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High mental workload, in addition to changes in 
workload, can negatively affect operators, but it is not 
clear how sudden versus gradual workload transitions 
influence performance and visual attention allocation. 
This knowledge is important as sudden shifts in work-
load are common in multitasking domains. The objec-
tive of this study was to investigate, using performance 
and eye tracking metrics, how constant versus variable 
levels of workload affect operators in the context of a 
dual- task paradigm. An unmanned aerial vehicle com-
mand and control simulation varied task load between 
low, high, gradually transitioning from low to high, and 
suddenly transitioning from low to high. Performance 
on a primary and secondary task and several eye track-
ing measures were calculated. There was no significant 
difference between sudden and gradual workload tran-
sitions in terms of performance or attention allocation 
overall; however, both sudden and gradual workload 
transitions changed participants’ strategy in dealing 
with the primary and secondary task as compared to 
low/high workload. Also, eye tracking metrics that are 
not frequently used, such as transition rate and station-
ary entropy, provided more insight into performance 
differences. These metrics can potentially be used to 
better understand operators’ strategies and could form 
the basis of an adaptive display.

Keywords: workload, topics, eye movements, 
attention

INTRODUCTION

High mental workload can cause signifi-
cant performance decrements and breakdowns 
in attention allocation (Rouse et al., 1993). 
Preventing problems related to high workload 
is critical in complex, safety- sensitive domains, 
such as aviation, process control, driving, and 
medicine (e.g., Dixon et al., 2005, Van Benthem 
et al., 2015), where delays and errors due to 
high workload can have life- threatening con-
sequences. The 1978 United Airlines DC-8 air-
plane crash in Portland, OR, for example, was 
linked to pilots’ high workload as they were 
trying to address issues with the landing gear 
(National Transportation Safety Board, 1978).

Workload is a multidimensional construct for 
which there are several definitions in the litera-
ture; we have adopted Wickens’ (1992) definition 
of workload as the gap between one’s attentional 
resources and the cognitive demands placed on 
the user. One common way to influence the cogni-
tive demands of a person is by manipulating their 
task load (Hancock et al., 1995). Task load can 
be defined as the number of items that one has to 
attend to in order to successfully complete a task 
(e.g., Veltman & Gaillard, 1996). While research 
on high workload has fully established its detri-
mental effects on performance (e.g., Brookings 
et al., 1996; Dixon & Wickens, 2006; Matthews 
et al., 2015), studies tend to assess the effects 
of workload in discrete and separate time inter-
vals. However, this does not always typify the 
work of operators in real- world situations, where 
workload can fluctuate over time. This has led to 
research on what has been termed workload tran-
sitions (Huey & Wickens, 1993; Prytz & Scerbo, 
2015), workload history (Cox- Fuenzalida, 2007), 
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or hysteresis (Morgan & Hancock, 2011). The lit-
erature has shown that workload transitions neg-
atively affect operator performance, suggesting 
the concern about fluctuating workload levels is 
well founded (Cox- Fuenzalida et al., 2006; 2007; 
Cumming & Croft, 1973; Goldberg & Stewart, 
1980).

However, despite these efforts to study the 
effects of workload transitions, there are still three 
major gaps in the literature on this topic. The first 
gap is the lack of emphasis on the difference 
between gradual and sudden workload changes, as 
opposed to just analyzing the difference between 
low- to- high versus high- to- low workload transi-
tions (e.g., Cumming & Croft, 1973; Goldberg & 
Stewart, 1980). An air traffic control operator, for 
example, may have to deal with a sudden increase 
in the number of airplanes to attend to; this could 
affect the operator’s performance differently than 
if the number of planes increased gradually over 
time. In other words, it could be that the element 
of surprise in sudden workload transitions could 
lead to additional decrements in performance 
(Kochan et al., 2004; Wickens, 2001).

The second gap is the absence of workload 
transition studies occurring in a more realis-
tic environment, especially ones that involve 
multitasking. For instance, Cox- Fuenzalida 
(2007) investigated the effects of workload 
transitions by presenting participants with 
various number strings and asking them to 
identify particular sequences of digits. The 
study showed that, contrary to previous 
research (e.g., Matthews, 1986), a sudden 
increase in workload did lead to performance 
decrements. While such studies are valuable 
for understanding workload transitions, they 
do not necessarily generalize to more complex 
environments, such as air traffic control oper-
ations or military environments, where opera-
tors may have more than one task and several 
different areas of the screen to attend to.

The third and final gap is the type of approach 
used to measure the effects of workload transi-
tions, which currently do not capture changes in 
visual attention allocation in detail. Eye tracking 
technology is a promising tool in this regard. 
Several eye tracking metrics have been shown to 
be sensitive to differences between low and high 
workload (see Coral, 2016 for a review), but eye 

tracking has not been used to date to examine the 
changes in attention allocation that result from 
sudden and gradual workload transitions in com-
parison to constant low and high workload.

Objectives
The aim of this research study was to ana-

lyze how performance and attention allocation, 
as evidenced by eye movements, are affected 
by gradual and sudden workload transitions as 
compared to constant low or high workload in 
a multitasking environment. Our expectations 
were that sudden workload transitions would 
result in more performance detriments compared 
to gradual ones, based on the reported detrimen-
tal effects of sudden workload transitions (e.g., 
Cox- Fuenzalida, 2007; Kochan et al., 2004). It 
was also expected that performance on both the 
sudden and gradual conditions would be midway 
between low workload (best) and high workload 
(worst). The eye tracking measures, though, were 
the main focus of this study, and it was expected 
that these measures would help provide insight 
into how the performance effects came about. 
More specific hypotheses are provided at the end 
of the “Background” section, after the eye track-
ing metrics are defined.

