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ABSTRACT

Graphic icons play an increasingly important role in interface design due to the proliferation of digital devices in recent years. Their ability to express information in a universal
fashion allows us to immediately interact with new applications, systems, and devices. Icons can, however, cause user
confusion and frustration if designed poorly. Several studies
have evaluated icons using behavioral-performance metrics
such as reaction time as well as self-report methods. However, determining the usability of icons based on behavioral
measures alone is not straightforward, because users’ interpretations of the meaning of icons involve various cognitive
processes and perceptual mechanisms. Moreover, these perceptual mechanisms are affected not only by the icons themselves, but by usage scenarios. Thus, we need a means of
sensitively and continuously measuring users’ different cognitive processes when they are interacting with icons. In this
study, we propose an EEG-based approach to icon evaluation,
in which users’ EEG signals are measured in multiple usage
scenarios. Based on a combination of EEG and behavioral
results, we provide a novel interpretation of the participants’
perception during these tasks, and identify some important
implications for icon design.
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INTRODUCTION

Amid the rapid development and near ubiquity of digital
technologies including computers, mobile phones, intelligent
appliances, and wearable devices for a range of purposes,
graphic icons representing various application programs or
tools play an increasingly important role in interface design.
Applying icons to interfaces can improve scannability, save
space on small screens, and provide clear and tappable targets. Their ability to convey information in a fairly universal
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fashion allows users to immediately interact with new applications, systems and devices [35, 36].
The effectiveness of icons is determined by characteristics including concreteness, visual complexity, familiarity, and usage context [16]. By the same token, inappropriate icon design can cause confusion and frustration among users. As
icons need to be perceived and recognized by humans, evaluation of an icon design should take into account its perceptual effects on humans’ cognitive processing. A solid foundation in heuristic icon-design principles can not only save designers considerable time in the evaluation process, but also
increase the likelihood that their products will be successful [16]. Several studies have evaluated icons in terms of
behavioral-performance indicators such as reaction time, task
completion time, and self-report method [33, 22, 21]. Others
have investigated the effects of color, user age, context, and
culture, among other factors [42, 6]. However, a given icon’s
effectiveness at conveying information is one of its most crucial characteristics, and several studies have treated it as a key
indication of good icon design [35, 42, 36]. One of the conventional measurements of the degree of association between
an icon and the function it represents is semantic distance,
which is usually arrived at using self-report questionnaires
that ask respondents to rate their level of agreement with the
semantic closeness of the icon and its function [16]. Hence,
in this paper, we focus on semantic distance, a widely studied
characteristic that is considered crucial to icon evaluation.
It is difﬁcult to determine the usability and semantic distance
of icons via behavioral measures alone, because users’ cognitive states while interpreting the meaning of icons are very
complicated [14] and require a more reﬁned and continuous
measurement than has hitherto been utilized in this context.
One possible method of analyzing users’ cognitive states is to
make use of physiological indicators [27], such as Functional
near-infrared spectroscopy (fNIRS) or Electroencephalography (EEG) [30, 3, 38]. While fNIRS is an adequate tool for
monitoring cognitive states [1, 39, 17], however, it is not suitable for quick perceptual tasks [31]. In contrast, EEG directly
related to speciﬁc sensory-, motor-, or cognitive events provide high levels of temporal resolution for analyzing the various stages of neural processing associated with human behavior [19]. As such, EEG monitoring is potentially a powerful
tool for evaluating graphic icons.
In this paper, we propose the application of EEG-based technology to the evaluation of human perception of graphic

icons, with a particular focus on how users associate a graphic
icon with the function it represents. Namely, we investigated
the inﬂuence of icons with different levels of semantic distance. As material for our experiments, we ﬁrst collected 70
icons with varying abilities to convey what functions they represented (as determined by human rating semantic distance
measured by questionnaire). We then used an EEG device to
investigate the perceptual effects of graphic icons, based on
our participants’ brain activity. Based on the results of these
experiments, we found that in different stages of information
processing, icons with different levels of semantic distance
had differential effects on users’ selective attention, working memory updating, and semantic incongruity. We also
conducted an experiment of evaluating icon selection from
a grid-based menu, as a demonstration of how the insights
obtained from our EEG-based approach could be applied to
more complex scenarios. At the end of this paper, we identify
some design implications based on our ﬁndings, along with
some potential applications of our evaluative approach.
This paper is intended to make three primary research contributions: 1) to identify the perceptual effects of icons in human
information processing; 2) to provide a new, more comprehensive and reﬁned method for evaluating graphic icons from
the perspective of semantic distance; and 3) to demonstrate
how ﬁndings derived from EEG-based approaches could enrich graphic-icon usability testing in a variety of scenarios.
We propose that our new approach has the potential to help
researchers develop more insightful forms of icon evaluation,
and hope that this paper’s novel contributions will have a substantial impact that bridges the ﬁelds of human computer interaction (HCI) and neuroscience.
RELATED WORK
Iconography and Semantic Distance of Icons

Previous studies [22, 29, 12] focused on whether particular graphic icons can clearly convey information, and identiﬁed several types of characteristics affecting icon usability, including visual characteristics such as visual complexity, color, size, and concreteness [26] and how well an icon
depicts an object or process [35, 36]. Researchers have also
identiﬁed various user-related characteristics such as intelligence, experience, age, culture, and past experience of using
icons [42, 21, 33] along with usage context (e.g., task and
software application interface) as factors that inﬂuence icon
usability [6]. Conventional icon-evaluation methods generally utilize self-report questionnaires and behavioral measures including reaction time and accuracy [25, 21, 6].
Semantic distance has been deﬁned as the closeness of the relationship between an icon and the function it represents [16,
21] and, like most other icon characteristics, has usually been
measured via self-report methods. By using semantically relevant icons, users are better able to interpret the meaning of
data in visualization [36]. Similarly, icons with close semantic distance aid users to recognize the functions they represent more quickly [35]. Moreover, semantic distance has been
found to have a greater effect on an icon’s usability than its
concreteness, especially among older adults [20].

