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1. Preface 
You are now reading the Proceedings of the 2nd IUI Workshop on Interacting with Smart Objects.  

The workshop was held n conjunction with the IUI 2013 at March 19, 2013. The first workshop 

was held in conjunction with the IUI 2011 [2]. 

 

Objects that we use in our everyday life are expanding their restricted interaction capabilities and 

provide functionalities that go far beyond their original functionality. They feature computing capa-

bilities and are thus able to capture information, process and store it and interact with their envi-

ronments, turning them into smart objects [4]. Nochta [10] distinguishes these functionalities as 

 Identification and Information Storage 

 Sensors to capture environmental data 

 Actuator to perform actions 

 Information processing to make decisions 

 Communication and Networking 

These different functionalities have been applied to a wide range of smart objects ranging from 

smart kitchen appliances (smart coffee machines, smart knifes and cuttings boards) [7–9], smart 

(tangible) objects [5, 6], up to smart meeting rooms [3] and even city-wide infrastructures [1]. 

 

These proceedings contain the keynote from Oliver Brdiczka and nine submissions around the dif-

ferent aspects of interacting with smart objects. 

 

The 2nd Workshop on Interacting with Smart Objects was an interesting experience where partici-

pants with all their different backgrounds had lively discussions about interacting with smart ob-

jects. If you contributed to it in any way, we are grateful for your involvement. If you wish to partic-

ipate in the future, please come and find out more information about the next workshop 

http://www.smart-objects.org and join the community. We wish that these proceedings are a valu-

able source of information in your efforts. We hope that you will enjoy reading the following pages. 
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ABSTRACT
In this paper, we present a novel mobile interaction system
which combines a pen-based interface with a head-mounted
display (HMD) for clinical radiology reports in the field of
mammography. We consider a digital pen as an anthropocen-
tric smart object, one that allows for a physical, tangible and
embodied interaction to enhance data input in a mobile on-
body HMD environment. Our system provides an intuitive
way for a radiologist to write a structured report with a spe-
cial pen on normal paper and receive real-time feedback using
HMD technology. We will focus on the combination of new
interaction possibilities with smart digital pens in this multi-
modal scenario due to a new real-time visualisation possibil-
ity.

ACM Classification Keywords
H.5.2 User Interfaces: Input Devices and Strategies, Graphi-
cal HCIs, Prototyping

Author Keywords
Augmented Reality, Medical Healthcare, Real-time
Interaction

INTRODUCTION
A standard reaction of computer-affine people to this ques-
tion is that they are much faster with a keyboard. And it is
true, handwriting as an input metaphor is a very slow inter-
action process when you are trying to input information into
the computer, especially for those people who learned typing
rapidly with the keyboard.

However, people still use a pen for putting down information
on paper and a lot of processes are still based on paper doc-
uments. In radiology practices paper reporting have been es-
tablished over the last 20 years. However, this situation is not
optimal in the digital world of database patient records. Digi-
tal records have many advantages over current filling systems
when it comes to search and navigation in complete patient
repositories called radiology information systems. In fact,
modern hospital processes require digital patient reports. The
current practice in hospitals is that dictated or written patient
reports are transcribed by hospital staff and sent back to the

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise,
or republish, to post on servers or to redistribute to lists, requires prior spe-
cific permission and/or a fee. IUI 2013 Workshop: Interacting with Smart
Objects, March 18, 2013, Santa Monica,CA, USA Copyright is held by the
author/owner(s)

radiologist for approval. The turn-over time is 2-30 hours and
the process inefficient and also prone to error.