To this end, a realistic simulation environment 
was used, with variations in task load used as a 
means of modulating mental workload. The focus 
in this study was on the types of tasks that require 
monitoring several spatially dispersed areas of a 
screen and searching for certain targets, such as 
what could be found in military applications, air 
traffic control operations, and security system 
monitoring. The selected application domain was 
unmanned aerial vehicle (UAV) operations, an 
example of a multitasking domain where work-
load fluctuates.

BACKGROUND
Workload and Workload Transitions

Several theories have attempted to explain 
what happens during workload transitions. 
However, the well- known theories that 
have been posited—Cumming and Croft’s 
(1973) error acceptance theory, Goldberg and 
Stewart’s (1980) short- term memory theory, 
Matthews’ (1986) task overworking theory, and 
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Cox- Fuenzalida’s (2007) adaptation model—
focus more on why high to low workload tran-
sitions tend to be more detrimental than the 
inverse. There is no satisfactory explanation or 
focus in these studies on the differences between 
sudden and gradual changes in workload levels, 
least of all at the level of attention allocation.

Approaches that have usually been adopted 
to examine workload include subjective rat-
ings, performance measures, and physiologi-
cal measures (Cain, 2007). Subjective ratings 
include the widely used NASA- Task Load 
Index (TLX; Hart & Staveland, 1988) and the 
Subjective Workload Assessment Technique 
(Reid & Nygren, 1988). The challenge with 
subjective measures is that they cannot provide 
detailed information regarding attention alloca-
tion. Likewise, while performance measures, 
such as response time and error rate (e.g., Bliss 
& Dunn, 2000; Boyer et al., 2015; Dixon & 
Wickens, 2006), provide a good impression of 
the effects of low and high workload, they are 
also not well suited for tracing changes in atten-
tion allocation. Physiological measures, on the 
other hand, are better suited for that purpose. 
These include measures such as electroenceph-
alography (EEG; Berka et al., 2007), electro-
cardiogram recordings (ECG; e.g., Solovey 
et al., 2014), heart rate variability (e.g., Hoover 
et al., 2012; Schulz et al., 2011), galvanic skin 
response (GSR; e.g., Solovey et al., 2014), and 
eye tracking—the focus of this study.

Eye Tracking

Eye tracking is a technique used to trace 
where a user is looking on a display, typically 
using infrared light (Poole & Ball, 2005). Eye 
tracking can be used to track approximate gaze 
location, which in turn indicates overt attention 
allocation or the shifting of the eyes toward a 
stimulus (Bergen & Julesz, 1983; Treisman 
& Gelade, 1980). This is in contrast to covert 
attention, which relates to mentally focusing on 
a certain stimulus. A person could be looking 
at an item and thinking about something com-
pletely different, but the eye tracker cannot rec-
ognize this discrepancy and would only indicate 
where the person is looking. In addition, it is 
important to note that eye tracking output only 

provides information about foveal vision—that 
is, the high acuity central vision that is used to 
visually process items in detail—but less about 
peripheral vision (Rosenholtz, 2016) or the use-
ful field of view (Wolfe et al., 2017), which are 
both relevant to visual perception. This means 
that there could be information that partici-
pants are obtaining that is not directly reflected 
in the eye tracking metrics. This limitation of 
eye trackers, however, has not prevented the 
approach being widely used in human factors 
research as a means to understand visual atten-
tion allocation (Duchowski, 2007).

In contrast to other measures of assessing 
workload, such as EEG, ECG, and GSR, eye 
tracking is usually nonobtrusive, meaning that 
the user is not physically tethered or attached 
to anything. Moreover, eye tracking can be 
used to assess a person’s situation awareness 
(SA), which is defined as people’s perception 
of the items around them, their understanding 
of these items, and their estimate of their state 
in the near future (Endsley, 1995). However, 
assessing SA is a challenge because current SA 
measures that have high reliability and validity 
require frequently interrupting the participant 
to ask questions/probes, for example, Situation 
Awareness Rating Technique (Taylor, 1990) 
and Situation Awareness Global Assessment 
Techniques (Endsley, 1988). Eye tracking, on 
the other hand, would not disturb the operator 
during a task.

The output from an eye tracker is a series 
of gaze points that allow researchers to assess 
when and for how long users were looking at 
screen elements. The coordinates are used to 
determine eye fixations, or spatially stable 
gaze points during which visual processing 
takes place, and saccades, which are ballistic 
movements of the eye between two fixations 
(Holmqvist et al., 2011).

The most frequently used eye tracking mea-
sures for workload evaluation are pupillometry 
metrics such as pupil diameter (Hampson et al., 
2010) and eye blink frequency and duration 
(Hwang et al., 2008; Veltman & Gaillard, 1996). 
A full discussion and meta- analysis of these 
metrics can be seen in Coral (2016). It has been 
found that these measures are positively cor-
related with workload; however, such measures 
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are also sensitive to other factors, such as the 
amount of light (Monfort et al., 2016). Avoiding 
this problem would require keeping the amount 
of light constant at all times, incorporating 
ambient light into the estimate of workload, or 
incorporating some other measure of workload, 
such as EEG (e.g., Rozado & Dunser, 2015).