However, McDougall et al. [25] have raised questions about
exactly what is being measured by subjective ratings of stimuli, and called for the adoption of more objective measurement techniques - including methods based on semantic distance. Huang et al. [14] also indicated that interpreting icons’
meanings requires a large semantic network and more brain
power, and that understanding how people process visual information allows us to design better interactive systems and
enhance the usability of interfaces.
Cognitive Information Processing for Graphic Icon

How humans recognize and visually process objects or visual information has been studied for decades in the ﬁelds
of neuroscience and psychology. Previous studies have indicated that visual information processing can be divided into
different stages, including the processing of an object’s basic features (e.g., color, form and depth) and interpretation of
the semantic attributes of an object from memory [41, 15].
There is no reason to doubt that interaction with icons in a
computer interface also involves complicated types of visual
information processing. Previous studies have also utilized
brain-sensing technology to investigate information processing by people interacting with graphic icons. Yeh et al. [44]
studied the effect of color combinations and exposure time on
users’ accuracy in distinguishing icons, and conﬁrmed their
results using EEG analysis on visual-cortex area.
From the opposite perspective, Huang et al. [14] investigated
the differences between human perception of icons, words
and pictures using functional magnetic resonance imaging
(fMRI). They found that participants’ cognitive processing of
icons was more similar to that of pictures than to that of logographical words such as Chinese characters; yet, the semantic system in the brain was stimulated by the processing of
icons nearly as much as the processing of words. The same
study’s participants also needed more effort to interpret an
icon’s meaning when an icon was more abstract.
In addition to the broader issue of how humans process icons,
we were especially curious about how a person’s cognitive
processes would inﬂuence his/her interaction with icons, and
how ﬁndings based on human cognition could beneﬁt the processes of icon evaluation, design, and research.
EXPERIMENT DESIGN

Our goal is to develop an EEG-based approach for icon evaluation, with the wider aim of revealing important but hitherto
neglected implications for graphic-icon design. To achieve
this, we plan to investigate the following research questions.
RQ1. How do users perceive the semantic distance between icon and function? The basic intention behind the
creation of any icon is to convey and represent a function in
digital interfaces. Therefore, the key question for us is how
people perceive and know the connection between an icon
and a function. We also want to know why some icons can be
understood by users immediately whereas others are too ambiguous to be identiﬁed consistently. We have elected to explore these issues from the perspective of semantic distance,
partly because semantic information processing has been extensively studied in the ﬁeld of neuroscience [37, 10].
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Figure 1. The example icon-function pairs from different semantic distance levels

RQ2. How does the semantic distance of an icon affect
users in different scenarios? In addition to exploring how
users perceive the connection between icon and function in a
simple context, we want to further analyze how icons’ semantic distances inﬂuence users’ performance in using the icons
in more realistic contexts. Moreover, understanding these inﬂuences from a cognitive perspective could provide deeper
insights that would facilitate improvements to the design and
application of icons in a range of other usage contexts.
To answer these questions, we conducted two experiments
based on EEG measurement. We also conducted a demonstration experiment, in which we showed how our ﬁndings
could be used to analyze icon-selection behaviors in a more
realistic scenario. We considered both neuroscience and HCI
perspectives in our experimental design so that our ﬁndings
could be applied to more realistic scenarios as well as provide
deeper understanding of user behaviors, especially cognitive
processes that cannot be easily observed.
Material: Graphic Icons

Collection of Icons. Six of the most familiar functions used
in computers and digital interfaces are “Setting”, “Calendar”,
“Crop”, “Keyboard”, “Menu”, and “Print”, as conﬁrmed by
the results of an online questionnaire we designed (for details,
see the next section). After selecting these six functions, we
chose 70 icons from the Internet, each of which corresponded
to one of these six types. Because previous research [22] had
shown that the color of an icon affected users’ perceptions of
it, we only selected icons in gray tones
Classifying the Semantic Distance of Icons. We designed
an online questionnaire, based on previous studies [26, 16],
to measure the semantic distance of the icons we collected.
We recruited 50 participants (25 female) aged between 18
and 40 to complete the questionnaire. They were asked to
rate the closeness of the relationship between each icon and
its function using a 5-point Likert scale (with 1=not closely
related, 5=very strongly related). Additionally, we asked the
respondents to rate their familiarity with each function using a 5-point Likert scale (with 1=very unfamiliar, 5=very
familiar). To group the icons according to their semanticdistance scores, we performed analysis of variance (ANOVA)
on the questionnaire results and applied Tukey’s method for
multiple comparisons in post-hoc tests. This resulted in two
groups, each containing 20 icons, whose semantic-distance
scores were signiﬁcantly different. The group with the higher
mean score (4.7) was deemed to have close semantic distance,
and the group with the lower mean score (2.6) to have far semantic distance. We shall refer to icons with close semantic
distance close icons, and those with far semantic distance as

far icons, for the remainder of this paper. The graphic icons in
these two semantic-distance groups were used as the stimuli
in our experiments.
Participants and Procedure

A total of 19 participants (11 males) with a mean age of
21.1 years (ranging from 19 to 24), none of whom had responded to our questionnaire, took part in all three experiments. All participants had normal or corrected-to-normal
vision and none of them had any history of brain disease. All
had experience of using graphic icons in smart phones, desktop computers, and laptops.
We ﬁrst asked the experimental participants to complete
a second questionnaire covering their digital-device usage
habits and their levels of familiarity with each of the six function types. To conﬁrm whether the 19 experimental participants rated the semantic distance of the icons similarly to the
50 online-questionnaire respondents, we also asked them to
complete the same online questionnaire. The correlation coefﬁcient between these two groups of participants was 0.95,
which indicated that our prior classiﬁcation of icons’ semantic distance based on the online questionnaire closely agreed
with the classiﬁcation provided by the experimental participants. After both sets of questionnaires were completed, we
explained the deﬁnitions and common usage contexts of each
function to the participants to ensure that they understood the
meaning of each function in the same way that we did. In addition, to build and strengthen the participants’ impressions
of the graphic icons of each function-type, we showed them
some sample icons using Google image search, and excluded
any that already existed in the collected icon set.
Wearing an EEG cap, each participant was seated in a comfortable chair located in a shielded room. We then introduced
the experimental procedure and tasks. At the beginning of
each experiment, we let the participants practice for up to 2
minutes and then explained the task of the current experiment
a second time. To avoid the ordering effect, we counterbalanced the order in which the experiments were conducted.
There was a three-minute break in the middle of each experiment, but the participants could take a longer break if they
felt it necessary.
EEG recording and processing

