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Abstract—Display clutter causes decrements in visual search perfor-
mance and can be a threat to safety and efficiency in complex, data-rich
domains. Addressing the problem requires a means to detect the presence
of clutter in real time, predict its effects, and then trigger countermea-
sures before breakdowns in information search can occur. Eye tracking is a
promising technique for achieving these goals; however, to date, it has been
used almost exclusively offline for display evaluation purposes. The goal
of this research was instead to develop and evaluate models that combine
eye tracking metrics to detect the effects of clutter early on in the search
process. Participants were asked to locate targets in a simulated graphics
program. Three eye tracking metrics—scanpath length, mean saccade am-
plitude, and mean fixation duration—were calculated over a 3-second time
window. These metrics were then used as input to a set of logistic regres-
sion models to predict whether users’ response time will be relatively long
or short. The accuracy of the models averaged 75% and the true positive
rate was above 90%, with an ability to predict response time as early as
3.6 s into the visual search task. The results of this study confirm that eye
tracking metrics can be used to predict the effects of display clutter in real
time. They add to the knowledge base in attention and eye tracking, and
they ultimately contribute to the design of adaptive displays that lead to
improved operator performance.

Index Terms—Display clutter, eye movement, visual search/scanning.

I. INTRODUCTION

Display clutter can lead to increased response times (RT) and miss
rates during visual search [1], [2]. These performance decrements have
the potential to compromise the efficiency and safety of operations in
domains ranging from aviation [3] to website design [4].

To prevent or overcome these performance effects, most research to
date has focused on developing optimal displays that contain neither
too much nor too little information [5]. However, what constitutes an
“optimal” display is likely not the same for all users and all situations.
User-based factors such as experience and workload may play a signif-
icant role in determining the perceived level and effects of clutter [4].
Users may, at times, experience stress or fatigue [5], and their needs
and capabilities may then change considerably. An operator in normal
circumstances, for example, may have a large number of icons or win-
dows open at one time to work on several low-urgency tasks. At this
point, user performance is not affected by the relatively large amount
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of information on the screen. Rather, the operator is making use of this
information, and the display is not considered cluttered. However, an
emergency situation might emerge and the user needs to find a critical
piece of information very quickly. Suddenly, the user is struggling to
achieve his/her goal. At this point, the large amount of information
becomes a deterrent to the user, and may lead to major search delays or
misses. It is this struggle with the display that needs to be captured, as it
encapsulates the mismatch between user’s expectations and the display
characteristics (i.e., top-down or user-based factors versus bottom-up
or display-based factors). This mismatch is then what causes “clutter.”
It would, thus, be difficult for any display to provide the right nature
and quantity of information from the start as the user’s cognitive state
and the context might change.

One solution to this problem would be to develop context-sensitive
displays, where the nature and quantity of information are adjusted in
real time to suit a user’s needs. Rather than overburden the operator
with adjusting the display, especially at a time which may be already
stressful and high-workload, the display would adjust automatically
(i.e., an adaptive display). This approach, in turn, would require a
means of tracing the effects of clutter on users’ attention allocation in
real time. Eye tracking is a promising approach for this purpose [6]
as it can support early detection of the effects of clutter, before any
significant performance decrements are experienced. Eye tracking is
also noninvasive, as opposed to other techniques, such as EEG [7].
However, the clutter-related eye tracking metrics that have been ex-
plored to date were calculated over a period of time that corresponded
to the overall task time or RT [1], [2], [8]. For these metrics to support
real-time display adaptation, a much shorter time window needs to be
employed, and metrics must be used to develop models that signal the
effects of clutter on eye movements early on during visual search.

Thus, the objectives of this study were to determine 1) whether eye
tracking metrics calculated over a short window of time can be used
to detect the effects of clutter on eye movements, and, in turn, predict
performance decrements (specifically, long RTs), and 2) whether this
prediction can be made early enough in the search process to prompt
display adjustments prior to significant performance decrements.

II. BACKGROUND

Despite widespread concerns about clutter, there is no consensus on
a definition of the phenomenon. A recent review of the clutter litera-
ture defined it as “the presence of performance and attentional costs
that result from the interaction between high data density, poor display
organization, and an abundance of irrelevant information” [9]. This
definition of clutter highlights the interaction between the two main
aspects of clutter, display density and display organization. Display
density is the more prominent and widely discussed aspect, with the
view of clutter as the number of objects on a display—the words on
a webpage [10], symbols on a map [11], icons on an airplane display

2168-2291 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.