Alternatives to these pupillometry metrics do 
exist and were the focus of this research study. 
The selected eye tracking metrics, together with 
their definitions and our hypotheses regard-
ing each metric, are summarized in Table 1. 
Mean fixation duration and saccade amplitude 
have both been used in workload research (De 
Rivecourt et al., 2008; Di Stasi et al., 2013), as 
has the nearest neighbor index (NNI; Di Nocera 
et al., 2007). NNI has been used to determine 
how spread out or concentrated fixations are 
and has been shown to be sensitive to workload 
in various domains that include aviation (Di 
Nocera et al., 2007) and health care (Moacdieh 
& Sarter, 2015a). Other measures that have 
been shown to be useful are stationary and 
transition entropy (Krejtz et al., 2014). These 
entropy measures provide an estimate of fixa-
tion sequence randomness and have been used 
in previous studies to estimate workload (e.g., 
Monfort et al., 2016).

The metrics in Table 1 have been catego-
rized by the spread (where are users looking?), 
directness (how efficiently are users scanning?), 
and duration (how long are users looking at a 
certain area?) of eye gaze points, as classified in 
Moacdieh and Sarter (2015b). All of these met-
rics have been used to a much lesser extent than 
pupillometry metrics, but they offer two major 
advantages over the latter. First, the metrics in 
Table 1 are not as sensitive to light as the pup-
illometry metrics (controlling for light variation 
can attenuate this problem, although that could 
be hard to do in a realistic environment). Second, 
the metrics provide a more reliable and compre-
hensive assessment of how workload affects scan 
patterns than just measuring pupil size or blink 
frequency. The metrics have been used to provide 
useful insight into the effects of display clutter 
(Moacdieh & Sarter, 2015a); however, spread 
metrics have rarely been explored in the context 
of workload (e.g., Rantanen & Goldberg, 1999) 
and only a small selection of directness metrics, 

such as mean saccade amplitude (e.g., Savage 
et al., 2013), have been explored in this context. 
In particular, directness metrics, which focus on 
the efficiency of users’ scan patterns, have the 
potential to reveal more insights about a person’s 
use of a display in divided attention scenarios 
such as the ones in this study (as detailed in the 
“Methods” section). Since participants will be 
asked to deal with a primary task and a number 
of secondary tasks, with each task located in a 
different area of the screen, larger saccade ampli-
tudes and more transitioning between areas of the 
screen would suggest uncertainty about the loca-
tion of the target or about the task to focus on. 
For example, questions that directness measures 
can answer include: How frequently did opera-
tors transition between multiple areas of interest? 
Did they use the shortest path to reach their goal? 
Was there a lot of inefficient back- and- forth scan-
ning? By answering such questions, directness 
metrics can provide insight into the efficiency of 
users’ scan patterns. Efficiency of eye movement 
scanning is related to how much screen distance 
the user’s eyes had to travel in order to complete 
the task, with more efficient users being ones who 
cover less distance.

METHODS
Participants

Twenty- one students participated in this 
study (13 men and 8 women; mean age = 20.9, 
SD = 1.5). Participants had self- reported nor-
mal or corrected- to- normal vision. Participants 
were compensated $10/hr for their participa-
tion. Participants gave informed consent and 
the study was conducted in accordance with 
the tenets of the Declaration of Helsinki. The 
study was approved by the Clemson University 
Institutional Review Board (IRB2015-217).

Experimental Setup
The simulation was developed using the 

Unity game development platform and was 
based on the “Vigilant Spirit Control Station” 
used by the Air Force to develop interfaces to 
control multiple UAVs (Feitshans et al., 2008). 
The simulation was displayed on the full screen 
of a desktop computer with a 32″ monitor 
(2,560 × 1,600 screen resolution). A Fovio eye 
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tracker, a desktop- mounted eye tracker with a 
sampling rate of 60 Hz, was used to collect eye 
tracking data. The eye tracker was placed right 
below the monitor. Participants sat 28″–31″ 
from the monitor and used a standard mouse 
to input responses. The average degree of error 
for this eye tracker is 0.78 degrees (SD = .59; 
(Eyetracking, 2011).

UAV Control Simulation and Tasks
Participants were responsible for simulta-

neously controlling and managing 16 UAVs 
under four different task load conditions that 
mapped to four different scenarios (see “Task 
Load Modulation” section). Each scenario was 
15 min in duration. This time frame was selected 
as it would be long enough to include multiple 
transitions from low and high workload, while 
not being too long where significant vigilance 
decrements could occur (typically considered 
around 15 min, although several factors can 
play a role; Teichner, 1974). Figure 1 depicts 
the simulation interface with task- specific 
areas of interest, referred to as panels, in dot-
ted lines. The four tasks included one primary 

task (target detection) and three secondary tasks 
(reroute, fuel leak, and chat message task). For 
all four scenarios, the rate at which the pri-
mary task occurred was varied (see “Task Load 
Modulation” section) and one secondary task 
occurred every 20 s.

Target detection task (primary task). Target 
detection was the primary task and participants 
were instructed that this task had the highest 
priority. At the most fundamental level, the pri-
mary task was a visual search task for targets 
(transparent cubes on the video feed panel; 
Figure 2). There were up to 16 UAVs (i.e., 16 
video feeds) at any given time. When a UAV 
approached a waypoint, the corresponding UAV 
video feed would become highlighted. When a 
UAV video feed was highlighted and a target 
was present, the participants were instructed to 
press the “target” button to indicate a target was 
present. Otherwise they were instructed to leave 
the default “no target” button selected. UAV 
video feeds were active for 10 s and targets 
could appear any time during this period. Of the 
UAV feeds that were active, a target was present 

Figure 1. Screenshot of the UAV simulation with labeled panels. Each of these 
panels also constituted the AOIs for the calculation of the entropy measures.
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in 30% of those UAVs, on average. There could 
only be one target per UAV per 10 s interval. 
The specific UAVs that were concurrently high-
lighted at any point in time and the UAVs’ 
arrival time to each waypoint were pseudoran-
domly set by the experimenter.

