompletion Error Rates
Fourteen participants made at least one postcompletion error. There were 18 postcompletion errors in the data set; the average postcompletion error rate across all
participants and all trials was 5%. Participants made significantly more postcompletion
errors in interruption trials (M D 9.4%) than control trials (M D .6%), F(1, 29) D
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14.2, MSE D 83.7, p < .001. The extremely low percentage of postcompletion errors
in the control trials suggests that participants understood that the postcompletion
step was part of the task. Participants were accurate on the interruption task itself,
attempting an average of 1.5 addition problems per interruption with an average
accuracy of 85.6%.
ROC Analysis
For each postcompletion step, regardless of whether a postcompletion error was
committed or not, the eye movement data were used to formulate the postcompletion
fixation measure and the total fixation measure. These two measures, in addition to
the time measure, were entered in the logistic regression equation (see Equation 1),
resulting in a predicted probability of error for each case. All analyses were performed
off-line after all of the participant data had been collected. To determine the optimal
decision criterion for the logistic regression model, probability values were systematically varied from 0 to 100% (Fawcett, 2006), and the predicted errors and nonerrors at
each criterion level were compared to the actual data to generate the true-positive and
false-positive rates. For example, if the decision criterion value is set at 10%, cases
with predicted probabilities greater than or equal to 10% would be categorized as
error cases and cases with predicted probabilities less than 10% would be categorized
as nonerror cases.
The pairs of true-positive and false-positive values for each decision criterion
point (0–100) were plotted generating the ROC curve seen in Figure 3. In ROC curve
space, the upper left-hand corner—that is, point (0,1)—represents perfect prediction:
all true positives and no false positives. Thus, the optimal decision criterion for the

FIGURE 3. Receiver-operating characteristic analysis (ROC) curve from Experiment 1.
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logistic regression model that will maximize true positives and minimize false positives
will be the point on the ROC curve that is closest to the upper left-hand corner.
By visually examining the ROC curve in Figure 3, one can see that the decision
criterion value of 75% generates a point on the ROC curve that is closest to the upper
left-hand corner of the graph. Note that the decision criterion value itself does not
provide information about the true-positive and false-positive rates; rather, these rates
are determined by looking at the values on the x- and y-axis associated with the 75%
decision criterion data point on the ROC curve. Looking at the curve, the decision
criterion maintains a high true-positive rate (.83) while maintaining a low false-positive
rate (.05). The 75% decision criterion value has the maximum sensitivity of all points
on the curve with d 0 D 2.6. Thus, a 75% decision criterion value maximizes true
positives (benefits) while minimizing false positives (costs).
Figure 4 shows the confusion matrix at the 75% decision criterion; this matrix
displays the number of error and nonerror actions from the data set that were
correctly and incorrectly classified. Fifteen of the 18 (83.3%) postcompletion errors
were correctly classified, and 197 of 208 (94.7%) nonerrors in the data set were
correctly classified. Thus, the 75% decision criterion resulted in a false-positive rate
of only 5.3%.
To determine how robust the logistic regression model is at predicting postcompletion errors on this data set, the area under the ROC curve (AUC) can be examined.
The area under the curve represents the probability that the logistic regression model
will rank a randomly chosen positive instance (i.e., an error) higher than a randomly
chosen negative instance (i.e., nonerror; Fawcett, 2006; Macmillan & Creelman, 2005).
The area under the ROC curve for this particular data set is equal to .93. This is
considered excellent and suggests that the logistic regression model is quite robust at
classifying errors and nonerrors.
At a high level, this ROC curve analysis demonstrates several critical points
as they pertain to postcompletion error prediction. First, the analysis suggests that
a decision criterion of 75% should be used as the point at which the user should
be notified that a postcompletion error is imminent. This decision criterion has the
greatest sensitivity in that it maximizes the number of true positives and minimizes
the number of false positives. Second, the ROC analysis demonstrates that the
postcompletion error prediction equation is quite robust in that the area under
FIGURE 4. Confusion matrix with a 75% decision
criterion applied to the sea vessel task.

Predicted
Value

Actual Value
True positive
15 (83.3%)

False positive
11 (5.3%)

False negative
3 (16.7%)

True negative
197 (94.7%)

Note. The actual number of error and nonerror actions are
displayed to the left of the percentages.
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the curve value was extremely high, suggesting that in most instances the logistic
regression model is assigning a higher probability value to errors than to nonerrors.

3. EXPERIMENT 2
Experiment 1 successfully validated the logistic regression model on the task
upon which the model was originally based. The purpose of Experiment 2 was to
determine whether the logistic regression model is task specific or whether it can
be extended beyond the task upon which it was originally based. Can the model
account for postcompletion errors on a new computer-based task? There are some
unique features of the sea vessel task used in Experiment 1 that might bring the
generalizibility of the predictive model into question. In fact, the interface of the sea
vessel task was purposefully made nonoptimal to increase error rates (Li et al., 2008).
However, because the specific predictors in the model are theoretically based, the
model should not be task specific. The general set of predictors should adequately
account for postcompletion errors, regardless of task-specific details.
Our goal in this experiment was to take the existing logistic regression model
and apply the model to data from a new task. Ideally, the same decision criterion,
theoretic variables, and weights would apply across tasks, though it would not be
surprising if the weights changed as the task changed. We thus collected data on a
new task that had a postcompletion step to evaluate the decision criterion, variables,
and weights. We again collected eye movement and RT data and performed an ROC
analysis.