The EEG data was measured and continuously recorded using
a NeuroScan system with 32 Ag-AgCl electrodes and a bandpass ﬁlter of 0.01-100 Hz. An open-source Matlab toolbox,
EEGLAB, was used for processing EEG data and digitizing it
at a sample rate of 1000 Hz and bandpass ﬁltered at 1-50 Hz
ofﬂine. We further applied Independent Component Analysis
(ICA) to remove ocular artifacts in the EEG data, and selected
appropriate components from the ICA results. This processing helped us to reduce the noise from the participants’ eyeand facial-muscle movement [24]. The ERP of a semanticdistance level was computed by averaging all epochs of the
icons with the same semantic-distance level. The epochs used
for averaging were 1000 ms long, starting 100 ms before and
ending 900 ms after the stimulus onset. We used the 100 ms
pre-stimulus period as a baseline. We used Presentation software developed by Neurobehavioral Systems, Inc, to imple-
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Figure 2. An example trial for the Exp1 task of the S1-S2 paradigm.
Once the participant saw the icon (S2), the participant was instructed to
press one of two buttons depending on whether it matched the function
name (S1) or not.

ment and control the presentation of the stimuli, which were
displayed on a 22-inch LCD monitor (1920×1080 pixels).
EXPERIMENT 1: FUNCTION-ICON MATCHING

The goal of this experiment was to explore users’ cognitive
states during their processing of graphic icons with different semantic-distance levels. When interacting with icons on
an interface, people usually search for and then click a speciﬁc icon because they want to access the function that the
icon represents. When selecting icons, the users undergo a
continuous process of determining whether a particular icon
matches the function that they want to use. Hence, we applied
the S1-S2 matching paradigm, which has been used widely
in neuroscience experiment design [23, 40], to simulate the
above scenario: with the participants being asked to determine whether S2 matched S1 or not. Through Exp 1, we
hoped to discover how the participants perceived the association between an icon and the function it represented, especially among icons that have differing levels of semantic
distance from the function (RQ1).
Experiment 1 Task

We adopted a two-stimulus paradigm: S1 and S2. The stimuli consisted of 120 pairs, each made up of a function name
(S1) and an icon (S2). These visual stimuli were presented to
each participant in the center of a computer-controlled monitor. Each pair was presented at ﬁxation for 1 second, with the
inter-stimulus interval varying from 300 to 700 ms. The interpair interval (i.e., between the disappearance of an S2 and the
onset of the following S1) ranged from 500 to 1000 ms (Figure 2). These variations in the inter-stimulus and inter-pair
intervals followed the standard design of S1-S2 paradigm experiments [23, 8].
The stimulus pairs were divided into three conditions. Conditions 1 and 2 were based on the semantic-distance level of the
icons, i.e., close and far, respectively. Condition 3 presented
graphic icons whose symbols were totally unrelated to their
function names (Figure 1), which we termed mismatch icons.
Conditions 1 and 2 each contained 20 icons, and each icon
was presented twice, so that there were a total of 40 stimulus pairs in Condition 1 and another 40 in Condition 2. The
icons in Condition 3 were all drawn from Conditions 1 and 2;
therefore, a given icon would be seen a total of three times in
Exp 1. In all, 120 trials per participant were collected in Exp
1, and we divided these into two blocks of equal size. After
ﬁnishing the ﬁrst block, participants had a three-minute break
and then started the next block. The stimulus pairs (S1 and
S2) were presented in a random sequence with an equal probability. Participants were instructed to judge as accurately
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Figure 3. (a) The average reaction time (sec) associated with each semantic distance level computed from the hit trials of all participants. (b)
The average error rate (%) of each semantic distance level in Exp1. The
error bars represented the standard error.

as possible how well matched the two components of each
stimulus pair were, and to press the right “Ctrl” button on
the keyboard as fast as they could if they considered that the
icon matched the function name (i.e., that this icon can stand
for the function); otherwise, they were to press the left “Ctrl”
button. After explaining this, we allowed the participants to
practice executing the task until they felt they were ready.
Experiment 1 Data Analysis

We recorded each participant’s reaction time, i.e., the time
period from the stimulus onset to the pressing of either “Ctrl”
button. We also recorded the participants’ error rates, with
the error rate of each of the three conditions (close, far, mismatch) being the percentage of errors in that condition. To
avoid bias, we excluded error trials when computing the reaction time for a condition.
As shown in Figure 4, we identiﬁed the ERP components N1
in electrode FZ, and component N400 in electrode CPZ. Electrode FZ has been reported as a typical location for observing
the components N1 [5, 13], and likewise CPZ for observing
N400 [43]. We measured the peak amplitude of N1 and N400
in time windows of 80-180 ms and 400-500 ms, respectively,
and again rejected error trials. For the statistical analysis of
component amplitude, reaction time and error rate, one-way
RM-ANOVAs were conducted and the Tukey’s method was
utilized for post-hoc tests.
Results of Experiment 1

Behavior Results. There was a main effect of semantic
distance on reaction time (F(2, 2020)=69, p<.0001). We
found close icons had shorter reaction time than far icons
and mismatch icons (F(1,2020)=137.48, p<.0001, Figure
3(a)). There was also a main effect of semantic distance
on error rate (F(2, 2020)=69, p<.0001). We found far icons
had larger error rate than close icons and mismatch icons
(F(1, 2020)=137.48, p<.0001, Figure 3(b)) These results reveal that close icons made participants respond faster and
more accurately. In contrast, far icons obtained highest error rate and slower reaction time.
EEG Results. Figure 4(a) showed the ERP curves elicited
by icons with different semantic distances on the FZ channel.
Each curve was obtained by averaging the ERPs of all the participants’ trials. There was a main effect of different semantic
distance of icons on N1 amplitude (F(2, 36)=3.6 p=0.0364).
In particular, the ERP of the close icons has larger N1 amplitude (F(1, 36)=6.8 p=0.0128) than that of the far icons (Figure 5(a)). The results indicate that for early sensory compo-
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Figure 4. (a) N1 curves on the FZ channel and (b) N400 curves on the
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nent (N1) [5], close icons attracted more attention from participants.
Figure 4(b) showed the ERP curves of N400 component on
CPZ channel. There was a main effect of different semantic distance of icons on N400 amplitude on the CPZ channel (F(2, 36)=38.47 p<.0001, Figure 5(b)). We found that
icons with all kinds of semantic distance had signiﬁcant difference with each other (Close/Far: F(1, 36)=15.6, p=0.0003;
Far/Mismatch: F(1, 36)=23.1 p<0.0001; Close/Mismatch:
F(1, 36)=76.7 p<.0001) on CPZ channel. Prior studies show
that N400 is related to semantic processing and its amplitude could be induced by greater semantic incongruence [43].
Noteworthily, in studies using N400 [18], its relative amplitude compared to another experimental condition is considered more important than its absolute amplitude. Normally,
the condition with semantic congruence is treated as a baseline. Hence, if the N400 amplitude of the semantic conﬂict
condition is negative-going compared to that of semantic congruence condition, we can identify the elicitation of N400
[45, 5]. In this experiment, the close icons’ N400 amplitudes
were treated as a baseline when we compared the N400 negativity of icons with different semantic distances. Our results
here reveal that each semantic distance level could be distinguished by N400 amplitude.
Experiment 1 Findings and Discussion

