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ABSTRACT

Thesis: Intelligent interfaces can mitigate the need for lin
guistically and motorically precise user input to enhance
the ease and efﬁciency of assistive communication.
Augmentative and alternative communication (AAC) systems are
used by people with speech impairments severe enough to preclude
the use of spoken communication. While communication systems for
non-disabled users often implement intelligent prediction, correction,
and behavior adaption, current AAC systems are relatively passive
conduits for translating user intentions into spoken output. This dis
sertation seeks to shift the burden of communication from the user to
the system by leveraging knowledge of the user’s abilities, usage pat
terns, and contextual needs. The ultimate goal is to create an assistive
communication prosthesis that enables users to seamlessly engage
in timely and meaningful interactions in educational, vocational, or
social settings.
This dissertation makes the following contributions to the advance
ment of intelligent interfaces for assistive communication, especially
in the areas of natural language processing (NLP) and human-computer
interaction (HCI):
1. A word-level language model — semantic grams — that bridges
the gap between syntax and semantics by leveraging an au
thor’s own syntactic delimiters of semantic content. This model
is more effective than similar n-gram-based language models
for prediction tasks with unusual ordering or syntax.
2. An empirical comparison of contextual language predictors, show
ing that the use of statistics from a global corpus, such as the
New York Times, is sub-optimal. Instead, situational context can
provide more accurate background probabilities for pervasive
speech and language processing tasks.
3. Results and observations from a touchscreen tablet study with
current and potential AAC users, quantifying the challenges
faced by people with upper limb motor impairments and show
ing how they can be addressed through intelligent interfaces.
4. Three user-driven interface designs and prototypes, including
an approach to icon-based AAC that can be controlled effec
tively with a single input signal and leverages semantic frames
to accommodate different screen sizes and user abilities.
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INTRODUCTION

background and motivation
There are many ways to model communication. Most modern models
of communication are derived from a foundation model called SMCR.
Originally intended for use with telecommunications and cryptogra
phy, the SMCR model of communication consists of four key com
ponents: a Source, a Message, a Channel, and a Receiver [100, 97, 7].
In this type of model, the quality and integrity of a transmitted mes
sage can be compromised by distortion to any component, regardless
of whether the communication involves face-to-face interaction, tele
phones, radios, or assistive devices. It is not uncommon for static or
background noise, which can be viewed as distortion of the channel,
to interrupt a telephone call or radio transmission. With spoken com
munication, deafness or other hearing impairments could be viewed
as distortion to the receiver and pose similar challenges.
For over 2 million Americans with craniofacial deformities or neu
rological conditions, however, it is the message creation process it
self that can be challenging. Natural human speech is not a viable
mode of communication for many people who have had a stroke or
have cerebral palsy (CP), multiple sclerosis (MS), multiple system at
rophy (MSA), or amyotrophic lateral sclerosis (ALS) [70]. Many of
these individuals also have physical impairments that limit the use of
sign language or written forms of communication [8, 59]. These indi
viduals rely on augmentative and alternative communication (AAC)
to interact with the world around them. An estimated 53% of people
with CP [41] and 75% of people with ALS [5] use AAC. In the general
population, approximately 1 to 15 people of every 1,000 may require
AAC at some point in their lives [8, 10, 61]. AAC systems, which
range from physical letter boards to dedicated speech output devices,
are the primary way for these individuals to convey their thoughts,
needs, and desires to those around them.
AAC methods include:
• Unaided techniques, in which the user relies on gestures, facial
expressions, vocalizations, or sign languages;
• Low-tech displays or boards, in which the user composes mes
sages by selecting a series of letters or icons; and
• Speech-generating devices (SGDs), sometimes called voice-output
communication aids (VOCAs), in which the user’s selections on
an electronic system are spoken aloud using speech synthesis.
For communication scenarios involving computerized systems, the
risks of distortion can be alleviated by endowing components with
some level of user-speciﬁc, adaptive, or context-aware “intelligence.”
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Almost every communication technology available today has some
level of intelligence: desktop computers, video game consoles, and
even Web browsers are now designed to accommodate multiple users
with different preferences and capabilities. Similarly, personal mobile
devices are increasingly adept at detecting the user’s location and
time of day in order to provide highly relevant information with min
imal prompting. Vocabulary usage and typographical error statistics
also aid in accelerating text entry on these systems.
In contrast, current AAC systems are relatively passive conduits
for translating user intentions into spoken output. Communicating
via these systems is slow and physically demanding because it re
quires considerable effort to search for, and navigate to, desired items
[112]. While frequency statistics and natural language prediction are
used in letter-based AAC systems, they are largely absent from iconbased AAC systems, and no commercial devices to date have made
use of adaptive or context-sensitive information. Reconceptualizing
AAC as an active, adaptive technology that leverages multiple infor
mation sources to facilitate and predict user intentions may have a
profound impact on the ease, efﬁciency, and effectiveness of assistive
communication.
Current VOCAs can be grouped into two general categories: sublemma construction systems and super-lemma construction systems.
Sub-lemma construction systems include those that use letter-based
approaches, but also those based on phonemes [108], morphemes [4],
or any other units of construction that are more linguistically gran
ular than lemmas. Super-lemma construction systems include those
that use word-based approaches, but also those that leverage text or
images to represent combined lemmas, phrases, or full utterances.
Dominant among sub-lemma construction systems is the letter-based
orthographical approach; for the purposes of this document, the term
“letter-based” will be used to generally refer to sub-lemma construc
tion methodologies. Similarly, the majority of super-lemma construc
tion systems use icons or symbols, either primarily or as cues to assist
in visual search; the term “icon-based” will be used to generally indi
cate a reliance on images, words, or phrases. “Icons” will also be used
to refer to both symbols and words because many systems provide
users with the option of displaying any combination of images and
associated text labels.
An advantage of letter-based AAC systems is that literate users
can theoretically create any possible utterance in the target language;
however, these systems can be slow and fatiguing (2 - 5 words per
minute) because of the number of selections necessary to complete
a message [105]. Additionally, many individuals who have sustained
impairments since birth have poor or limited literacy skills [10]. Al
though icon-based AAC systems are typically not fully generative,
they can be advantageous because they have the potential to support
faster and more efﬁcient message construction by allowing whole
words and phrases to be accessible via a single keystroke [106].
Aided message construction is often an order of magnitude slower
than spoken interaction: approximately 15 words per minute (WPM)
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compared to over 150 WPM for speakers of American English [11, 105,
36]. Thus, icon-based systems are often preferred over letter-based
systems for face-to-face conversation and other real-time scenarios to
minimize communication delay. They are also useful for non-native
speakers and individuals with limited or emerging literacy skills [10],
such as young children or those with language impairment due to
neurological conditions.
Although the average college student uses approximately 5,000
unique words per day [73], most icon-based AAC systems have much
smaller vocabularies, often with several hundred words or phrases
[11]. Given that the vocabulary cannot be displayed all at once, typi
cal icon-based AAC systems organize their vocabularies as arrays of
icons in hierarchically nested pages categorized according to lexical,
semantic, or thematic similarity [69]. Message construction in these
systems requires users to complete two major tasks: (1) to search for
desired icons by navigating through the available vocabulary, and (2)
to select the desired icons. When users have ﬁnished composing an
utterance, it can be sent to a text-to-speech (TTS) engine for vocaliza
tion.
problem statement
Current icon-based AAC systems place the burden of communication
on the user and make three fundamental assumptions:
1. Prescribed Order: Users will select items in a speciﬁc order,
such as the syntactically “correct” one;
2. Intended Set: Users will select exactly the items that are desired,
no fewer or more; and,
3. Discrete Entry: Users will make discrete movements or selec
tions, either physically or with a cursor.
Prescribed Order
Current AAC methods passively preserve the order of selected icons
in the output, regardless of syntactic accuracy. Thus, if a user selects
“hamburger,” “eat,” “I,” and “want,” the system would output “ham
burger eat I want” rather than the syntactically accurate order for
active-voice American English: “I want to eat a hamburger.” Detect
ing semantic ambiguity becomes a problem when icons are selected
in an unusual order. While some predicates are non-directional with
regard to the subjects and objects that they allow (e.g. “Alice is near
Bob” is semantically equivalent to “Bob is near Alice”), some pred
icates are directional (e.g. “Alice likes Bob”) and word order affects
meaning.
The Prescribed Order assumption is problematic for a number of
reasons. First, there is evidence that users do not always select icons
in expected orders [113]. This may be because of motor impairments,
which often accompany speech impairments, that prevent users from
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making complex or repetitive movements. Second, because commu
nication with AAC devices is so much slower than spoken communi
cation, users may maximize speed by constructing simpliﬁed or tele
graphic utterances [134, 78]. Third, many users may have limited or
emerging literacy skills in the target language, making them unfamil
iar with all of its syntactic rules. Regardless of the reason, outputting
unusual or incomplete utterances has social implications: listeners
may have diminished expectations or perceptions of the user’s abili
ties [1].
Intended Set
Text entry systems on mobile devices often use dictionary-based ap
proaches to account for scenarios in which the user types fewer or
more letters than desired; however, such strategies are often not avail
able for icon-based AAC systems. There are two major issues: (1) sub
set completion, in which the system suggests additional items after
the user has selected a subset of desired icons; and (2) superset prun
ing, in which the system removes undesirable items that the user may
have accidentally selected. Previous efforts in subset completion have
either focused on missing function words, such as prepositions and
conjunctions [72], or have operated under the Prescribed Order as
sumption [12, 114, 115]. Although AAC users can manually add and
remove icons prior to speech synthesis, automated strategies have
not typically been integrated into current devices. The result is that
AAC message construction is slow, impeding real-time interaction,
and users with ﬁne motor impairments are burdened with the task
of trying to avoid accidental selections.
Discrete Entry
Current icon-based AAC systems require discrete entry of each de
sired icon. Movements are often executed via a cursor that is manipu
lated physically, such as with a ﬁnger, hand, or eye; however, research
has been conducted on other ways of manipulating an on-screen cur
sor, including vowel sounds [31, 15] and brain waves [133]. The as
sumption of Discrete Entry implies that selected icons are important,
but the path of the cursor between icons is irrelevant. Recent work in
letter-based text entry has explored the use of continuous and relative
motion to shift the burden of lexical disambiguation from the user to
the system [30, 90]. Several continuous text entry systems have been
commercially successful for non-AAC users, especially on mobile
platforms [51, 53]. Adapting these techniques for icon-based AAC
involves adding semantic components, but may reduce the physical
burden faced by users with motor impairments when making naviga
tion and selection movements. Additionally, continuous motion input
would support stronger integration with input mechanisms that are
naturally continuous, such as vowel sounds, brain waves, or electro
muscular signals.
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Recent advances in touchscreen sensitivity, brain-computer inter
faces, and miniaturized location sensors are just some of the reasons
why challenging these three assumptions can allow us to rethink
the design of assistive communication technology. This dissertation
aims to endow assistive communication systems with enhanced in
telligence to support free-order icon selection, unordered prediction
and error correction, and continuous motion input. Our approach
leverages both semantic knowledge and contextual cues to reduce
physical effort and improve the efﬁciency of message construction.
outline
The thesis of this dissertation is:
Intelligent interfaces can mitigate the need for linguisti
cally and motorically precise user input to enhance the
ease and efﬁciency of assistive communication.
This dissertation makes two types of contributions: theoretical and
applied. Part 1 presents the theoretical contributions: algorithms and
design approaches that can “mitigate the need for linguistically and
motorically precise user input.” Chapter 2 presents semantic grams,
a language model that can accommodate word prediction without
assuming a particular order. Chapter 3 describes how situational con
text can be used to improve unordered prediction and allow for ap
proximate word selections. In Chapter 4, quantitative results from a
user study are analyzed, showing how touchscreen interactions can
be improved through personalization.
Part 2 shows how these algorithms and approaches can be ap
plied in practice and describes some of the effects of the current
work towards enhancing the “ease and efﬁciency” of assistive com
munication. Three prototypes are described, each intended for differ
ent categories of AAC users, depending on their language and mo
tor capabilities. Chapter 5 presents RSVP-iconCHAT, a semantic ap
proach to icon-based message construction designed for users with
impairments severe enough to necessitate switch interaction. Chap
ter 6 describes SymbolPath, an AAC system that enables continuous
motion, free order, and superset selection of icons for users with
mild-to-moderate language and motor impairments. Finally, Chap
ter 7 presents DigitCHAT, a small-footprint, letter-based AAC system
for literate users with minimal upper limb motor impairments that
supports AAC input at conversational speeds.
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Part I
T H E O RY
Summary of contributions in the areas of natural language
processing (NLP) and human-computer interaction (HCI):
1. Semantic grams, or sem-grams, an unordered lan
guage model that leverages syntactic markers of se
mantic content for utterance-based, subset-completion
tasks.
2. An empirical comparison of contextual language pre
dictors showing that situational context provides more
accurate background probabilities for pervasive speech
and language processing tasks.
3. Results from a study with current and potential AAC
users, quantifying the challenges they face with mod
ern touchscreen technologies and describing how those
difﬁculties can be addressed.