3.1. Method
Participants
A new sample of 36 George Mason University undergraduate students, different
from the previous experiment, participated for course credit.
Task and Materials
Participants performed a computer-based procedural task as the primary task
and, similar to Experiment 1, participants were periodically interrupted by a secondary
task. The primary task was a complex financial management task. The goal of the task
was to successfully fill a client’s orders for different types of stocks. The orders were
to either buy or sell and were presented four at a time at the top of the screen (see
Figure 5). The current prices of the stocks associated with the orders were presented
in the center of the screen in the Stock Information column. The actual stock prices
fluctuated every 45 s.
To complete an order, participants first had to determine which of the client
orders could currently be executed by comparing the client’s requested price to the
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FIGURE 5. Screenshot of the financial management task. (Color figure available online.)

actual market price of the stock from the Stock Information column. If the client’s
order is to buy a stock, the current stock price must be equal to or less than the
requested buy price for the order to be executable. If the client’s order is to sell a
stock, the current stock price must be equal to or greater than the requested sell
price for the order to be executable. Once an order was determined to be executable,
the participant clicked the Start Order button for the respective order. To actually
fill the order, the participant had to enter details from the order itself and the Stock
Information column in to eight different modules on the screen. Participants had to
follow a specific procedure to complete the order; the specific sequence was Quantity,
Cost, Order Info, Margin, Stock Exchanges, Transaction, Stock Info, and Review.
Overall, the financial management task has a considerably better interface compared
to the sea vessel task. In particular, the spatial layout of the interface (working from
top to bottom down the left column and then the right column of Figure 5) and the
operations required to perform the task are quite intuitive. Appendix C contains a
full description of the primary task and a diagram of the task hierarchy.
After entering information in each module, the participant clicked the Confirm
button and could then move on to the next module. After clicking confirm on the
final module (the Review module), a pop-up window appeared confirming the details
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of the order. The participant then had to acknowledge the window by clicking Ok.
Finally, to complete the order the participant clicked the Complete Order button (upper
right corner). Clicking the Complete Order button was the postcompletion step, and
failing to click the Complete Order button constituted a postcompletion error.
Similar to Experiment 1, if a participant deviated from the strict procedure, the
computer emitted a beep signifying that an error had been made and the participant
had to continue working until the correct action was completed. Thus, if a postcompletion error occurred, the participant had to continue working and make a correct
action to terminate the trial. No information remained on the interface after clicking
the confirm button (i.e., no global place keeping; Gray, 2000).
The interrupting task was the same as Experiment 1 with the exception that
participants were presented with five possible solutions (four incorrect, one correct)
and had to click on the button associated with the correct solution.
Design and Procedure
The completion of one order on the financial management task constituted a
trial. The design of control and interruption trials was the same as Experiment 1,
except that there were eight possible interruption points in the financial management
task. These points occurred after clicking the Confirm button following the first
seven modules and after acknowledging the false completion signal, just prior to
the postcompletion action. The location of the interruptions on a trial-by-trial basis
was randomized with the constraint that exactly two interruptions occurred just prior
to the postcompletion step and at least one interruption occurred at each of the other
seven possible locations. The number of postcompletion error opportunities during
the interruption and control trials was the same as Experiment 1.
The interruption duration and the procedure were the same as Experiment 1.
Measures
Data collection, the definition of a postcompletion error, and the calculation of
error rates were the same as Experiment 1.
The postcompletion fixation measure, the total fixation measure, and the time
measure, as used by Ratwani et al. (2008) were calculated in the same way as Experiment 1. The width of the complete contract button subtended 2.4ı of visual angle and
the height subtended 1.5ı of visual angle. The button was separated by at least 2.5ı
of visual angle from any other relevant part of the task interface.

3.2. Results and Discussion
Postcompletion Error Rates
Nineteen participants made at least one postcompletion error. There were 27 postcompletion errors in the data set; the average postcompletion error rate across all
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participants and all trials was 6.3%. Participants made significantly more postcompletion errors in interruption trials (M D 10.6%) as compared to control trials (M D
1.4%), F(1, 35) D 16.9, MSE D 90.9, p < .001. The extremely low percentage of
postcompletion errors in the control trials suggests that participants understood
that the postcompletion step was part of the task. Participants were accurate on
the interruption task itself, attempting an average of 2.1 addition problems per
interruption with an average accuracy of 87.6%.
ROC Analysis
For each postcompletion step, regardless of whether a postcompletion error was
committed or not, the eye-movement data were used to formulate the postcompletion
fixation measure and the total fixation measure. These two measures, in addition to
the time measure, were entered in the logistic regression equation (see Equation 1),
resulting in a predicted probability of error for each case. All analyses were performed
off-line after all of the participant data had been collected.
To quantitatively determine the overall robustness of the model in accounting
for postcompletion errors and nonerrors an ROC analysis was performed, similar
to Experiment 1. Specifically, the statistic of interest was the area under the ROC
curve, which is a measure of the overall robustness of the logistic regression model in
classifying error and nonerrors cases. The area under the ROC curve for the logistic
regression model applied to this particular data set is .96 with d 0 D 2.1. The AUC value
is excellent, and this analysis suggests that the logistic regression model is appropriately
assigning a higher predicted probability of error to a randomly chosen true error case
compared to a randomly chosen nonerror case the majority of the time.
Next, the performance of the logistic regression model with the 75% decision
criterion was examined. If the predicted probability of error was 75% or greater
for a particular case, the case was classified as an error. If the predicted probability
was less than 75%, the case was classified as a nonerror. The predicted error and
nonerror cases were then compared to the actual data to determine the accuracy of
the model. Figure 6 shows the confusion matrix for the data set given the 75%
decision criterion. The model accurately predicted 25 of the 27 postcompletion

FIGURE 6. Confusion matrix given the 75%
decision criterion applied to the financial
management task.

