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a b s t r a c t

With technological developments in robotics and their increasing deployment, human-robot teams are
set to be a mainstay in the future. To develop robots that possess teaming capabilities, such as being able
to communicate implicitly, the present study implemented a closed-loop system. This system enabled
the robot to provide adaptive aid without the need for explicit commands from the human teammate,
through the use of multiple physiological workload measures. Such measures of workload vary in
sensitivity and there is large inter-individual variability in physiological responses to imposed taskload.
Workload models enacted via closed-loop system should accommodate such individual variability. The
present research investigated the effects of the adaptive robot aid vs. imposed aid on performance and
workload. Results showed that adaptive robot aid driven by an individualized workload model for
physiological response resulted in greater improvements in performance compared to aid that was
simply imposed by the system.

© 2017 Elsevier Ltd. All rights reserved.
1. Introduction

The population of robots in the world reached 8.6 million in
2010 (Guizzo, 2010). In 2016, the global robotics market was worth
$25.9 billion USD. This is expected to reach $31.5 billion USD in
2021, expanding at a compound annual growth rate of 4.0%
(Wilson, 2016). Although traditionally robots have been assigned
tasks that are typically “dirty, dangerous, and dull” (Takayama et al.,
2008), in recent years, increased robot functionality has resulted in
their deployment in a greater variety of domains such as in bomb
disposal, search and rescue missions, manufacturing (Guizzo and
Ackerman, 2012), as surgical robots in healthcare (da Vinci
surgery, 2013), and as robot assistants for the elderly or disabled
(Kumar et al., 2006) in which their more intelligent contributions
are now being mandated.

Despite these advances, robots are still largely teleoperated via
remote control and require explicit commands, which confines
their use to relatively structured tasks. To enable robots to operate
d Training, 3100 Technology
in more novel environments, performing less structured tasks, ro-
bots must be capable of richer human-robot communications that
may approach that exhibited in human teams (DRC, 2013). Robots
with such capability should be more responsive to humans and
exhibit behaviors that approximate teaming, including sensing the
human operator's psychological status such as experienced work-
load and fatigue. One possible strategy for enhancing capability is
through the use of a closed-loop system that adapts the robot to
provide appropriate support when the human becomes overloaded
(see Hancock and Chignell, 1988).

1.1. New technology for human-robot communication

A closed-loop system uses feedback or error signals to drive
corrective actions that maintain a desired system state (homeo-
stasis). Such systems have been in existence for several centuries,
with many modern examples (e.g., thermostats, cruise control in
cars). However their use in the human-robot teaming context is
relatively recent. A closed, feedback loop, using measures of the
human operator's workload as input, could allow selection of robot
aiding behaviors that maintain the operator's workload state at a
moderate target level (see Hancock and Chignell, 1987). Hence, if
the operator is experiencing high workload to the point that
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jeopardizes his/her performance, the robot can aid by relieving the
operator of certain tasks. Robot teammates' behavioral repertoire
can include aiding with subtasks without being instructed to do so,
such as anticipating needs by appropriately escalating information,
and initiating actions such as messaging for help instead of
requiring the operator to do so him/herself. When operator work-
load state returns to more manageable levels, the robot can adapt
its behaviors to return full task control to the human teammate.
Adaptive reversion of task control to the human teammate may
minimize the often-cited problems associated with having the
human “out-of-the-loop” such as the loss of situational or system
awareness, increased complacency, over-reliance issues, skill atro-
phy, performance degradations, and unbalanced mental workload
(Carmody and Gluckman, 1993; Endsley and Kiris, 1995;
Parasuraman and Wickens, 2008; Smith and Hancock, 1995).

Critically, the robot must be capable of detecting this human
overload implicitly, without overt instructions. Implicit communi-
cations is crucial where the operator is unable to issue explicit in-
structions. For instance, the operator may be experiencing such
high workload but task demands prevent him or her from being
able to instruct the robot on how to assist. It is also possible that
operators may not be aware of their own workload state when
intensely engaged in the task at hand.

The closed-loop system therefore requires a workload model
that assesses and classifies operator workload without operator
input. Subjective workload responses tend to disrupt performance
as they require the operators’ explicit reports. In contrast, physio-
logical measures of workload allow continuous assessment, pro-
vide high temporal resolution, and rarely require any disruptive
overt response from the operator. Thus, they are particularly suit-
able as indicators of operator workload in adaptive systems (Byrne
and Parasuraman, 1996; Hancock and Chignell, 1987, 1988). Despite
these advantages, physiological assessments also have limitations
(Cain, 2007). Depending on the measure, these may include lower
sensitivity to task demands relative to subjective scales, or sensi-
tivity to certain characteristics of taskload only. Measures may also
be contaminated by general stress responses. Conceptual linkages
from physiology to performance may also be insufficiently speci-
fied. Nevertheless, developments in recording and processing
physiological signals, together with accumulating evidence for
validity, have heightened interest in the physiological approach
(e.g., Chen and Barnes, 2014).

The basis of physiological workload measures (e.g., heart-rate,
ocular activity, brain activity, hemodynamics) lies in the notion
that, with the activation of various cognitive processes required to
process task demands and execute the required responses, there
are correspondng physiological responses. Commonly-used mea-
sures include heart rate, heart rate variability, respiration rate, brain
activity, pupil size (diameter), and electrodermal activity, among
many others. Rationales for specific measures may be found in re-
views by Abich (2013), Borghini et al. (2014), Warm et al. (2012),
Meshkati et al. (1995), and Young et al. (2015). For the present
study, the physiological workload measures selected address re-
sponses in both central (i.e., brain activity, cerebral perfusion as
indicated by level of oxygen saturation, and cerebral bloodflow
velocity) and peripheral responses (i.e., cardiac and ocular re-
sponses) that index such cognitive activity.

1.2. Development of a workload model that accommodates
individual variability in physiological responses

A challenge for ergonomic applications is the complexity of the
neuropsychological workload construct (e.g., Young et al., 2015).
Different metrics for workload may dissociate from one another,
and from performance as task demands change (Hancock and
Scallen, 1996; Horrey et al., 2009; Szalma and Teo, 2012). In the
adaptive aiding context, it is essential to distinguish (1) objective
external task demands (which we call “taskload”), (2) objective
performance, and (3) workload as subjective and physiological in-
dicators reflective of operator neurocognitive state. In some cir-
cumstances, loss of performance may be used to drive an
automated aid directly, without the need for workload assessment.
By contrast, use of workload rather than performance as the driver
may be more effective in contexts in which (1) it is difficult to
monitor performance continuously, (2) performance is influenced
by multiple factors, and/or (3) it is important to anticipate future
performance degradation as initial compensation for high task load
becomes increasingly difficult (Cain, 2007; Hancock and Warm,
1989).