UNORDERED SELECTION

2.1

overview

Most icon-based AAC devices require users to formulate messages in
syntactic order. Reliance on syntactic ordering, however, may not be
appropriate for individuals with limited or emerging linguistic skills.
Some of these users may beneﬁt from unordered message formula
tion accompanied by automatic message expansion to generate syn
tactically correct messages. Leveraging word prediction to increase
communication speed in unordered message formulation, however,
requires new methods of prediction. This chapter describes a novel
approach to word prediction using semantic grams or “sem-grams,”
which provide relational information about message components, re
gardless of word order. Performance of four word-level prediction
algorithms, two based on sem-grams and two based on n-grams,
are compared on a conversational corpus. Results showed that sem
grams yield accurate word prediction, but lack prediction coverage.
Hybrid methods that combine n-gram and sem-gram approaches may
be viable for unordered prediction on icon-based AAC devices.
2.2

motivation

Many AAC users with limited or emerging literacy skills use iconbased systems, in which vocabulary items are selected in syntactic
order to formulate messages. This syntactic bias stems from histori
cal assumptions that AAC message formulation could be viewed as
a corollary to written language, which can be sent directly to speech
synthesizers. Selecting vocabulary items serially and in syntactic or
der can be physically and cognitively arduous depending on the
icon organization scheme [112]. Moreover, AAC productions are of
ten syntactically incomplete or incorrect [113], perhaps for efﬁciency
or due to limited linguistic abilities. For many users, unordered vo
cabulary selection may alleviate the physical and cognitive demands
of message formulation and shift the onus of generating syntactically
complete and accurate messages onto the AAC device. Although un
ordered message formulation schemes have been proposed [46, 85],
prediction has not been incorporated. This chapter presents an ini
tial step toward text prediction from a set of unordered vocabulary
selections.
Rate enhancement is a commonly cited issue in AAC because aided
message formulation rates are an order of magnitude slower than
spoken interaction [9]. Prediction is a common rate enhancement
technique. Text prediction for AAC has primarily focused on wellordered, syntactic input and has leveraged both semantic character
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istics [20, 57, 81] and variations of n-grams [56, 110]. For example,
semantic networks and linguistic rules have been used to predict
missing function words and apply afﬁxes to content words [72]. The
use of n-grams to predict text entry has been extensively studied at
both the level of letters [14, 102, 39] and words [12]. For example,
memory based language models have been used to predict missing
content words using tri-grams [114]. Although some recent work has
attempted to loosen syntactic requirements by including either left
or right context, some directional context has historically been re
quired [115]. Furthermore, word prediction approaches in AAC have
typically been implemented for letter-by-letter message formulation
[48, 49, 54, 37]. The contributions in this chapter are fundamentally
novel in that: (1) no syntactic order is implied or required during ei
ther training or testing, and (2) the prediction is implemented at word
level to accommodate icon-based interaction.
Previous work in information retrieval has explored relationships
between words with regard to distance [60, 74, 63], grammatical pur
pose [111, 2], and semantic characteristics [121, 26, 35], particularly
for retrieving highly relevant documents or passages. One study in
this area resulted in an approach called s-grams, a generalization of
n-grams, in which the distance between words directly affects the
strength of their semantic relationship [40]. Another approach to pre
dicting semantically related words is to use collocation to indicate
topic changes within a moving window of ﬁxed length [71]. Rather
than relying on distance to indicate relationship strength, the work in
this chapter combines frequency analysis with syntactic indications
of semantic coherence.
2.3

semantic grams

Semantic grams, or “sem-grams,” provide an alternative approach
to quantifying the relationship between co-occurring words. A sem
gram is deﬁned as a multi-set of words that can appear together
in a sentence. In English, a sentence is one of the smallest units of
language that is typically both coherent, in terms of semantic con
tent, and cohesive, in that the contained semantic content is inter
related. Additionally, because sentences are demarcated with syn
tactic cues such as punctuation, semantically related items can be
efﬁciently identiﬁed using sentence boundary detection [47]. Thus,
sem-grams leverage sentence-level co-occurrence to extract semantic
content at different levels of granularity, depending on the allowable
lengths of multi-sets. Sem-grams can be viewed as non-directional
s-grams with a uniform weight applied to all relationships between
any words in a given sentence.
In a sentence of length L, the number of n-grams of length n is
given by the expression L − n + 3, which includes the beginning and
ending n-grams that contain null elements. By contrast, the number
of sem-grams of length n in a sentence of length L is given by the
L
expression n
. Thus, there will typically be many more sem-grams
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of length n in a single sentence than n-grams of the same length.
Unlike n-grams, however, it is unnecessary for sem-grams to contain
null elements because a sem-gram of length S with a null element is
equivalent to a sem-gram of length S − 1 without null elements. Sem
grams of length one, containing a single word, are equivalent to the
prior probability of that word.
2.4

prediction algorithms

Unordered word prediction poses the following problem: given a set
of existing words E that have already been selected by a user and a set
of candidate words C that the user may select from, which candidate
word c ∈ C is the user most likely to select in order to complete
the message? As an initial step toward addressing this problem, the
following four algorithms, two based on sem-grams and two based
on n-grams, are presented:
s1: naive bayesian sem-grams Given existing words E, rank
all candidate words c ∈ C in descending order of probability accord
ing to:

P(c|E) = P(c)

P(w|c)

(1)

w∈E

S1 is a modiﬁcation of the Bayesian ranking of sem-grams in that
it assumes independence of existing words to each other, conditional
on the given candidate word. Using true Bayesian probabilities for
sem-grams, the probability of a candidate word would look like the
following for each P(c|E), given w ∈ E and |E| = 3:
P(c)P(w1 |c, w2 , w3 )P(w2 |c, w3 )P(w3 |c)
P(w1 , w2 , w3 )

(2)

The exact form of this equation depends on the ordering branch
chosen, but it also requires joint probabilities for sem-grams of dif
ferent lengths. By assuming conditional independence of the existing
words to each other, S1 only requires sem-grams of length 2.
s2: independent sem-grams Given existing words E, rank all
candidate words c ∈ C in descending order of probability according
to:

P(c|E) =

P(w, c)

(3)

w∈E

The approach of S2 is a “hand of cards” approach that treats the
message formulation task as a random drawing of sem-grams from a
pool of available sem-grams. While the formula above is speciﬁed for
sem-grams of length 2, it can be extended to support sem-grams of
any length.
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n1: naive bayesian n-grams Given existing words E, rank all
candidate words c ∈ C in descending order of probability according
to:

P(c|E) = P(c)

P(w|c)

(4)

w∈E

N1 is a copy of S1, except that the deﬁnition of the joint probability
P(w, c) includes the counts for n-grams that contain both w and c,
regardless of order. This algorithm was designed to compare whether
the information provided by n-grams can be used to approximate
the information provided by sem-grams. N1 assigns high ranks to
candidate words that are likely to appear adjacent to all other words
in the sentence.
n2: applied n-grams Given existing words E, rank all candidate
words c ∈ C in descending order of probability according to:

P(c|E) =

P(w, c)

(5)

w∈E

N2 is designed to leverage the strength of n-grams and rank can
didate words based on the probability of them appearing adjacent
to any of the existing words. N2 uses the same deﬁnition of joint
probability as N1, where P(w, c) includes the counts for n-grams that
contain both w and c, regardless of order.
2.5

corpus selection and preparation

Given the lack of large corpora of AAC message formulations [55],
approximations have often been used [109, 116]. The Blog Authorship
Corpus [96] was selected because it is freely available and tends to be
written in an informal style that emulates conversational speech. The
corpus is both large and diverse, comprising over 140 million words
written by 19,320 bloggers in August 2004. The bloggers ranged in age
from 13 - 48 and were equally divided between males and females.
To prepare the corpus, all blog posts were extracted as ASCII text.
Every blog post was split into sentences using the PunktSentenceTo
kenizer [47] of the Natural Language Toolkit (NLTK) [13] and then
split into words using the following regular expression:
\w+(\w*([\-\’\.]\w+)*)*

English stop words were removed according to a popular list [89]
and remaining words were stemmed using the NLTK’s PorterStem
mer, which is a modiﬁed implementation of the original Porter stem
ming algorithm [87]. Finally, all stemmed words were examined for
membership in a stemmed American-English dictionary [120]. Any
stemmed words not found in the dictionary were removed to further
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constrain the vocabulary and account for spelling errors and nonsen
sical text.
The corpus was then randomly split into a training and testing
set, with 80% of the authors (15,451) being placed in the training
set and 20% of the authors (3,871) being placed in the testing set.
The training set comprised over 7 million sentences written by 7,682
males and 7,768 females with a combined average age of 22 years.
All n-gram and sem-gram statistics, with plus-one smoothing, were
gathered using only sentences in the training set and both n-grams
and sem-grams were limited to a word length of 2 (bi-grams).
2.6

evaluation

Testing was conducted on 2,000 sentences that were randomly se
lected from the test corpus. The same processing steps used during
training were performed on the test sentences: stop words were re
moved, the remaining words were stemmed, and all stems not in the
dictionary were ﬁltered out. To avoid run-on sentences and sentence
boundary detection errors, all test sentences were also truncated to
a maximum of 20 words. The words in each test sentence were then
shufﬂed and one word was removed at random and designated as the
target word. Each of the four algorithms were provided the shufﬂed
words as input; as output, each algorithm attempted to identify the
target word by generating a ranked list of candidates.
In addition to the shufﬂed set of input words, each algorithm re
quired a seed list of candidate words. Ideally, all known words in
the corpus would be used as candidate words. To constrain the com
putational requirements, the two algorithms based on n-grams (N1
and N2) were provided with the list of most frequently co-occurring
words that appeared as n-grams with any of the set of input words,
limited to the top 10 n-grams for a given input word. Similarly, each
sem-gram algorithm (S1 and S2) received a list of most frequently
co-occurring words that appeared as sem-grams with any of the set
of input words, limited to the top 10 sem-grams for a given input
word. With a limit of 19 input words (20 minus the target word), each
algorithm received at most 190 unique candidate words to rank.
Two primary metrics were used to quantify the performance of
each algorithm: (1) a boolean value that was true if the output list
contained the target word in any position, indicating that the target
word had been successfully predicted; (2) if the algorithm success
fully predicted the target word, the algorithm received a positive in
teger score corresponding to the position of the target word in the
output list, with lower scores indicating more accurate prediction. For
example, if an algorithm suggested the target word as the ﬁrst item in
its ranked list, it received a score of 1; if it suggested the target word
as the second item in its ranked list, it received a score of 2. The out
put lists of each algorithm were truncated to the ﬁrst 100 items; thus,
if an algorithm’s output list contained the target word in a position
after 100, it was marked as failing to predict the target word.
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Table 1: Summary of N-Grams vs. Sem-Grams

N1

N2

S1

S2

Sentences

2000

2000

2000

2000

# Predicted

647

649

435

435

% Predicted

32%

32%

22%

22%

Avg Score

16.26

19.70

9.04

12.67

Score SD

16.15

19.65

7.40

10.04

MRR

0.0643

0.0412

0.0737

0.0556

MRR SD

0.1667

0.2018

0.1335

0.1746

A third metric, Mean Reciprocal Rank (MRR), was used to obtain
an overall picture of each algorithm’s performance by merging accu
racy and coverage. MRR is the average of reciprocal ranks (i.e. scores)
over all evaluated sentences, where rank corresponded to the position
of the target word in the output list, and was calculated as:

1
MRR =
2000

2000

i=1

1
ranki

(6)

If the target word did not appear in the ﬁrst 100 items, a reciprocal
rank value of zero was used.
2.7

results

The n-gram algorithms successfully predicted 32% of the 2,000 test
sentences while the sem-gram algorithms successfully predicted 22%
(Table 3). Although both n-gram algorithms performed similarly, N1
consistently predicted the target word more accurately than N2. On
average, N1 suggested the target word as the 16th word in its ranked
list, where N2 suggested the target word as the 20th word in its list.
While the sem-gram algorithms predicted fewer sentences than the
n-gram algorithms, they were almost twice as accurate on sentences
that they did predict. On average, S1 suggested the target word as
the 9th word in its ranked list; for S2, the target word was the 13th
item. The results by MRR were similar: S1 outperformed N1, while
S2 outperformed N2; however, N1 did show better performance than
S2 by this metric.
To further compare the effectiveness of sem-grams and n-grams,
sentences were grouped according to their input length, from 1 to 19
words, and statistics were gathered for each algorithm on each sen
tence length (Table 2). For test sentences in which the algorithms were
only given a single input word, both n-gram algorithms ranked the
target word at least one full ranking higher than either sem-gram al
gorithm, thus giving more accurate predictions. For all other sentence
lengths, the sem-gram algorithms were more accurate. Between the n
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Table 2: N-Grams vs. Sem-Grams by Input Sentence Length
# Words