Predicted
Value

Actual Value
True positive
25 (92.6%)

False positive
37 (10%)

False negative
2 (7.4%)

True negative
328 (90%)

Note. The actual number of error and nonerror actions are
displayed to the left of the percentages.
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errors (92.6%) and incorrectly classified 10% of the true nonerrors as errors. Overall,
the confusion matrix demonstrates that the model performed extremely well, accounting for the majority of postcompletion errors while keeping the false-positive
rate low.
The ROC analysis and the confusion matrix demonstrate three important points.
First, these analyses confirm the accuracy of the 75% decision criterion that was
established in Experiment 1. Using this decision criterion, the model performed
extremely well even when applied to a new task; more than 92% of the postcompletion
errors were correctly classified, and 90% of the nonerror actions were correctly
classified. Second, the area under the curve statistic confirms the accuracy of the
variables in the predictive model. The high AUC value shows that the model is not task
specific and provides strong support for the theoretical mechanisms underlying the
predictors. Finally, the successful validation of the model demonstrates the accuracy
of the weights of the predictors and suggests that the model taken as is can accurately
classify postcompletion errors on computer-based tasks that are different from the
task upon which the model was originally established.
In both Experiments 1 and 2, the original logistic regression model from Ratwani
et al. (2008) was applied to a new data set to determine how well the model predicted
postcompletion errors in the new data set. An alternative approach is to develop a
unique logistic regression model from each data set and then to compare the unique
logistic regression models to the original model developed by Ratwani et al. The
model comparison approach has been used to examine similarities and differences
between the original predictive model from Ratwani et al. and unique models based
on the financial management task from Experiment 2 (see Ratwani & Trafton, 2010a).
The results of the model comparison approach demonstrate a huge amount of
convergence between the different models, and the results are in agreement with
the results from the experiments presented here. In this article, we chose to apply the
original model to new data sets because the goal of this article is to demonstrate
how the original model can be applied to different tasks to successfully predict
postcompletion errors without having to take the time and effort to develop a unique
model for each task. The approach that has been used here emphasizes the applicability
of the model to different tasks, whereas the model comparison approach emphasizes
theoretical development. Some of the results of the model comparison approach are
discussed in more detail in the general discussion.

4. EXPERIMENT 3
The analyses from Experiments 1 and 2 suggest that the logistic regression model
can accurately predict postcompletion error and nonerror actions. The experiments,
however, do not speak to the feasibility of implementing this model in an eye-tracking
system to predict and prevent postcompletion errors in real time, before a user actually
makes a postcompletion error. The goal of this experiment was to determine whether
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the logistic regression model could be integrated with an eye-tracking system to analyze
users’ eye movements as a procedural task is being performed in order to predict
and prevent postcompletion errors before they occur. The real-time postcompletion
error prediction system should detect when a user has a high probability of making
a postcompletion error, and the system should notify the user that an error action is
imminent before the user actually commits the postcompletion error.
There are two important components to a real-time eye-tracking system to
prevent postcompletion errors. First, a user’s raw behavioral measures preceding
the postcompletion step must be collected and processed such that the data can
be entered in to the logistic regression model resulting in a predicted probability
of error. The data collection and processing must be done in real time as the user
is performing the task at hand. If there is a lag in the processing of the data, the
real-time prediction system is rendered useless because the user would have already
made a postcompletion error before the system detected the error. Thus, as the user
is interacting with the task there must be a near simultaneous online calculation of
the predicted probability of error. This process of analyzing eye-movement data in
real time is different from the previous experiments and different from Ratwani et al.
(2008); those experiments processed and analyzed the data well after the participant
performed the task.
The second component of the real-time system is the method in which the user
is notified that an error may be imminent. When the predicted probability of error
is calculated to be 75% or greater, a notification must be delivered to the user in a
timely fashion such that the user immediately processes the notification before the
user commits the error. Previous research has suggested that in order for a cue to be
effective, it should be salient and blatantly obvious to the user (Chung & Byrne, 2008;
Trafton et al., 2005). Thus, the prevention method that has been implemented in the
real-time error prediction system is a large red arrow pointing to the next correct
action. The red arrow cue is presented on the screen as soon as the 75% decision
criterion is reached with the intent of notifying the user of the next correct action
before the user makes an error.
To determine whether the real-time error prediction system reduces the number
of postcompletion errors, the user’s performance with the error prevention system
was compared to a baseline condition that did not have the real-time error prediction
system. If the error prediction and prevention system can adequately predict when
users will make a postcompletion error and the arrow cue can prevent the user from
making the error, the postcompletion error rate in the prediction and prevention
system condition should be drastically lower than the baseline condition.