However, workload-driven adaptive aiding will only be effective
if there is a negative taskload e performance association, so that
mitigating taskload enhances performance. There are several cir-
cumstances in which taskload dissociates from performance. At
moderate levels of demand, people often compensate for changing
taskload levels to maintain constant performance, although low
workload appears to be especially hard to manage (Hancock and
Warm, 1989; Saxby et al., 2013) and may contribute to loss of sit-
uation awareness (Young and Stanton, 2007). Indeed, workload
may reflect the operator's strategies for active management of task
demands, strategies that may change dynamically during the
course of performance (Hockey, 1997; Saxby et al., 2013). Especially
in real-life settings, high workload may be experienced as enjoy-
ably challenging and motivating (Matthews, 2016), potentially
leading to positive workload-performance associations (Abich
et al., 2017). Thus, workload is primarily useful for driving aiding
or other automation in task settings that produce congruent re-
actions indicative of overload: subjective workload and stress, little
strategic compensation, and performance impairment.

Evenwithin the subset of task environments in which workload
is diagnostic of performance, there are assessment challenges, e.g.,
different workload measures do not always concur. Workload may
be assessed with subjective scales such as the NASA-TLX (Hart and
Staveland, 1988), but such measures do not adequately capture
physiological response (Matthews et al., 2015). Different forms of
taskload, such as working memory demands, multi-tasking, and
signal salience may all provoke feelings of overload. However,
different taskload factors may elicit different patterns of physio-
logical responses so that an algorithm based on responses to
increasing working memory demands, for example, might not be
effective in driving an adaptive system for handling multi-tasking.

A further major challenge associated with the use of physio-
logical workload measures involves the large inter-individual
variability of such responses (e.g. Hancock et al., 1985; Moray,
1984; Meshkati and Loewenthal, 1988; Roscoe, 1993; Johannes
and Gaillard, 2014). There are multiple, weakly-correlated work-
load responses associated with indices of autonomic and central
nervous sytem functioning. For example, one individual might
show a strong electroencephalographic (EEG) response but a weak
electrocardiac response, whereas another person might show the
opposite pattern (Matthews et al., 2015). The workload model
driving the closed-loop system would need to accommodate this
inter-individual variability in physiological responses to workload
across multiple measures in order to be fully effective.

The present study used a task environment represented by a
simulation of an unmanned vehicle operation. This met the criteria
we have defined for application of workload-driven adaptive aid-
ing. The participant monitored one or more computer-screen
windows for critical signals. The task imposed relatively high
event rates to make the task attentionally demanding and limit
possible strategic compensation. Taskloads are not so low as to
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impair situation awareness or effort-regulation (Hancock and
Warm, 1989; Saxby et al., 2013). Abich et al. (2017) compared sin-
gle- and dual-task performance and found that dual-tasking
induced a consistent pattern of outcome change indicative of
overload as demonstrated by substantial performance impairment,
increased subjective workload, and increased distress.

Data from two previous studies that have used the same task
and context as the present study were exploited to develop the
workload model (Abich, 2013; Matthews et al., 2015; Teo et al.,
2016). Data from one of these studies served as the training data-
set, while data from the other served as the validation dataset. Both
studies provided data on individuals’ physiological workload re-
sponses, as well as subjective, and performanceworkloadmeasures
during both single- and dual-task conditions.

The first study (training dataset) used a Change Detection Task
(CDT) that required icon change recognition on a map, and a Threat
Detection Task (TDT) that required detecting threat characters in a
video feed. The second study (validation dataset) consisted of an
entirely different sample of participants but featured the same CDT
with the same task parameters. However, instead of detecting
threat characters, the second task required participants to answer
auditory prompts about characters in the video feed. In both
studies, tasks were performed in a simulation of a military mission
undertaken by a Soldier and an Unmanned Ground Vehicle (UGV).

Analyses of these studies demonstrated that “low” and “high”
workload, as assessed by various physiological and subjective
workload measures, could be reliably induced by single- (low
taskload) and dual- (high taskload) tasks respectively, indicating a
positive relationship between taskload and workload. Results also
showed an inverse relationship between performance and both
psychological and physiological workload measures. As well as
higher subjective workload, elevated taskload also induced a range
of physiological workload responses including lower heart rate
variability, higher EEG frontal theta activity, shorter duration eye
fixations, and higher cognitive activity as measured by pupillom-
etry (Abich, 2013; Matthews et al., 2015).

The workload model, developed from the training dataset,
involved comparing two sets of change scores from the individual.
The first set of change scores (“baseline difference score”) was the
individual's change in physiological workload responses induced by
the first pair of single-task (low workload) and dual-task (high
workload). The second set of change scores (“test difference score”)
reflected the change in the individual's physiological workload
responses computed from the same single-task and a new task. If
the “baseline difference score” and “test difference score”matched,
then the new task was considered to have induced the same high
workload as the dual task. This enabled the workload of a new task
to be classified on an individualized basis. A classification of “high
workload” could then be used to trigger adaptive robot aid. When
the workload model was tested with the data from the second
study (validation dataset), the conditions in that study served as the
“new tasks”. Results showed that the dual task condition was more
likely than the single task condition to trigger the adaptive aid,
validating the workload model.

In the process of workload modeling, an algorithm was devel-
oped to combine the workload data from multiple physiological
measures to derive a singleworkload index. To enable data from the
various physiological measures to be combined, the scores from the
different physiological measures were first converted to standard z-
scores (using the group data from previous studies which used the
same tasks and task parameters). To accommodate the large inter-
individual variability in physiological workload responses, the al-
gorithm entailed identifying the individual's own specific set of
physiological workload markers. These markers were the physio-
logical workload measures sensitive to the individual's workload
changes between the low (i.e., single-task) and high (i.e., dual-task)
taskload conditions (see Teo et al., 2016). Workload data on the
individual's markers were then used to compute the workload in-
dex for the individual. Hence, the workload index of different in-
dividuals were computed from different sets of physiological
measures. The validation data set confirmed that the workload
model and algorithm selected proved robust for use in this present
study (see Teo et al., 2016).
1.3. Research hypotheses

Thus, the objective of this present study was to determine the
effects of adaptive aiding, based on multiple physiological mea-
sures of workload, on performance under low and high taskloads. A
closed-loop system, based on a workload model previously
described, drove the adaptive aiding. Adaptive aid to change
detection performance was triggered when the system classified
the participant as experiencing high workload. For participants
who did not trigger adaptive aid, an imposed aid was given in the
last block. Specific hypotheses were as follows:

Hypothesis 1. There would be a positive relationship between
taskload and workload, both of which would be inversely
related to performance. Previous studies of such simulated UGV
environment as used here (i.e., Abich, 2013) showed that a dual-
tasking manipulation (taskload) elevated workload, on multiple
physiological and subjective measures, and also impaired perfor-
mance. Since the present study used the same tasks and task pa-
rameters, we expected that these relationships would be
confirmed. However, this manipulation check was necessary where
defining the workload model depended on the single and dual task
conditions eliciting low and high workload respectively.