Authorized licensed use limited to: American University of Beirut. Downloaded on May 23,2024 at 05:30:30 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-7677-7946


IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 47, NO. 6, DECEMBER 2017 897

[12], etc. The other aspect, organization, emphasizes the way these
objects are laid out in a display, including lack of conceptual grouping
[13] and lack of symmetry [14]. The above-mentioned definition of
clutter also underlines the link between the display factors (density and
organization) on one hand and performance decrements and changes
in attention allocation on the other. Detecting these changes or break-
downs serves as evidence for display clutter, and it is these changes
that we want to track for real-time estimation of clutter.

However, most techniques to assess clutter are not well-suited for
this purpose (see [9] for a review). Image processing algorithms calcu-
late clutter based on pixel-based display characteristics. For example,
edge density [15] is based on the idea that clutter is related to the
number of edges in a display. In this case, a filter calculates the den-
sity of edge pixels as a percentage of the total number of pixels to
give a measure of clutter. This approach does not support the detec-
tion of performance decrements or account for user-based factors. In
other words, whether the user is tired or stressed, the image processing
algorithm will always provide the same result. Discerning these dif-
ferences can be achieved using performance outcome measures, such
as RT and error rate [16]–[18], but these cannot be easily calculated
in real time. Finally, subjective ratings or rankings of the amount of
clutter perceived in a display [19]–[21] are also difficult to implement
in real time. Moreover, they rely on people’s judgments, which have
been shown to be misguided in many cases [22].

One technique that traces attention allocation, is process-oriented,
and can be used in real time is eye tracking (see [23] for a detailed
review), the method used in this study. Eye tracking data are typically
expressed as fixations (spatially stable gaze points) and saccades (the
rapid eye movements in between), with the whole sequence termed the
scanpath [24]–[26]. Eye tracking has been successfully used to trace
the effects of clutter in various contexts. For example, eye tracking
data have been used to analyze clutter in hospital medical records [6],
airplane cockpit displays [27], websites [10], as well as with real-world
images [28]. Going beyond those earlier studies, this research will use
real-time eye tracking to detect the effects of clutter before significant
performance decrements occur. Real-time eye tracking has also been
successfully used for applications such as detecting driver distraction
[29] and evaluating user learning [30], but not for clutter estimation.
Given the novelty of this approach, we decided to test it in the context
of a relatively simple and highly controlled application; namely, a
graphics display of icons, similar to what was done in [31].

As for the eye tracking metrics that can be used to analyze clutter,
these have typically involved basic metrics such as the total number
of fixations [10] and mean fixation duration [1]. A few studies have
included some more involved metrics, such as scanpath ratio, the sum
of saccades needed to reach the target divided by the shortest distance
to the target [2]. In previous experiments, we instead tested a large
number of eye tracking metrics for their benefit in analyzing clutter
[6], [8]. These metrics fall into three categories: spread, direction,
and duration. They help assess the distribution, sequence, and length
of fixations, respectively. Several of these metrics were found to be
good indicators of clutter, and three of these metrics will be used here:
scanpath length per second, mean saccade amplitude, and mean fixation
duration.

III. METHODS

A. Participants

The participants in this study were ten engineering students from the
University of Michigan (five male and five female). Their average age
was 23.0 years [standard deviation (SD) = 3.9]. Participants gave

informed consent and were compensated $25 for their time. Partici-
pants had self-reported normal or corrected to normal vision; contact
lenses were allowed but glasses were not, due to the limitations of the
eye tracker. This study was approved by the University of Michigan
Institutional Review Board (ID: #HUM00078246).

B. Simulated Graphics Program

We created a mock graphics program that consisted of icons used
in widely used graphics packages. Icons from several Adobe graph-
ics suites were arranged in various configurations on the display (see
Fig. 1). Grayscale versions of all the icons were used so that color was
not a factor during search. The icons were all assigned to a unique group
based on their function (e.g., write, align, and color). All participants
confirmed that they had used Adobe Photoshop before.