N1 %

N1 Avg

S1 %

S1 Avg

N2 %

N2 Avg

S2 %

S2 Avg

1

20.88%

3.44

12.05%

4.47

20.88%

3.42

12.05%

4.47

2

26.55%

6.07

19.47%

5.89

26.55%

6.32

19.47%

6.23

3

22.22%

7.64

16.89%

6.87

22.22%

9.82

16.89%

9.84

4

32.11%

10.46

22.94%

7.62

32.11%

11.91

22.94%

9.94

5

31.25%

12.13

21.88%

6.14

31.25%

14.02

21.88%

9.14

6

38.18%

15.25

26.67%

8.75

38.18%

17.68

26.67%

12.11

7

42.86%

16.17

29.46%

9.52

42.86%

21.77

29.46%

12.73

8

39.60%

18.08

25.74%

11.15

39.60%

22.00

25.74%

15.73

9

29.11%

19.13

20.25%

11.31

29.11%

23.48

20.25%

17.88

10

44.74%

24.47

35.53%

10.52

44.74%

23.56

35.53%

16.22

11

38.46%

28.55

26.92%

15.21

38.46%

26.80

26.92%

17.93

12

46.00%

23.39

14.00%

13.71

46.00%

41.26

14.00%

9.14

13

38.46%

24.47

25.64%

14.30

38.46%

34.07

25.64%

15.90

14

29.41%

26.30

14.71%

10.80

29.41%

39.10

14.71%

26.20

15

46.67%

32.14

20.00%

16.17

46.67%

36.79

20.00%

15.17

16

47.62%

25.70

28.57%

12.83

47.62%

30.50

28.57%

12.67

17

53.85%

23.14

38.46%

12.20

53.85%

35.14

38.46%

21.40

18

40.95%

38.35

25.71%

13.56

42.86%

43.07

25.71%

25.11

19

38.46%

23.80

38.46%

11.00

38.46%

52.40

38.46%

32.00

Note: % = Prediction coverage; Avg = Average prediction score.

gram algorithms, N1 consistently predicted the target word more ac
curately and more often than N2. Similarly, S1 consistently predicted
the target word more accurately and more often than S2.
For every input sentence length greater than one, S1 outperformed
N1 in all gathered metrics. When comparing the prediction accuracy
of N1 and S1, S1’s prediction accuracy was also more stable, with
N1’s prediction accuracy continuing to degrade as the length of the
input sentence increased (Figure 1). Note that lower values represent
earlier prediction and thus higher prediction accuracy.
2.8

discussion

Message formulation using AAC devices has historically relied on
selection of letters or words (icons) in syntactic order. This chap
ter aimed to facilitate unordered vocabulary selection through the
use of text prediction. Results indicate that word prediction for un
ordered message formulation is viable using statistical approaches.
Although the n-gram algorithms predicted a larger number of test
sentences than the sem-gram algorithms, evaluation of the ranked
output indicated that the sem-gram approaches were more accurate.
Because n-grams assume that adjacent words are strongly related, it
was expected that n-grams would provide more accurate prediction
for shorter sentences; however, this advantage was not maintained as
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Figure 1: Accuracy of N-Grams and Sem-Grams by Sentence Length

sentence length increased beyond two words. Prediction accuracy is
likely to be more important in AAC devices because the cognitive
demands of choosing from prediction lists can sometimes outweigh
rate enhancements [48, 49].
The use of bi-grams may have resulted in poor accuracy of the
n-gram algorithms because there were many more sem-grams than
n-grams of length 2. Increasing n-gram length, up to a cardinality
equal to the number of sem-grams of length 2, could allow n-gram
algorithms to potentially match or surpass the prediction accuracy
of sem-grams. For unordered word prediction, however, this larger
set of n-grams would need to be indexed in an order-independent
manner which would further increase computational demands. Pre
diction lags are unlikely to be tolerated by users as they engage in
interactive tasks [37].
Of the two n-gram algorithms, N1 outperformed N2 on both pre
diction coverage and accuracy. It was hypothesized, however, that N2
would yield more accurate predictions because the target word was
deﬁned to be adjacent to at least one of the input words. It was ex
pected that N1 would unfairly reward candidate words that had ap
peared adjacent to each input word in the training set, while punish
ing more desirable candidate words that had not appeared adjacent
to some of the input words. Perhaps this bias was not evident in the
current corpus because plus-one smoothing removed all zero prob
abilities for adjacency likelihoods. Additionally, N1 may have been
more successful because it favored candidates that were related to all
input words rather than candidates that were strongly related to just
a subset of the input words.
Despite the encouraging prediction coverage of n-grams and the
prediction accuracy of sem-grams, approximately two-thirds of the
test sentences were not predicted by any of the algorithms. One possi
ble explanation may relate to the decision to seed each algorithm with
only the top 10 most frequent words that co-occurred with each input
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word. Ideally, each algorithm would have considered all words in the
vocabulary as candidate words; however, because there were almost
100,000 unique stems in the vocabulary, the computational require
ments were prohibitive for this initial implementation. The decision
to use this sparse seeding strategy in combination with a prediction
rank cut-off of 100 is also likely to be responsible for the extremely
low MRR scores that we observed. Relatively high standard devia
tions (SDs) for the MRR scores make these values especially difﬁcult
to compare with similar research results. An open empirical ques
tion is whether increasing the seed values to include a larger set of
co-occurring words would result in greater prediction coverage and
potentially more comparable MRR scores. It should be noted, how
ever, that while seeding sem-grams with more candidate words may
improve prediction coverage, it is unlikely to increase prediction ac
curacy for the n-gram approaches.
Icon-based AAC devices typically have vocabularies with much
fewer than 100,000 words, which may negate the need for seeding can
didate words. For example, two commonly used icon sets, the Widgit
Symbol Set and the Mayer-Johnson Picture Communication Symbol
collection, each contain approximately 11,000 icons [122]. While a
large dictionary was used to provide a conservative estimate of pre
diction performance, it is possible that using a smaller and more
representative AAC vocabulary would improve prediction coverage
and accuracy. Restricting vocabulary size would also reduce computa
tional demands, making it more feasible to use all vocabulary words
as candidates.
2.9

summary

Semantic grams, or sem-grams, provide a promising approach to
word prediction for AAC users who may beneﬁt from unordered
message formulation. Sem-grams make use of co-occurrence between
words within a sentence to improve prediction accuracy. While ngrams have historically provided a strong foundation for word pre
diction in letter-by-letter systems, results indicate that they can also
be used for unordered word prediction, although they are not as ac
curate as sem-grams. A hybrid approach that seeds both types of
algorithms with a superset of candidate words and merges the pre
diction lists may simultaneously exhibit the wide prediction cover
age of n-grams and the high prediction accuracy of sem-grams. Such
a hybrid approach could enable unordered message formulation on
icon-based AAC devices.
Extensions of this work may be possible using the breadth of in
formation available within well-documented and comprehensive cor
pora. For example, while the Blog Authorship Corpus included age
and gender information about each blogger, this information was not
used in the present study. To tailor prediction to individual users,
it may be possible to limit the available vocabulary and gram-based
statistics to information gathered from users of similar age and gen
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der. This may improve prediction accuracy for both n-gram and sem
gram algorithms, as well as provide an approach to designing iconbased AAC devices that can evolve and adapt to users as their needs
and abilities mature, potentially even suggesting new vocabulary words
as the users age.

CONTEXTUAL PREDICTION

3.1

overview

Speech and language technologies beneﬁt from contextual awareness,
especially in the area of assistive communication. Historically, the use
of context in language prediction and disambiguation tasks has pri
marily focused on words in the same utterance. With the rapid ad
vancement of mobile technologies, however, both written and spo
ken language interaction can be augmented with information from
other types of contextual predictors, such as calendar date and geo
graphical location. It is generally agreed that knowledge of a speciﬁc
author’s language patterns provides the most predictive power; how
ever, author-speciﬁc corpora are not always available, especially for
users with speech and motor impairments. While some research has
been conducted in the area of linguistic content analysis by gender,
age, and other demographic variables, there has been little work on
quantifying the effects of context on language prediction. We com
pared seven contextual cues (age, gender, day of the week, day of
the month, month, city, and state) within two different corpora in
order to determine the most reliable predictors of language usage
when author-speciﬁc training samples are not available. Across three
different metrics, we show that contextually sensitive language distri
butions can often provide more useful predictions and signiﬁcantly
more accurate reﬂections of reality than global distributions; however,
we also show that contextual cues must be chosen carefully to avoid
introducing noise and degrading the performance of standard simi
larity measures. The work in this chapter has implications for speech
and language processing systems, especially personalized assistive
communication, that rely on statistical distributions to predict or dis
ambiguate intended word usage.
3.2

motivation

Nearly every language-related assistive technology, from AAC to au
tomated speech recognition (ASR), relies on probability distributions
of word usage [42, 43, 82, 131]. These distributions, sometimes called
prior or background probabilities, are used to ensure effective pre
diction or disambiguation of utterances. The most common sources
for these distributions are currently large collections of global text,
such as the New York Times [94] or Google’s N-Gram corpus [75];
however, many systems use the same global distribution for all users,
regardless of the user’s demographics or situational context.
As mobile technologies become more advanced and social networks
more pervasive, users are increasingly interacting via spoken or writ
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ten language in a variety of situations [36, 38]. Sensors have also be
come smaller and more powerful, allowing mobile devices to gather
multidimensional data. Understanding language usage patterns is es
sential to enhancing the ease and efﬁciency of communication on
these various platforms.
While “context” has traditionally been used to refer to words within
a target utterance, or surrounding utterances, ubiquitous sensor tech
nologies now provide a richer set of contextual cues. For example,
Global Positioning Systems (GPS) can provide location and an inter
nal clock or synchronization system can provide the date and time,
all potential predictors of language usage. Most mobile devices also
include a conﬁguration process in which the user is prompted for
demographic information, such as age and gender. Many mobile de
vices even have the ability to associate with preconﬁgured user ac
counts, which may contain much more detailed information, such as
the topography of the user’s social network, the user’s interests and
hobbies, education, and career or job title. All of this information can
be viewed as context that provides insight into that user’s potential
language usage patterns.
There has been extensive prior work on comparing language usage
patterns across socio-economic backgrounds [23], as well as age and
gender groups [98]. People who share similar personality traits have
been found to share similar word usage patterns, particularly within
social networks [135]. Prior work has also noted that a person’s vocab
ulary is strongly correlated to location of use [84, 45]. There is even a
National Institute of Standards and Technology (NIST) Text REtrieval
Conference (TREC) Contextual Suggestion Track, ﬁrst offered in 2012,
in which search terms are augmented with contextual information, in
cluding location and season [19]. The current work extends this line
of inquiry to understand the relative contribution of each contextual
cue, using raw feature counts and vocabulary distributions, across
two different corpora to determine the most reliable predictors of lan
guage usage. The resultant list of prioritized contextual cues could be
applied to enhance vocabulary prediction or disambiguation in assis
tive communication systems or other pervasive speech and language
technology.
3.3

approach

We examined several contextual categories that can be derived from
current mobile devices during initialization or via sensor technology,
such as known attributes of the author and the current location. We
further divided these categories into seven contextual language pre
dictors for a given utterance or writing sample: the author’s age, gen
der, city, state (geographical), as well as the calendar month, day of
the month, and day of the week. In addition to examining the contri
bution of each predictor independently, all available combinations of
predictors were also compared. In this chapter, the term “predictors”
is used interchangeably with “contextual categories” or “contextual
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cues,” and the “context” of a message or utterance is the set of values
for each predictor when the message or utterance was constructed.
Predictive power was estimated by comparing word-level unigram
distributions, as provided by predictor combinations, to actual distri
butions of spoken or written content. Word-level unigrams were used,
rather than higher-level n-grams or skip-grams, to obtain low-level se
mantic granularity and provide a foundation for future studies with
more complex language models. More computationally intense ap
proaches should only improve upon the performance of these uni
gram baselines.
3.4

corpora

The lack of representative corpora in the ﬁeld of assistive commu
nication technology is well documented [109]. Additionally, existing
corpora are often not tagged with contextual information. To support
reproducible results, we chose to analyze two freely available corpora,
primarily in English, that contain overlapping contextual information:
the Blog Authorship corpus and the Yelp Academic Dataset. The Blog
Authorship corpus is a collection of over 680,000 blog posts from the
Blogger.com website [96]; the Yelp dataset contains over 330,000 nar
rative reviews of 250 businesses in 16 different states [136].
Each corpus was processed to create a mapping between every
word, converted to lowercase, with the contexts in which it was used
and the number of times it was used in each context. Words were
parsed using the Penn Treebank tokenizer from version 3.0 of the
NLTK [13]. No stemming was performed in order to empirically dis
cover language patterns that might have been hidden by conﬂated
conjugations or unusual spellings. A minimal list of 34 stop words
was used, consisting primarily of articles, prepositions, and corpusspeciﬁc placeholders:
a, about, an, and, are, as, at, be, by, com, for, from, how, http,
in, is, it, of, on, or, that, the, this, to, urllink, was, what, when,
where, who, why, will, with, www
Common stop words such as “like” were not removed because
there are well-understood language patterns that make extensive use
of certain stop words, including “like” and “so” [132, 22]. Although
the removal of stop words is common in information retrieval [129],
it can sometimes be a confounding factor [24, 137]. In this study, stop
words were removed primarily to reduce the burden of data storage
and computational complexity, but it is important to note its potential
effects.
3.5

evaluation

Because both corpora were collected under different usage scenarios,
which could be viewed as higher-order contexts, each corpus was ana
lyzed separately. For each corpus, a feature list was generated, consist

21

22

contextual prediction

Table 3: Summary of Processed Corpora

Attribute

Blog Authorship

Yelp

Authors

19,320

130,850

Features

525,253

134,199

Table 4: Unique, Non-Empty Predictor Values per Processed Corpus

Predictor

Blog Authorship

Yelp

Age

26

-

Gender

2

-

Day of the Week (DOW)

7

7

Day of the Month (DOM)

31

31

Month

12

12

City

-

119

State

-

16

Note: A hyphen indicates that the predictor was not available in the corpus.

ing of all vocabulary words used more than once in that corpus. Each
corpus was randomly divided into 10 groups of authors and remain
ing authors were discarded (Table 3). One fold (10%) was analyzed
from each of the corpora: 1,932 authors from the Blog Authorship
corpus and 13,085 authors from the Yelp corpus. For each analyzed
author in each corpus, all non-empty combinations of all values for
each available predictor were used as target distributions: age, gender,
day of the week, day of the month, month, and city/state. To further
lower computational complexity and account for intra-predictor sim
ilarity, values for “day of the month” were combined into 4 groups
(1 - 8, 9 - 16, 17 - 24, 25 - 31), roughly corresponding to “week of the
month.”
There was a theoretical upper limit of 26 × 2 × 7 × 4 × 12 × 119 =
2, 079, 168 possible contexts for each author; however, because age
and gender were generally constant for each author, and other predic
tors often had only a few possible values for each author, the average
number of unique contexts was approximately 18 per author in the
Blog Authorship corpus and 4 per author in the Yelp dataset.
For each context per author, the counts of each feature formed
a vocabulary distribution within that context. This distribution was
the target distribution. Predicted distributions were obtained for ev
ery available combination of predictors in the corpus (Table 4). Thus,
25 = 32 predictor combinations were compared in each corpus for
an overall total comparison of 48 combinations. For every predictor
combination, the predicted distribution was taken over all authors in
the other 9 folds in the corpus: there was no intersection between
training and test authorship.
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Table 5: Example Combinations for a Hypothetical Target Distribution

Predictors

Description

Age

The vocabulary distribution of all 23-year-olds
in the non-target 9 folds.