Hypothesis 2. Performance would improve with aid. The aid
was an auditory “beep” that occurred at the same time as each
change event on the change detection task. We hypothesized that
performance would improve with the provision of robot aid of any
kind, which would act to relieve workload by reducing taskload.
Benefits of aid were anticipated to increase with taskload; i.e.,
greater performance enhancement in dual- rather than single-task
conditions.

Hypothesis 3. Performance improvements from the aid would
be greater for those provided adaptive aid compared to those
upon whom the aid was imposed. Results from previous studies
with the same tasks (i.e., Abich et al., 2017) showed that high
workload adversely impacted performance, consistent with an
insufficiency of attentional resources (Matthews et al., 2000). Pro-
vision of the aid should thus reduce taskload, and hence associated
workload. So, the adaptive aid should be more beneficial for those
initially experiencing high workload compared to those with
manageable workload. Aid that is adapted to the individual’s own
level of workload (i.e,. adaptive aid) should result in greater per-
formance improvements compared to aid that disregards the in-
dividual’s workload level (i.e., imposed aid).
2. Method

2.1. Study scenarios

There were four study scenarios, two of which served as base-
line scenarios, and two which were experimental scenarios: (i)
Scenario S, (ii) Scenario D, (iii) Scenario SSS, and (iv) Scenario SDD
(see Fig. 1).

Both single-task (i.e., low taskload) and dual-task (i.e., high
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taskload) scenarios were included to confirm that dual-tasking did
result in higher workload and poorer performance (Hypothesis 1).
Baseline scenarios S and D were 5 min each in duration; no aid was
provided. Data from these conditions allowed the individual's
physiological workloadmarkers to be identified, as described in 2.4
below. The two experimental scenarios, Scenario SSS and Scenario
SDD, were each 15 min in duration.

Scenario SSS required participants to perform a single-task
(change detection) throughout, while Scenario SDD began as a
single-task (change detection) for the first 5 min before taskload
was increased to a dual-task (threat detection added) for the
remaining 10 min. For each experimental scenario, adaptive aid
was provided in the first 10 min if the individual's workload index
reached threshold. Once triggered, the adaptive aid was not
revoked for the rest of the scenario. If no adaptive aid was triggered
after the 10 min, aid was imposed by the system for the last 5 min.
The design allowed tests of the overall impact of aid on single- and
dual-task performance in scenarios SSS and SDD (Hypothesis 2). It
also afforded an analysis of whether such aid effects were moder-
ated by type of aid (imposed or adaptive: Hypothesis 3).
2.2. Experimental tasks and context

Tasks were administered via the Mixed Initiative eXperimental
testbed (MIX testbed; Reinerman-Jones et al., 2010). Participants
were told that they were Soldiers in a human-robot team on an
intelligence, surveillance and reconnaissance (ISR) mission. In this
scenario, their UGV robot teammate patrolled an area-of-interest
and transmitted reconnaissance information back to the Soldier.
The feed from the UGV was presented as an aerial map with icons
representing enemy activities/entities, and a video feed of the
UGV's environment, corresponding to the Change Detection Task
(CDT) and Threat Detection Task (TDT) environments respectively
(see Fig. 2).
Fig. 1. Study s
2.2.1. Change detection task
The participant was required to monitor the Change Detection

Task (CDT) window (see Fig. 2) to detect and identify the changes to
these icons as soon as such changes occurred. Icons could (i) appear,
(ii) disappear, or (iii) move locations. The participant then clicked
on the appropriate ”appeared”, “disappeared”, “movement” button
as soon as s/he detected the change. The event rate, set size, and
saliency of change events were set at levels established as imposing
medium workload in previous studies (i.e., Abich, 2013).
2.2.2. Threat detection task
The Threat Detection Task (TDT) required the participant to

monitor the video feed for threat characters in the environment
(see Fig. 3). Threats comprised enemy soldiers and armed civilians/
insurgents (see Fig. 4 for examples from each category). The event
rate and threat probability were set at a medium-workload level
based on previous studies (i.e., Abich, 2013). Participants clicked on
the characters they identified as threats. Duplicates occurred when
the same character was clicked on more than one occasion.
2.3. Workload monitoring and robot aid

During training, participants, designated as Soldiers, were
assigned to a “supervisor” role while the UGV assumed the role of
“subordinate” in the human-robot team. Participants were
informed that the robot teammate would monitor their level of
workload throughout the mission, and would switch to “peer”
mode when the level of workload was high. An auditory message
was employed as a notification of this mode switch, i.e., “Robot
teammate now in peer mode and will be assisting with change
detection task”.

The robot aid rendered in “peer” mode was in the form of an
auditory “beep” that occurred concurrently with each change
event, to increase the saliency of those events. The decision to use
cenarios.



Fig. 2. Screen capture of the MIX testbed.
(outlines overlaid to differentiate each window but were not present in the actual task).

Fig. 3. Video feed showing characters in the “ground level” view.

Fig. 4. Categories of characters in the TDT.
From left to right: (i) friendly Soldiers, (ii) friendly civilians, (iii) enemy soldiers, (iv) armed civilians/insurgents.