4.1. Method
Participants
A new sample of 30 George Mason University undergraduate students, different
from the previous experiments, participated for course credit.
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Task and Materials
The primary and secondary tasks were the same as Experiment 1, and the same
eye tracker was used.
Design and Procedure
Participants were randomly assigned to either a baseline condition or a real-time
prediction and prevention condition; there were 15 participants in each condition.
The design and procedure of the baseline condition was the same as Experiment 1.
Participants performed the sea vessel production task with no real-time eye analyses
and no explicit visual cues.
The design of the real-time prediction and prevention condition was the same
as Experiment 1, with the exception that the eye-movement data were analyzed
in real time using the logistic regression model from Ratwani et al. (2008). To
simplify the real-time processing of eye-movement data, only the two significant
predictors from the model were used (postcompletion fixation and total fixations);
these predictors were calculated and continually updated during the postcompletion
step as the participant performed the task. To formulate the total fixation and
postcompletion fixation measures, participant’s eye movements were first parsed
into fixations; fixations were defined in the same way as Experiment 1. The total
fixation measure consisted of an online count of these fixations. Once a fixation
was defined, the postcompletion fixation measure was determined by comparing the
location of the fixation to the location of the complete contract button to determine
whether the fixation landed on the complete contract button or not.
After a fixation was detected, the two measures were entered into the logistic
regression equation and a predicted probability was immediately calculated. If the
predicted probability was greater than or equal to 75%, a large red arrow immediately
appeared on the screen pointing to the postcompletion action (see Figure 7). If the
predicted probability was less than 75%, no cue appeared. The periods of measurement in which real-time predicted probabilities were calculated in the control and
interruption trials was the same as Experiment 1.
Participants in the prediction and prevention condition received the same training and instructions as participants in the baseline condition. In addition, participants
in the prediction and prevention condition were told that the computer system may
present a red arrow cue pointing to the action that the computer thinks is the next
correct action when the system detects that the user is likely to make an error.
Participants were told that the system may present the arrow at any step in the task,
not just the postcompletion step. Further, participants were instructed that they could
either use or ignore a cue if a cue appeared.

4.2. Results and Discussion
In the baseline condition, 11 participants made at least one postcompletion
error; there were 17 postcompletion errors. The average postcompletion error rate
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FIGURE 7. Screenshot of the sea vessel production task with the arrow cue on the postcompletion step. (Color figure available online.)

across all participants and all trials in the baseline condition was 9.4%. Participants
made significantly more postcompletion errors in interruption trials (M D 17.8%) as
compared to control trials (M D 1.1%), F(1, 14) D 15, MSE D 138.9, p < .01.
In the prediction and prevention condition, three participants made one postcompletion error each for a total of three postcompletion errors. The average
postcompletion error rate across all participants and all trials in the prediction and
prevention condition was 1.7%. There was no statistically reliable difference between
the number of postcompletion errors on interruption trials (M D 3.3%) as compared
to control trials (M D 0%), F(1, 14) D 3.5, MSE D 23.8, p D .08.
To determine whether the real-time postcompletion error prediction system was
effective, the postcompletion error rates in the prediction and prevention condition
were compared to the baseline condition. As Figure 8 suggests, participants in the
prediction and prevention condition made significantly fewer postcompletion errors
than participants in the baseline condition, F(1, 28) D 15.1, MSE D 30.1, p < .001.
The real-time error prediction system reduced the error rate from 9.4% in the baseline
condition to 1.7% in the real-time prediction and prevention condition; the real-time
eye-tracking system was highly effective at reducing the occurrence of postcompletion
errors.
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FIGURE 8. Postcompletion error rates by condition.

Note. Error bars represent standard error.