Gender

The vocabulary distribution of all females in
the non-target 9 folds.

Age + Gender

The vocabulary distribution of all 23-year-old
females in the non-target 9 folds.

Gender + City
DOM

The distribution, from the non-target 9 folds, of
all words written in Seattle by female authors.
The distribution of words written between the
25th and 31st days of the month, inclusive, by
all authors in the non-target 9 folds.

For example, suppose the Yelp corpus had contained a hypotheti
cal author Alice, a 23-year-old female. One target distribution might
have been the vocabulary used by Alice on Monday, July 25th, 2011,
when Alice reviewed a restaurant in Seattle, Washington, USA. For
this distribution, the context would have been:
Age = 23
Gender = Female
DOW = Monday
DOM = 25 - 31
Month = July
City = Seattle
State = Washington
Some example predictor combinations for the target distribution
speciﬁed by this context are described in Table 5. The target distribu
tion would have been compared to the distribution from every predic
tor combination, and this process repeated for all of Alice’s possible
target distributions.
Each corresponding target vector A and predictor vector B, consist
ing of raw feature counts, was additively smoothed (uniform plusone) and then normalized to create a corresponding target distribu
tion P and predictor distribution Q. These feature vectors and distri
butions were compared using the following metrics:
kullback-leibler divergence A non-symmetric measurement
of the bits of information lost when using distribution Q to approx
imate “true” distribution P [52], Kullback-Leibler (KL) divergence
measures the directed divergence between distributions under the
assumption that each distribution sums to 1 and there is absolute
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continuity (Q(i) = 0 ⇒ P(i) = 0). Both of these assumptions were
fulﬁlled by the additive smoothing, giving:
n

log2

DKL (PIQ) =
i=1

P(i)
Q(i)

(7)

P(i)

KL divergence is well-suited to evaluating statistical language mod
els: it is strongly related to perplexity and additively equivalent to
cross-entropy [107].
cosine similarity Used extensively in information retrieval and
recommender systems, cosine similarity is related to Pearson’s productmoment correlation coefﬁcient r, can be readily calculated, and has
well-understood predictive properties [93, 103]. Cosine similarity treats
each of the n features as an axis in high-dimensional positive space
and measures the cosine of the angle θ between vectors A and B:
n

A·B
cos(θ) =
=
IAIIBI

Ai Bi
i=1
n

(Ai
i=1

(8)

n

)2

(Bi

)2

i=1

precision at 20 (prec@20) Commonly used in information re
trieval [88], Prec@20 measures the percentage of relevant items re
turned within a rank cut-off of 20. Precision is a useful measurement
for prediction because, especially with written tasks, message com
position is usually augmented by a small number of the most likely
suggestions. In the current work, Prec@20 is calculated by assuming
that the top 20 most likely words in A are relevant. Thus, for M and
N as the sets of 20 most likely words from A and B, respectively:

Prec@20 =

3.6

|M ∩ N|
20

(9)

results

Table 6 presents the results for predictor combinations in increasing
order of mean KL divergence, with lower divergence indicating better
performance (i.e. stronger similarity and higher prediction accuracy).
Results for predictor combinations in decreasing order of mean cosine
similarity and precision are presented in Table 7 and Table 8. In addi
tion to relative rank position and SD, “Count” indicates the number
of times the predictor was compared to a target distribution; varia
tion among counts are related to the availability of contextual cues
and non-empty predictor combinations in each corpus. All numbers
shown are rounded to four decimal places. The empty predictor com
bination, labeled as “No Context,” represents the global vocabulary
distribution over the non-target folds and indicates that no contextual
information was used.

3.7 discussion

25

Combinations of predictors that make use of both city and state
(“City+State”) are not included in the results because cities are gener
ally unique to a state. We exclude the possibility of similarly named
cities having related inﬂuences, so in terms of information content,
knowledge of the current state does not add further information if
the current city has already been determined.
The best performing predictor combination by KL divergence made
use of the author’s location and all available information about the
calendar date (“DOW+DOM+Month+City”). The second best com
bination by KL divergence replaced location with the author’s age
and gender and performed only slightly worse. The non-contextual
predictor performed second-worst, surpassed in inaccuracy only by
the Gender predictor. The ranking pattern displayed by the KL di
vergence metric shows that, in general, using more contextual cues
results in predictor distributions that more accurately reﬂect true dis
tributions. For example, the predictor combination leveraging both
calendar month and geographical state (“Month+State”) performed
better than either predictor separately.
Predictor rankings by cosine similarity and precision were highly
correlated; however, because few stop words were removed, it is pos
sible that the top 20 words in each feature vector contained other
high-frequency grammatical terms. By cosine similarity, the best per
forming predictor combination leveraged the author’s gender and the
calendar date of message construction (“Gender+DOM+Month”). By
precision, the best predictor combination used the author’s age and
the calendar month (“Age+Month”).
In general, predictor combinations that outperformed the non-contextual
predictor by cosine similarity and precision leveraged demographic
information about the author. Unlike the rankings by KL divergence,
however, the predictor combination with demographics and calendar
date (“Age+Gender+DOW+DOM+Month”) did not perform as well
as either the Age or Gender predictors individually. The worst pre
dictor combinations by cosine similarity were those that leveraged
location information, such as City or State. Interestingly, the best pre
dictor combination by KL divergence (“DOW+DOM+Month+City”)
was the worst predictor combination by cosine similarity and preci
sion.
Overall, the non-contextual predictor, representing the global vo
cabulary distribution across the non-target 9 folds for each corpus,
had decidedly sub-par performance. It was 47th out of 48 by KL di
vergence, 31st out of 48 by cosine similarity, and 27th out of 48 by
precision (prec@20).
3.7

discussion

Differences between the rank orderings by KL divergence and cosine
similarity were to be expected because of the different aims and be
haviors of each metric. KL divergence measures information loss due
to the use of an approximate probability distribution; cosine similar
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Table 6: Best Predictor Combinations by KL Divergence

Predictor Combination

Count

DOW+DOM+Month+City
Age+Gender+DOW+DOM+Month
Age+DOW+DOM+Month
DOW+DOM+Month+State
DOW+Month+City
Age+Gender+DOW+Month
DOM+Month+City
Age+Gender+DOW+DOM
Age+Gender+DOM+Month
Age+DOW+Month
DOW+DOM+City
DOW+Month+State
Gender+DOW+DOM+Month
Age+DOM+Month
Age+DOW+DOM
DOW+DOM+Month
DOM+Month+State
Month+City
Age+Gender+Month
Age+Gender+DOW
DOW+DOM+State
DOW+City
Gender+DOW+Month
Age+Gender+DOM
Age+Month
Age+DOW
DOM+City
Month+State
DOW+Month
Gender+DOM+Month
Age+DOM
Gender+DOW+DOM
DOW+State
DOM+Month
DOM+State
Age+Gender
DOW+DOM
City
Gender+Month
Age
Gender+DOW
Month
State
Gender+DOM
DOW
DOM
(No Context)
Gender

48996
34053
34257
49644
49494
34170
49588
34314
34182
34308
49626
49708
34320
34314
34314
84031
49712
49679
34221
34314
49710
49695
34323
34314
34317
34314
49702
49714
84037
34323
34314
34320
49711
84038
49713
34314
84036
49714
34323
34317
34323
84040
49714
34323
84037
84039
84040
34323

KL Divergence
Rank Mean
SD
1
0.0331 0.0290
2
0.0457 0.0577
3
0.0913 0.1029
4
0.1233 0.1039
5
0.1382 0.1074
6
0.1575 0.1395
7
0.2372 0.1726
8
0.2680 0.1552
9
0.2791 0.2424
10
0.2944 0.2385
11
0.3786 0.2536
12
0.4265 0.3163
13
0.4824 0.3403
14
0.4913 0.3859
15
0.4922 0.2536
16
0.6021 0.2523
17
0.6538 0.4518
18
0.7323 0.4213
19
0.7710 0.5134
20
0.8283 0.3644
21
0.9299 0.5874
22
1.0426 0.5337
23
1.1803 0.5785
24
1.1854 0.4863
25
1.1890 0.6959
26
1.3016 0.5014
27
1.4370 0.6483
28
1.4888 0.7904
29
1.4956 0.3500
30
1.6390 0.7516
31
1.7436 0.6139
32
1.7510 0.2473
33
1.8972 0.8795
34
1.9852 0.4095
35
2.3530 0.9293
36
2.3682 0.7049
37
2.4074 0.1546
38
2.5801 0.8278
39
2.8122 0.8261
40
3.0170 0.7381
41
3.0752 0.1621
42
3.1959 0.3626
43
3.4373 0.8353
44
3.5635 0.1806
45
3.5817 0.0926
46
3.9456 0.0975
47
4.4164 0.0814
48
4.4743 0.0952

3.7 discussion

Table 7: Best Predictor Combinations by Cosine Similarity

Predictor Combination

Count

Gender+DOM+Month
Gender+Month
Age+Month
Age+Gender
Gender+DOW+Month
Age
Age+DOM
Gender+DOW+DOM+Month
Gender+DOM
Gender+DOW
Gender
Age+Gender+DOM
Gender+DOW+DOM
Age+DOW
Age+Gender+DOW
Age+DOM+Month
Age+Gender+Month
Age+DOW+DOM
Age+DOW+Month
Age+Gender+DOW+DOM
Age+Gender+DOM+Month
Age+Gender+DOW+Month
Age+DOW+DOM+Month
Age+Gender+DOW+DOM+Month
DOM+Month
Month
DOW+Month
DOW
DOW+DOM
DOM
(No Context)
DOW+DOM+Month
City
DOM+City
State
DOM+State
DOW+City
DOW+State
Month+State
Month+City
DOW+DOM+State
DOM+Month+State
DOW+DOM+City
DOW+Month+State
DOM+Month+City
DOW+Month+City
DOW+DOM+Month+State
DOW+DOM+Month+City

34323
34323
34317
34314
34323
34317
34314
34320
34323
34323
34323
34314
34320
34314
34314
34314
34221
34314
34308
34314
34182
34170
34257
34053
84038
84040
84037
84037
84036
84039
84040
84031
49714
49702
49714
49713
49695
49711
49714
49679
49710
49712
49626
49708
49588
49494
49644
48996

Cosine Similarity
Rank Mean
SD
1
0.5623 0.2220
2
0.5620 0.2218
3
0.5615 0.2225
4
0.5614 0.2226
5
0.5614 0.2216
6
0.5612 0.2236
7
0.5608 0.2231
8
0.5607 0.2217
9
0.5607 0.2222
10
0.5606 0.2227
11
0.5606 0.2227
12
0.5605 0.2220
13
0.5605 0.2220
14
0.5604 0.2235
15
0.5600 0.2224
16
0.5597 0.2225
17
0.5595 0.2214
18
0.5586 0.2226
19
0.5575 0.2217
20
0.5564 0.2216
21
0.5562 0.2213
22
0.5523 0.2207
23
0.5490 0.2214
24
0.5375 0.2213
25
0.4754 0.1927
26
0.4754 0.1927
27
0.4753 0.1926
28
0.4752 0.1927
29
0.4752 0.1926
30
0.4752 0.1926
31
0.4751 0.1927
32
0.4747 0.1924
33
0.4576 0.1788
34
0.4569 0.1787
35
0.4565 0.1792
36
0.4564 0.1792
37
0.4564 0.1787
38
0.4563 0.1791
39
0.4561 0.1791
40
0.4555 0.1786
41
0.4554 0.1788
42
0.4544 0.1786
43
0.4533 0.1783
44
0.4530 0.1781
45
0.4506 0.1781
46
0.4469 0.1775
47
0.4433 0.1758
48
0.4267 0.1748
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Table 8: Best Predictor Combinations by Precision