THE MOTIVATION
In [4], we presented an interaction method that shows how
a radiologist can use our special mammography paper writ-
ing system to conduct a full mammography patient finding
process. This digital pen based interface enables radiologists
to create high-quality patient reports more efficiently and in
parallel to their patient examination task. Thereby, he or she
uses a digital pen-based interface where the user can write on
normal paper which is printed with a light-grey dot pattern
in order to allow for the recognition of the writing. Never-
theless, this solution still requires a workstation to provide
feedback of the real-time recognition results; hence it limits
the mobility of the pen-paper approach. Moreover the doctor
has to constantly change his or her sight from the paper to the
screen and back, thus the doctor cannot focus on the patient.

(a) Radiologist using digital
pen to diagnose patients.

(b) Brother’s AiRScouter
HMD.

(c) Annotated form with
region of interest marking
the selection of associated
anatomical concepts.

(d) Visualisation of recognised
results in the HMD display.

Figure 1: Mobile pen-based system.

In [5] we have developed a mobile working station for the ra-
diologist that is called RadSpeech. In the following we have
extended the system for the use of multiple mobile stations



combined with one stationary screen installation (see Fig-
ure 3a). The motivation of the setting here, was to provide
hands-free interaction with a medical system using the natu-
ral language. Basically, the scenario describes how the med-
ical expert retrieves medical images of one specific patient
and then continues to make his finding by attaching semantic
information, i. e. Radlex terms 1, to the affected areas within
the images. Eventually, the relevant bits of information are
then processed by the backend and made persistent for later
reference.

We used a client-server-based approach, where each part that
involves more computing is runnable on a separate platform.
Note that regardless of the introduced modalities, all these ap-
proaches share the same underlying goal, namely to increase
usability of the doctor’s working routine environment, i. e.,
making knowledge acquisition fast and easy by providing
state-of-art user interfaces to human medical expertise [7].

In this work we combine our novel interaction designs with
current achievements concerning novel input devices, thus
allowing for experiments with new interaction paradigms.
For instance we have integrated an innovative mobile dis-
play systems in a form of a head-mounted display (Brother’s
AiRScouter WD-100G) which provide new ubiquitous possi-
bilities for real-time interaction. We applied our technology
to the HMD to provide mobile augmented reality interaction
system for doctors that can be used during patient examina-
tion in the medical routine. The augmented reality system
comprises of a digital smart pen (see Figure 1a) and a speech
recognizer as input device. On the other side we have applied
a see-through HMD (see Figure 1b) for visual feedback and a
speech synthesis for audio feedback. See-through HMDs are
of special interest as the doctors can focus on the patient dur-
ing the examination process as the information is augmented
in the view field.

In the following sections, we will describe the technical as-
pects with respect of the pen-based annotation framework,
then we will also illuminate the relevant parts of our dia-
log system. Finally, we will highlight the interesting effects
we gain when observing the interplay of both input channels
combined with our new augmented reality approach.

MOBILE FEEDBACK PEN-BASED SYSTEM
Possible annotations on the printed paper may include terms
to classify diseases which are formalised by using the Inter-
national Classification of Diseases (ICD-10), annotations of
regions-of-interest (ROI) in images, or pen gestures to choose
predefined terms (e.g., anatomical concepts). In any case, the
system maps the handwriting recognition (HWR) output to
one or more medical concepts. Each of these ROIs can be
annotated with anatomical concepts (e.g., lymph node), with
information about the visual manifestation of the anatomical
concept (e.g., enlarged ), and/or with a disease category using
ICD-10 classes (e.g., Nodular lymphoma or lymphoblastic).
However, any combination of anatomical, visual, and disease
annotations is allowed and multiple annotations of the same
region are possible. Whenever an annotation is recognised
1http://www.radlex.org/ : Last seen 02/09/2013

and interpreted, the result is instantly augmented in the HMD
(see Figure 1d) to give immediate feedback. Furthermore, the
paper sheets contain special action areas to trigger additional
functions of the system, such as a text-to-speech engine to
provide optional audio feedback of the recognition results.