Reroute task (secondary task #1). The sec-
ondary tasks consisted of monitoring tasks for 
changes in the status of the UAVs. Participants 
were tasked to reroute a UAV when it entered a 
no- fly zone (i.e., red square on the map panel in 
Figure 3). To reroute a UAV, a participant 
clicked on the respective UAV’s numbered 
square in the reroute menu panel (Figure 3). 
Participants had the option of selecting 
“Preview” to see three suggested routes, 
“Confirm” to reroute the UAV to a new sug-
gested route, or “Cancel” to exit from the win-
dow to allow the UAV to continue on its original 
route. When a UAV was not rerouted in time 
and entered a no- fly zone, it became nonopera-
tional for the remainder of the scenario (i.e., it 
could not participate in any of the target detec-
tion, reroute, or fuel leak tasks). Only three 
UAVs could enter a no- fly zone per scenario, 
meaning that even in the worst case scenario, if 

a participant failed to reroute all three UAVs, 
the number of UAVs available would still be 
within the range of active UAV needs in the 
high task load condition. The rerouting task 
occurred 18 times in each scenario.

Fuel leak task (secondary task #2). Participants 
were also tasked with maintaining the overall 
health of each UAV using the general health 
panel (Figure 4). Participants were asked to 
monitor for fuel leaks. When a fuel leak 
occurred, the color of the health status bar (top 
bar denoted with a heart) changed from green to 
yellow with a “FIX LEAK” warning. To stop a 
fuel leak, participants had 10 s to click on the 
yellow bar. If the leak was not stopped in time, 
the health status bar would change from yellow 
to orange and read “FATAL FUEL LEAK,” 
meaning that the UAV could not participate in 
the fuel leak task again for that scenario. 
However, the UAV could still attend to the pri-
mary task, that is, the target detection task. A 
fuel leak occurred 14 times in each scenario.

Chat message task (secondary task 
#3). Participants were tasked with responding 
to chat messages by selecting between the two 

Figure 2. Screenshot of the video feed panel. UAVs 9 and 14 are highlighted 
(numbering from left to right, top to bottom). UAV 9 has a target (transparent cube, 
circled here for illustration purposes).
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options on the left- hand side of the chat mes-
sage panel (Figure 5). Participants could 
respond to a chat message by clicking on one of 
two options until another message showed up. 
There were 19 chat messages in each scenario.

Response time and accuracy for the primary 
task were calculated for only the correct detec-
tion of targets. Cases where participants did not 
respond to the occurrence of a target were not 
considered in the calculation of response time. 
For all secondary tasks, response times were 
calculated from the onset of the event to when 
the participant responded. Accuracy was cal-
culated as the percentage of correct responses 

(i.e., the percentage of correctly detected tar-
gets) within the time limit for each task.

TASK LOAD MODULATION
Task load (low, high, gradual, sudden) was 

the only independent variable and was varied 
fully within- subjects. Participants had to go 
through one scenario for each of the four task 
load conditions. Task load was manipulated by 
varying the number of active UAVs (the number 
of highlighted video feeds) in the target detec-
tion task. The four task load conditions include 
the following:

1. Low task load. There were three to five UAVs ac-
tive for the entirety of the scenario. These values
were determined and validated based on pilot test-
ing data using both performance and NASA- TLX
measures.

2. High task load. There were 13–16 UAVs active
for the entirety of the scenario. These values were
also determined based on pilot tests.

3. Gradual task load. The number of active UAVs
increased gradually (Figure 6). The scenario start-
ed at low task load for 20 s, and one active UAV
was added every 10 s until high task load was
reached, that is, 13–16 active UAVs. The scenario
would remain at high task load for 2 min, before
returning to low task load. This low to high task
load cycle repeated five times for this scenario.

4. Sudden task load. The number of active UAVs
increased instantaneously (see Figure 6). One
minute of low task load (3-5 UAVs) was followed
by a jump to high task load (13-16 UAVs) for two
minutes. This cycle repeated five times.

Note that the number of areas of the screen
that participants had to monitor and attend to 
did not change based on task load condition 
because participants had to monitor all AOIs in 
order to complete all tasks.

Procedure
The experiment took place over two consec-

utive days around the same time of day (morn-
ing, afternoon, or evening). On the first day, 
participants signed a consent form and were 
briefed about the study’s goals and expecta-
tions. Participants then completed a 5 min train-
ing session that included all tasks and task load 
conditions. By the end of the training session, 
participants had to demonstrate proficiency by 
having a minimum accuracy of 70% across all 

Figure 3. Screenshot of the map panel (top half) and 
reroute menu panel (bottom half). After clicking on 
the respective UAV’s number (buttons numbered 
1–16), a menu of route options was presented (dotted 
area with options 1–3 where “Preview,” “Confirm,” 
or “Cancel” could be selected).
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training tasks, both primary and secondary. If 
they did not, they had another chance to com-
plete the 5 min training session to achieve the 
desired proficiency. If they did not meet the 
proficiency requirements the second time, they 
were excused from the study. Only four partic-
ipants had to repeat the training session, and all 
were successful the second time.

The eye tracker was calibrated using a 5- point 
grid. The calibration procedure was done at the 
start of each scenario. Participants completed 
two of the four scenarios on the first day and 
the other two on the second day, with the order 
counterbalanced across subjects. There was 
a 10 min break between scenarios. The entire 
study across 2 days lasted about 2 hr.