G. Teo et al. / Applied Ergonomics 67 (2018) 91e103 95
an auditory “beep” as the aid was made to avoid adding further
visual information to the tasks which were already heavily visual in
nature (cf., Multiple Resource Theory; Wickens, 2008). Results of
previous studies with the same change detection task showed that
this auditory aid improved detection rates but also resulted in
poorer change type classification accuracy (Taylor, 2012; Taylor
et al., 2013). Hence, the aid could improve some aspects of per-
formance, but could adversely affect other aspects of performance.
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2.4. Closed-loop system

Baseline scenarios S (single-task) and D (dual-task) induced the
low and high workload states respectively that were needed to
identify the individual's own set of physiological workloadmarkers.
For each physiological measure, the difference in workload values
between these baseline scenarios constituted the “baseline differ-
ence score” for that measure. The physiological markers of work-
load for the individual comprised measures that were sensitive to
the workload changes between the low (i.e., single-task) and high
(i.e., dual-task) taskload conditions. (see Teo et al., 2016). During
each of the experimental scenarios (i.e., Scenarios SSS and SDD), the
“test difference score” for each of the markers was computed with
samples of the individual's workload state obtained at regular in-
tervals. With each real-time sample, a workload index that quan-
tified degree of similarity in the physiological response pattern, as
captured by the set of “baseline difference scores” and “test dif-
ference scores”, was computed. The index was calculated by using
the best-performing algorithm from Teo et al.’s (2016) study, and
was based on calculating the proportion of markers that showed a
change of ±0.5 SD or greater magnitude response to increased
taskload (see Teo et al., 2016; for further details).

The samples comprised data blocks that were 2 min in duration,
sampled every 30 s, beginning from the second minute into the
scenario (i.e., 2 min rolling window). If the index was equal or
greater than the threshold, the workload state for that data sample
would be “high”. When three consecutive data samples (i.e.,
“debouncing factor” of 3) were “high”, the closed-loop system
would classify the participant as being in a stable “high” workload
state, and the adaptive aid was evoked immediately after the
participant was notified that the robot switched to the “peer”
mode. Due to the “debouncing” and sampling rate, the earliest
point in which the aid could be triggered in the experimental
scenarios was 3 min after the start of the scenario. Once the aid was
provided here, it was never revoked, and would continue for the
remainder of the scenario. If the aid was not triggered in the first
10 min of the experimental scenarios, then aid would be “imposed”
by the system in the last 5 min. Participants were told that aid
might be provided, but they were not informed of the criterion
used to trigger it.
2.5. Participants

Sixty-two psychology students (34 males, 27 females, 1 un-
known) aged from 18 to 52 years (M ¼ 20.31) from a large south-
eastern U.S. university served as participants. They were awarded
course credit for their participation. Participants were self-reported
to be right-handed, had self-reported normal or corrected-to-
normal vision and normal color vision. They were required to
refrain from consumption of caffeine 2 h prior, and any alcohol or
sedative medication 24 h prior to their participation.
2.6. Procedure

After obtaining participants' informed consent, physiological
sensors were attached. A 5 min physiological resting baseline was
taken duringwhich participants were told to relax and to keep their
eyes open. They were then briefed on the mission, and trained on
the tasks which included familiarization on how the robot team-
mate would switch to “peer” mode. After training, participants
undertook three short practice missions with (i) the CDT alone, (ii)
the CDT and TDT simultaneously, and (iii) both tasks together with
the robot aid. This was followed by baseline scenarios S and D, the
order of which was counterbalanced. After the baseline scenarios,
the individualized, quantitative workload model based on the
participant's own set of physiological workload markers was
derived. This procedure took less than 2 min on average. The model
was then applied to the two experimental scenarios that followed
(i.e., Scenarios SSS and SDD, which were themselves counter-
balanced). The NASA-TLX perceived workload questionnaire was
administered after each of the four scenarios. The entire experi-
mental session lasted approximately 3 h.

2.7. Measures

2.7.1. Performance measures
Performance on the tasks was evaluated with the measures

summarized in Table 1:

2.7.2. Subjective measures
Perceived workload was assessed with the NASA Task Load In-

dex (TLX; Hart and Staveland, 1988). Six sources of workload, i.e.,
mental demand, physical demand, temporal demand, performance,
effort, and frustration, were rated on 0e100 scales. Overall work-
load was assessed as an unweighted average of these ratings.

2.7.3. Physiological measures
The physiological measures of workload were as specified in

Table 2. Each has been validated as a workload metric in multiple
studies. Measures such as electrodermal activity that may be pri-
marily sensitive to sympathetic activation were not included.
Further details of the sensors used and validation evidence have
been provided by Abich (2013) and Matthews et al. (2015).

3. Results

Data were examined for outliers and Winsorized by setting
outliers to the 5th and 95th percentile values (Tabachnick and
Fidell, 2006). For all analyses, the degrees of freedom were
adjusted for violations of sphericity using Box's epsilon (Maxwell
and Delaney, 2004). Inflation of Type I error from multiple pair-
wise comparisons was minimized with the Bonferroni correction.
All physiological measures were computed as percentage change
from resting baseline. The flowchart in Fig. 5 summarizes the
datasets that were analyzed. All participants (N ¼ 62) first per-
formed the tasks in baseline scenarios without aid. Then, they
performed each of the experimental scenarios, SSS and SDD, in
counterbalanced order. For each of these scenarios, participants
were divided into those who received adaptive aid and those with
imposed aid: Fig. 5 shows the Ns in each category. Overall, six
participants received adaptive aid in both experimental scenarios,
13 received adaptive aid in only one experimental scenario, and 43
received no adaptative aid in either experimental scenarios.

Analysis Plan

Results are presented in two sections, as shown in Table 3. First,
we report the analyses of taskload effects in the subset of partici-
pants whose workload state did not reach the threshold to trigger
adaptive aid, but whom had aid imposed in block 3 of both
experimental scenarios (N ¼ 43). This group received the same
schedule of task demands and imposed aid, so that the analysis of
task load effect was not confounded by variability in aid onset time.
(cf., those participants who received adaptive aid had it triggered at
different onset times during blocks 1e2). To strengthen conclusions
about the effects of taskload observed, we also checked for order



Table 1
Performance measures and their descriptions.

Measure Description

Change detection task (CDT) performance
1. Percent correct Percentage of change events that were correctly detected and the change type was correctly identified.
2. Percent misclassified Mean of the following:

� Percent of appeared events misclassified as disappeared or moved
� Percent of disappeared events misclassified as appeared
or moved
� Percent of moved events misclassified as appeared
or disappeared

3. Average response time Average response time for correct detections (i.e. change events detected and correctly classified).
4. Number of false alarms Number of false alarms committed.
Threat detection task (TDT)performance
5. Total correct Number of threats correctly detected.
6. Total duplicates Number of threats detected more than once.

Table 2
Physiological workload measures.