Early sensory process distinguishes close and far icons:
the discussion of N1 and RT. We observed that close icons
had signiﬁcantly larger N1 amplitude than far icons, but mismatch icons did not exhibit signiﬁcant differences from either
close or far icons (Figure 5(a)). This revealed that, when an
icon was initially displayed, the participants were ﬁrst inﬂuenced by its visual-information features. This is consistent
with previous ﬁndings [13] that the categorization of information according to certain features of stimuli occurs before
its meaning is integrated. Our close icons received more attention than the far icons, probably because the latter were visually simplistic regardless of what type of function they represented. Similarly, our mismatch icons did not show signiﬁcant differences to either close or far icons, probably because
(as previously explained) the mismatch group contained equal
proportions of close icons and far icons. We would suggest
that the visual features of the close icons could have helped
them attract more attention in the early sensory state, thereby
shortening the participants’ reaction times.
Cognitive process related to the icon identiﬁcation task:
the discussion of N400 and error rate. Figure 4(b) shows
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that N400 appeared after N1. Namely, it was after processing
the visual features of icons that the participants’ brains commenced the process of deciding whether the icons matched
their mental models. Previous research has indicated that
N400 could reﬂect the increased cognitive processing made
necessary by interference in semantic information and meaning [11] and the occurrence of counterintuition or semantic
incongruity [9]. That is, if the N400 amplitude of an icon
is negative-going, it means that that icon induces greater semantic incongruity. It is noteworthy that, although close and
mismatch icons could not be clearly distinguished by their
error rates (Figure 3(b), p = .074), close, far, and mismatch
icons exhibited a clear and statistically signiﬁcant ranking order when it came to their respective N400 amplitudes.
Based on this ranking of N400 amplitudes, we considered
that separating the icons into two opposite groups based on
N400 amplitude alone (i.e., a high-incongruity group and a
low-incongruity group) would facilitate the participants’ determination of whether an icon was matched or not. Conversely, we supposed that if the N400 amplitude of a given
icon was located on or near the border between these two
opposite groups, it would be difﬁcult for the participants to
make decisions and render them more prone to make erroneous responses. If so, this might explain why the far-icons
group was associated with the highest error rate.
In summary, the participants in Exp 1 processed icons in two
cognitive stages: at stage one, the early visual sensory process (N1) inﬂuenced their reaction time; and at stage two,
semantic-information and meaning processing (N400) determined their assessment of the semantic distance of icons.
Additionally, although the participants’ behavioral data provided us with basic ﬁndings about the efﬁciency and accuracy of icons with different semantic distances under match
and mismatch conditions, the ERP results potentially revealed
the causes of the various behavioral results vis-á-vis different
cognitive states. Moreover, the present study’s ﬁndings regarding ERP could help us understand other characteristics
of icons, such as the intuitiveness with which they can be recognized and responded to.
EXPERIMENT 2: ICON SELECTION UNDER SLIDING

Exp 2 was designed to explore, in different usage scenarios,
how users processed icons with varying levels of semantic
distance. Selecting an icon from a series of icons - e.g., on
a sliding menu, or on a small screen that only allows one
icon to be displayed at a time - is a common scenario in realworld digital interfaces. This scenario can be simulated by
assigning each participant a speciﬁc function, and then asking
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Figure 6. Example trials for the Exp2 task of the oddball paradigm.
Once the participant saw the target icon, the participant was asked to
press the button.

him/her to pick all the icons that matched this function from a
series displayed one by one on the screen. This scenario could
be investigated through an oddball paradigm, which has been
used by some studies in neuroscience [32], as well as in the
ﬁeld of HCI for studying auditory icons [19], because participants in oddball-paradigm studies experience each stimulus
sequentially and are instructed to select a target stimulus [32].
Through Exp 2, we answer RQ2 and then present some design implications based on the results.
Experiment 2 Task

Figure 6 illustrates our paradigm design. First, a ﬁxation
frame was presented to focus participants’ vision on the center of the screen. Next, a series of icons were presented. To
prevent the participants from generating expectations about
the next icon to appear, the interval between icons was randomly varied in the range of 450 to 500 ms. We instructed
the participants to press the right “Ctrl” button as quickly as
possible once they were reasonably sure that the presented
icon stood for the function “Calendar”. That is, the icons that
represented “Calendar” were the target icons and the icons
representing all other functions were non-targets. We only
selected one type of function per participant, for two reasons,
(1) to control the length of the experiment and thereby avoid
participant fatigue, and (2) to maintain our experimental focus on the semantic distance of icons, as opposed to differences between the various functions they might represent.
Exp 2 was divided into two sessions, one with a fast and the
other with a slow presenting speed. Each icon was presented
for 250 ms in the fast session and for 500 ms in the slow session. The stimuli-interval arrangements remained the same in
both sessions. In all, Exp 2 utilized 50 graphic icons: including 10 target icons (ﬁve close icons and ﬁve far icons) that
represented the function “Calendar”, and 40 non-target icons
(20 close icons and 20 far icons).
Like Exp 1, Exp 2 was divided into two blocks separated by
a three-minute break. In this case, each block presented 250
icons that were selected randomly from among the target and
non-target icons. The percentage of target icons in all stimuli
was less than 20% as suggested in previous studies [19]. Exp
2 yielded 50 trials for each semantic-distance level.
Experiment 2 Data Analysis

We recorded the participants’ reaction time and hit rate to
analyze their behavioral performance. Reaction time was deﬁned as the period from when a target icon appeared on the
screen until the participant pressed the right “Ctrl” button to
select it. Hit rate was the percentage of target icons that were
correctly selected. When computing reaction time, we excluded icons that the participant did not respond to or selected
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curves on the CPZ channel in Exp2.