RESULTS
Results were analyzed using a one- way 

repeated measures ANOVA, with task load (four 
levels) as the variable of interest. Bonferroni 
corrections were applied for all post hoc tests. In 
all cases, Epsilon (ε) was calculated according 

to Greenhouse and Geisser (1959) and used 
to correct the one- way repeated measures 
ANOVA. For all graphs, error bars indicate the 
standard error of the mean and asterisks denote 
significant differences between conditions.

The initial gaze data were screened to meet 
data quality requirements as outlined in ISO/TS 
15007-2:2014-09, which states that at most 15% 
data loss is acceptable for good quality data. 
Following this guideline, the eye tracking and 
corresponding performance data of five partic-
ipants was not used in any of the analyses. The 
mean data loss of the included participants was 
7.07%. The gaze points from the eye tracker 
were used to calculate fixations and saccades 
(the eye tracker automatically filters out blinks 
and any fixations outside the screen were dis-
carded). Goldberg and Kotval (1999) fixation 
algorithm was applied: A cluster of gaze points 
was classified as a fixation if the points within 
the cluster were within 75 pixels of each other, 
and there was a minimum number of six gaze 
points within this fixation cluster. This made 
for a minimum fixation duration of approxi-
mately 100 ms. The first gaze point outside the 
75- pixel limit was considered to be not part of
the fixation; the gaze point just before would
be the endpoint of the fixation. Any gaze points
that were not part of fixations were assumed
to be saccades. The calculated fixations were
then used to calculate the eye tracking metrics
described in Table 1.

Figure 4. Screenshot of UAV 1’s health status bar. Participants were tasked to 
press the yellow “FIX LEAK” button when a fuel leak occurred. (a) When a fuel 
leak was fixed in time, the yellow health status bar changed from yellow to green 
and the “FIX LEAK” warning disappeared. (b) When a fuel leak was not fixed 
in time, the yellow “FIX LEAK” changed to an orange “FATAL FUEL LEAK” 
warning.

Figure 5. Screenshot of the chat message panel 
with response buttons on the left (“yes”/“no”) and 
timestamped chat window on the right.
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Performance Results
Primary task. There was a significant effect of 
task load on response time (F[2.36,33.48] 
=161.51, p < .001, ηp

2 = .95, ε = .94), with 
means (standard error of the mean [SE]) equal 
to 2.37 s (SE = .04), 3.42 s (SE = .04), 2.86 s (SE 
= .04), and 2.86 s (SE = .03) in the low, high, 
gradual, and sudden conditions, respectively. 
Linear contrasts showed that the low task load 
scenario elicited significantly faster response 
times than all other scenarios (all p < .001). The 
high task load scenario had significantly slower 
participant response times than all other scenar-
ios (all p < .001).

For primary task accuracy, there was a 
significant effect of task load on accuracy 
(F(2.61,39.25) = 101.42, p < .001, ηp

2 = .87, ε = 
1.00), with means equal to 83.52% (SE = 1.20), 
58.20% (SE = 1.50), 69.68% (SE = 1.90), and 
72.09% (SE = 1.80) in the low, high, gradual, 
and sudden conditions, respectively. The low 
task load scenario led to significantly higher 
accuracy than all other scenarios (all p < .001). 
Participant accuracy in the high task load sce-
nario was significantly lower than all other sce-
narios (all p < .001).

Secondary task. There was a significant effect 
of task load on secondary task response time 
(F(1.75,26.24) = 16.05, p < .001, ηp

2 = .51, ε = 

.58), with means of 5.09 s (SE = .28), 5.03 s (SE 
= .26), 3.88 s (SE = .10), and 3.70 s (SE = .15) 
in the low, high, gradual, and sudden condi-
tions, respectively. Participant response time in 
the low task load scenario was significantly 
slower than the gradual and sudden task load 
scenarios (all p < .001). The high task load sce-
nario was significantly slower than in the grad-
ual and sudden task load scenarios (all p < .001).

There was a significant effect of task load 
on secondary task accuracy (F(2.02,30.40) = 
7.15, p = .003, ηp

2 = .32, ε = .67), with means 
of 88.41% (SE = 2.80), 89.94% (SE = 2.40), 
96.71% (SE = 1.00), and 96.08% (SE = 1.10) in 
the low, high, gradual, and sudden conditions, 
respectively. In the low task load scenarios, par-
ticipants were significantly less accurate than 
in the gradual (p = .006) and sudden task load 
scenarios (p = .003). Participant accuracy in the 
high task load scenarios was also significantly 
lower than in the gradual (p = .003).

Eye Tracking Results
H1: spread metrics. The results of the spread 
metrics calculations can be seen in Figure 7. 
There was no significant difference of task load 
on convex hull area (Figure 7a). There was a sig-
nificant effect of task load on spatial density 
(F(2.48,37.24) = 5.24, p = .006, ηp

2 = .25, ε = .82; 
Figure 7b). There were also significant pairwise 

Figure 6. The number of active UAVs throughout the gradual and sudden task 
load scenarios.
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differences between the low and gradual task load 
conditions (p = .004) and between low and sud-
den task load (p = .008). There was also a signifi-
cant effect of task load on stationary entropy 
(F(2.21,33.17) = 9.49, p < .001, ηp

2 = .38, ε = .73; 
Figure 7c). Post hoc tests showed that low task 
load had a higher entropy than all other task load 
conditions, with p = .009, p = .001, and p = .007 
for the high, gradual, and sudden conditions, 
respectively. High task load was also significantly 
higher than gradual (p = .014).