In the prediction and prevention condition, the real-time cue was deployed
13.9% of the time. Thus, the low postcompletion error rate in the prediction and
prevention condition is not due to the cue firing on every single postcompletion
step. Further, there was no statistically reliable difference between the frequency at
which the cue was deployed in the prediction and prevention condition and the 9.4%
postcompletion error rate in the baseline condition, F(1, 28) D 1.6, MSE D 148.1,
p D .2. Of the three postcompletion errors that were committed in the prediction and
prevention condition, two errors were missed by the real-time system (i.e., the cue
did not deploy), and in one error instance the cue deployed in time but the participant
still made an error.
There was no statistically reliable difference in accuracy on the interrupting task
in the prediction and prevention condition (M D 79.6%) and the baseline condition
(M D 79.9%), F(1, 28) D .002, MSE D 319.1, p D .9. There was also no statistically
reliable difference in the number of addition problems attempted per interruption in
the prediction and prevention condition (M D 1.6) and the baseline condition (M D
1.8), F(1, 28) D 1.2, MSE D .36, p D .3. These results suggest that participants were
taking the interrupting task seriously in both conditions.
Overall, these results demonstrate that the logistic regression model can be
integrated with an eye tracker to monitor a user’s eye movements as he or she
performs a procedural task, successfully predict when the user is likely to make a
postcompletion error, and notify the user of the error before the error is committed.
This real-time error system successfully predicted when errors would be made, and the
red arrow cue served to successfully prevent the postcompletion errors, as indicated
by the lower postcompletion error rate in the real-time cue condition.
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5. GENERAL DISCUSSION
The three experiments presented here demonstrate that the predictive logistic
regression model of postcompletion errors developed by Ratwani et al. (2008) can
be successfully instantiated in an eye-tracking system to predict and prevent postcompletion errors before they occur. Experiment 1 served to establish an optimal
decision criterion of intervention assuming equal weighting of the predicted outcomes. Experiment 2 validated the model on a task different from the task upon
which the model was originally based, suggesting that the model is not task specific
and may be generalizable to a larger set of computer-based tasks. Instantiating the
predictive model in a real-time eye-tracking system in Experiment 3 resulted in
a substantial and significant reduction in the postcompletion error rate compared
to a baseline condition without the real-time system (from more than 9% to less
than 2%).
One of the major contributions of this work is that it illustrates that there are
behavioral differences, measured by eye movements in this case, preceding error,
and non-error actions and that these differences can be quantified and leveraged
to predict a user’s actions before the user makes the action. The use of eye movements in our predictive and preventive model is drastically different from previous
research that has used eye movements to assess cognitive state (Marshall, 2007).
First, our approach measures behavior to predict a future outcome, whereas the
research assessing cognitive state is measuring behavior to determine the current
cognitive state of the user and is not predictive. Second, our approach functions
on a very short time scale (generally .5 s to 2 s) to predict behavior on an action
to action basis. Using eye-movement measures to evaluate the cognitive state of a
user (e.g., fatigue, boredom, etc.) relies on a longer time horizon and the transition
between cognitive states is much more gradual than the time between actions on a
procedural task.
The time scale of prediction and prevention granted by eye-movement measures,
and the predictive model presented here is starkly different from the EEG and fMRI
approach, which correlates preceding brain activity and errors (Eichele et al., 2008).
The temporal resolution of the EEG and fMRI techniques, as well as the dataprocessing time, may be limiting factors in developing a predictive system from these
measures, at least in the near future. Further, measuring brain activity is far more
intrusive and constraining than the eye-tracking system presented here. Currently, the
research correlating brain activity and errors is confined to simple highly repetitive
tasks (e.g., the flanker task). The brain activity measures have not been demonstrated
on more complex tasks like the ones used in the current study.
Note that one of the assumptions of logistic regression is independence of data,
which we are clearly violating in our predictive model (e.g., a participant contributes
multiple data points to the data set). There are several reasons to believe that our
predictive model has some validity, even while violating this assumption. First, when
comparing unique models developed from different data sets and different people,
there is a large amount of similarity between the models (Ratwani et al., 2008; Ratwani
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& Trafton, 2010a), suggesting that in this case the violation is not critical. Second,
as seen in the experiments presented here, the original model has been validated on
two different data sets and the original model was used to prevent errors in real time.
Thus, the original model has been successfully used on at least four different data
sets. These results suggest that the data independence violation is not critical to the
success of the model.

5.1. Theoretical Implications
The success of the predictive model in accounting for postcompletion errors
across different tasks provides additional support for the components of the Byrne
and Bovair (1997) and the Altmann and Trafton (2002, 2007) theories. The predictive
model demonstrates that inattention to the postcompletion step, attending to appropriate environmental cues, and goal decay are important components in accounting
for postcompletion errors. Although the cognitive theories do not make explicit
predictions about which of these predictors are more important in accounting for
postcompletion errors, in other work (Ratwani & Trafton, 2010a) we have examined
the relative contribution of each of the predictors. These analyses have demonstrated
that fixation on the postcompletion action button contributes the most to the predictive power of the model. Thus, goal forgetting and cue association are critical
mechanisms underlying postcompletion errors.
The contributions of the total fixation and time predictors, although still important to the overall power of the model, do not contribute as strongly to the overall
model as the postcompletion fixation predictor does. When comparing the significance and weights of the total fixation and time predictors across tasks, there is
also more variability in these predictors. The total fixations predictor has consistently
been a significant predictor (Ratwani et al., 2008; Ratwani & Trafton, 2010a). The time
measure did not load significantly in the model from Ratwani et al. (2008), which was
based on the sea vessel task, but it was a significant predictor when a unique logistic
regression model was developed based on the financial management task (Ratwani &
Trafton, 2009).
The variability associated with the time and total fixations predictors may be
attributed to individual differences. The time measure is a global measure of decay
that essentially represents equal decay rates across all users. Fixation durations, however, are different across individuals and differ depending on the visual item being
processed. Thus, in a fixed duration of time, different users may have different total
fixation counts. These fixation counts may capture individual differences in the decay
rate of memory items as well as individual differences in processing time. It would be
considerably easier to use time to represent goal decay as opposed to having to monitor
eye movements, but because fixations may be capturing individual differences, the
total fixation predictor may be more powerful than the time predictor. Because of
the variability in both of these predictors, it is important to include both predictors
in the model.
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5.2. Generalizability of the Predictive Model
The ROC analyses comparing the performance of the logistic regression model
across two different tasks suggests that the model is robust across tasks. However, to
generate a large-enough data set of errors to develop and test the logistic regression
model, given the generally low base rate of procedural errors, manipulations were
used to increase the postcompletion error rate. Specifically, no environmental cues
were present on the interface of the sea vessel and financial management tasks; thus,
there was no easy method of global placekeeping (Gray, 2000). This manipulation
increased the memory load of participants and increased the likelihood of postcompletion errors. Second, participants were interrupted as they performed the primary
procedural tasks. Interruptions also increased the likelihood of postcompletion errors
(Li et al., 2008).
One concern is that the manipulations used to increase the postcompletion error
rate may also be influencing the logistic regression model such that the model represents the cognitive processes under these specific conditions. Thus, the model may
not be generalizable outside of these conditions. To address this concern, Ratwani
and Trafton (2010a) examined performance of the logistic regression model from
Ratwani et al. (2008) on the financial management task with global placekeeping. In
that experiment, environmental cues remained on the interface, allowing participants
to use this information to keep track of their progress in the task. When the logistic
regression model was applied to these data, the model accurately predicted more
than 87% of the postcompletion errors with a false-positive rate under 8%. The high
true-positive rate and the low false-positive rate suggest that the model can account
for postcompletion errors in tasks with global placekeeping.
Examining performance of the logistic model under conditions where there
is no interruption immediately preceding the postcompletion step is more difficult
because very few errors occur under these circumstances. However, to address this
concern, the performance of the logistic regression model was examined on data
from four different experiments: Experiments 1 and 2 from this article, Ratwani et al.
(2008), and Ratwani and Trafton (2010a). From these four experiments, there were
11 postcompletion errors where an interruption did not precede the postcompletion
step. The predictive model accurately predicts nine (82%) of these cases. Although
there are few data points, this analysis suggests that the model is generalizable to cases
where interruptions are not present.
Although we have demonstrated that the logistic regression model can accurately
predict postcompletion errors on two different tasks under various conditions, it is
important to note that the model is not likely to be generalizable to other types of
procedural errors. Postcompletion errors are a very specific type of procedural error
that occurs under specific circumstances. A critical underlying theoretical component
of the predictive model is goal forgetting and inattention to the postcompletion action.
Postcompletion errors are more susceptible to goal forgetting because the postcompletion step occurs after the main goal of the task is completed and, consequently, is
no longer maintained in working memory (Byrne & Bovair, 1997). Other procedural
errors, on the other hand, are not necessarily due to goal forgetting. For example,
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anticipation and perseveration errors (i.e., repeating or skipping a step) occur at other
points in the task hierarchy and have a different theoretical explanation (Byrne &
Bovair, 1997; Cooper & Shallice, 2000; Trafton, Altmann, & Ratwani, 2009). These
errors are associated with not knowing where in the task procedure work should
be completed as opposed to a pure goal-forgetting mechanism. Thus, other types
of procedural errors will likely require predictive models that better represent the
underlying theoretical constructs that account for those specific errors. The eyemovement-based methodology that we have used to predict postcompletion errors
may still be fruitful, but the specific predictors will likely be different for different
types of procedural errors.