Predictor Combination

Count

Age+Month
Gender+DOM+Month
Gender+DOW+DOM+Month
Gender+Month
Gender+DOW+Month
Age+Gender+Month
Age+DOM+Month
Age+DOM
Age+Gender
Age+Gender+DOM
Age
Age+DOW
Gender
Age+DOW+Month
Gender+DOW+DOM
Gender+DOM
Gender+DOW
Age+DOW+DOM
Age+Gender+DOM+Month
Age+Gender+DOW
Age+Gender+DOW+DOM
Age+Gender+DOW+Month
Age+DOW+DOM+Month
Age+Gender+DOW+DOM+Month
Month
DOM+Month
(No Context)
DOM
DOW+Month
DOW+DOM
DOW
DOW+DOM+Month
State
DOM+State
City
Month+State
DOM+City
DOW+State
DOW+City
Month+City
DOW+DOM+State
DOM+Month+State
DOW+Month+State
DOW+DOM+City
DOM+Month+City
DOW+Month+City
DOW+DOM+Month+State
DOW+DOM+Month+City

34317
34323
34320
34323
34323
34221
34314
34314
34314
34314
34317
34314
34323
34308
34320
34323
34323
34314
34182
34314
34314
34170
34257
34053
84040
84038
84040
84039
84037
84036
84037
84031
49714
49713
49714
49714
49702
49711
49695
49679
49710
49712
49708
49626
49588
49494
49644
48996

Precision @ 20
Rank Mean
SD
1
0.3285 0.1635
2
0.3279 0.1640
3
0.3278 0.1634
4
0.3277 0.1642
5
0.3274 0.1639
6
0.3274 0.1630
7
0.3272 0.1629
8
0.3269 0.1623
9
0.3268 0.1630
10
0.3267 0.1624
11
0.3265 0.1616
12
0.3264 0.1626
13
0.3263 0.1623
14
0.3260 0.1625
15
0.3259 0.1624
16
0.3259 0.1626
17
0.3258 0.1630
18
0.3256 0.1618
19
0.3254 0.1619
20
0.3253 0.1621
21
0.3248 0.1613
22
0.3233 0.1614
23
0.3207 0.1613
24
0.3135 0.1595
25
0.2757 0.1337
26
0.2757 0.1338
27
0.2756 0.1334
28
0.2753 0.1331
29
0.2748 0.1339
30
0.2746 0.1332
31
0.2745 0.1331
32
0.2744 0.1339
33
0.2636 0.1235
34
0.2633 0.1235
35
0.2632 0.1238
36
0.2632 0.1232
37
0.2626 0.1236
38
0.2624 0.1231
39
0.2624 0.1235
40
0.2619 0.1233
41
0.2618 0.1228
42
0.2614 0.1227
43
0.2605 0.1223
44
0.2603 0.1229
45
0.2588 0.1227
46
0.2563 0.1218
47
0.2546 0.1207
48
0.2457 0.1200
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ity measures congruency of subject matter through the angular orien
tation of term vectors. KL divergence has the effect of penalizing pre
dictor distributions that have many differences among low-frequency
terms. Cosine similarity, however, has the opposite characteristic: vec
tors with strong similarity along a few axes can score more highly
than vectors with lower similarity across more axes, sometimes due
to sparsity and called “chance correlation” [95, 32].
Our results show that the effectiveness of many predictor com
binations depends on the metric used; however, it is interesting to
note that there are some predictor combinations that retain their ac
curacy. In particular, combining demographic information about the
author with calendar information resulted in predictor combinations
that were both strongly representative of the true distributions (i.e.
low KL divergence) and good predictors by cosine similarity. For ex
ample, the combinations of “Age+Month,” “Gender+DOM+Month,”
and “Age+Gender+DOM” maintained higher rank positions than the
non-contextual predictor across all three metrics.
If term frequencies are assumed to follow Zipﬁan distributions,
then there is strong similarity in the distribution of high-frequency
words among authors of the same age or gender (i.e. high cosine
similarity), but this similarity seems to diminish in the long tail (i.e.
high KL divergence). This behavior means that adding more context
may not always be beneﬁcial, depending on the task. While adding
more contextual cues generally seems to bring the predictor distribu
tion closer to the true distribution, it may introduce noise that can
confuse some common measurement techniques, such as cosine simi
larity. This situation is intrinsically similar to the statistical challenges
associated with machine learning in high dimensionality [101, 25]. As
dimensionality increases, classiﬁcation often becomes more difﬁcult
due to diverging spectra and relative sample size. Dimension reduc
tion and feature selection become vital to decrease misclassiﬁcation
errors.
The generally poor performance of the non-contextual predictor
would seem to suggest that global distributions, such as might be ob
tained from Google’s N-Gram corpus, may not always be appropriate
as background probabilities, especially in scenarios where the compo
sition of lower frequency terms is important. This chapter did not ex
amine the probability distributions of bigrams or trigrams, however,
so there may be a stronger relationship between the global distribu
tions of higher-level n-grams or skip-grams.
Location-based predictors, such as city and state, and date met
rics, such as day of the week or day of the month, appeared to pro
vide more realistic probability distributions by KL divergence. While
global vocabulary distributions may be sub-par, this result suggests
that using word probabilities from a signiﬁcantly different location,
such as from the Wall Street Journal [86] or New York Times if the
author is not from New York, may be counter-productive. Instead,
it could be more appropriate to use distributions from a publishing
source more geographically related to the author, such as a local news
paper, and perhaps even sub-divide the vocabulary into distributions
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for each month or day of the week. From a socio-linguistic perspec
tive, city and state-wide word distributions would be strongly related
because of shared regional characteristics, including local events, sports
teams, political candidates, companies, weather, and geographical
landmarks. These results also suggest that, given an author’s lan
guage sample, it might be possible to examine the vocabulary dis
tribution’s low-frequency words to obtain a “signature” and discern
where and when the author created the content.
A confounding factor in the Yelp corpus is the fact that there is
a higher order context: Yelp reviews are primarily about businesses,
which may change infrequently. So, it is possible that the low KL di
vergence of the location-based predictors is due to the natural group
ings of different types of businesses in different cities or states, and
thus different language necessary to describe them. For example, if
there are a lot of Italian restaurants in a particular city, it is likely that
descriptions may differ from a city in which there are many Mexican
restaurants. This would seem to be conﬁrmed by the TREC contex
tual challenge: in 2012, multiple contextual categories were provided,
but the 2013 competition only provided location and search terms
[21], perhaps indicating that location was one of the more dominant
predictors.
We attempted to be pragmatic in our analysis of the corpora; how
ever, it is possible that we may have discovered stronger similarities
if we had implemented stemming and stop words. The lack of stem
ming and minimal usage of stop word removal resulted in discover
ing several word tokens that we were not originally aware of, such as
various types of “smiley faces” (e.g. ^_^). Our data also conﬁrmed the
lack of punctuation as discovered by related work [104, 62]; instead,
we saw extensive use of ellipses or no punctuation at all.
The results of this study should be considered within the context of
the corpora examined. In particular, the two corpora examined in the
study were diverse: the Blog Authorship and Yelp corpora were writ
ten for conceptually different audiences and for unspeciﬁed reasons.
It is a well-understood phenomenon that people speak and write dif
ferently for different audiences and purposes [6], so even if there had
been shared authors within these corpora, it is possible that their
vocabulary distributions would have been different in each context.
Values within “day of the month” were also artiﬁcially conﬂated into
contiguous groups; it is possible that values within these categories
are related across boundaries or in different ways that were not ex
plored.
Additionally, not all of the contextual categories were provided by
both corpora. Author demographics were only provided by the Blog
Authorship corpus and location was only provided by the Yelp cor
pus. It might have been possible to infer gender from the names of
the authors [17, 77], but that would have introduced more potential
confounds and still not allowed for age comparisons. The locations
available from the Yelp dataset also only describe the businesses that
were reviewed, not the locations or origins of the reviewers. It is pos
sible that people are more likely to write reviews for businesses close
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to where they live or frequently travel, and thus it could be assumed
that authors have some relationship with the locations, but that the
ory could not be deﬁnitively established by the data provided.
There are higher level contexts that we did not explore, such as
might be discovered by techniques like Latent Dirichlet Allocation
(LDA), and some of the corpora provided further contextual informa
tion that we did not make use of in this study. The Blog Authorship
corpus, for example, provides self-stated “career.” It is possible that
people in the same career share much of the same vocabulary, par
ticularly on weekdays and during normal work hours. In combina
tion with date and time-related predictors, this contextual category
might have performed very well, however that possibility was not ex
plored in this chapter. Additionally, authors in the Yelp corpus were
tagged with a hyperlink leading to an “author information” page,
from which further information about the author could potentially
be found via data scraping and parsing of the website.
We chose to use freely available corpora to encourage reproduction
and analysis of this work; however, it would be good to conﬁrm our
results with full ten-fold analysis or by running a similar study on
larger corpora with more uniform contextual tagging. Although it is
difﬁcult to obtain and distribute such data due to licensing restric
tions and privacy concerns, social networks like Twitter, Facebook, or
Google+ could provide further evidence of the relative usefulness of
different contextual language predictors.
3.8

summary

This chapter focused on the relative contributions of various contex
tual cues for predicting language usage. We compared global and
contextual language distributions against true distributions to learn
which combinations of contextual categories provided the closest ap
proximations and most accurate predictions. The major ﬁndings are
summarized as follows:
1. The non-contextual predictor, representing a global language
distribution, was not among the best performing predictors by
any of the three metrics.
2. For tasks that beneﬁt from highly accurate probability distribu
tions, such as speaker identiﬁcation and other “ﬁngerprinting”
type tasks, our results suggest that training data should be cat
egorized according to calendar date and further subdivided, if
possible, based on author demographics (e.g. age and gender)
or geographical region (e.g. city and state).
3. For tasks aimed at classiﬁcation, clustering, and disambigua
tion, our results suggest that it is still beneﬁcial to leverage cal
endar date and author demographics; however, variability in re
gional language patterns may reduce the efﬁcacy of some stan
dard similarity metrics.

31

32

contextual prediction

In general, the inclusion of more context improved the similarity
between predictor distributions and true distributions. Even informa
tion as categorically broad as the city, state, or day of the week was
enough to signiﬁcantly increase accuracy. It remains unclear whether
more granular levels of location, such as might be provided by higher
resolution GPS, would result in further improvements or diminishing
returns. Although neither of the corpora in the current study allowed
for combinations of age, gender, and city, it would also be worth ex
amining whether more accuracy could be gained by combining au
thor demographics with location.
The results of the present study have implications for speech recog
nition systems and assistive communication devices that beneﬁt from
language prediction to reduce fatigue and improve the efﬁciency of
message formulation. This chapter provides a prioritized list of con
textual predictors to help in addressing the cold-start problem and
provide reasonable performance while user-speciﬁc data is gathered.
Our results suggest that usage patterns based on author attributes
and calendar information are highly informative and should be pre
ferred over many other sources. Regional vocabulary patterns can
also be more informative than global statistics, but should be consid
ered carefully based on the speciﬁc task. Given that many newer sys
tems are deployed on mobile platforms, it may be beneﬁcial to lever
age embedded sensor information relating to location and the individ
ual’s monthly or weekly schedule. These ﬁndings point to the impor
tance of gathering an individual’s date-speciﬁc and location-speciﬁc
vocabulary distributions using continuous data collection and active
learning, especially for pervasive assistive technology.

PERSONALIZED INTERACTION

4.1

overview

Although an increasing number of new AAC systems are being de
signed for use with touchscreen technologies, such as Android or
iOS tablets, many AAC users have concomitant upper limb motor
impairments (e.g. tremors, spasms, or reduced mobility) that make
using standard touchscreen technology difﬁcult and frustrating. The
work in this chapter explores alternative approaches to the standard
“lift-move-touch” interaction sequence on current touchscreens. To
help improve the accessibility of touchscreen technologies, we stud
ied the movement patterns of 15 individuals with progressive neu
rological disorders and upper limb motor impairments. This chapter
presents the quantitative results of our study, observations of func
tional compensation patterns, and the personal feedback from study
participants. The results of this work are an evidence-based roadmap
towards more personalized and adaptive touchscreen interfaces for
current and potential AAC users.
4.2

motivation

Touchscreen technologies have rapidly increased in sensitivity and
availability over the last decade. Most modern mobile devices are
touchscreen systems that support multiple simultaneous touches and
gestural interactions. The accessibility of these devices, however, has
not kept pace with the general technological improvements. Acces
sibility features for people with upper limb motor impairments, in
particular, are often limited to switch control, stored gestures, and
adjustment of click timing. Users are often programmatically prohib
ited from toggling or adjusting sliding functionality. Users are also
prevented from modifying the location, size, shape, and orientation
of many buttons and toolbars.
It is difﬁcult to quantify the touchscreen usage patterns, needs, and
behavioral compensation of people with upper limb motor impair
ments because of the diversity of the population and available de
vices; however, there is a growing body of research in this area. Button
sizes and spacing effects in layout-speciﬁc selection tasks have been
compared between users with and without motor impairments [18],
and researchers have obtained basic usage patterns through surveys
[44] or by watching online videos [3]. Related work has demonstrated
the potential advantages of swabbing (i.e. sliding) as a selection tech
nique [117] and explored the effects of form factor on pointing tasks
[28]. No study to date, however, has examined the combined effects of
handedness and motor impairment on full-screen touch interactions.