H2: directness metrics. For the directness metrics, 
which can be seen in Figure 8, there was a signifi-
cant effect of task load type on mean saccade ampli-
tude (F(2.38,35.76) = 13.81, p < .001, ηp

2 = .47, ε = 
.79; Figure 8a). Post hoc tests showed that there was 
a significant difference between low task load and 
all other conditions (all p < .001). For scanpath 
length per second, there was also a significant effect 
of task load (F(2.84,42.61) = 16.32, p < .001; ηp

2 = 
.52, ε = .94; Figure 8b). Post hoc tests showed that 
there was a significant difference between low task 
load and the other conditions (all p < .001). There 

was no significant effect of task load on backtrack 
rate (Figure 8c). There was a significant effect of 
task load on transition rate (F(2.65,39.75) = 4.92, p 
= .007, ηp

2 = .24, ε = .88; Figure 8d). There was a 
significant pairwise difference between the low and 
gradual (p = .029) and low and sudden (p = .005) 
conditions. For the transition entropy, there was an 
effect of task load (F(2.16,32.48) = 15.83, p < .001, 
ηp

2 = .51, ε = .72; Figure 8e). The low task load con-
dition was significantly higher than all other condi-
tions (p < .001, p < .001, and p = .001 for high, 
gradual, and sudden task loads, respectively). High 
task load was also significantly higher than the grad-
ual task load condition (p = .007).

H3: duration metric. Finally, for the duration 
metric, there was no significant effect of task 
load on mean fixation duration (Figure 9). 
Table 2 provides a summary of the eye tracking 
results obtained in this study.

DISCUSSION
The aim of this study was to analyze how per-

formance and attention allocation, as evidenced 

Figure 7. Spread metrics values for each task load condition: (a) convex hull area, 
(b) spatial density, and (c) stationary entropy.
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by eye movements, are affected by gradual and 
sudden workload transitions when compared to 
constant low or high workload in a multitasking 
environment. The performance results obtained in 
this experiment suggest that there was no signifi-
cant difference between performance in the grad-
ual and sudden workload conditions. Contrary to 
our expectations, this suggests that sudden work-
load transitions are not more detrimental to per-
formance than gradual workload transitions.

The analysis of the primary and secondary 
tasks provided further insights into the effects of 

workload transitions. For the primary task, high 
workload led to the worst primary task perfor-
mance, which is consistent with the literature on 
the dangers of high workload (Cain, 2007). The 
workload transition conditions—both gradual 
and sudden—led to primary task performance 
that was in between low and high workload. 
However, the performance results observed for 
the secondary task differ from those of the pri-
mary task. For the secondary task, low and high 
workload resulted in the worst performance, 
whereas the transition conditions resulted in the 

Figure 8. Directness metrics results for each task load condition: (a) scanpath length, 
(b) mean saccade amplitude, (c) backtrack rate, (d) rate of transitions, and (e) transition 
entropy.
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best performance. In other words, while task 
load was fluctuating between low and high, 
whether suddenly or gradually, secondary task 
response accuracy was higher compared to when 
workload was held constant at high or low. In 
general, the results were contrary to our expec-
tation that, for both the primary and secondary 
tasks, performance would be increasingly worse 
in the low, gradual, sudden, and high workload 
scenarios. Nor do the results support our expec-
tation that there would be a detrimental effect 
of sudden workload transitions, as found by 
researchers in other contexts (Cox- Fuenzalida, 
2007; Kochan et al., 2004). However, the 
results are consistent with resource- allocation- 
based theories of attention, such as Wickens’ 

Figure 9. Duration metric results for each task load 
condition.

TABLE 2: Summary of the Eye Tracking Results

Metric Result Summary

Spread Metrics
Convex hull area (pixels2) Not significant H1: As performance deteriorates, 

these metrics will exhibit 
increased spread

Findings: Spread of fixations is 
highest in low task load and 
lowest in gradual and sudden 
task load

Spatial density •	 Highest value in low task load 
compared to gradual and 
sudden task load

Stationary entropy •	 Highest value in low task load
•	 Higher value in high task load 

than gradual task load

Directness Metrics

Mean saccade amplitude (pixels) •	 Highest value in low task load H2: As performance deteriorates, 
these metrics will exhibit less 
directness and efficiency

Findings: Low task load is the least 
efficient condition overall, but 
it has fewer transitions than the 
sudden and gradual task load 
conditions

Scanpath length per second 
(pixels)

•	 Highest value in low task load

Backtrack rate (s–1) Not significant

Transition rate (s–1) •	 Lowest value in low task load 
compared to gradual and 
sudden task load

Transition entropy •	 Highest value in low task load
•	 Higher value in high task load 

than gradual task load

Duration Metric

Mean fixation duration (ms) Not significant H3: As performance deteriorates, 
there will be increased mean 
fixation duration

Findings: Mean fixation duration 
is not affected by workload or 
workload transitions
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(2002) multiple resource theory and Young and 
Stanton’s (2002) malleable attentional resources 
theory. These theories posit that very low and 
very high workload can lead to performance 
decrements, whereas there exists an optimal 
middle- ground level of task load that elicits the 
best performance. Nevertheless, the results are 
surprising given that participants were asked to 
prioritize the primary task over the secondary 
one. The results confirm that workload transi-
tions can affect how people perform their tasks 
in a way that is different from just high or low 
workload (Cox- Fuenzalida, 2007; Cumming & 
Croft, 1973; Goldberg & Stewart, 1980), even 
in a more complex, multitasking environment. 
More specifically, the results suggest that the 
transition conditions of sudden and gradual 
workload resulted in the participants adjusting 
their priorities and strategies as part of a multi-
tasking operation.