Physiological workload measure Sensor Sampling
rate (Hz)

1. Brain activity: alpha, beta, theta band spectral powers in the frontal, parietal and occipital lobes Electroencephalogram (EEG): Advanced Brain
Monitoring (ABM) B-Alert X10 system

256

2. Cardiac activity measures: heart rate, heart rate variability (SD of interbeat intervals) Electrocardiogram (ECG):ABM B-Alert X10 system 256
3. Cerebral oxygen saturation (rS02) levels of the left and right prefrontal cortex Functional near-infrared spectroscopy (fNIRS):

Somanetics Invos Cerebral/Somatic Oximeter, Model
5100C

0.2

4. Cerebral blood flow velocity (CBFV) from middle cerebral arteries in the left and right
hemispheres

Transcranial Doppler ultrasonography (TCD): Spencer
Technologies ST3 Digital Transcranial Doppler, Model
PMD150

1

5. Ocular activity measures: number of fixations, mean and SD of fixation durations,”Index of
cognitive activity” (ICA) based on pupil diameter (Marshall, 2002)

Eyetracker: Seeing Machines faceLAB 5 60

Fig. 5. No. of participants with adaptive aid or imposed aid by scenario.
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effects in this group. These analyses included baseline scenario
data, as well as experimental scenario data divided into three
successive 5 min blocks as shown in Fig. 1.

Second, we analyzed data from each of the two 15 min experi-
mental scenarios (SSS and SDD) to test for effects of aid. Analyses
were performed by the 5 min blocks (see Fig. 1). Separate analyses
were conducted for each scenario, because different sets of par-
ticipants received adaptive aid in each one. For the SSS scenario,
there were 10 (see Fig. 5) with adaptive aid, and 52 with imposed
aid. For the SDD scenario, there were 15 (see Fig. 5) with adaptive
aid, and 47 with imposed aid. These analyses differentiated the
effect of receiving aid of any kind from the impact of aid type
(imposed vs. adaptive).
3.1. Order and taskload effects

3.1.1. Order effects
Table 4 shows performance levels in all baseline and experi-

mental conditions for the group receiving imposed aid throughout.
Comparisons of baseline and experimental blocks to determine

taskload and aid effects could be confounded by order effects since
the baseline blocks were always administered first. Results of a
2(Taskload: Single-task vs. Dual-task) x 4(Block: Baseline vs. Block 1
vs. Block 2 vs. Block 3) repeated measures ANOVA revealed that
performance in the baseline blocks were not significantly different
from that in the experimental blocks for all performance measures,
so long as the taskload of the blocks in the comparison were of the



Table 3
Analyses plan and participants for each analysis type.

Principal independent
variables

Principal dependent
variable

Participants

Taskload � Change Detection
task
⁃ Percent correct
⁃ Percent
misclassified

⁃ Average response
time

⁃ Number of false
alarms

� Physiological
workload index

� NASA-TLX Global
workload

Only participants with imposed aid since all had the same schedule of stimuli throughout all scenarios (N ¼ 43).

Aid and Aid-type � Change Detection
task
⁃ Percent correct
⁃ Percent
misclassified

⁃ Average response
time

⁃ Number of false
alarms

� Threat Detection
task
⁃ Total correct
⁃ Total duplicates

Participants grouped into Imposed aid vs. Adaptive aid groups. Separate analyses conducted for Single task (N ¼ 10 vs. 52)
and Dual task (N ¼ 15 vs. 47) since groupings for SSS and SDD scenarios were different.

Table 4
Means (and SEs) for CDT performance measures by taskload and block (imposed aid group; N ¼ 43).

Percent Correct Percent Misclass. Avg. resp. time No. false alarms

Single-task blocks (low taskload)
� Scen. S Block (no aid) 64.61 (1.80) 6.17 (0.46) 1.51 (0.03) 0.88 (0.19)
� Scen. SSS Block 1 (no aid) 65.22 (2.10) 6.37 (0.49) 1.49 (0.03) 0.91 (0.14)
� Scen. SSS Block 2 (no aid) 62.64 (2.04) 5.70 (0.42) 1.49 (0.03) 0.61 (0.16)
� Scen. SSS Block 3 (imposed aid) 67.79 (1.88) 9.11 (0.84) 1.43 (0.03) 0.49 (0.18)
� Scen. SDD Block 1a (no aid) 63.33 (2.11) 5.47 (0.47) 1.48 (0.03) 0.72 (0.20)

Dual-task blocks (high taskload)
� Scen. D Block (no aid) 44.06 (1.64) 7.94 (0.57) 1.58 (0.03) 0.47 (0.12)
� Scen. SDD Block 2 (no aid) 44.45 (2.13) 6.54 (0.47) 1.60 (0.03) 0.77 (0.20)
� Scen. SDD Block 3 (imposed aid) 67.79 (1.73) 12.65 (1.03) 1.54 (0.02) 0.42 (0.12)

a The SDD scenario began as a single-task in Block 1 and taskload was increased to dual-task in Blocks 2 and 3 (see Fig. 1).

G. Teo et al. / Applied Ergonomics 67 (2018) 91e10398
same level (i.e., all single-task blocks or all dual-task blocks),
p > 0.05. For instance, there were no significant differences in
performance among the Single Baseline block, and the Experi-
mental Blocks 1 or 2 of the SSS condition, or the Experimental Block
1 of the SDD scenario. Likewise there were no performance dif-
ferences between the Dual Baseline block and Experimental Block 2
of the SDD scenario, p > 0.05 for all. Thus, order effects were not
significantly influential in the present experiment.
3.1.2. Taskload effects
The impact of taskload was tested by comparing the physio-

logical workload index, perceived workload ratings, and perfor-
mance in single- and dual-task conditions. To minimize
confounding results with the various aid onset times in the adap-
tive aid group who had aid triggered by their physiological work-
load state, the analysis was restricted to participants whose aid was
triggered by the system in Block 3 (i.e., imposed aid; N ¼ 43). They
experienced the same schedule of stimuli throughout the experi-
ment. Taskload effects were tested for performance, physiological
workload index, and subjective workload measures.
3.1.2.1. Change detection performance. The series of 2(Taskload:
Single-task vs. Dual-task) x 4(Block: Baseline condition vs. Block 1
vs. Block 2 vs. Block 3) repeated measures ANOVAs revealed a
significant main effect of Taskload for the measures of CDT per-
formance (see Table 4 for descriptive statistics). There were higher
detection rates, F(1,42)¼ 228.88, p < 0.001, hp2¼ 0.85, lower percent
misclassifications, F(1,42) ¼ 11.31, p ¼ 0.002, hp2 ¼ 0.21, and faster
response times, F(1,42) ¼ 21.80, p < 0.001, hp2 ¼ 0.34, in the single-
task blocks relative to the dual-task blocks. The taskload effect was
not significant for the number of false alarms, F(1,42) ¼ 2.03,
p ¼ 0.161, hp2 ¼ 0.046. Main effects of block were also found for
several measures, but simply reflected taskload differences across
those blocks (see Table 4).
3.1.2.2. Physiological workload index. The trending of the physio-
logical workload index over the SSS and SDD scenarios revealed a
positive relationship between taskload and workload as the
workload index was always higher during dual-task (high
workload) blocks (see Fig. 6). The index rose slightly in both
scenarios at the start of block 3 at the introduction of the



Fig. 6. Physiological workload index of imposed aid group over all samples in sce-
narios SSS and SDD.
(Shaded areas correspond to the data used in the block analyses. Error bars show 95% C.
I.).
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imposed aid, and levelled off after that.