4

34

personalized interaction

Table 9: Attributes of Participants in Motor Movement Study
Gender

Handedness

Stylus or Finger

Speech Impairment

Motor Impairment

M

Left

Finger

Mild

Moderate

F

Right

Finger

Mild

Mild

F

Right

Stylus

Mild

Mild

F

Left

Stylus

Mild

Moderate

F

MS-Left

Finger

Mild

Moderate

F

Right

Finger

Moderate

Moderate

F

Right

Finger

Moderate

Moderate

F

MS-Left

Stylus

Mild

Mild

F

Left

Stylus

Mild

Mild

M

Right

Finger

Severe

Severe

M

Right

Finger

Non-Speaking

Severe

F

MS-Left

Finger

Moderate

Mild

M

Right

Stylus

Mild

Mild

F

Left

Stylus

Mild

Moderate

M

Right

Finger

Non-Speaking

Severe

In this chapter, we present the results of a controlled study compar
ing the touch behavior of left-handed and right-handed subjects with
upper limb motor impairments as they performed full-screen tapping
and sliding tasks.
4.3

approach

We conducted a motor skills assessment study in which participants
were asked to play a touchscreen game, called “MoGUI” (Motor Op
timization GUI), that involved popping animated balloons by touch
ing them. We recruited 15 adults (10 females and 5 males) from The
Boston Home, a residential facility for people with progressive neuro
logical diseases, especially MS, MSA, and muscular dystrophy (MD).
All participants used wheelchairs and had some level of speech and
motor impairment (Table 9). Participants were screened by a speechlanguage pathologist (SLP) to verify that they were current or po
tential AAC users, but had adequate hearing, vision, and cognitive
abilities to fully consent and complete the tasks. The SLP also cat
egorized their impairments and veriﬁed that all participants could
interact with a touchscreen computer using their ﬁngers, hands, or
a stylus. They had a combined average age of 56 years, with a min
imum of 35 and a maximum of 71. Seven of the participants were
left-handed: four naturally and three due to MS. The remaining par
ticipants were right-handed.
The tablet computer used in the study was an Asus Transformer
TF101 with a 10.1-inch diagonal display size at 1280x764 pixel reso
lution, running Android 4.4.2 with default settings. All participants
were familiar with touchscreen tablets, but only 8 of them used one
on a regular basis. Of these 8 participants, 7 used iPads and 1 used
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Figure 2: Screenshots of MoGUI

a Kindle. Although 6 of the participants indicated that they wanted
to use a stylus, 4 of these participants had difﬁculties opening their
ﬁngers and requested that the stylus be placed in their hands. For
these participants, the stylus served to separate their hand from the
screen to prevent accidental touches from the non-pointing portions
of their hands, such as their palms or knuckles.
When prompted for the most comfortable position to place the
tablet, such that they could physically touch all areas of the screen, 9
users requested that the tablet be placed on a table in front of them
at approximately a 45-degree angle. One participant asked for the
tablet to be placed ﬂat on the table. Two participants regularly used
their tablets with wheelchair desk-mounts and requested that the
study tablet be positioned in the same way. Two other participants
requested that the tablet be placed in their laps; one of these partici
pants requested that the tablet lie ﬂat and the other requested that it
be propped towards him with a rolled up towel. The last participant
held the tablet against her body with one arm and used her other
arm for interaction.
Each participant provided data during two sessions, separated by
at least one full day of rest. Each session was approximately 30 - 45
minutes long and consisted of 10 levels, with 3 rounds per level. Dur
ing each round, a series of balloon-shaped targets were displayed, la
beled with consecutive numbers (Figure 2). One balloon was shown
for each round during level one, two balloons were shown for each
round during level two, three balloons during level three, etc. Thus,
each session required a participant to touch 165 targets. Users were
asked to touch each target balloon in ascending numerical order. Tar
get balloons were 256x256 pixels in size and were randomly gener
ated in one of 16 locations on the screen using a 4x4 grid. As soon
as a balloon target was touched, it popped and disappeared from the
screen; balloons touched out of order did not pop.
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Figure 3: Example Interaction Heatmap Generated by MoGUI

In one of the two order-balanced sessions, participants were asked
to use discrete movements (i.e. tapping or pointing) and avoid touch
ing the screen except to hit a target. In the other session, participants
were asked to use continuous motion (i.e. sliding or goal-crossing)
and avoid disconnecting from the screen as much as possible. Users
were offered a stylus, but were also allowed to use their ﬁngers. Users
were encouraged to hit all targets as quickly as possible, but also to
rest whenever necessary.
All interactions with the touchscreen were recorded by the sys
tem, including the on_touch_down, on_touch_up, and on_touch_move
events. After both sessions were completed, study participants were
asked the following questions:
1. Did you ﬁnd any areas of the screen easier or more difﬁcult to
reach than others?
2. Did you prefer tapping, sliding, a combination of both, or nei
ther?
3. Were the balloon targets too big or too small?
4. What would you like to see improved in touchscreen tablets?
For the severely dysarthric and non-speaking participants, the ques
tions were rephrased as multiple “yes or no” questions and combined
with pointing:
1. Was this area of the screen easy for you to reach?
2. Was this area of the screen difﬁcult for you to reach?
3. Did you like tapping?
4. Did you like sliding?
5. Were the balloons too big?

4.4 results

(a) Multiple Taps

(b) Fingers Dragging

(c) Hand Resting

(d) Thumb Usage

Figure 4: Example Variability of Non-Target Tapping

6. Were the balloons too small?
7. Would you like to use a touchscreen tablet in the future?
8. Would touchscreen tablets need to be changed before you could
use them?
Study participants were also shown the resulting “heat maps” gen
erated by MoGUI (Figure 3), depicting their touch interactions with
the screen during each session.
4.4

results

We observed high variability in motor proﬁles between participants,
especially with regard to which locations on the screen had the high
est accuracy or fewest misses (Figure 4) and which areas were fastest
or easiest to reach (Figure 6). There were also signiﬁcant differences
between left-handed and right-handed participants; however, it is im
portant to remember that 3 of the 7 left-handed participants were
right-handed prior to the onset of MS. For left-handed participants,
there were numerous accidental touches, often from other ﬁngers or
knuckles, on both the bottom and left sides of the screen (Figure 5);
for right-handed participants, these accidental touches occurred on
the bottom and right sides of the screen. The average speed-to-target
of left-handed participants was 365 pixels per second compared to
429 pixels per second for right-handed participants. For each handed
ness, there were signiﬁcant time delays when reaching for targets on
the far side of the screen: there was approximately a one second dif
ference, on average, between touching targets on the nearest versus
the farthest side of the screen.
There were also signiﬁcant differences in the average directional
speeds for each handedness: for left-handed users, moving down and
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(a) Left-Handed Users

(b) Right-Handed Users

Figure 5: Non-Target Touches by Handedness

to the left was approximately 1.5 times faster than moving up and to
the right (Figure 7); for right-handed users, moving down and to the
right was almost 4 times faster than moving up and to the left. In
general, participants were much faster while returning their hands
and arms to a natural resting position than moving away from that
resting position.
There were speed differences between discrete movements and con
tinuous motion in this study, regardless of participant handedness;
however, they were not signiﬁcant. The average speed-to-target of
all participants while sliding was 407 pixels per second compared to
392 pixels per second while tapping. It is important to note, however,
that we saw numerous accidental slides during designated tapping
sessions, and vice versa. During designated tapping sessions, the av
erage participant tapped 84% of the targets and slid into 16% of the
targets; during designed sliding sessions, the average participant slid
into 57% of the targets and tapped the remaining 43%. This behav
ior appeared to be caused by physical issues rather than confusion:
we observed problems with friction, ﬁnger humidity, tremors, and
spasms.
4.5

feedback and observations

At the end of the study, 3 participants said that they preferred tap
ping the screen, 5 participants preferring sliding over the screen, 5
participants preferred a combination of both input methods, and the
remaining 2 participants had no preference. Ten participants men
tioned that sliding required planning out a path ahead of time and
required lifting your hand or arm to see the screen. Out of all the par
ticipants, 8 pointed out that sliding felt “faster” and “easier,” but only
for short distances. Over longer distances, participants said that there
problems with skin friction and difﬁculties with stylus pressure. Ad
ditionally, this study involved arbitrary targets in random locations,
which is fundamentally different than a user interface that is primar
ily static and can be learned over time.
One participant alternated hands numerous times during the ex
periment and explained that interacting with a touchscreen required
him to use his shoulder muscles, which fatigued rapidly. Another par
ticipant rested frequently (approximately 1 of every 5 minutes), but
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(a) Left-Handed Users

(b) Right-Handed Users

Figure 6: Mean Speeds-to-Target by Handedness (Pixels/Second)

explained that it was because of his eyes, not due to upper limb fa
tigue. For this individual, focusing his vision to read numbers and
moving his eyes to search for items on the screen was extremely tir
ing.
Certain areas of the screen were especially susceptible to acciden
tal touches. In particular, the Android Action Bar, statically bound to
the bottom of the screen, caused signiﬁcant issues for 8 participants
and resulted in repeated triggering of Google Now or window man
agement functionality. Rather than starting their ﬁnger or stylus at
the physical margin of the tablet and moving upwards, as they at
tempted to do naturally, participants were forced to try to control
their arms enough to touch the middle of the screen and move down
wards. Although there were similar problems when participants tried
interacting with the top of the screen, these problems were observed
less frequently.
We observed a number of unusual hand positions. One participant
was a former athlete; because of his larger physical size and muscu
lature, tremors and spasms were especially severe in his upper limbs.
For this participant, the tablet was placed on a table immediately in
front of him, tilted at a 45-degree angle. The participant rested his en
tire hand on top of the tablet, and used his thumb to touch the screen;
this interaction method made it very difﬁcult to the participant to
touch items at the bottom edge and lower corners of the screen. To
reach these items, the participant needed to push the tablet farther
away and rest his hand on the table, then try to raise his ﬁngers up
wards. This movement often resulted in hitting the Android Action
Bar instead of the targets, activating Google Now functionality or
switching between available windows.
Another participant requested that the tablet be placed in her lap,
but not propped up and tilted towards her. Instead, the tablet rested
on her thighs and occasionally shifted in angle to tilt slightly away
from her, triggering the auto-rotate functionality and ﬂipping the
screen upside-down. This participant indicated that the position was
how she normally interacted with her iPad, so auto-rotate was dis
abled in order to support her preferences.
Anecdotally, two participants mentioned that they would appreci
ate more conﬁrmation dialogs on their tablets. Due to tremors and
spasms, they said that they often activate a feature or perform an ac
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(a) Left-Handed Users

(b) Right-Handed Users

Figure 7: Mean Directional Speeds by Handedness (Pixels/Second)

tion by accident. They acknowledged that non-disabled users would
probably ﬁnd such repeated conﬁrmation dialogs very annoying, but
they would be valuable for users with motor impairments.
One of the non-speaking participants used a letter-based AAC sys
tem that primarily consisted of a QWERTY keyboard with word pre
diction. During the consent process with this participant, we made
several observations about how he used his system. Because of se
vere motor impairments, this participant often made multiple acci
dental taps on each letter. He also missed the screen occasionally,
perhaps due to vision impairments, when attempting to touch a but
ton, resulting in omitted characters. This individual also rarely used
the space bar to separate words, perhaps to increase communication
speed, and never used the TTS functionality. Instead, conversation
partners looked over his shoulder at the tablet screen and watched
for conﬁrmation while trying to guess his intended utterances.
4.6

summary

Current accessibility techniques group users with motor impairments
together and assume uniform interaction over the entire touch sur
face. It is understood that users with motor impairments have differ
ent touchscreen behavior than non-disabled users; however, there is
further diversity within the population of users with motor impair
ments. Our results show that functional compensation and attributes
such as handedness have signiﬁcant effects within this population.
For right-handed users, both the upper left and lower right corners
of the screen required signiﬁcantly more time and effort to reach; for
left-handed users, this difﬁculty was associated with the upper right
and lower left corners of the screen. Additionally, all study partici
pants had signiﬁcant amounts of unintentional interaction near the
edges of the screen closest to their primary hand: for right-handed
users, this was the right and bottom edges of the screen; for lefthanded users, this was the left and bottom edges of the screen. Un
fortunately, current touchscreen interfaces have essential system func
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tionality located in almost all of these areas, especially the top and
bottom edges of the screen. Because these system functions are often
activated by sliding gestures, our results show that they are easily
triggered by users with motor impairments.
Simply shifting the positioning of the tablet relative to the user
is probably insufﬁcient: users would be unable to reach all parts of
the screen. Although some of our results could suggest that the study
tablet was too large, users may beneﬁt from a “safety margin” around
their particular device, or on conﬁgurable sides, to mitigate accidental
touches. System functionality should also be customizable in style
and location: statically binding behavior to the top or bottom of the
screen can be problematic for many users.
There appeared to be an optimal movement area for each user,
strongly correlated to both handedness and tablet positioning. For
most users, the shape of this area was an arc, approximately 3 - 4
inches wide, that could be found by ﬁxating the user’s elbow and
rotating his or her hand across the screen. We observed reduced per
formance when attempting to hit targets outside of this arc, possibly
because our study participants all used wheelchairs and positioned
their elbows on the arm rests. Hitting targets outside of these areas
required users to depart from a comfortable, homeostatic position in
order to lift their elbows off of the chair.
There may be tangible advantages to departing from grid-based
button positions and statically located system functionality, especially
for users with upper-limb motor impairments. For optimal perfor
mance, or even acceptable performance in many cases, touchscreen
interfaces may beneﬁt by allowing users to relocate buttons away
from the screen edges and closer to optimal touch areas. Users should
also be allowed to toggle or relocate sliding and swiping gestures,
especially for essential system functionality. Finally, the results of
our study suggest that sliding to arbitrary targets is not signiﬁcantly
faster than tapping; however, users with motor impairments may ben
eﬁt from systems that are able to combine the beneﬁts of both move
ment styles, especially given that many users encounter difﬁculties
when restricted to only one interaction technique.
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Part II
A P P L I C AT I O N
Summary of interface designs and prototypes:
1. RSVP-iconCHAT, a semantic approach to icon-based
message construction that requires only a single in
put signal.
2. SymbolPath, an icon-based AAC system that supports
continuous motion input and unordered superset se
lection.
3. DigitCHAT, a low-footprint, letter-based AAC sys
tem that supports utterance generation at conversa
tional speeds.