5.3. Application of a Real-Time System
There are several methods for reducing postcompletion errors. Task redesign is
the most effective method in that postcompletion errors can be completely eliminated
(Byrne & Davis, 2006). However, there are several large-scale, costly systems where
redesigning the task to remove error prone steps is simply not possible. An alternative
method to task redesign is to constantly present a cue indicating the next correct action
every time the action needs to be performed (Byrne & Davis, 2006; Chung & Byrne,
2008). Unfortunately, this constant cue method has several disadvantages. First, users
can become frustrated and annoyed with a cue that is always present (Ceaparu, Lazar,
Bessiere, Robinson, & Shneiderman, 2004). Second, on interfaces that are rich with
information, a constant cue can contribute to visual clutter on the interface (Heiner &
Asokan, 2008). Finally, users often become accustomed to information that is always
present on an interface, and users begin to ignore this information (Burke, Hornof,
Nilsen, & Gorman, 2005). For these reasons, a constant cue may become ineffective
over a long period.
The real-time prediction and prevention approach presents a cue only when
there is a high likelihood of a user making an error and resolves many of the issues
that are present with the constant cue method. Users are less likely to be annoyed
with the cue because it will only be presented when it is really needed; the cue will not
be constantly present reducing visual clutter; and, it is important to note, the cue will
remain effective because the cue will not be seen one every postcompletion action.
Of course, the effectiveness of a real-time prediction and prevention system
depends on the accuracy and reliability of the system. If the system is not reliable,
the operator will not trust the system. Our system is accurate with an average
of 88% of the postcompletion error actions correctly classified in Experiments 1
and 2. However, the ROC analyses that were performed to establish the optimal
criterion of intervention assumed an equal weighting for true positives and false
negatives. Depending on the setting in which the prediction and prevention system
is implemented, the criterion can be shifted to be more liberal or conservative. For
example, in high-risk environments where the consequences of a postcompletion
error are severe, one might shift the criterion to reduce the number of false negatives
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(increasing false positives) in an attempt to ensure that a postcompletion error does
not occur. Shifting the criterion is going to change the accuracy of the model and will
influence operator trust in the system. These trade-offs require further investigation.
An important aspect of the real-time prediction and prevention system is the
effectiveness of the cue. If a cue is presented and the user does not detect the cue
before the user commits the error, the prediction and prevention system is completely
noneffective. Several researchers have examined the properties of visual cues to determine what makes an effective cue (Byrne, 2008; Chung & Byrne, 2008; Czerwinski,
Cutrell, & Horovitz, 2000; Trafton et al., 2005). For a cue to be effective, the cue
should be blatantly obvious (i.e., highly salient), be very specific, and be presented just
prior to the action that is being cued. Byrne (2008) found empirically that presenting
a cue just prior to the action that needs to be cued as opposed to having the cue
present from the beginning of the task is the most critical aspect of designing an
effective cue.
The manner in which the real-time error prediction and prevention system
was implemented in Experiment 3 leveraged the just in time aspect of effective cue
presentation. In addition, the cue was salient and specific. Although the red arrow
cue that was used was effective, this type of visual cue can contribute to visual clutter
in more data-rich interfaces. Thus, the effectiveness of more general methods of
cueing such as an auditory tone or a screen flash should be examined to alleviate the
potential visual clutter problem.
The real-time eye-tracking approach to minimizing postcompletion errors would
be the most beneficial in high-risk environments where task redesign is prohibitively
expensive or not possible due to the inherent structure of the task. High-risk environments include areas such as aviation and other transportation systems, the medical
domain, and military systems to name a few. There are several real-world settings
where the real-time postcompletion prediction system could be implemented; two
concrete examples are given here.
In the aviation domain, most modern cockpits of commercial airliners use a
flight management system, which is a computer-based system for planning a flight. A
pilot’s duty is to enter information in this computer-based system, such as the origin,
destination, and route, before takeoff so that the trip is efficiently planned. Entering
information in the flight management system is a procedural task: Experienced pilots
have performed the task hundreds to thousands of times. Some flight management
systems also have a postcompletion step, specifically, after editing a route that requires
several subgoals, one must push the execute button for the edited route to be finalized.
Pilots occasionally fail to push the execute button and the route remains in its original
form. The consequences of this error can be severe; for example, if the original route
remains and autopilot relies on the entered route, the aircraft may actually be traveling
on a route that is different from what the pilot and air traffic control intended. Errors in
the cockpit are exacerbated by the fact that the cockpit can be a very busy environment
with constant interruption and distraction from air traffic control and flight attendants
(Boehm-Davis & Remington, 2009; Chou & Funk, 1990; Loukopoulos, Dismukes,
& Barshi, 2001).