C. Experiment Setup

The simulated graphics program was displayed on a 19-in monitor
with a resolution of 1280 × 1024 pixels. An Applied Science Labora-
tories D6 desktop-mounted eye tracker was used (sampling rate: 60 Hz;
accuracy: less than 1 degree visual angle; precision: 0.5 degrees visual
angle; range of head motion: 1 cubic foot). This eye tracker was placed
in front of the computer monitor such that the aperture was approxi-
mately 5 cm from the screen. The participants were seated at a distance
of around 70 cm from the eye tracker, making for a visual screen angle
of around 25 degrees in each horizontal direction and 20 degrees in
each vertical direction. The calibration procedure, which took around 5
min at the start of the experiment, was accomplished using a nine-point
grid.

The experimenter, seated next to the participant, used a second mon-
itor to track the output from the eye tracker in real time. All of the code
to connect to the eye tracker, collect the eye tracking data, and calculate
eye tracking metrics was created in MATLAB R2011b.

D. Experiment Design

Data density (low, high) and display organization (good, poor), the
two main aspects of clutter, were varied within participants, leading to
a 2 × 2 full-factorial design. In each experiment trial, participants had
to perform a search task. The variables in each trial were manipulated
as follows.

1) Data density (low, high): this was manipulated by varying the
number of icons within the display. The high-data displays [see
Fig. 1(c) and (d)] included the full set of 119 icons, whereas the
low-data displays [see Fig. 1(a) and (b)] contained between 38
and 45 icons. This range in the low-data displays reflects the fact
that not all icon groups consist of the same number of elements.
The groups contained 3, 4, 6, or 8 icons, depending on the icons
available in the Adobe suites.

2) Organization (good, poor): in the good organization displays
[see Fig. 1(a) and (c)], the icons were placed in their respective
groups and were surrounded by an outline box. The sequence of
icons within these groups was always the same, and the group
name was provided at the top of each group. In contrast, in the
poor organization displays [see Fig. 1(b) and (d)], the icons were
randomly distributed across the display.

The study involved two phases: 1) the training phase, where the eye
tracking data were gathered and used to create a model of visual search
RT, and 2) the testing phase, where this model was used to predict
RT in real time. The same set of displays was used for the training
and testing phase, with the only difference being the location of the
targets. In each phase, participants were presented with six instances
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Fig. 1. Screenshots of parts of the display: Low-data displays with (a) good
organization and (b) poor organization, and high-data displays with good or-
ganization (c) and poor organization (d). Note that in good organization the
icons are grouped logically, whereas in the poor organization displays they are
randomly distributed.

of each of the four experimental conditions, making for a total of 24
experiment trials and 24 corresponding unique displays. A total of six
easily recognizable icons were used as target icons in the experiment
trials. Participants underwent training before the experiment to make
sure they were familiar with all the target icons and their groups. They
were told to prioritize accuracy over speed in all cases.

Fig. 2. Three-second time windows with a 2-second overlap. The eye tracking
metrics were calculated for each window.

Based on a previous experiment [6], which had shown that search for
multiple instances of a target was affected by clutter more significantly
than the search for just one occurrence, participants were told to search
the entire display to establish whether the target appeared more than
once. In a more realistic scenario, this can be considered similar to
a user having several pieces of information to find as part of a task.
For example, a physician might want to find all the patient’s previous
appointments with a dermatologist, or all the cardiovascular issues the
patient has had. In the 24 experiment trials (in both the training and
testing phase), there was always exactly one instance of the target. In
addition, there were 16 “dummy” trials in each phase where the target
was either absent, shown in the middle section of the display, or repeated
(i.e., there were two or three instances of the target). These trials ensured
that participants always searched the entire display for multiple targets;
however, the performance data from these trials were not included in
the analysis. The presentation order of the experimental conditions
was counterbalanced by dividing participants into two groups, each of
which did the experiment in a quasi-random but fixed order. The order
of the second group was the inverse of the first.