R S V P - I C O N C H AT

5.1

overview

Many individuals with especially severe mobility and language con
straints require icon-based AAC systems controlled by switches. Singleswitch AAC systems are typically simpliﬁcations of multi-array AAC
systems that share elements of the same interface layout, but sup
port some form of scanning, such as linear or row-column. From a
development standpoint, this conversion technique makes it easy to
transform almost any AAC system into a single-switch system; how
ever, it means that most of these systems were originally designed
for users with much greater mobility. The purpose of this work was
to design an icon-based AAC interface speciﬁcally for use with bi
nary signals, such as switches. A usability study was conducted with
both non-disabled adults as well as adults with speech and mobil
ity impairments to determine performance bounds and observe indi
vidual use cases. Results indicated similar learning curves for both
groups and promising performance characteristics for the target pop
ulation. These results have immediate applications to the design of
icon-based AAC and implications for mobile, icon-mediated commu
nication platforms.
5.2

motivation

Depending upon their mobility impairments and language constraints,
many AAC users require icon-based systems controlled by switches
[134]. Current single-switch AAC systems are typically simpliﬁca
tions of multi-array AAC systems and display a complex array of vo
cabulary on the screen, organized into a navigation hierarchy based
on categories. To increase the size of the vocabulary on these sys
tems, the screen size must be increased, the button sizes must de
crease, or the navigation hierarchy must become more complex. Each
of these approaches has its limitations. An increased screen size re
duces mobility of the system, smaller buttons are more difﬁcult to
view, and complicated navigation hierarchies require more time and
effort to ﬁnd the target button and increase the likelihood of con
fusing the user. Additionally, when these interfaces are used with
scanning, users must visually locate their target button from among
the many options on the screen. People who use single-switch AAC
systems often have extremely limited physical mobility or control,
making it difﬁcult to repeatedly perform the necessary head, neck, or
eye movements when attempting to locate target items [78].
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Figure 8: Functional Elements of the RSVP-iconCHAT Interface

5.3

approach

Our single-switch AAC interface, called RSVP-iconCHAT, aims to
minimize the amount of head, neck, and eye movements required
to efﬁciently control the system. RSVP-iconCHAT was designed to
be robust enough to function with a brain-computer interface (BCI),
as well as conventional access methods, such as sip-and-puff devices,
eye-blink detectors, surface electromyography (EMG), or physical switches.
To that end, we leverage a technique called rapid serial visual presen
tation (RSVP), in which the user ﬁxates on a relatively stable location
while different images are displayed in that location, one at a time.
RSVP originates from the ﬁeld of psychology and has been used suc
cessfully to control letter-based AAC systems [83].
To leverage RSVP, our interface focuses the user’s attention on the
message being constructed instead of displaying all of the available
vocabulary. To demarcate different visual ﬁxation areas, messages are
represented as semantic frames. Semantic frames are a product of
case grammar theory, which asserts that the main action, or verb,
is the central component of a message [27]. Each message can be
expressed as a formulaic frame for which certain semantic roles are
understood and expected. For example, the frame for the verb “to
give” might require, at a minimum, an actor that does the giving,
a participant that receives the gift, and an object that can be given
or received. Semantic frames, such as obtained from WordNet [76],
can be used to constrain relevant roles for a given action, and these
roles can then be populated with appropriate concepts to generate
complete utterances.
In RSVP-iconCHAT, each message is subdivided into semantic roles
(e.g. actor, action, participant, and object) and applicable vocabulary
options are displayed using RSVP within each semantic role (Fig

5.4 method

Figure 9: Subset of Single-Action Picture Cards

ure 8). This design uncouples required screen real estate and phys
ical movement from the vocabulary size and instead ties them to the
length of the desired message. For more advanced or more mobile
users, the number of available semantic roles can be increased, en
abling users to create longer and more complex messages; for begin
ning users, or those with severely reduced mobility, the number of
roles can be decreased to enable the creation of simpler messages
with the same vocabulary.
To construct a message using the RSVP-iconCHAT approach, users
ﬁrst select the desired verb or action. Once an action has been se
lected, the corresponding semantic frame is displayed with semantic
roles such as actor, actor modiﬁer, participant, participant modiﬁer,
object, object modiﬁer, quantity, and possessives. These roles are dis
played as a set of ﬁllable slots that are spatially organized around
the verb. Each semantic role is then highlighted sequentially. Once a
role has been selected, icons that can fulﬁll that role are displayed via
RSVP and users can select a desired icon to populate the role. After
an icon has been selected for a given semantic role, other roles are
highlighted sequentially to allow users to populate as many roles as
desired, and in any order. Articles (e.g. “a,” “an,” “the”) and prepo
sitions (e.g. “in,” “of,” “to”) are automatically inserted to efﬁciently
generate grammatically complete messages. At any point during mes
sage construction, users can select the “command ﬁeld” to perform
conversational actions (e.g. “speak” or “clear” the current message).
Selecting a “speak” command, for example, might send the message
to an integrated TTS system, clear the current message, and prompt
the user to begin constructing a new message.
5.4

method

We conducted a usability study involving a constrained message elic
itation task for the purpose of exploring how potential users would
interact with and respond to the interface. After a brief demonstra
tion and training period, participants were shown a series of 30 pic
ture scenes depicting simple actions (e.g. a boy drinking milk, a man
combing his hair, and a woman reading a book) and asked to use our
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Figure 10: Mean Sentence Lengths with RSVP-iconCHAT

prototype RSVP-iconCHAT interface to create a sentence describing
each scene (Figure 9). The order of the picture scenes was random
ized across participants in order to observe behavior as users became
more familiar with the system. Participants were directed to construct
sentences that were as detailed as necessary such that, if the picture
cards were shown to another person, that person would be able to
match the appropriate description with the scene.
Each experimental session was conducted in one 60 - 90 minute
block per participant, and all sessions were conducted in a soundtreated acoustic booth. Each participant was seated in a chair, or per
sonal wheelchair, facing a computer screen. The space bar of a stan
dard QWERTY keyboard was designated as the switch mechanism,
and the RSVP process was conﬁgured to show images in alphabetical
order using a timing mechanism with a starting speed of 700 millisec
onds per image; however, participants could increase or decrease the
speed in increments of 100 milliseconds per image. Participants were
encouraged to change the RSVP speed whenever and however they
preferred, either by pressing the up and down arrows on the key
board or by requesting it verbally. The icon set, or vocabulary size,
consisted of 106 items preselected for their relevance to the picture
scenes and tagged within each of 8 possible semantic roles. After
each session, participants were asked to provide qualitative feedback
via an informal interview.
Two groups of users were recruited: non-disabled (ND) users to
provide a theoretical upper bound on performance, and users with
speech and motor impairments (SMI) to provide a realistic evaluation
from the target population. For the group of ND users, we recruited
24 English-speaking adults from the greater Boston area, with no de
clared speech, language, hearing, or cognitive impairments (10 males

5.5 results

and 14 females; mean age 24 years; age range 19 - 43). On average,
each of these participants had approximately 3 years of formal edu
cation following high school and spent approximately 11 hours per
week using a computer. The ND users did not have prior exposure or
experience with AAC devices.
For the group of users with SMI, we recruited 4 additional Englishspeaking adults from the greater Boston area (2 males and 2 females;
mean age 41; age range 33 - 56). On average, each participant had
approximately 4 years of formal education following high school and
spent approximately 15 hours per week using a computer. Two of
these participants (P1 and P2) had mild motor impairments; two (P3
and P4) had moderate-to-severe motor impairments. All of these par
ticipants used wheelchairs, except for P1 who used a walker. P1 and
P2 had experience with AAC devices, but used unaided communi
cation on a normal basis. P3 used both unaided communication and
switch-based AAC. P4 was unable to use existing AAC systems and
required the assistance of a caregiver to communicate.
5.5

results

Theoretically, the open-ended design of the task allowed for the pos
sibility of users creating nonsensical sentences; however, in practice,
there were no such instances. Because our prototype implementation
required that every sentence contain at least a verb, the short possible
sentence was one word in length. On average, both the ND partici
pants and the participants with SMI created sentences consisting of
5 words, excluding articles and prepositions that were automatically
inserted by the system (Figure 10). Thus, users selected a verb and
an average of 4 additional icons to construct descriptions of each pic
ture scene. In fact, the participants with SMI created slightly more
complex sentences, up to 6 additional words, on at least 2 occasions
throughout the study.
In terms of message construction speed, both groups of users showed
similar learning curves, with the ND group achieving a ﬁnal speed
approximately 1.5 times faster than the group with SMI (Figure 11).
The average time for constructing each of the last ﬁve sentences was
70 seconds for the ND users and 107 seconds for the users with SMI.
If users populated a semantic role more than once, even if they
selected the same icon or cleared the role of any value, it was con
sidered a self-correction. This metric was used to probe fatigue and
learnability of the system. On average, ND users changed or deleted
1 word per sentence before submission, compared to an average of 2
word changes or deletions per sentence for the participants with SMI
(Figure 12).
During the study, ND users adjusted the RSVP speed an average
of 10 times per sentence (Figure 13), returning to an average ending
speed of approximately 700 milliseconds per image (Figure 14). In
contrast, users with SMI adjusted the RSVP speed an average of 9
times per sentence for the ﬁrst 5 sentences and an average of once
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Figure 11: Mean Message Construction Times with RSVP-iconCHAT

Figure 12: Mean Number of Self-Corrections with RSVP-iconCHAT

5.6 discussion

Figure 13: Mean Number of RSVP Adjustments with RSVP-iconCHAT

per sentence for the remaining 25 sentences, returning to an average
ending speed of 1200 milliseconds per image.
5.6

discussion

This study examined user behavior while composing messages with
the RSVP-iconCHAT interface and a single switch mechanism. The
aim was to assess the learnability and ease-of-use of the system. Iconbased message construction via RSVP proved to be learnable within
less than 30 minutes for both user groups. Users were able to con
struct messages of 4 - 7 words in approximately 1 minute, which
is faster than some traditional letter-based systems [134], but users
were unable to surpass the performance of conventional icon-based
systems [78].
The results of our study suggest that expressiveness and generativ
ity are not necessarily compromised by limiting selection tasks to a
single key. In fact, both user groups constructed relevant sentences
that were an average of 5 selected words in length. Examples of con
structed messages included: “an old woman knitting a sweater,” “a
small child drawing a house,” and “a man talking on a blue telephone
with his friend.” Although this study did not replicate the social pres
sures of realistic conversation rates, these sentences are longer and
more complete than the simple 2 - 3 word sequences documented
using some traditional icon-based systems [113].
Frequently changed RSVP speed throughout the course of the study
suggests that users may have been unsatisﬁed with a constant presen
tation speed and may have wanted to skip ahead to speciﬁc roles or
icons. For ND users, the average of 10 changes per sentence suggests
that participants increased the speed 5 times and then decreased the
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Figure 14: Mean Ending RSVP Speeds with RSVP-iconCHAT