236

Ratwani and Trafton

To completely eliminate the postcompletion error from the cockpit, the flight
management task could be redesigned such that the postcompletion step no longer
exists. However, the task redesign approach would require replacing all existing
systems, and there would be large time and monetary costs to eliminate the postcompletion error. Alternatively, an eye-tracking system could be implemented in
the cockpit environment to help reduce the occurrence of postcompletion errors.
The eye-tracking system would not require the pilot to change his or her behavior,
and the system would not interfere with the pilot’s performance; in fact, in field
experiments, eye trackers have been embedded in cockpits before (Dehais, Causse,
& Pastor, 2008).
The second example of a real-world scenario in which a postcompletion error
prediction and prevention system could be used comes from the medical domain.
To order medications for patients, physicians use a computerized order entry system.
Detailed information about the patient and the required medications are entered
into this system, and the medication that is eventually prescribed to the patient is
based on this system. Entering an order into this system is a procedural task, and a
documented error that occurs with this system is failing to log off the patient’s order
entry after completing the order details (Koppel et al., 2005). Physicians complete the
main goal of entering the patient’s order but occasionally make a postcompletion error
by failing to log off the system after the main goal of entering the patient information
is completed. This postcompletion error can have serious consequences because a
physician may later make a new entry without realizing that the previous entry was
still logged on; consequently, patients may receive unintended medications (Koppel
et al., 2005).
Eliminating the postcompletion error from the physician order entry system by
task redesign could be rather difficult because this step cannot be easily moved to a
different part of the task structure such that it no longer occurs after the main goal
of the task is completed. The postcompletion error can be prevented using the realtime prediction and prevention system. Current eye-tracking technology can detect
and capture a user’s eye movements whenever the user is in front of the computer
monitor without recalibrating each time the user moves away from the monitor. Thus,
whenever the physician is in front of the computer terminal entering information in
the order entry system, the physician’s eye movements can be recorded and analyzed
to predict and prevent postcompletion errors.
Implementing an eye tracker in real-world scenarios like the cockpit of an
airplane or on medical computers to prevent postcompletion errors may seem like
an exorbitant step; however, in these high-risk domains the cost of a postcompletion error can potentially outweigh the cost of the eye tracker. Further, in these
domains, an eye tracker can be used for other functions beyond postcompletion
error prediction and prevention. For example, in the cockpit of an airplane, eyetracking algorithms could also be implemented to determine pilot workload and
fatigue (Marshall, 2007) as well as pilot situation awareness (Ratwani & Trafton,
2010b). Thus, the eye tracker could be used to measure several cognitive functions
in real time to facilitate pilot performance. In addition, it may be possible to develop
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eye-movement-based algorithms to predict other types of procedural errors based
on the methodology we have used to predict postcompletion errors. Once these
algorithms are developed, they can be run on the same eye tracker, providing an
even greater motivation to include eye trackers in these high-risk systems. Thus,
the introduction of eye-tracking technology is not limited to the prevention of
postcompletion errors; rather, eye trackers can benefit user interaction in several
different ways.
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APPENDIX A. RECEIVER-OPERATING
CHARACTERISTIC (ROC) ANALYSIS
A receiver-operating characteristic analysis (ROC) comes from signal detection
theory and has been used in numerous domains (i.e., decision sciences, machine
learning, medical sciences, etc.). For the purposes of this article, we use ROC analysis
as a method of examining the performance of a classifier at distinguishing between
two discrete states of the world (Fawcett, 2006; Macmillan & Creelman, 2005). The
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combination of the two discrete states (e.g., error or no error) and the two predicted
classifications (predicted error or no predicted error) results in four possible outcomes:
true positives, false negatives, false positives, and true negatives. An ROC curve is a
plot of the false positive (x-axis) and true positive (y-axis) rates based on the classifier
function. In ROC space, the upper left-hand corner of the plot represents perfect
prediction where the true positive rate is 1 and the false positive rate is 0 (Swets,
1992).
In cases where a classifier function does not result in a binary outcome, such as
logistic regression that results in a log odds (which can be converted to predicted
probability), a criterion needs to be established to categorize the discrete states
of the world. An ROC analysis provides a method for visualizing the performance of
the classifier function at each possible criterion level. Each criterion level will have
an associated true-positive and false-positive point in ROC space. By selecting the
criterion level associated with the ROC curve point that is closest to the upper
left-hand corner in ROC space, the optimal criterion can be determined.
There are several ways of gauging the performance of a classifier using an ROC
analysis. One of the most common measures is the area under the curve (AUC).
The AUC is equivalent to the probability that the classifier will rank a randomly
chosen positive instance higher than a randomly chosen negative instance (Fawcett,
2006). When applying a classifier with a specified criterion to set of binary instances,
one can also examine the four possible states that are represented in a confusion
matrix (Fawcett, 2006). In addition, sensitivity is also examined that refers to the
separation of signal and noise; the greater the sensitivity, the better the classification.
Sensitivity is commonly measured by d 0 and generally varies between .5 and 2.0
(Swets, 1964).