The architecture illustrated in Figure 2 is based on the pen
component of the Touch&Write framework [1] and provides
an overview of the proposed system. First, an ink collector
component collects the online stroke data from the digital
smart pen via Bluetooth. Now, the mode detection compo-
nent [6] analyses the stroke information and classifies the an-
notation into different modes of the handwritten input.

In our scenario the system has to decide whether it deals with
handwritten text information, image annotations, or pen ges-
tures. The handwriting is analysed by using the MyScript en-
gine of Vision Objects 2 and gesture recognition is performed
by the iGesture framework [3]. Depending on the classifica-
tion result, either the handwriting recognition or the pen ges-
ture analysis is triggered. The recognition results are passed
on to the interpretation layer via the event manager compo-
nent. As the interpretation layer has a semantic mapping of
the paper sheet layout, pen gestures and recognised texts are
interpreted in the context of the diagnostic field where they
occur.

Finally, a visualisation layer is responsible for providing an
appropriate visualisation of the recognised diagnostic find-
ings which depends on the hardware capabilities of the used
HMD technology (see Figure 1d). The visualisation in the
HMD mainly depends on the resolution of the HMD. In our
demo prototype, Brother’s AiRScouter (WD-100G) has been
used with a screen resolution of 800x600 pixels. Due to the
limited screen space, only selected parts of the complete find-
ing form can be presented to the doctor (e.g., only the results
of the MRT, see Figure 1d). Making a virtue out of necessity,
we display only the diagnostic area of the actual form filling
process, which does not overload the screen. For all areas, we
present the schematic image with the marked ROIs combined
with the selected anatomical concepts, as well as recognised
handwritten annotations.

In summary, the mode detection of our smart pen automati-
cally chooses the next step of analysis. The next analysis step
will be, either:

• Pen gestures - for triggering predefined functionalities in
our multi-modal system,

• Handwriting (common language combined with medical
terms) - capturing diagnostic findings,

• Visual annotation - for marking ROIs in medical images.

Finally, as the smart pen ”knows” the content of the medical
forms and provide further information on the HMD, trigger
actions, or provide a digitialized report of the finding.

2http://www.visionobjects.com/en/myscript/
about-myscript/ : Last seen 02/09/2013

http://www.radlex.org/
http://www.visionobjects.com/en/myscript/about-myscript/
http://www.visionobjects.com/en/myscript/about-myscript/


Figure 2: Proposed recognition and feedback data flow. The
pen data is collected and further analysed in a three-tier ar-
chitecture.

THE SPEECH INTERFACE
We use the microphone array that is integrated into the Mi-
crosoft Kinect 3 to transmit audio signals to the speech recog-
nition (Nuance Recognizer 9.0) 4. The recognizer runs on a
speech server that integrates also a speech synthesizer (Nu-
ance SVOX). Our dialogue platform is based on ontological
concepts that during runtime models the interaction process
inside a production rule engine [2].

We have adopted a design direction that allows the activation
of the dialog system using different type of devices. As a re-
sult, the user is able to choose the modality which is most
convenient in a specific situation. Figure 3b shows the graph-
ical output in the sight of the user when opening the micro-
phone by the movement of the eye. The blue dot within the
frame that contains the microphone icon represents the visual
focus. The highlighted frame and a notification signalize the
activation of the speech recognition to the user.

AN INTERACTION EXAMPLE
The following dialog demonstrates a real-world example;
while the radiologist is analysing medical images on the
screen application, he or she is requesting for additional in-
formation about the patient:

3http://www.microsoft.com/en-us/kinectforwindows/ :
Last seen 02/09/2013
4http://www.nuance.com/ : Last seen 02/09/2013

(a) The mobile medical diagnosis
working station combined with a
screen installation.

(b) The activation of the speech
recognition is overlayed into the
view of the user.

(c) Overlay of the patients file in-
formation.

(d) A video is streamed into the
users sight.

Figure 3: The combination of a speech-based interface and a
see-through interface.