3.1.2.3. Perceived workload. The NASA-TLX was administered after
each of the four scenarios so analysis by block could not be per-
formed (see Table 5). The one-way repeated measures ANOVA
performed for the raw Global workload score revealed a significant
effect of scenario, F(18,25)¼ 5.38, p < 0.001, hp2¼ 0.80. Although the
global workload during the shorter dual-task baseline scenario (i.e.,
Scenario D) was comparable to that during the longer single-task
experimental scenario (i.e., Scenario SSS), global workload was
generally higher in the dual-task scenarios compared to the single-
task scenarios (see Table 5).

3.2. Aid and aid-type effects

For each of the two experimental scenarios, SSS and SDD, par-
ticipants were divided into those with the adaptive aid and those
with the imposed aid. As the groupings were different for scenarios
SSS and SDD (see Fig. 5), separate analyses were conducted for
single-task and dual-task (see Tables 7 and 8 for descriptive
Table 6
Description of levels for the factors aid and aid-type.

Adaptive aid

Aid Without Aid Baseline block of adaptive aid group
With Aid First 5 min from start of aid onset (variable by partic

Table 5
Means (and SEs) for NASA-TLX Global workload across Scenarios (N ¼ 43).

Scenario S (Single-task baseline) Scenario D (Dual-task baseline)

Global workload 38.92 (2.61) 53.16 (2.35)
statistics for single-task and dual-task respectively).
Initial analyses with one-way between-participants ANOVA on

CDT performance for single- and dual-task scenarios in turn indi-
cated that there were no significant differences between the
adaptive aid and imposed aid groups on CDT performance. Hence,
the groups with adaptive and imposed aid showed similar levels of
CDT proficiency prior to delivery of aid. Single-task: F(1,60)¼ 0.218,
p ¼ 0.642 for percent correct, F(1,60) ¼ 1.397, p ¼ 0.242 for percent
misclassified, F(1,60) ¼ 0.193, p ¼ 0.662 for average response time,
F(1,60) ¼ 0.008, p ¼ 0.928 for number of false alarms). Dual-task:
F(1,60) ¼ 2.71, p ¼ 0.105 for percent correct, F(1,60) ¼ 0.175,
p ¼ 0.677 for percent misclassified, F(1,60) ¼ 3.44, p ¼ 0.069 for
average response time, F(1,60) ¼ 0.689, p ¼ 0.410 for number of
false alarms), To evaluate the effects of aid and aid-type, a 2(Aid:
Without vs. With Aid) x 2(Aid-type: Adaptive aid vs. Imposed aid)
mixed-model ANOVAwith the second factor as a between-subjects
factor, was conducted for the single-task and dual-task blocks in
turn. The baseline condition was designated as the “without aid”
block (order effects were minimal), and the “with aid” block
comprised the first 5 min after the onset of the aid. For those with
the imposed aid, this coincided with Block 3, whereas for those
with adaptive aid, this was determined individually. Doing so
ensured that the length of time participants were exposed to the
aid was held constant across all participants (see Table 6).

3.2.1. Change detection performance

3.2.1.1. Single-task. Results revealed a significant main effect of aid
for percent misclassified, F(1,60) ¼ 7.50, p ¼ 0.008, hp2 ¼ 0.11, and
average response time, F(1,60) ¼ 6.13, p ¼ 0.016, hp2 ¼ 0.09, but not
for percent correct, F(1,60) ¼ 2.85, p ¼ 0.097, hp2 ¼ 0.045, nor for
number of false alarms, F(1,60) ¼ 0.343, p ¼ 0.560, hp2 ¼ 0.006. For
both groups of participants, percent misclassified was higher and
average response times were faster with aid (see Table 7).

There was a significant aid by aid-type interaction effect for the
number of false alarms, F(1,60) ¼ 4.767, p ¼ 0.033, hp2 ¼ 0.074.
Analyses of simple effects by aid showed that the number of false
alarms for the groups were similar when there was no aid, but was
significantly higher for the group with adaptive aid after the pro-
vision of aid. For the imposed aid group, the number of false alarms
declined with the provision of aid by an average of 0.40 (SD¼ 1.46),
but for the adaptive aid group, the number of false alarms increased
instead by an average of 0.70 (SD ¼ 1.49) when aid was provided
(see Fig. 7).

3.2.1.2. Dual-task. The ANOVA yielded a significant effect of aid for
percent correct, F(1,60) ¼ 58.43, p < 0.001, hp2 ¼ 0.493, percent
misclassified, F(1,60) ¼ 26.57, p < 0.001, hp2 ¼ 0.31, average response
time, F(1,60) ¼ 14.07, p < 0.001, hp2 ¼ 0.19, but, as with previous
analyses, not for number of false alarms, F(1,60) ¼ 0.121, p ¼ 0.729,
Aid-type

Imposed aid

Baseline block of imposed aid group
ipant) First 5 min from start of aid, i.e., Block 3 of experimental scenario

Scenario SSS (Single-task experimental) Scenario SDD (Dual-task experimental)

51.22 (3.29) 63.33 (2.20)



Table 7
Means (SE) for CDT performance without and with aid across groups: Single task
(N ¼ 10 vs. 52).

Group Without aid With aid

Percent Correct Adaptive Aid 63.75 (3.61) 67.58 (3.55)
Imposed Aid 65.59 (1.58) 68.69 (1.56)
All 64.67 (1.97) 68.14 (1.94)

Percent Misclassified Adaptive Aid 7.27 (0.98) 9.42 (1.58)
Imposed Aid 6.01 (0.43) 9.02 (0.69)
All 6.64 (0.53) 9.22 (0.87)

Avg. response time Adaptive Aid 1.43 (0.02) 1.44 (0.05)
Imposed Aid 1.51 (0.03) 1.43 (0.02)
All 1.49 (0.03) 1.43 (0.03)

No. of false alarms Adaptive Aid 0.90 (0.43) 1.60 (0.38)
Imposed Aid 0.94 (0.19) 0.54 (0.17)
All 0.92 (0.23) 1.07 (0.21)

*Means in bold (main effects) and italics (interaction effects) are sig. different,
p < 0.05.