incorrectly. In EEG analysis, we also rejected any target stimuli that the participant did not respond to, because in such
cases, we were not able to know whether the participant recognized the target icon or not.
In other oddball-paradigm studies [32, 8] that required participants to respond to speciﬁc targets, N1, N2, and P3b were
observed in electrodes CPZ. We achieved similar results, as
shown in Figure 7(c). To analyze these components, we measured the peak amplitude of N1, N2, and P3b in the time windows 80-180 ms, 250-350 ms, and 400-600 ms, respectively.
Two-way RM-ANOVAs (i.e., semantic distance level × presenting speed) were conducted to determine how presenting
speed and semantic-distance level affected the amplitude of
these components as well as the participants’ reaction times
and hit rates. The Tukey’s method was again applied.
Results of Experiment 2

Behavior Results. There were main effects of presenting
speed and the semantic distances on the participants’ reaction time (Speed: F(1, 2985)=14.53, p<.0001; Semantic Distance: F(1, 2982)=67.95, p<.0001). In addition, there was
a signiﬁcant difference between the reaction time of the far
icons with slow presenting speed and far icons with fast presenting speed (F(1, 2982)=9.87, p=.0017). Far icons had signiﬁcantly longer reaction time than close icons in both fast
and slow presenting speed (Fast: F(1, 2982)=72.89, p<.0001;
Slow: F(1, 2982)=20.1, p<.0001, Figure 7(a)). The results
reveal that the presenting speed did not inﬂuence the participants’ reaction time on recognizing target icons with close semantic distance. However, the inﬂuence of presenting speed
could be seen on the far icons. Far icons required longer reaction time under the slow presenting speed than under the fast
presenting speed.
Figure 7(b) showed that there was a main effect of the semantic distance of the icons on the participants’ hit rate
(F(1, 54)=276.66, p<.0001). Under both fast and slow
speed of presenting icons, the hit rate of close icons was
signiﬁcantly larger than that of far icons (F(1, 54)=276.66,
p<.0001). The result of hit rate indicates that when participants responded to target icons, far icons were more confusing than close icons under both presenting speeds. This result
is consistent with the ﬁndings of Exp 1.
EEG Results. Figure 7(c) showed the ERP curves elicited
by each kind of icons with different semantic distances and
different presenting speed on the CPZ channel. Each curve
was obtained by averaging the ERPs of all the participants’
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trials. There were main effects of presenting speed and semantic distance on both N1 amplitude (Speed: F(1, 54)=5.93,
p=0.0182; Semantic Distance: F(1, 54)=11.03, p=0.0016)
and N2 amplitude (Speed: F(1, 55)=16.17, p=0.0002; Semantic Distance: F(1, 54)=16.93, p=0.0001).
N1 amplitude of icons with far semantic distance and fast
presenting speed was signiﬁcantly smaller than the others
(F(1, 54)=21.03 p<.0001, Figure 8(a)). This shows that target
icons with far semantic distance received much less attention
from the participants when they were displayed in fast speed.
In contrast, despite different presenting speeds, target icons
with close semantic distance attracted similar attention from
participants in their initial sensory processing.
As to the N2 amplitude, there was a signiﬁcant difference between close icons and fast presenting speed and the others
(F(1, 54)=25.3 p<.0001, Figure 8(b)). According to previous researches [8], N2 would be induced when participants
perceived the novelty (i.e., the target or deviant stimuli) appearing in the oddball paradigm. Therefore, the results reveal that during fast presenting speed, participants perceived
larger novelty from close icons than far icons.
There was also a main effect of semantic distance on P3b amplitude (F(1, 54)=52.43, p<.0001, Figure 8). P3b amplitude
of close icons was signiﬁcantly larger than that with far semantic distance no matter how fast the presenting speed was
(F(1, 54)=52.43, p<.0001, Figure 8(c)). P3b is a subcomponent of P300, which is related to working memory updating and other subsequent memory processing after the target
icons shown [32]. The results of P3b show that target icons
with close semantic distance were easier to be discriminated
from non-target icons than target icons with far semantic distance in both fast and slow presenting speeds.
Experiment 2 Findings and Discussion

According to our N1 results, far icons were relatively easy
to be ignored at fast presenting speed. It is interesting that
the reaction times associated with far icons decreased under
the fast presenting speed (i.e., there was a signiﬁcant difference between Far/Fast and Far/Slow icons on RT). However,
the Far/Fast icons had the lowest N1 amplitude in our ERP
results (Figure 8(a)), meaning that Far/Fast icons received the
least attention from our participants. A possible explanation
for this is that the change of speed induced stress in participants and that this stress prompted them to respond faster.
A prior study has reported that, under an appropriate level
of stress, people’s reaction time decreased [34]. Potentially,
stress could also cause a person to ignore important infor-

The major factor affecting the participants’ selections in
this “sliding menu” context appears to have been the difference between target and non-target. In addition to the
semantic saliency of the target icon vis-á-vis its function, visual saliency between the target and non-target icons also assists people in making their judgments. The novelty of target icon as compared to a non-target icon could be revealed
by the ERP component N2. Previous studies that used the
oddball paradigm indicated that N2 is sensitive to perceptual novelty of visual targets [8], and our results indicated
that Close/Fast icons induced the highest N2 amplitude. This
suggests that target icons with close semantic distance were
easier to recognize (as targets) because they had more visual
cues (novelty) related to their target functions than far icons
did. Moreover, this novelty effect became signiﬁcant under
fast presenting-speed conditions.
The ERP component P3b refers to working-memory updating following early sensory processing when humans detect
a contextual change [32]. From Figure 8(c), we can conclude that close icons induced larger P3b amplitudes than far
icons did. This indicates that close icons more readily triggered the cognitive functions associated with memory operations. When a target icon was shown, the participant would
ﬁrst detect its novelty, and only after this would the change
from the previous (non-target) icon to the current (target) icon
be updated into the working memory, allowing further cognitive processes and the completion of the task. Based on our
P3b results and those of previous studies [32], we would suggest that target icons with close semantic distance are more
capable of causing participants to detect context change and
update their working memory. This would also beneﬁt later
cognitive processes related to the task, such as increasing hit
rate. However, in contrast to our N1 and N2 results, P3b amplitudes were not affected by presenting-speed changes, nor
was there any main effect of presenting speed on P3b. This
suggested that the semantic distance of icons was the major
factor to the updating of working memory (P3b) in the “sliding menu” scenario.
To sum up, the “sliding menu” icon-selection scenario indicated that although semantic distance was still a major determinant of how individuals perceived target icons, ERP results
showed that presenting speed also affected the participants in
both initial visual processing and the perception of novelty.
Therefore, when designing a series of icons for a slidingmenu context, the salient novelty (visual saliency) and close
semantic distance (semantic saliency) of target icons are crucially important, with the potential to allow users to pick their
target icons with no difﬁculty even at fast presentation speeds.
We would also suggest that novelty may depend on the composition of the entire icon series, rather than merely on the
visual features and semantic distances of its individual icons.
With regard to the inﬂuence of presenting speed, we found
that higher speed signiﬁcantly decreased users’ reaction time
when dealing with far icons, but only slightly (and nonsigniﬁcantly) reduced their reaction time with close icons.