1 The doctor opens microphone using either eye gaze or pen ges-
tures.

2 Doctor says: “Show me the previous finding in the HMD.”
3 HMD: The sight of the doctor is augmented with the correspond-

ing patient file.
4 TTS: “Previous Finding:. . . ”
5 The doctor continues with the form-filling process.
6 Doctor uses pen: The Radlex terms round, smooth, homoge-

neous are marked.
7 TTS: “The annotation round, smooth, homogeneous has been

recognized”

Figure 4 visualizes the interplay of the components given the
dialog example in the context of the multi-device infrastruc-
ture. In the centre of the infrastructure we have a proxy, that
is responsible to route and forward method invocation to any
target recipient 5, i. e., I/O device. The eye tracker first inter-
prets the gaze gesture as an open microphone command (see
1). The invocation of the actual method on the target is passed
on through the network by means of the proxy. The calcula-
tion of the intended meaning of the speech input is done by
the dialog system and will in turn result in the invocation of
a remote call on the HMD part. Figure 3c shows the effect in
the HMD of a displayText call that is triggered by the ut-
terance (see 2). Simultaneously, the dialog system processes
the audio format conveying the corresponding information
(see 4). Further, during the form-filling process using the dig-
ital pen (see 5), user feedback is realized through multimodal
output that involves the dialog system and the HMD. In par-
ticular, annotating ROI with text information is accompanied
by audio feedback, note the sentence produced by the speech
synthesizer (see 7) as the Touch&Write Framework recog-
nizes the Radlex terms (see 6). The pen interface accesses the
synthesis mechanism via the call updateFindings that is

5http://delight.opendfki.de/: Last seen 02/09/2013

http://www.microsoft.com/en-us/kinectforwindows/
http://www.nuance.com/
http://delight.opendfki.de/


Figure 4: Any of the input devices on the left may serve to
activate the speech modality, while on the right basically all
output devices are available to give feedback to the user.

forwarded by the proxy to the dialog system. At the same
time, the identical call effectuates real-time visual feedback
augmenting the view of the doctor by displaying the selected
terms in the see-through device (see the red coloured terms
in Figure 1d). Besides the purpose of generating adequate
multimodal feedback on the basis of the “digital pen print”,
we can also use the pen input to trigger explicit commands
that goes beyond the context of the form-filling process. In
Figure 3d a video is shown inside the augmented view. A
videoPlayback call is triggered when underlining prede-
fined terms within a designated area on the form. Based on
our infrastructure we can easily make the latter functionality
accessible also to other input modalities, such as speech. Fi-
nally we are able also to route the video stream to other output
devices, such as the screen installation.

CONCLUSION
We presented a novel mobile real-time smart pen feedback
environment which directly projects the results of the digi-
tal form-filling process into the eyes of the doctors. Radiol-
ogists can perform diagnostic reporting tasks by using their
standardised form sheet and handwritten comments as well
as simple pen annotations. To access additional information
about the patient, we integrate a state of the art dialogue sys-
tem called RadSpeech.

Our prototype employs modern HMD technology for display-
ing the real-time recognition results; as a result, our interac-
tion system is mobile and the doctor does not need any ad-
ditional devices, such as a tablet or smartphone, to check the
digital version of the diagnosis. Moreover, to improve the
robustness of the speech recognition in a real world scenario
we used either pen or eye-gaze gestures to control the speech
recognition instead of using continuous speech recognition.