Table 8
Means (and SEs) for CDT performance without and with aid across groups: Dual task
(N ¼ 15 vs. 47).

Group Without aid With aid

Percent Correct Adaptive Aid 38.81 (2.59) 55.93 (2.93)
Imposed Aid 43.69 (1.46) 52.15 (1.66)
All 41.25 (1.49) 54.04 (1.68)

Percent Misclassified Adaptive Aid 7.39 (0.90) 11.90 (1.56)
Imposed Aid 7.82 (0.51) 12.60 (0.88)
All 7.60 (0.51) 12.25 (0.90)

Avg. response time Adaptive Aid 1.68 (0.05) 1.52 (0.04)
Imposed Aid 1.57 (0.03) 1.53 (0.03)
All 1.63 (0.03) 1.53 (0.03)

No. of false alarms Adaptive Aid 0.67 (0.21) 0.80 (0.23)
Imposed Aid 0.47 (0.12) 0.45 (0.13)
All 0.57 (0.12) 0.62 (0.13)

*Means in bold (main effects) and italics (interaction effects) are sig. different,
p < 0.05.

Fig. 7. Number of false alarms by aid and aid-type in single-task blocks.
(error bars denote SEs).

Fig. 8. Percent correct by aid and aid-type in dual-task blocks.
(error bars denote SEs).

Fig. 9. Average response time by aid and aid-type in dual-task blocks.
(error bars denote SEs).
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2 ¼ 0.002. Detection rates increased and response times decreased

with aid, although misclassification rates also increased with aid.
A significant aid by aid-type interaction effect was observed for

percent correct, F(1,60) ¼ 6.708, p ¼ 0.01, hp2 ¼ 0.10, and for average
response time, F(1,60) ¼ 4.48, p ¼ 0.04, hp2 ¼ 0.07. Without the aid,
the adaptive aid group had lower percent correct, and slower
average response times compared to the imposed aid group. With
aid, the detection rate for the adaptive aid group surpassed that of
the imposed aid group, and their average response times decreased
to be comparable to that of the imposed aid group (see Table 8).

For the imposed aid group, the percent correct increased by
8.46% on average (SD ¼ 11.72), but for the adaptive aid group,
percent correct improved by more than double, at 17.12% on
average (SD ¼ 9.72) with the provision of aid. The average response
time for the imposed aid group decreased by 0.04 s on average
(SD ¼ 0.18), while the average response time for the adaptive aid
group was reduced by 0.16 s on average (SD ¼ 0.20) when aid was
provided (see Fig. 8 and Fig. 9).
3.2.2. Threat detection performance
Threat detection performance was only analyzed for dual-task

blocks because the TDT was only administered in these dual-task
conditions (i.e. Scenarios D and SDD). Comparison of TDT perfor-
mance between the groups receiving imposed aid versus adaptive
aid was accomplished via a one-way between subjects ANOVA on
the baseline scenario D. Results revealed no significant differences
between the groups, indicating that the groups were equivalent on
TDT performance at the outset, F(1,60) ¼ 0.138, p ¼ 0.712 for total
correct, F(1,60) ¼ 0.599, p ¼ 0.442 for total duplicates.

Designating the baseline scenario D as the “without aid” block,
and the first 5 min after aid onset as the “with aid” block, a 2(Aid:
Without aid vs. With aid) x 2(Aid-type: Imposed aid vs. Adaptive
aid) mixed-model ANOVA with the second element as a between-



Table 9
Means (and SEs) for TDT performance without and with aid across groups: Dual task
(N ¼ 15 vs. 47).

Group Without aid With aid

Total Correct Adaptive Aid 16.13 (0.61) 14.40 (0.70)
Imposed Aid 15.87 (0.35) 15.43 (0.40)
All 16.00 (0.35) 14.91 (0.40)

Total Duplicates Adaptive Aid 1.73 (0.59) 2.93 (0.74)
Imposed Aid 1.21 (0.33) 1.36 (0.42)
All 1.47 (0.34) 2.15 (0.43)

*Means in bold (main effects) are sig. different, p < 0.05.
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subjects factor was conducted. Results indicated a significant aid
effect for total correct, F(1,60) ¼ 7.04, p ¼ 0.01, hp2 ¼ 0.11, and total
duplicates, F(1,60) ¼ 5.74, p ¼ 0.02, hp

2 ¼ 0.09. Total correct
decreased and total duplicates increased when aid was provided.
This finding suggests that the aid for the CDT may have diverted
attentional resources away from the TDT. No other effects were
significant (Table 9).

The effects of the aid could not be evaluated for perceived
workload since the subjective workload measure was only
administered after each scenario, while the aid was provided in the
midst of the experimental scenarios.
4. Discussion

The present study has demonstrated that individualized work-
load modeling enhances the utility of an alerting aid, but it also
identified challenges for practical deployment of such a system.
Analyses of dual-tasking effects revealed that increasing taskload
elevated workload and impaired CDT performance, providing
support for the first hypothesis. The effects of providing aid
(whether adaptive or imposed) depended on taskload. The aid used
in the present study improved overall CDT accuracy (percent cor-
rect) only in dual-task blocks. This implies that the aid may only be
helpful when attention is taxed by dual-tasking, consistent with the
second hypothesis. However, both dual- and single-task blocks
showed a pattern of faster response times but also more mis-
classified change events, suggesting that aid may also encourage a
tendency towards more impulsive responding. The aid did not
improve TDT performance, but instead resulted in fewer correct
threat detections and an increase in duplicate threat identifications,
suggesting that the aid may have diverted attentional resources
away from the TDT to the CDT. Hence, the hypothesis that aidwould
improve performance is only partially supported here.

The effects of the aid used in the present study depended on
whether the aid was adaptive or imposed. The adaptive aid proved
more beneficial when taskload was high. During low taskload (i.e.,
single-task), adaptive aiding increased false alarms, while imposed
aid led to reduced false alarms. However, under higher taskload
(i.e., dual-task), the aid improved detection rates and speed of
response by a larger extent in the adaptive aid group. When pro-
vided aid, mean detection rate for this group surpassed that of the
imposed aid group. Further, their slower response times then
became equated to that of the imposed aid group. Thus, the hy-
pothesis that adaptive aid was superior to imposed aid was largely
supported. Despite this, it must be kept in mind that these findings
may be specific to tasks and aid formats of similar nature. Thus,
further investigations are needed to determine if those results
generalize to other task contexts.