Our hit-rate data did not show any effect of presentationspeed change. However, from our N1 and N2 amplitude results, we were able to observe that changes of speed affected
both far and close icons in terms of their ability to attract attention, as well as users’ ability to perceive visual targets.
This showed that ERP results can provide more and deeper
insights for icon evaluation than behavioral results can.
EXPERIMENT 3: ICON SELECTION FROM WITHIN A GRID

Brain-sensing techniques have been utilized as additional information channels to help adaptive systems know more precisely about user states [1, 46]. In a similar fashion, the ERP
ﬁndings from our experiments could provide icon designers
and researchers with deeper insights about how users perceive
icons, and especially those cognitive processes that are difﬁcult to measure using behavioral and self-report techniques.
These insights could help them interpret the results of icon
evaluation more elaborately. Amid the continuing development of smart phones and touch screens, grids are becoming
ever more popular for listing icons, and several prior studies
have investigated the usability of icons in grid formations [4,
6, 16]. We conducted an experiment to investigate how the
semantic distance between a target icon and its surrounding
icons inﬂuences users’ icon selection within a grid. To reduce and control the inﬂuences of Fitt’s Law and other components related to visual search, we randomized the position
of target icon and composition of icon grids, and normalized
the size of icons. The results of this experiment demonstrate
how our ERP ﬁndings from Exp 1 and 2 could be applied to
achieve deeper inferences about this speciﬁc issue than could
be achieved by behavioral results alone.
Experiment 3 Task and Procedure

Our Exp 3 task was designed to simulate the real-world situation in which a person searches for an icon from among many
others displayed in a grid formation on a digital device. It was
divided into two sessions, with the ﬁrst being for calibration.
In the calibration session, the participants received a hint message, “Please click the red square.” At the same instant, a red
small button was displayed at the center of the screen. This
was to ensure that all participants ﬁxed their gazes on, and
moved the mouse to, the center of the screen. Once a participant clicked the red small button, a grid of squares was
displayed. The size of these squares was the same as that
of icons used in the experiment. To observe the effect of the
number of icons on the selection task, we included three types
of grid: 2×2, 3×3, and 4×4. In each of the calibration-phase
grids, there was only one red square, with all the others being white. The red square appeared in a randomized location
within each grid, and the participant was to click it as soon as
possible. In this way, we were able to estimate the baseline
movement time each individual participant needed to click
on different locations within each type of grid, in the absence
of any interference/delay that might be caused by having to
identify an icon.
In the second session of Exp 3, a function name and a small
red button were displayed in the center of the screen. After
the participant clicked the button, an icon grid was displayed
on the screen. Again, three types of grid - 2×2, 3×3, and 4×4

- were presented. In this case, each grid contained exactly one
icon matching the designated function name, which we will
refer to as a target icon, and three, eight, or 15 other icons
representing other functions, which are termed surrounding
icons.
We created a total of four grid conditions, based on the semantic distance of the target icon × the semantic distance
of the surrounding icons: Far/Far, Close/Far, Far/Close, and
Close/Close. The location of the target icon within each grid
was randomized with equal probability. There were 12 iterations per participant of the 2×2 grid, 12 of the 3×3 grid, and
24 of the 4×4 grid. A larger number of iterations of the 4×4
grid was presented because we wanted to be able to assess any
differences in user performance that might result from the target icon being placed in the inner square rather than the outer
square. Each participant was given a brief demonstration of
how to complete the task, using a 2×2 grid by way of example, and if s/he did not have any questions, the experiment
commenced immediately.
Measurement and Data Analysis

We recorded each participant’s reaction time for each iteration of the task, and computed his/her error rate for each condition. To avoid bias related to icon position, our calibration
process measured the time it took each participant to move
the mouse from the center of the screen to each grid location,
as previously described. At each iteration of the experimental
task per se, we measured the participant’s reaction time from
when s/he clicked on the red dot until s/he clicked an icon in
the associated grid. Each participant’s reaction time was calibrated by subtracting his/her individual movement time as
determined by the calibration process. In this way, we obtained reaction times that were not skewed by the positions
of the target icons within their grids. One-way RM-ANOVA
was applied to examine whether there were main effects of
grid size and/or condition, and Tukey’s method for multiple
comparisons was applied in post-hoc tests.
Results of Experiment 3

As shown in Figure 9, under each size, there was also a
main effect of the conditions which were combined by semantic distance of target and surrounding icons on the participants’ reaction time (2×2: F(3, 863.)=30.62 p<.0001;
3×3: F(3, 835.7)=34.41 p<.0001; 4×4: F(3, 1668)=30.97
p<.0001). The results reveal that grid size and condition indeed affected participants’ reaction time to ﬁnd target icon.
We further analyzed the multiple comparison of conditions
under each grid size in the followings.
Under 2×2 and 3×3 size, the reaction time of condition
Far/Far and Far/Close as shown in Figure 9 were signiﬁcantly larger than that of condition Close/Far and Close/Close
(2×2: F(1, 863.2)=87.37 p<.0001; 3×3: F(1, 835.8)=106.53
p<.0001).
As to the 4×4 size, it was mentionable
that the reaction time of condition Close/Close (Figure 9)
was signiﬁcantly larger than that of condition Close/Far
(F(1, 1667)=27.7, p<.0001). The results reveal that in
smaller grid sizes (2×2 and 3×3), participants’ reaction time
was mainly determined by the semantic distance of the target
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icon, i.e., close target icons caused shorter reaction time despite the semantic distance of their surrounding icons. However, in larger grid size, the semantic distance of the surrounding icons had additional inﬂuences to the reaction time.
As shown in Figure 10, there was a main effect of grid size
on the participants’ error rate (F(2, 207)=7.4, p=0.0007). Under each size, there was a main effect of the conditions of
semantic distance of target and surrounding icons on the
participants’ error rate (2×2: F(3, 54)= 6.9, p=.0005, 3×3:
F(3, 54)= 3.69, p=.0171, 4×4: F(3, 54)=3.63, p=.0184). Under 2×2 size, the error rate of condition Far/Far was signiﬁcantly larger than the others (F(1, 54)=20.33, p<.0001).
There was a signiﬁcant difference between the error rate
of condition Far/Far and condition Close/Close under 3×3
grid size (F(1, 54)=10.75, p=.0018) and 4×4 grid size
(F(1, 54)=9.96, p=.0026). The results reveal that close icons
always beneﬁted the accuracy and far icons tended to mislead
participants in selecting target icons whether no matter the
icons were placed as target icons or surrounding icons.
Experiment 3 Findings and Discussion