The discrepancies with the previous liter-
ature serve to underline the importance of our 
main aim in this study, which is to use eye track-
ing metrics to better understand how these per-
formance effects come about. In general, results 
were consistent with hypotheses H1 and H2 
that there would be increased spread and less 
directness, respectively, with worse task per-
formance. It is interesting, though, that the task 
performance that was best reflected in the eye 
tracking metrics was the secondary task, which 
relates mainly to transitioning between AOIs. It 
would appear that the transition between AOIs 
or the sequence of AOIs is an aspect that should 
be regularly explored in such studies, contrary 
to what is currently the case.

However, the eye tracking metrics reflected 
the poor performance mainly in the low but 
not high workload condition, although perfor-
mance was equally poor in both. Under low task 
load, the spread metrics suggest that, in terms 
of where participants are looking, it appeared 
that participants were covering wider and more 
varied areas of the display. The directness met-
rics suggest that, in terms of efficiency, partic-
ipants were scanning less efficiently under low 
task load and were more focused and efficient 
under the other task load conditions, especially 
in the gradual and sudden conditions. Only with 
stationary and transition entropy was the high 

workload condition also significantly different 
than the gradual workload condition, suggest-
ing that these metrics are particularly sensitive 
to changes between constant and transitioning 
workload and would be recommended for stud-
ies in this context. This could be because these 
metrics are based on Markov chains, a stochas-
tic process in which the next state (in this case, 
the next AOI that is fixated) depends only on 
the current state (current AOI being fixated). By 
modeling the scanpath in this way, it appears 
that one can very well capture differences in 
transition patterns. Moreover, the only excep-
tion to the increased directness under worse 
performance was observed in terms of the tran-
sition rate: sudden and gradual workload transi-
tions exhibited higher transition rates compared 
to when workload was held constant at low. 
Finally, the only hypothesis that our findings 
fully contradicted was H3, which is related to 
the duration metric; results suggest that there 
was no effect of workload transitions on how 
long participants were looking at certain areas. 
This is surprising given how frequently mean 
fixation duration is used in the context of work-
load (e.g., Schulz et al., 2011). It could be that 
there is no issue of discriminating information 
in this study, although this would need to be fur-
ther explored.

In summary, these metrics seem to suggest 
that low workload results in more spread in 
terms of where people are scanning, but eye 
movements become on average less efficient. 
On the other hand, in the workload transition 
conditions and under high workload, there 
is less spread, but higher efficiency. This can 
be explained by the fact that, under low task 
loads, participants had more time to scan the 
entire display without having to be systematic 
in terms of where they were looking. Although 
the greater spread may have benefitted the pri-
mary task performance, the lack of a system-
atic approach to scanning adversely affected 
secondary task performance. This nuance only 
serves to emphasize the importance of incorpo-
rating directness metrics to thoroughly under-
stand attention allocation.

The results can be further interpreted in 
terms of the two- dimensional framework for 
the role of attention proposed by Trick et al. 
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(2004). In the proposed framework, there 
are two dichotomies: controlled versus auto-
matic and endogenous versus exogenous. In 
relation to this study, participants in the low 
workload condition would be operating in the 
controlled- exogenous mode of attention. This 
mode promotes more open- ended exploration 
of the environment/display that is supported by 
spread metrics observed here under low task 
load which is the default. However, Trick et al. 
(2004) note that even though attention in this 
mode is conscious and voluntary, it can inter-
fere with secondary task performance, which 
was found to be the case here. Using the same 
framework, the increased task demands asso-
ciated with the workload transitions and high 
workload conditions most closely align with the 
controlled- endogenous mode, where behavior 
is deliberate and goal- driven. This is supported 
by the fact that the increased task demands lead 
to a need to balance priorities under the dual- 
task paradigm, which may have come at a cost 
to primary task performance.

Given that the tasks in this study involved a 
visual search task (i.e., target detection task), the 
findings can also be interpreted in light of the 
considerable visual search literature (see Wolfe 
and Horowitz (2017) for an overview). Models 
of visual search generally characterize search as 
a multistage process, with an early parallel stage 
obtaining basic information about the wider dis-
play area and a subsequent serial, slower stage 
getting more detailed information, but from lim-
ited display areas (Wolfe, 1994). This ability to 
obtain basic information from the periphery is 
vital to the visual search process (Rosenholtz, 
2016; Wolfe et al., 2017). However, the presence 
of crowding or clutter, as is the case in this study 
as the number of active UAVs increases, makes 
it more difficult to recognize and discriminate 
objects in the periphery. This made it necessary 
for participants to saccade to and foveate items 
detected in the periphery to be able to identify 
their properties (Wolfe & Whitney, 2014). In the 
presence of less crowding in low workload, items 
in the periphery may have been more salient and 
thus drew participants’ visual attention to wide 
areas of the screen. This saccade to wide areas 
may have been what led to larger spread in low 
workload, with the resulting fixations on the 

targets helping to improve performance in the 
primary task, which required detailed discrim-
ination. This theory is also consistent with the 
higher mean saccade amplitude in low workload, 
which suggests that items in the wider periphery 
were detected and a (large) saccade was initiated 
to that item. This increased spread may not have 
been necessary or helpful for the secondary tasks, 
though, where peripheral vision may have been 
enough to understand what needs to be attended 
to.