Finally, after controlling the results, the digital version of the
diagnostic finding can be transmitted to the radiology infor-

mation system. This improves the quality and consistency of
reports as well as the user interaction. Radiologists are also
not forced to dictate information in the order in which it ap-
pears in the report. Most importantly, complete reports are
available in seconds due to the mobile data acquisition and
real-time feedback functionality.
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ABSTRACT 

A person‟s cognitive state and capacity at a given moment 

strongly impact decision making and user experience, but 

are still very difficult to evaluate objectively, unobtrusively, 

and in real-time. Focusing on smart pen or stylus input, this 

paper explores features capable of detecting high cognitive 

load in a practical set-up. A user experiment was conducted 

in which participants were instructed to perform a 

vigilance-oriented, continuous attention, visual search task, 

controlled by handwriting single characters on an 

interactive tablet. Task difficulty was manipulated through 

the amount and pace of both target events and distractors 

being displayed. Statistical analysis results indicate that 

both the gesture length and width over height ratio 

decreased significantly during the high load periods of the 

task. Another feature, the symmetry of the letter „m‟, shows 

that participants tend to oversize the second arch under 

higher mental loads. Such features can be computed very 

efficiently, so these early results are encouraging towards 

the possibility of building smart pens or styluses that will be 

able to assess cognitive load unobtrusively and in real-time.  

Author Keywords 

Gesture features; cognitive load; user study; pen-based 

input; vigilance; attention; human-computer interaction. 

ACM Classification Keywords 

H.5.2. [Information interfaces and presentation]: User 

interfaces – Evaluation/methodology; Input devices and 

strategies. 

INTRODUCTION 

Cognitive load represents the mental effort imposed on a 

participant‟s cognitive system when performing a particular 

task [8]. When a task demands very high quality of 

performance, like air traffic control or machine operation, 

the degradation in quality caused by too-high cognitive load 

may lead to accidents or serious consequences. For 

example, it was found that the lack of “at least some 

cognitive availability and understanding of the situation” 

may have led pilots to ignore continuing alarms during the 

fatal accident [3] on the Rio to Paris flight AF447, which 

disappeared over the Atlantic. Being able to assess 

cognitive load in real-time can allow intervention when 

levels become too high and can prevent such accidents. 

Furthermore, in other less safety-critical settings, cognitive 

load assessment can still be useful. For example, in an 

educational setting, assessing students‟ cognitive states 

could help teachers to better control teaching content and 

pace, and thus improve learning effectiveness and 

efficiency. Therefore, research into ways to estimate human 

cognitive state and capability is critical to improving the 

quality of human computer interaction, increasing task 

performance, and developing optimized human-decision-

support applications. Practically speaking, it is important to 

look for good methods of measurement and estimation, 

which will be not only accurate, but also unobtrusive and 

real-time, so they can reduce noise, unpredictable factors, 

and disruptions to the cognitive process.  

There are four different ways to measure cognitive load 

explored in the literature [8]: (i) subjective assessment 

techniques; (ii) task and performance based techniques; (iii) 

behavioral measurements; and (iv) physiological 

measurements. Typically, more than one method is used, so 

their combination can improve accuracy. In our user study, 

both behavioral and physiological measures were used, but 

this paper focuses on behavioral measurement. Behavioral 

measurement is here defined as non-obtrusive data 

collection during natural multimodal interaction. In this 

paper, we report on a user study in which participants 

performed a vigilance-oriented, continuous attention, visual 

search task [2], controlled by handwriting single characters 

on an interactive tablet. We examine behavioral features of 

the pen gestures input in two cognitive load levels to 

identify efficient features that can be computed in real-time. 

Prior work has looked at how gesture features are related to 

changes in cognitive load induced by task complexity [10] 

and task memory demands [11] for simple shapes (circles 

and crosses). That work found that features such as shape 

degeneration [10] and pen trajectory duration, speed, and 

length [11] are correlated with increases in cognitive load. 

Our study expands on that prior work by (a) using another 

way to induce cognitive load (i.e., task speed), (b) probing 
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additional pen input features (i.e., pressure, bounding box 

size, and geometric features such as the symmetry of letter 

„m‟), and (c) using a wider variety of pen input shapes (i.e., 

letters). Prior analysis based on the same experiment 

reported in this paper [2] found that gesture duration, 

number of points (correlated with speed), and gesture 

length were all significantly affected by cognitive load.  