The dependent variables were the performance measures of RT and
miss rate, eye tracking data, and the time to model performance pre-
diction. RT was defined as the time from the start of each trial to
participants indicating that they had found the target. Eye tracking
metrics were calculated in real time over a moving window of time.
The moving window was selected to be 3 s as this was less than the
lowest average RT obtained in a previous experiment with the same dis-
play configurations [7]. In that experiment, the average RT was found
to be 4.7 (SD = 0.72) seconds in low data density, 9.9 (SD = 1.9)
seconds in high data density, 6.1 (SD = 2.1) seconds in good orga-
nization, and 8.4 (SD = 3.2) seconds in poor organization. In order
to maximize the number of instances that can be obtained to build the
model, there was an overlap of 2 s between successive time windows
(see Fig. 2), an approach that was found to be beneficial in [32]. Any
additional time following the last full second of a trial was discarded.
There was, thus, 1 s between each two successive windows.

The eye tracking metrics that were calculated in each 3-second win-
dow were scanpath length per second [the total saccade length (in
pixels) per second], mean saccade amplitude (in pixels), and mean fix-
ation duration (in seconds). These metrics were chosen because they
were found to be significant predictors of clutter in a previous study
[7]. In addition, these metrics were not computationally intensive, as
was the case with some of the other metrics identified as good indica-
tors of clutter, such as convex hull area [7]. Adding any other metric
introduced a non-negligible lag in the real-time data processing.

The final dependent measure was the time to performance prediction,
which was defined as the amount of time from the start of the trial (i.e.,
the start of the first moving window) to the first correct prediction
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of performance decrements by the model. Given the 3-second time
window, the earliest a correct prediction could be made was 3 s, which
represents the ideal case.

E. Model Creation

Several decisions had to be made prior to the creation of the models.
First, a target variable had to be chosen that would be used to predict
likely performance. RT was selected for this purpose as it was signif-
icantly and strongly affected by clutter in previous experiments [3],
[34], [35]. The aim was not to predict RT with a high degree of accu-
racy; rather, the goal was to predict whether RT would likely exceed
a threshold representing unacceptable performance. In this study, the
threshold was selected based on the results of [7]. The median RT in
that experiment was approximately 7 s, which was chosen here as the
cutoff between acceptable (RT < 7) or unacceptably long (RT � 7). In
the remainder of this document, “long RT” will refer to values above
this threshold.

Following from this decision, four models were created and tested, all
of which predict long RT. The aim of the first model was to see whether
we could predict long RT regardless of the state of the display (RT
model). The other three models were developed to predict long RT in the
high data density (DataRT model), poor organization (OrgRT model),
and combined high data and poor organization (DataOrgRT model)
conditions. In other words, these last three models were intended to test
if long RT could be more accurately predicted if it occurred together
with high data density, poor display organization, or both. In practical
terms, this would mean that display adjustments would not be triggered
unless long RT was predicted and the condition of the display was high
density, for example. The assumption is that this additional knowledge
about the display is available.

The second choice that had to be made was the type of model
for making the above-mentioned predictions. Logistic regression was
selected for this purpose given that it is robust, lightweight, and efficient
for online processing [26]. In this study, each instance corresponded to
the set of three eye movement metrics (the predictors) calculated over
the 3-second time window. To calculate the model coefficients in the
training phase, all instances had to be labeled based on whether or not
they were related to poor performance, which is long RT in the context
of this study. For the RT model, all instances associated with long RTs
(i.e., that came from trials where the RT was eventually longer than 7 s)
were labeled as “1” while all others were labeled as 0. For the DataRT
model, only the high data trials with long RT were labeled as “1”, while
all the others (across any condition) were labeled 0. In other words, the
additional knowledge about the state of the display was used to adjust
the labeling procedure, but the input to the model remained the same.
Similarly, for the OrgRT model, the poor organization instances with
long RT were labeled as “1”, whereas in the DataOrgRT model, a label
of “1” was assigned to instances with high data, poor organization,
and long RT. The eye movement metrics were all standardized prior to
running the logistic regression models.

The basic structure of the logistic regression model can thus be
defined as

ln
[

P

1 − P

]
= b0 + b1X1 + b2X2 + b3X3

where P is the probability of predicting long RT, X1 , X2 , and X3 are
the three eye tracking metrics (total saccade length per second, mean
saccade amplitude, and mean fixation duration), b1 , b2 , and b3 are
the logistic regression coefficients associated with Xi , and b0 is the
constant.