APPENDIX B. SEA VESSEL TASK
Figure 9 shows the sea vessel production task structure and the actions required
to complete a single order. The procedure for performing the sea vessel production
task is detailed here:




Begin the task by clicking the Next Order button. Orders for two different types
of navy sea vessels will appear in the Navy Manifest window. The Navy Manifest
provides specific information in regard to the Quantity, Vessel type, Material,
Weapons, and Paint that should be included in each order.
The first module to complete is the Vessel Module. Begin by clicking the Vessel
Selector button from the Selector window. A message reading ‘‘Vessel Activated’’
will briefly appear, indicating that you have activated the Vessel module. In the
Vessel module, click the appropriate vessel types based on the Navy Manifest
and enter in the specific quantities as indicated in the Navy Manifest. Click the
Total button, calculate the sum of the two vessel types, and enter the sum in
the Total field. To complete the module click Ok.
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FIGURE 9. Sea vessel task structure.
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The second module to complete is the Material Module. Begin by clicking the
appropriate Selector button from the Selector window and enter in the details in
the Material module based on the information provided in the Navy Manifest.
Click Ok to complete the module.
The third module to complete is the Paint Scheme Module. Begin by clicking the
appropriate Selector button and enter in the details in the Paint Scheme module
based on the information provided in the Navy Manifest. Click Ok to complete
the module.
The fourth module to complete is the Weapons Module. Begin by clicking the
appropriate Selector button and enter in the details in the Weapons module
based on the information provided in the Navy Manifest. Click Ok to complete
the module.
The fifth module to complete is the Location Module. Begin by clicking the
appropriate Selector button and enter in the details in the Location module
based on the information provided in the Navy Manifest. Click Ok to complete
the module.
Click the Process button to process the order. Upon clicking the Process button
a pop-up window will appear indicating the number of sea vessels you have
ordered. Click the Ok button to acknowledge the message.
Click the Complete Contract button to finish the order.

APPENDIX C. FINANCIAL MANAGEMENT TASK
Figure 10 shows the financial management task structure and the actions required
to complete a single order. The procedure for performing the financial management
task is detailed next:








Begin the task by clicking the Start Order button of an order that is currently
active. To determine whether an order is active, compare the current prices of
the stocks in the stock information box to the desired buy and sell prices of the
orders. If a client wishes to sell a stock and the desired sell price is at or above
the current market price of the stock, the order is valid. If the client wishes to
buy a stock and the desired buy price is at or below the current market price,
the order is valid.
The first module to complete is the Quantity module. In the Quantity module,
select the appropriate client and quantity based on the order and then click the
confirm button.
The second module to complete is the Cost Module. Select the appropriate actual
stock price based on the Stock Information box, select the requested price based
on the order, and click confirm.
The third module to complete is the Order Info Module. Select the associate
based on the Stock Information box, select the order number based on the order,
and click confirm.
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FIGURE 10. Financial management task structure.
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The fourth module to complete is the Margin Module. Determine whether the
order is a margin order by looking at the client’s order. If the order is a margin
order, select the appropriate margin rate based on the Stock Information box.
After entering the information, click confirm.
The fifth module to complete is the Stock Exchanges module. Look at the order
to determine which exchange the order is on. Click the appropriate exchange and
based on the exchange select the appropriate fees. After entering the information,
click confirm.
The sixth module to complete is the Transaction module. Click buy or sell based
on the order and then click confirm.
The seventh module to complete is the Stock Information module. Select the
name and symbol of the stock based on the order. After entering these details,
click confirm.
The eighth module to complete is the Review module. If the order if or more
than 5000 shares select All/None, otherwise select Alert Manager. After making
the selection, click confirm.
After clicking the confirm button on the eighth module, a window will pop up
that displays the stock in the transaction, the shares being bought or sold, and
the commission. Click ok to acknowledge the message.
Click the Complete Order button to finish the order.
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