Overall, the effects of the aid used in the present study were to a
degree equivocal. Closed-loop adaptive automation may help to
optimize potential benefits from an aid to performance, but the
study also identifies barriers to be overcome in transitioning to
practical application. The introduction of the aid increased the
workload index of the imposed aid group (Fig. 6), and is likely to
have affected the adaptive aid group in a similar way, although the
workload level of the adaptive aid group would already have been
high by the time the aid was rendered. An auditory aid was chosen
to minimize resource competition with the detection tasks, but
studies of multimodal displays show that auditory interruptions
can also draw attention away from the primary task (Lu et al., 2013).
The impact of the aid onworkload may reflect the costs of resisting
such pre-emption of attention.

The consequences of the aid for performancewere complex, and
costs and benefits depended on the task configuration. The most
salient cost of providing the aid was increased misclassifications,
perhaps reflecting an impulsive strategy shift associated with
anxiety induced by high demand. Indeed, aid appeared potentially
problematic in the single-task condition, in which it elicited
impulsive responding which resulted in more false alarms without
any overall improvement in accuracy in those who were already
experiencing high workload (i.e., adaptive aid group). In contrast,
the aid resulted in fewer false alarms in the imposed aid group, who
presumably had sufficient resources to cope with the increase in
workload from the interruption produced by the aid. In the dual-
task condition, the aid produced a clearer benefit in substantially
enhancing overall accuracy without inflating false alarm frequency,
although there was some impairment in TDT. This second task
probably diverted some resources to TDT, which suppressed false
alarms in the CDT, but not enough to improve TDT performance.
Nevertheless, the accuracy benefit of the aid was considerably
larger when the aid was adaptive. Thus, on a cost-benefit basis,
providing an automated aid may only be worthwhile in dual-task
and adaptive conditions. In terms of attentional resource theory
(Matthews et al., 2000), the aid reduces the need to allocate
attention to change detection, but under low taskload the person
already has sufficient resources for the task in any case.

Thus, the findings imply that the interplay between taskload,
workload and performance is not straightforward, especially in a
multi-tasking environment. Individual operators have the prerog-
ative to allocate resources dynamically to different processes that
underpin various tasks. Closed-loop regulation of workload con-
tributes to effective human-robot teaming by maintaining work-
load within the moderate range in which people are generally
effective in compensating for variation in cognitive demand
(Hancock and Warm, 1989). However, operators still require addi-
tional skills for optimal prioritization of different task components
and maintaining team situation awareness (Schuster and Jentsch,
2011). Thus, workload regulation may be necessary but not suffi-
cient for optimizing teaming.

Findings also illustrate the challenges of applying closed-loop
technology. In the single-task, SSS scenario, during which the aid
should not be triggered, there was nevertheless considerable
variance in values of the physiological workload index (see Fig. 5).
Some of this variation may reflect random error, but it may also
indicate workload associated with individual differences in task
strategy (Hockey, 1997). For example, some individuals may be
applying more effort than is necessary to maintain performance;
others may incur workload by effortful suppression of distracting
thoughts or other voluntary processing strategies (e.g, Zaccaro
et al., 2014). Adaptive aid may then be triggered inappropriately.
In the dual-task, SDD scenario, benefits of adaptive aiding were
more apparent. Indeed, adaptive triggering of the aid may be more
effective in enhancing performance accuracy because it delivers
relief from attentional overload when most needed. However,
although the experiment was designed to ensure a close match
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between baseline (control) and test (experimental) conditions,
adaptive aid was triggered only in a minority of the present par-
ticipants during dual-tasking.

Another challenge is that adaptive aiding may influence factors
other than workload, such as stress, motivation, and situation
awareness (see Smith and Hancock, 1995). In consequence, physi-
ological workload measures may not map directly onto any specific
mental processes as opposed to global brain states in that they are
sensitive only to large changes in workload. Several peripheral
measures, such as ocular and cardiac responses, are also more
prone to be confounded by task demands and so may be imperfect
indicators of cognitive workload. There can also be unforeseen is-
sues and tradeoffs with adaptive closed-loop systems. For instance,
Chen and Barnes (2014) suggest that in human-robot teaming,
adaptive automation may help to maintain situation awareness but
threaten the human's sense of delegation authority. Such tradeoffs
may impact performance over and above mitigation of workload.

A shortcoming of the present aid was that it seemed to elevate
workload. Optimizing benefits of the aid, especially under high
taskload conditions, may require steps tominimize attentional pre-
emption by the aid stimulus. There may be design solutions: e.g.,
use of tactile rather than auditory stimuli might reduce such effects
(Lu et al., 2013). Alternatively, training and practice may allow
operators to develop strategies for effective processing of the aid.

Further work to improve the algorithm used to integrate
workload data from multiple sensors may also be necessary, using
additional methods for modeling individual differences in work-
load response more precisely. These include data mining tech-
niques such as cluster analyses, neural networks, machine learning
algorithms etc. For instance, using cluster analysis, Johannes and
Gaillard (2014) identified five autonomic response patterns (ARP)
based on normalized eigendifference scores. These ARPs, which are
influenced differently by coping styles, task demands, and indi-
vidual states, were used in a scaling method to calculate an index of
psychophysiological arousal that accounted for individual differ-
ences in autonomic responsivity (Johannes and Gaillard, 2014).

The present study which involved individualized workload
modeling might also be applied to training contexts (Zaccaro et al.,
2014). Interventions for excessive workload in this context may be
adapting information presentation format, or training curricula to
the trainee's learning pace (e.g., adaptive tutors). There are also
recent developments of wearable technology that claim to assess
state changes in real time. These include the Spire which is pur-
ported to monitor tension and stress from respiratory measures
(Pilkington, 2014), and the Exmocare which supposedly monitors
emotional state from cardiac activity, GSR, skin temperature and
movement (Ostrovsky, 2008). All these yield rich data with which
to develop models of how psychophysiological states vary within
and across individuals.
5. Conclusion

Soldiers, as well as other human operators interacting with
technology and working closely with robots will only becomemore
of our future reality. The present work demonstrated the feasibility
of using a closed-loop system based on physiological workload
measures to drive adaptive robot aid. The applications of such a
real-time, adaptive system are diverse. Our findings clearly indicate
a need for more research as it is not advisable to adopt a “one-size-
fits-all” approach with respect to workload measures. Future
research on how these robots may work more collaboratively and
communicate more intuitively with human users, must be driven
by a deeper understanding of how individuals interact with
changing taskloads, as well as the nature of the workload they
experience while doing so.
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