The third decision that had to be made was whether to build one
model that incorporates data from all participants or to create one
dedicated model for each participant. The former approach would help
avoid the problem of overfitting. However, researchers have pointed out
how eye movements tend to vary considerably between people [36];
therefore, one model for each participant would likely result in higher
predictive accuracy, an approach adopted with eye tracking before [29].
This latter option was adopted in this study.

F. Experiment Procedure

Participants were first asked to read and sign the consent form.
Next, they underwent a 20-minute practice session that concluded with
four practice trials that participants had to complete correctly to start
the experiment. Following the practice session, the eye tracker was
calibrated, and participants proceeded with the 40 trials (24 experiment
trials and 16 dummy trials) of the training phase.

For each trial, participants were first presented with the target icon
(name and image) that they needed to look for. When they were ready
to start the search, they pressed the right arrow key. The experiment
display appeared, and the RT timer started. In case participants thought
there was no target or multiple instances of the target, they pressed the
“down” arrow key. They pressed the “up” arrow key when they found
one and only one instance of the target. In either case, the RT timer
stopped upon pressing the arrow key.

Participants were then given a 5-minute break. During that time,
the performance and eye tracking data from the first set were used
to build a model specific to each participant’s eye movements. Next,
participants completed the testing phase. This time, the model that was
just developed was used to predict RT in real time. Participants were
not notified when a long RT was predicted; rather, this information was
stored for later analysis only. This was necessary to be able to record
what the actual RT (in the testing phase) was and then determine if
the model accurately predicted this result. The full experiment session
took around an hour to complete.

IV. RESULTS

Significance was set at p < 0.05. Note that one participant’s data
had to be discarded because of a misunderstanding of the instructions,
resulting in data for a total of nine participants. Miss rate was very low
overall (seven misses in total across all participants) and so this data
was not analyzed.

A. Performance Results

RT was calculated for all successful trials (i.e., trials with correct re-
sponses), with values averaged across all conditions in both the training
and testing phase. A repeated-measures analysis of variance with list-
wise deletion was used. Bonferroni corrections were applied for mul-
tiple comparisons. Results showed an RT of 5.13 (SD = 1.74), 4.97
(SD = 1.50), 7.20 (SD = 2.00), and 13.06 (SD = 4.60) seconds
in the low data density and good organization, low data density and poor
organization, high data density and good organization, and high data
density and poor organization conditions, respectively (see Fig. 3).
Similar to a previous study [13], there was a significant increase in
RT from 5.05 (SD = 1.71) seconds in low data density to 10.13
(SD = 4.75) seconds in high data density (F (1, 8) = 29, p = 0.001,
η2

p = 0.7). Similarly, there was a significant increase from 6.17
(SD = 2.23) seconds in good organization to 9.02 (SD = 5.40) seconds
in poor organization (F (1, 8) = 9.8, p = 0.014, η2

p = 0.5). There
was also a significant interaction between data density and organization
(F (1, 8) = 21.14, p = 0.002, η2

p = 0.725), such that performance
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TABLE I
SUMMARY OF LOGISTIC REGRESSION MODEL RESULTS AVERAGED OVER THE NINE PARTICIPANTS

Model Mean (SD)

Accuracy TPR1 TNR2 PPV3 NPV4 d′ B

RT 0.77 (5.74) 0.90 (0.14) 0.67 (0.16) 0.59 (0.12) 0.95 (0.04) 1.60 (0.44) 0.95 (0.72)
DataRT 0.71 (10.3) 0.96 (0.07) 0.59 (0.18) 0.5 (0.1) 0.98 (0.03) 1.38 (0.54) 0.77 (0.43)
OrgRT 0.79 (7.9) 0.97 (0.04) 0.71 (0.11) 0.56 (0.13) 0.98 (0.02) 1.72 (0.57) 0.86 (0.31)
DataOrgRT 0.75 (9.4) 0.95 (0.07) 0.68 (0.12) 0.47 (0.12) 0.98 (0.02) 1.64 (0.57) 0.85 (0.46)

1TPR: true positive rate.
2TNR: true negative rate.
3PPV: positive predictive value.
4NPV: negative predictive value.