In this paper we extend the list of features examined and 

find that features such as normalized gesture length and 

width over height ratio decreased significantly during the 

high load periods of the task. Also, after examining 

visualizations of all recorded gestures, we noticed that some 

letters seemed to exhibit different forms as cognitive load 

varied, for example, the symmetry of the letter „m‟, showed 

that participants tend to oversize the second arch under 

higher mental loads, as illustrated in Figure 1. Such features 

can be computed very efficiently, so these early results are 

encouraging towards the possibility of building smart pens 

or styluses that will be able to assess cognitive load 

unobtrusively and in real-time. 

 

Figure 1. Sample Input from two Participants. 

MOTIVATION 

Cognitive Load Impacts Performance 

Cognitive load is closely related to the capacity of working 

memory, which, according to the cognitive load theory [8] 

refers to the brain system providing temporary storage of 

the input necessary to acquire information, process it, and 

prepare feedback actions when completing tasks. The 

capacity of working memory is limited; accepted estimates 

of the amount of information it can hold at a time is 

restricted to 7 ± 2 items [5]. When cognitive load exceeds 

working memory‟s capacity limit, the participant‟s 

performance starts to degrade [10]. This degradation could 

lead to longer reaction times, higher error rates, and 

decreased control of actions and movements [11]. 

Therefore, we are examining methods of unobtrusively 

detecting cognitive load spikes, such as using the gesture 

features discusses in this paper, to allow systems to 

intervene to reduce negative impacts of higher load. 

Pen Gesture Input as an Unobtrusive Sensor 

Pen gestures are input produced through a pen or stylus 

during a user‟s interaction with a computer [9]. Previous 

research indicated that some gesture features can be used as 

indicators of cognitive load imposed by a task [10, 11, 12]. 

Compared to other modalities, pen gesture offers benefits 

such as naturalness for the user, low intrusiveness, and the 

possibility to automatically analyze data in real-time. It can 

capture variations in performance implicitly without 

interrupting the task, and the data is available for analysis 

once the current gesture is finished [2, 10]. In the market, 

there are already digital pen and paper systems, such as 

Anoto, which support gesture capture and online/offline 

analysis [1]. Prior research has shown that for specific 

tasks, for example, math problem solving by high school 

students, pen-based systems provide cognitive support and 

produce better learning results than traditional keyboard 

and mouse graphical user interfaces [6], so we believe there 

is similar potential in developing pen-based adaptive 

systems for both safety-critical and other tasks. 

 

Figure 2. Smart Pen Workflow. 

In our work, we use the workflow in Figure 2 as the 

accepted model of how smart pens process and react to user 

input. Based on the written content, the pen extracts 

geometric features and automatically classifies them 

according to pre-built models, possibly trained for specific 

users. Depending on the application, high cognitive load 

detection can be used to trigger alerts, e.g. when a mission-

critical operator is experiencing high cognitive load, a 

manager may be alerted to provide additional resources or a 

break for the operator. In other contexts, the pace of the 

content can be adapted, e.g. when a student is learning 

online content using an interactive tablet. 

Simulating Real-World Tasks  

Previous research has used a variety of experiment designs 

to collect pen gesture input and correlate it to cognitive 

load. One example is the map tasks in [7, 10], in which 

participants are asked to look for routes and organize a 

green light corridor on a city map. There are also tasks 

instructing participants to compose sentences from three 

predefined words [12] or to solve mathematics problems 

[6], requiring participants to write down all the intermediate 

processes. In this paper, we use a continuous attention, 

visual search task, which simulates real-world vigilance 

tasks such as air traffic control or information analysis. Our 

task has two cognitive load levels, and our analysis focuses 

on specific geometric features of the single letter inputs. 