Moreover, it has been shown that people can 
plan saccades in advance of search, although, 
if they have enough time and an item is salient 
enough, their planned scanpath can be altered 
(De Vries et al., 2014). In lower workload, it 
appears that there was more time for partici-
pants to change their planned scanpath when a 
salient object appeared in the periphery. This 
would explain the more random and less efficient 
sequence of eye movements in low workload, 
with participants’ eye movements drawn to dif-
ferent areas at random. In the other workload con-
ditions (high, sudden, and gradual), all of which 
involved higher workload, it would appear that 
participants tended to stick to a selected sequence 
and not deviate from that. This more systematic 
approach would also explain the increased tran-
sition rate in these three conditions, with partici-
pants seemingly deciding to move from one area 
of the screen to another in a planned fashion. The 
findings here demonstrate the importance of con-
sidering multiple types of eye tracking metrics 
to understand the effects of workload on visual 
attention allocation as thoroughly as possible.

CONCLUSION

There are three main takeaways from these 
findings. The first is that, contrary to expecta-
tions, sudden workload transitions do not seem 
to be more detrimental than gradual workload 
transitions. There does not seem to be any evi-
dence of the “surprise” of a sudden transition 
leading to any decrements in performance, or 
any changes in attention allocation, either. The 
element of surprise and unexpected events may 
have detrimental effects in certain contexts such 
as aviation (Wickens, 2001); however, as part 
of this study, the element of surprise that may 
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have occurred with a sudden workload shift 
may have been diluted as there was more than 
one workload transition over the course of the 
15 min scenario. If this study were replicated 
with just one sudden increase, the element of 
surprise present with the sudden task load con-
dition could be accentuated and lead to decre-
ments in performance.

At the same time, the second conclusion that 
can be drawn from these findings is that transi-
tioning workload could affect how people pri-
oritize tasks in a multitasking environment. It 
would seem that switching task load between 
low and high workload leads to participants 
changing their strategy. Transitioning work-
load cannot be treated simply as a “middle” 
stage between low and high workload, with the 
expectation that performance will be averaged. 
Instead, the findings here should be taken into 
account in the design of tasks within safety- 
critical, multitasking domains.

The third and final conclusion is the impor-
tance of using a combination of eye track-
ing metrics, together with a knowledge of the 
context, to understand attention allocation. In 
particular, the spread and directness metrics, 
which are much less used as compared to dura-
tion measures (e.g., Coyne et al., 2017; Foy & 
Chapman, 2018), are the ones that provided the 
more insightful results. Specifically, the combi-
nation of spread metrics (namely, spatial density 
and stationary entropy) and directness metrics 
(namely, mean saccade amplitude, scanpath 
length per second, transition rate, and transi-
tion entropy) was sensitive to differences and 
changes in task demands. The directness metrics 
in general are the ones that helped explain how 
participants did worse on the secondary task 
in low workload, contrary to all expectations. 
Stationary and transition entropies were partic-
ularly insightful, suggesting that they should be 
used more in studies on transitioning workload. 
Given that stationary entropy reflects just the 
switching between different areas of the screen, 
regardless of what the exact task is within each 
AOI, these metrics could still provide insight 
into participants’ task switching behavior when 
other tasks are used.

In terms of more long- term future applica-
tions, these metrics can potentially be used as the 

basis for an adaptive display, where information 
is updated to suit users’ needs in real time to sup-
port SA (e.g., Monfort et al., 2016). To this end, it 
is important that the appropriate metrics are used 
to account for different workload conditions. 
Once the system detects that the user is struggling 
with high workload or workload transitions, dis-
play adjustments can then be triggered in near 
real time before significant performance break-
downs occur. This could be extremely valuable in 
safety- and time- critical domains, such as military 
operations, aviation, or process control. Using 
eye tracking allows for the triggering of display 
adjustments as early as a few seconds into a task 
(Moacdieh & Sarter, 2017). At the same time, 
this approach would mean that there would be no 
need to trigger any unnecessary adjustments that 
might confuse or distract the user. This approach 
of adjusting only when needed is a cornerstone of 
adaptive and intelligent displays. However, note 
that it is critical that these metrics are not consid-
ered in isolation and should also take context into 
account. What works for one task may not work 
for all tasks in a complex, data- rich domain where 
operators are tasked with various responsibilities.

Although the results of this empirical work are 
informative, they are not free of limitations. First, 
generalizing these results is limited to domains 
with similar task structure, or ones that consist of 
monitoring several distinct areas of a screen and 
where increasing the number of items to attend 
to is directly proportional to increasing task load. 
The assumption is also that all the tasks are visual, 
not auditory. In its simplest form, this experiment 
involves search and monitoring multiple areas of 
the screen, and the fact that the eye tracking met-
rics were able to reflect this transitioning behavior 
well—namely, with the entropy metrics—sug-
gests that any kind of transitioning between AOIs 
could also be captured, even in a different context. 
However, more research is needed to improve the 
external validity of the study and establish which 
eye tracking metrics best reflect fluctuations in 
workload in other multitasking scenarios.

It would also be interesting to look at shorter 
scenarios in addition to longer time periods, as 
was done here. Analyzing a single time transi-
tion at a time could also provide insight into how 
operators’ attention is affected immediately after 
transitions. Furthermore, the sampling rate of the 
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eye tracker used in this study (60 Hz) is not ideal 
for the study of saccade amplitude, although it 
makes no difference to the detection of fixations 
(Leube et al., 2017). To further explore the use 
of that metric, an eye tracker with a higher sam-
pling rate (e.g., 120 Hz) will have to be used in 
future studies. Also, it would be interesting to fur-
ther explore how results would change if partici-
pants were completely unaware of any changes in 
workload. In that case, the focus would fully be 
on the element of surprise.
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