TABLE II
SUMMARY OF MODEL ODDS RATIOS

Model Scanpath length per second Mean saccade amplitude Mean fixation duration Constant

RT Odds ratio (SD)1: 1.11 (1.22) Significant2: 4 0.64 (0.37) 6 1.31 (0.41) 4 1.51 (0.42) 4
DataRT 1.60 (0.76) 4 0.28 (0.27) 6 1.5 (0.45) 2 1.09 (0.16) 5
OrgRT 0.47 (0.30) 4 1.51 (1.14) 3 1.43 (0.52) 3 1.04 (0.14) 3
DataOrgRT 0.51 (0.33) 5 0.9 (0.55) 3 1.33 (0.63) 3 0.929 (0.13) 5

1Odds ratio (standard deviation): average odds ratio across all participants, where the odds ratio is defined as ec o e f f i c i e n t .
2Significant: number of participant models (out of nine) for whom the coefficient was significant, where significance is defined as
p < 0.05.

Fig. 3. Effects of data density and organization. Error bars show standard
error of the mean.

suffered more when high data density was combined with poor organi-
zation. There was no significant effect of data density on RT under the
good organization condition, whereas there was a significant increase
under the poor organization condition (F (1, 8) = 39.28, p < 0.001,
η2

p = 0.831).

B. Logistic Regression Results

Table I shows the results of the logistic regression analysis averaged
over all nine participants. In addition to overall accuracy, other values
of interest included the true positive rate (TPR; the sensitivity or hit
rate), true negative or correct rejection rate (also known as specificity),
positive predictive value (the proportion of all positively labeled cases
that are true positives or hits), and negative predictive value (proportion
of negatively labeled cases that are true negatives or correct rejections).
Also, d′ and β were calculated, where d′ (sensitivity) represents the
ability of the model to detect longer RTs (d′ is 0 if the probability of
detecting RT is 50%), while the response bias β indicates whether the
model is liberal (β < 1 means the model is more likely to overestimate
RT), or conservative (β > 1; more likely to underestimate RT). In
addition, Table II shows the odds ratios of the three model eye tracking
metrics, as well as the model constant.

A one-sample t-test confirmed that all of the average accuracy
values were significantly different from chance, which is defined as
an accuracy of 0.5 (RT model: t(8) = 13.2, p < 0.001; DataRT:
t(8) = 5.7, p < 0.001; OrgRT: t(8) = 10.2, p < 0.001; DataOr-
gRT: t(8) = 7.3, p < 0.001). In addition, the d′ values were all
found to be significantly greater than chance, which is defined as
d′ = 0 (RT model: t(8) = 10.1, p < 0.001; DataRT : t(8) =
7.1, p < 0.001; OrgRT : t(8) = 8.4, p < 0.001; DataOrgRT t(8)
= 8, p < 0.001).

Finally, the average time at which each model correctly predicted a
long RT was calculated. These average times were found to be 3.84,
3.65, 4.09, and 4.01 s for the RT, DataRT, OrgRT, and DataOrgRT
models, respectively. These times were all found to be significantly
less than the average RT across all conditions of 7.59 s (RT model:
t(8) = −24.1, p < 0.001; DataRT: t(8) = −20.6, p < 0.001;
OrgRT: t(8) = −12.6, p < 0.001; DataOrgRT: t(8) = −11.7, p <
0.001).

V. DISCUSSION AND CONCLUSION

The observed increases in RT in this experiment mirrored those
found in previous studies [1], [6], confirming that the manipulation
of clutter was successful. Also, the significant effects of density and
organization on RT, with both variables increasing RT significantly to
an average value above 7 s, also confirmed that our selection of the
cutoff value as 7 s was appropriate.