EXPERIMENT DESIGN 

Participants performed a vigilance-oriented continuous 

attention and visual search task [2]. During the experiment, 

arrows facing one of four directions (↑, ↓, ← and →) were 

displayed sequentially (with some overlap) on the screen, 

and each of them was companied by a text identifier 

underneath. There were 12 possible identifiers: {alpha, 



bravo, delta, echo, golf, hotel, india, lima, mike, oscar, 

romeo, zulu}. At any moment, all the identifiers visible on 

the screen were unique. The participants were instructed to 

detect any arrow facing down ↓ while ignoring all the other 

objects (distractors) on the screen, and to write down the 

first letter (the highlighted character in the above list) in a 

“gesture drawing space” located at the bottom right of the 

screen. The user interface is shown in Figure 3. 

 

Figure 3. Experiment User Interface. 

There were two levels of cognitive load in the task, labeled 

Normal and High, and the level was manipulated by 

controlling the time interval between arrows and the 

frequency of occurrence of target objects. During High 

periods, the higher frequency of actions required increased 

intrinsic cognitive load, and the higher number of 

distractors increased extraneous load, so this condition is 

labeled high load in our analysis. 

There were 12 participants (7 males and 5 females) who 

used the pen modality to perform the task. Two participants 

(both female) were excluded from data analysis due to post-

hoc analysis showing that in-task recognition of their 

gestures had had very low accuracy (i.e., less than two 

standard deviations below the mean), leaving an N of 10.
1
 

The equipment used to collect gestures during the 

experiment was a Tablet PC (Fujitsu Lifebook T-900). The 

system collected all task information, including the target 

and distractor objects and their order of appearance (same 

sequence for every user), task performance (recognized 

result and the system response: True Hit, Miss, etc.), and 

pen input trajectories. The analysis is based on these 

trajectories, which store each sampled gesture point 

(timestamp, character written, coordinates, pressure), and 

whole gesture information (start and end indicators). 

                                                           

1
 This low accuracy could have caused an additional load on the 

user and, for this investigation, we wanted to isolate the load 

caused by the task difficulty manipulation only. 

DATA ANALYSIS RESULTS 

Bounding Box 

The term bounding box refers to the smallest box that can 

contain a gesture entirely. The bounding box has several 

geometrical features, including height, width, area and the 

width to height ratio (width/height, which is also cot �. in 

Figure 4). 

 

Figure 4. Defining a bounding box for the gesture. 

The mean width over height ratio across all gestures is 

0.851 (σ = 0.203, N = 10) in the Normal condition and 

0.768 (σ = 0.169, N = 10) in the High condition. The 

decreasing trend of mean width over height ratio between 

Normal and High is consistent for all but one participant. 

The result of a two-tailed t-test showed the width over 

height ratios varied significantly between Normal and High 

(t(9) = 3.05, p < 0.05). 

However, when comparing all letters together, we must take 

into account that the generic letter shapes exhibit different 

width over height ratios. For example, the width over height 

ratio for lima and india are quite small compared to the 

ratio for mike. Moreover, the frequency of occurrence of 

different letters was not completely balanced between the 

two conditions because there were many more targets in the 

High condition. For example, lima or india appear 9 times 

as the targets in the High condition, but only once in the 

Normal condition. Therefore, the significant result above 

may be partly due to a bias linked to targets (letters) with 

smaller width over height ratio occurring more frequently in 

the High condition. 

In order to mitigate the effect of the shape of the letter, the 

ratio of each gesture was normalized by a “standard” ratio 

for each specific letter, reflecting the shape of the letter. 

The standard ratio is calculated as the average width over 

height ratio across all occurrences of that letter from all 

participants, across both conditions. (The limited number of 

gestures from each participant did not permit us to establish 

a standard ratio per letter per participant.) Each individual 

occurrence of a letter is normalized by dividing its ratio by 

the standard ratio for that letter:  

normalized_ratio = original_ratio / standard_ratio 

The standard ratios in Table 1 validate that different ratios 

apply to different letters. For example, india and lima have 

relatively small values, whereas mike and zulu are larger.  