Close icons are good target icons, but could distract participants when used as surrounding icons. Our reactiontime results indicated that participants located close icons
faster than far icons, regardless of either grid size or the semantic distance of the surrounding icons. However, in the
4×4 grid size, the Close/Close icons (i.e., target icons with
close semantic distance whose surrounding icons also had
close semantic distance) resulted in longer reaction times than
Close/Far icons. From the N1 result in Exp 1, we knew
that close icons attracted more attention from the participants. This may explain why close surrounding icons were
more likely than far surrounding icons to distract participants’
attention away from searching for the targets. Put another
way, surrounding icons characterized by far semantic distance
could receive less attention and therefore be skipped more
easily, such that participants did not expend as much effort in

From the error-rate results, we observed that the presence of
far icons always increased the percentage of errors, regardless of whether they were used as target or surrounding icons.
From the ERP results in Exp 1 and 2, far icons were indeﬁnite
in semantic incongruity (N400) and working-memory updating (P3b). These two features could have led the participants
to make mistakes when performing selection and matching
tasks. So, although the use of far icons as surrounding icons
would tend to decrease reaction time, it would also tend to increase error rate, making it necessary to consider the trade-off
between these advantages and disadvantages when designing
grids.
The inﬂuence of surrounding icons increased with grid
sizes. As grid size increased, the effect of surrounding icons
on reaction time became more signiﬁcant. Therefore, for
small icon grids, such as those on smart watches and other
wearable devices with limited screen space, the ﬁrst-priority
issue we need to consider is the semantic distance of the target icons. A Close/Close icon layout might be ideal for small
grids, due to their shorter reaction times and lower error rates.
For large icon grids, such as those on desktop computers, we
need to carefully consider both the semantic distances of target icons and that of surrounding icons. Exp 3 suggests that a
Close/Far layout could be a good compromise for 4×4 grids
because it offers the shortest reaction time while not sacriﬁcing too much accuracy. However, we still have to chose the
most suitable layout setting based on the using context. For
some application related to safety, the accuracy is likely to be
the most important concern during evaluation.
EMPLOY EEG-BASED APPROACH TO ICON EVALUATION

Feasibility of EEG-based Evaluation. Taken as a whole, our
three experiments show the promise and viability of applying
EEG-based approaches to the investigation of graphic icons’
semantic distance. We found that the effects of semanticdistance level could be observed from ERP data as well
as from traditional behavioral data. These observations of
the associations among ERP, behavioral, and human-rating
semantic-distance results suggest that there is a sound basis
for applying brain-sensing techniques to graphic-icon evaluation. Moreover, in addition to providing objective and direct
measurements of users’ cognitive states, brain-sensing techniques reveal how icons’ semantic distances and usage scenarios affect different stages of users’ information processing,
which could not be meaningfully observed in the absence of
brain-sensing measurements. One of the advantages of brainsensing approaches is that they measure participants’ cognitive states simultaneously and passively while they are performing tasks. This could help to eliminate biases related to
external inﬂuences and subjective feelings [7].
EEG-based evaluation complements behavioral measurements and self-reports. ERP data could be complementary to both existing measures of performance and self-report
questionnaires. In Exp 1, we found that the participants’ reaction times were related to the attention-attraction aspect of the

early sensory process, and that error rate could be interpreted
based on N400 amplitude. In combination with the ﬁndings
of prior studies of N2 and P3b, our results from Exp 2 - a
more realistic scenario of picking icons from a sliding menu
- suggest that individuals are inﬂuenced not only by the target icon itself, but by the composition of all icons in a series.
In our Exp 3, we further demonstrated that ERP measurements, behavioral responses, and self-reports could be used
in combination to triangulate human graphic-icon perception
in icon-identiﬁcation and -selection tasks.

cluding trafﬁc signs [28, 29], logos [23] and various iconic
representations [43] in daily life (e.g., label of male and female bathroom and iconic gestures).

Potential Applications in HCI. The ERPs used in this study
are interpreted from a relatively narrower view. As these
ERPs are also associated with other cognitive functions, they
could be used to explore additional cognitive processes. For
example, some studies have indicated that N1 amplitude is
also affected by different emotions [13]. This could be used
to investigate the users’ preference toward icons. Likewise,
it has been reported that N400 amplitude changes were not
only associated with the semantic incongruity caused by mismatched S1 and S2, but also with semantic conﬂicts due to
social context and even religious beliefs [10, 9]. We could
further exploit N400 to investigate other user-related characteristic (e.g., culture, gender and age) in icon evaluation.
In addition, N2 and P3b are also associated with other cognitive functions, such as “surprise”, “expectation matching”,
and “cognitive control” [8, 32]. We can further utilized these
ERPs to improve usability-testing approaches and gain more
useful and nuanced ﬁndings.

Third, we did not consider the combination of functions in
menu and this might cause the functions in menu to be inconsistent with users existing experience. For example, because the target icons and surrounding icons were selected
randomly in our experiments, the functions like “calendar”
and “crop” could be shown in the same sliding or grid menu,
yet in the real world icon menu, these two functions are rarely
listed in the same menu and under the same usage context. As
for the presenting speed of sliding menu, users may not see a
sliding menu sliding in a constant speed but a dynamic one.