The two main objectives of this study were: 1) to determine whether
three eye tracking metrics—scanpath length, mean saccade amplitude,
and mean fixation duration—could be used to predict long RTs result-
ing from clutter, and 2) to establish whether these predictions could
be made early enough to trigger display adaptations to prevent perfor-
mance breakdowns. Of the four prediction models, OrgRT produced
the highest accuracy, while the DataRT model produced the worst
accuracy. The 75% average accuracy obtained by all four models is
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similar to some other real-time eye tracking-based logistic regression
models. For example, [32] found accuracy values of 83.16%, 73.46%,
58.38%, and 64.96% in proposed models of driver distraction. Other
researchers have obtained better results. For instance, [28] found accu-
racies of 76%, 80%, and 91% in their logistic regression model of eye
movements to predict user cognitive abilities. However, the accuracy
obtained in this study is very promising given that only few metrics
were used (3), compared to 10 included by [32] or the 22 employed
by [37]. In addition, the TPR obtained in this study was greater than
90% for all models, reaching 97% for OrgRT. This means that very
few cases with long RT were missed (i.e., very few false negatives).
This high TPR is critical in future real-life applications of such models
where performance breakdowns due to clutter need to be avoided. The
challenge for future work is addressing the high number of false alarms,
which risks unnecessary interruptions of users and a low acceptance
rate of the system. This is confirmed by the values of β, which were
all less than 1, suggesting liberal models that favor false alarms over
misses.

Among the various models, the OrgRT model produced the highest
accuracy and had the largest d′, confirming that it was the best model.
This suggests that the effects of organization on RT can be more easily
predicted, or that poor organization is associated with more distinctive
eye movement patterns than data density. More research is needed
to validate this finding, but, if confirmed, this result further supports
the notion that organization plays a critical role in clutter [8]. One
possible explanation for this finding is that data density may only
increase the time needed to sort through a large amount of data, without
necessarily affecting eye movement patterns per se. Based on an earlier
classification scheme [6], the metrics used in this study can be classified
as directness and duration metrics. In other words, they indicate how
the sequence of eye fixations (directness) and duration of fixations
are affected by clutter. It would seem that directness and duration
metrics are, therefore, more indicative of poor organization than of data
density. The third category of metrics, spread metrics, which indicate
how dispersed fixations are, might be able to reflect the effects of data
density more accurately. In general, the focus on organization and its
interaction with density is a departure from previous views of clutter
where it is seen only as a function of data density [38], [39].

Moreover, based on the values of the odds ratios, it appears that there
is a positive association between longer fixation duration and larger
RT, a finding that has been replicated consistently in other studies
[1], [8]. However, findings for the other metrics of scanpath length
per second and mean saccade are not as clear, but suggest there is a
negative association between the metrics and RT. This is in keeping
with the results of an earlier study, where the eye tracking metrics were
calculated over the entire search time, not just over a window [8]. More
research is needed, though, to firmly establish the relationships between
the metrics and the predictive ability of models. It is also difficult to
read into the odds ratios here given that the metrics were not always
significant.

The second goal of this study—to establish whether RT predictions
could be made early enough to trigger display adaptations to prevent
performance breakdowns—was achieved as the average prediction time
was significantly lower than the average RT under all four conditions.
This means that, in around 3–4 s, the models could determine that the
user seemed to be struggling with locating the target due to clutter. At
that point in the search process, the display can still be adjusted by
highlighting important information, lowlighting less critical informa-
tion, or displaying pop-ups that may provide additional information
or support. Such real-time adjustments should not be provided from
the start because they are not always useful; they might even be con-
tributing to clutter. Also, they might not be needed for experienced

users. A major challenge to be addressed in future studies is then to de-
velop and implement display adjustment strategies that can counteract
and prevent performance decrements. Otherwise, the ability to detect
performance degradation using eye tracking would be of little use.

The main limitation of this study was the small number of eye
tracking metrics that were included in the model due to excessive
lag. Future research will use more advanced tools to add more eye
tracking metrics and make sure there is no or minimal lag. Together
with potentially smaller windows of time, reducing the lag could allow
such models be used for realistic, time-critical systems where split-
second decisions must be made. Another limitation of this study was
the small number of participants, an additional factor that we hope to
address in future studies that go beyond a proof-of-concept. In these
future studies, the amount of data collected for each participant will
also be increased in order to improve the models.

In summary, the results of this study show that a real-time, eye
tracking-based model that detects the effects of clutter early on is fea-
sible. This initial experiment relied on three metrics only. The four
tested models, which were trained to predict RT under different con-
ditions, were able to achieve accuracy rates of 70–80% and TPR rates
over 90%. These models can potentially form the basis of a real-time
adaptive display and stimulate more interest in the use of real-time eye
tracking metrics for clutter detection.
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