Context-aware and adaptive application are important, and
many exciting works have been proposed, e.g., adjusting
users’ task difﬁculty by monitoring their workload [1] or
other brain activities [38, 46]. Individuals’ usage habits
of icon placement [2] have also been used to calibrate display information and provide more precise assistance and adjustment. Our approach could beneﬁt the development of
context-aware applications related to icons. For instance, if
we found that a user’s N2 amplitude peak is not induced when
s/he is trying to select a target icon in a sliding menu, we
could help the user ﬁnd the target icons more easily by increasing the novelty between icons.
Though the current icon-evaluation study focused on semantic distance, other icon characteristics such as familiarity,
concreteness, and complexity remain worthy of exploration
[16]. Other important issues in interface-usability testing include memorability, learnability, and users’ preferences [20].
We believe that investigating these characteristics and issues
by applying EEG-based approaches could yield considerable
improvements to current methods of graphic-icon evaluation.
LIMITATION AND FUTURE WORK

This paper has several limitations that should be noted. First,
besides some inherent drawbacks of EEG measurement, e.g.,
low spatial resolution and extreme sensitivity to body movement, the sets of function types and graphic icons collected in
this study were relatively limited. The related applications
of graphic icon include trafﬁc signs, brand logo and various iconic representation in daily life. For these applications,
many usability testing studies have also been conducted, in-

Second, to reduce possible confounding factors, we eliminated the inﬂuence of icons’ color by only selecting icons
with gray level color. However, the importance and beneﬁt of
well-designed icon color have be mentioned in prior studies
[22, 44], and the graphic icons in daily life often utilize colors
to imply different meanings.

In the future, we would like to investigate these three issues
above and generalize our ﬁndings to other icons’ applications.
Despite the above limitations, however, we would suggest
that the current study provides novel observations and contributions in the sphere of icon evaluation, as well as a primary demonstration of how an EEG-based approach can be
applied to that ﬁeld. We hope that our ﬁndings will inspire
and encourage more researchers to utilize brain sensing as an
additional tool in usability testing.
CONCLUSION

The overarching goal of this study was to reveal important but
neglected implications for icon design from the perspective of
semantic distance. In Exp 1, we found that N1 amplitude in
the early sensory process showed a relationship with users’
reaction time, and that N400 amplitude during task-related
cognitive processing could be used to distinguish the semantic distance of icons. In Exp 2, we explored how users processed icons with different levels of semantic distance in sliding scenarios. We found that semantically close icons could
trigger the cognitive functions related to memory operation
more readily. We also observed that changes of presentation
speed were reﬂected in the participants’ selective attention
and perception of visual novelty. In Exp 3, we investigated
how the semantic distance between target and surrounding
icons affect participants’ performance of selecting icons in
grids. We found that semantically close icons could better
attract participants’ attention than far icons when used as target icons, but distract participants when used as surrounding
icons, and the effect of surrounding icons increased with grid
sizes. Taken together, our methods and results offer icon designers and researchers a new viewpoint for investigating the
impact of icons’ semantic distance and usage scenarios.
ACKNOWLEDGMENTS

We thank the reviewers for their insightful comments and
the NCTU Brain Research Center led by Prof. Chin-Teng
Lin. This work was supported in part by Taiwan Ministry of
Science and Technology under grants 104-2628-E-009-001MY3, 102-2221-E-009-082-MY3, and 103-2911-I-009-101-.

REFERENCES

1. Daniel Afergan, Evan M. Peck, Erin T. Solovey, Andrew
Jenkins, Samuel W. Hincks, Eli T. Brown, Remco
Chang, and Robert JK Jacob. 2014. Dynamic difﬁculty
using brain metrics of workload. In Proceedings of the
SIGCHI Conference on Human Factors in Computing
Systems. ACM, 3797–3806.
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Cross-Cultural Understanding of the Dual Structure of
Metaphorical Icons: An Explorative Study with French
and Turkish Users on an E-Learning Site. In
Internationalization, Design and Global Development.
Springer Berlin Heidelberg, 89–98.
34. M. Yerkes Robert and D. John. 1908. The relation of
strength of stimulus to rapidity of habit-formation.

Journal of comparative neurology and psychology 18
(1908), 459–482.
35. Vidya Setlur, Conrad Albrecht-Buehler, Amy A. Gooch,
Sam Rossoff, and Bruce Gooch. 2005. Semanticons:
Visual metaphors as ﬁle icons. In Computer Graphics
Forum, Vol. 24. 647–656.
36. Vidya Setlur and Jock D. Mackinlay. 2014. Automatic
generation of semantic icon encodings for visualizations.
In Proceedings of the 32nd annual ACM conference on
Human factors in computing systems. 541–550.
37. Brian A. Taylor, Daniel M. Roberts, and Carryl L.
Baldwin. 2011. The Role of Age-Related Neural Timing
Variability in Speech Processing. In Proceedings of the
Human Factors and Ergonomics Society Annual
Meeting, Vol. 55. SAGE Publications, 162–166.
38. Chi Vi and Sriram Subramanian. 2012. Detecting
error-related negativity for interaction design. In
Proceedings of the SIGCHI Conference on Human
Factors in Computing Systems. ACM, 493–502.
39. Chi Thanh Vi, Izdihar Jamil, David Coyle, and Sriram
Subramanian. 2014. Error related negativity in
observing interactive tasks. In Proceedings of the
SIGCHI Conference on Human Factors in Computing
Systems. ACM, 3787–3796.
40. Yuping Wang, Jian Kong, Xiaofu Tang, Ding Zhuang,
and Shunwei Li. 2000. Event-related potential N270 is
elicited by mental conﬂict processing in human brain.
Neuroscience letters 293, 1 (2000), 17–20.
41. Jamie Ward. 2015. The student’s guide to cognitive
neuroscience. Psychology Press.
42. David Warnock, Marilyn McGee-Lennon, and Stephen
Brewster. 2013. Multiple notiﬁcation modalities and
older users. In Proceedings of the SIGCHI Conference
on Human Factors in Computing Systems. 1091–1094.
43. Ying Choon Wu and Seana Coulson. 2007. Iconic
gestures prime related concepts: An ERP study.
Psychonomic Bulletin & Review 14, 1 (2007), 57–63.
44. Yun-Ying Yeh, Der-Song Lee, and Ya-Hsien Ko. 2013.
Color combination and exposure time on legibility and
EEG response of icon presented on visual display
terminal. Displays 34, 1 (2013), 33–38.
45. Yen Na Yum, Phillip J Holcomb, and Jonathan Grainger.
2011. Words and pictures: An electrophysiological
investigation of domain speciﬁc processing in native
Chinese and English speakers. Neuropsychologia 49, 7
(2011), 1910–1922.
46. Thorsten O. Zander, Christian Kothe, Sabine Jatzev, and
Matti Gaertner. 2010. Enhancing human-computer
interaction with input from active and passive
brain-computer interfaces. In Brain-computer interfaces.
Springer, 181–199.