speed 5 times, possibly to skip through a large number of undesir
able words; however, this behavior was not displayed by the users
with SMI (Figure 13). Although it is possible that the users with SMI
found a comfortable speed within the ﬁrst few sentences, it may have
also required too much effort to change the RSVP speed more often,
especially for those with moderate-to-severe motor impairments.
Users with SMI appeared to prefer an RSVP speed approximately
1.7 times slower than ND users, yet it is possible that they may be
comfortable with faster RSVP speeds for other input modalities. For
example, two users (P3 and P4) indicated they could have constructed
messages more quickly if the interface were integrated with a sip
and-puff device. Given that both ND participants and participants
with SMI converged to consistent ending RSVP speeds, their respec
tive presentation rates (Figure 14) may be appropriate defaults for
physical input modalities, such as button presses.
Two of the participants with SMI (P1 and P2) explored almost
the entire vocabulary approximately halfway through the experiment.
Additionally, a spike in self-correction for these users, at approxi
mately sentence 13 (Figure 12), may indicate that they were exploring
more expressive possibilities and testing the boundaries for sentence
complexity. This phenomenon was not observed with ND users, pos
sibly indicating different preferences between the two groups when
familiarizing themselves with new communication interfaces. Selfcorrections may also be explained by mistaken selection of a word
due to slow motor movement, which would have been a sustained
problem for the users with SMI, even as familiarity with the system
increased.
While quantitative measurements of fatigue or cognitive load were
not collected, qualitative feedback indicated that ND users felt “ﬁd
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gety” and “impatient” at having to wait for a desired icon to be dis
played, but almost all users commented that the interface was “sim
ple” and “easy to use.” One user with SMI (P1) also expressed impa
tience at having to wait for the target icon; however, the other three
users with SMI did not indicate any similar frustration. All 28 partic
ipants noticed and favorably commented on the fact that the RSVP
iconCHAT approach did not require them to capitalize words, conju
gate verbs, or provide articles and prepositions. Two of the users with
SMI (P1 and P3) remarked that they had not seen an existing AAC
system with similar functionality, and several ND users asked if there
were a way to enable this feature in their current mobile devices.
5.7

summary

Many individuals with severe speech and motor impairments use
icon-based AAC systems with switches; however, these systems often
require larger screens, use complex navigation hierarchies, or neces
sitate repetitive head, neck, and eye movements. We aimed to design
an alternative to conventional icon-based AAC systems that would re
quire less screen real estate, yet still be easy to navigate and allow for
sufﬁciently large vocabularies. RSVP was leveraged to display icons
and reduce the required motor control to a single action. Furthermore,
RSVP was combined with semantic frames to segment the screen into
multiple ﬁelds and place the burden of search on the system rather
than the user. By organizing vocabulary into semantic roles, rather
than lexical categories, the display requirements of this approach are
not tied to vocabulary size, but to the number of semantic roles nec
essary to construct a desired message.
The usability study suggests that an RSVP approach to icon-based
message construction is a viable option for users with severe speech
and motor impairments. Given that both cohorts of study partici
pants were unfamiliar with the RSVP-iconCHAT approach, their per
formance should be considered as a reasonable lower bound that can
be expected to improve with practice.
The RSVP-iconCHAT design has important implications for mo
bile devices that have small screens and a limited number of buttons.
Depending on the complexity of the desired message, the number of
semantic roles can be chosen to match the available display space of a
given mobile device. All search and prediction tasks can be delegated
to the system, requiring only a single reliable selection mechanism for
control. While the minimal control requirements are a single binary
signal, as in the conducted usability study, control over the RSVP
process can be expanded to include directional control of the display
sequence or even the ability to modify RSVP speed.
Our prototype implementation of RSVP-iconCHAT accepts key
board entry or mouse clicks, but the design can be conﬁgured to work
with eye blinks, muscle twitches, brain waves, or any other input that
can be discretized into binary form. This interface is potentially bene
ﬁcial for users with profound impairments, such as those with locked
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in syndrome who require EMG or BCI solutions. Because many EMG
and BCI systems provide a single output signal, and RSVP-iconCHAT
requires only a single input signal, integrating such signaling meth
ods is feasible and likely to be successful. Once the need for a vol
untary motor response is removed, natural language processing and
machine learning could be used to dynamically reorder the sequences
of suggested semantic roles and associated icons, further increasing
communication speed.

S Y M B O L PAT H

6.1

overview

Icon-based AAC systems typically present users with arrays of icons
that are sequentially selected to construct utterances, which are then
spoken aloud using TTS. For touch-screen devices, users must lift
their ﬁnger or hand to select individual icons and avoid selecting
multiple icons at once. Because many individuals with severe speech
impairments have concomitant limb impairments, repetitive and pre
cise movements can be slow and effortful. The work in this chapter
aims to enhance message formulation ease and speed by using con
tinuous motion icon selection rather than discrete input. SymbolPath
is an overlay module that can be integrated with existing icon-based
AAC systems to enable continuous motion icon selection. Message
formulation using SymbolPath consists of drawing a continuous path
through a set of desired icons. The system then determines the most
likely subset of desired icons on that path and rearranges them to
form a meaningful and grammatical sentence.
6.2

motivation

Many individuals with speech impairments severe enough to pre
clude spoken communication also have accompanying limb impair
ments that must be considered when designing assistive communica
tion interfaces [70, 59]. Icon-based AAC systems offer the potential
for faster and less effortful message formulation compared to letterbased systems [106] and thus are often used by individuals with com
promised motor function; however, manual methods of icon selec
tion on current icon-based AAC devices require precise and discrete
movements that hinder communication rate and ease. Additionally,
the complex and repetitive nature of discrete movements can further
contribute to fatigue. Several letter-based approaches to continuous
selection have demonstrated commercial success (e.g. Swype, SlideIT,
TouchPal, and ShapeWriter [51]), but no such approaches currently
exist for word-based or icon-based formulation. This project aims to
enhance message formulation ease and communication rate by com
bining continuous motion icon selection with a free-order language
model.
6.3

implementation

SymbolPath is implemented in Python as an overlay module for tra
ditional icon-based AAC systems. A simple single-layer array serves
as the interface for the current work. The top row is dedicated to
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Figure 15: Construction of “I Need More Coffee” with SymbolPath

displaying the message being formulated and the remainder of the
interface is arranged as a grid of candidate icons (Figure 15). Icons
are grouped based on lexical roles: actors, verbs, objects, and mod
ifers. Icon groups are color coded and arranged from left to right to
mirror the subject-verb-object syntax in English. To formulate a mes
sage, users create a continuous path through a set of desired icons.
To further reduce the physical demands of message formulation, the
order of icons on the path is not constrained by syntax: users can se
lect icons in close physical proximity rather than in syntactical order.
The only requirement is that a continuous path be drawn through
all desired items without breaking contact with the interface. Dur
ing message formulation, the treaded path is displayed for feedback.
Once the user breaks the path or enters the message formulation
window, the language module attempts to concatenate a meaning
ful and syntactically accurate utterance from the set of selected icons.
For example, a user might create a path traversing through the tar
get words “need,” “coffee,” “I,” and “more,” as well as intermediary
icons (e.g. “give,” “book,” and “window”), which are then pruned
and reordered to generate the syntactically complete and most likely
message “I need more coffee.” The text-to-speech synthesizer then
voices the message. SymbolPath is compatible with any input modal
ity that can provide a continuously varying analog signal such as a
stylus, mouse, joystick, or laser pointer.
Two major issues need to be resolved in order to enable continuous
motion icon selection: (1) superset pruning, because the user’s path
may include both target elements and bystander elements, and this
superset must be pruned to yield the most likely desired candidates;
and (2) syntactic reordering, because the user may have selected icons

6.3 implementation

Figure 16: Construction of “I Love My Dog” with SymbolPath

in an unordered way and the system must reorder those icons in the
proper syntax of the target language.
Semantic disambiguation is required for situations in which re
moving or reordering words could dramatically alter the meaning
of the potential message. SymbolPath relies on a combination of se
mantic frames, semantic grams, and physical characteristics of the
path to generate a prioritized list of potential utterances. Although
the demonstration version automatically selects the most likely utter
ance to enhance communication speed, it can also display the list of
potential utterances for user veriﬁcation prior to speech generation.
6.3.1

Semantic Frames

Fundamental to the design and functionality of SymbolPath is the
use of semantic frames [27], in which the predicate or verb of an
utterance is the central element of a frame that can be ﬁlled by a
set of relational items [85]. Thus, SymbolPath generates syntactically
complete utterances by relying on the semantic frames of predicates
in the selected path. Because each icon group is associated with a set
of possible syntactic and semantic roles, the superset of selected icons
is pruned by assessing subset probabilities within a given semantic
frame. This approach provides a rudimentary solution to the issue
of syntactic reordering, but does not address the issue of semantic
disambiguation, especially with regard to assigning statistical values
to potential utterances.
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Figure 17: Construction of “I Am Happy” with SymbolPath

6.3.2

Semantic Grams

To prioritize the list of potential utterances, SymbolPath leverages
prior work in the areas of subset completion and non-syntactic pre
diction [125]. Speciﬁcally, semantic grams, or sem-grams, are used to
assign each potential utterance a value that corresponds to the proba
bility of that combination of words appearing in a sentence together,
regardless of order. Semantic ambiguity is not a concern because lex
ical roles are speciﬁed for each icon based on its grouping.
6.3.3

Path Characteristics

In addition to the probabilities of each potential utterance based on
its semantic coherence, the physical characteristics of the path are also
considered. Once the list of potential utterances has been prioritized
semantically, the rankings are adjusted based on the two-dimensional
collision space of the continuous motion path and each icon’s surface
area. Icons that collided with a larger area of the user’s drawn path
are assigned a greater likelihood than icons that were only marginally
on the drawn path.
6.4

discussion

SymbolPath does not currently support complex utterances that con
tain multiple verbs (e.g. “I like to play baseball”), utterances that con
tain multiple actors and participants (e.g. “I like to play chess with
my brother”), or utterances that make extensive use of modiﬁers (e.g.
“I really drank that huge soda too quickly”). Although many of these
situations can be supported through the use of semantic tagging, the

6.4 discussion

goal of SymbolPath is to incorporate automated solutions to these
problems. One potential approach is to supplement sem-gram statis
tics with corpus-based frame statistics in order to determine probabil
ities for each semantic frame and its arguments. While large corpora
of AAC messages are unavailable, there have been recent efforts to
simulate corpora that may be useful for obtaining such frame statis
tics [116]. Additionally, each user’s message formulation history may
be used to automatically reﬁne the language model between sessions.
Future work on SymbolPath may also include smoothing of the phys
ical path to accommodate users with hand or arm tremors, as well as
a calibration mode to detect each user’s movement preferences and
adjust the path’s physical characteristics accordingly.
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7.1

overview

While almost all AAC users have speech impairments that preclude
the use of verbal communication, they may also have varying levels
of vision or motor impairments, perhaps due to age or the particu
lar nature of their disorder. Speed, expressiveness, and ease of com
munication are key factors in choosing an appropriate system; how
ever, there are social considerations that are often overlooked. AAC
systems are increasingly being used on mobile devices with smaller
screens, in part because ambulatory AAC users may feel uncomfort
able carrying around large or unusual machines. DigitCHAT is a pro
totype AAC system designed for fast and expressive communication
by literate AAC users with minimal upper limb motor impairments.
DigitCHAT’s interface was designed to be used discretely on a mo
bile phone and supports continuous motion input using a small set
of visually separated buttons.
7.2

motivation

Depending upon the nature of their disorders, many AAC users may
have accompanying motor impairments, such as tremors or reduced
mobility of their hands and arms [36, 59]. They may also have vi
sion impairments that make it difﬁcult to see small font sizes. AAC
systems that operate on small mobile devices often use on-screen key
boards that were not designed for people with bigger hands or people
with upper limb motor impairments. These keyboards usually occupy
less than half of the available screen real estate and have small but
tons that are positioned adjacent to each other. Many elderly users,
much less users with diagnosed motor or vision impairments, have
difﬁculty with these keyboards because of the button and font sizes
[79]. Additionally, these systems tend to focus on the creation and
use of stored utterances instead of real-time composition, unnecessar
ily reducing the ﬂexibility of conversation. The work in this chapter
aims to address the need for an AAC system that can be used at con
versational speeds on a small-screen mobile device by ambulatory
users with mild upper limb motor impairments. Although intended
for AAC users, this prototype system also has potential for non-AAC
users who may be temporarily unable to use their voices.
7.3

approach

DigitCHAT enables rapid, face-to-face communication via small touch
screen devices, such as mobile phones. The system uses large buttons
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Figure 18: Example Path for “Hello” in DigitCHAT

to assist users who may have difﬁculty making precise movements.
Buttons are visually separated to maximize visibility when a user
naturally obscures part of the screen by touching it. Additionally, the
interface is organized as a telephone number pad to provide familiar
ity, especially for older users, and reduce the amount of time required
to learn the layout.
To further increase communication speed and assist users with up
per limb motor impairments, DigitCHAT supports two types of input:
mixed and continuous. In mixed mode, users can provide a combina
tion of discrete taps or non-contiguous path segments to specify the
desired word. At any given time, the most likely word is displayed
at the top of the screen, and can be selected by tapping it or ending a
path on it. In continuous mode, users draw a single line through all
desired buttons. As the user’s ﬁnger or stylus moves over the screen,
the most likely word is displayed at the top of the screen. When the
user disconnects from the screen’s surface, the most likely unigram
is spoken aloud immediately. Users can cancel the current path, with
out speaking the displayed word, by ending on the Stop or Cancel
sign. With many current AAC systems, listeners must wait while the
user composes a complete utterance [58, 130]. This waiting period
places increased pressure on the AAC user to generate utterances
as quickly as possible, creating uncomfortable silences and often en
couraging the use of telegraphic utterances. By automatically speak
ing each word as it is completed, DigitCHAT can signiﬁcantly reduce
these gaps and facilitate conversational turn-taking.
DigitCHAT uses a predetermined vocabulary and dictionary-based
implementation with unigram statistics based on the Crowdsourced
AAC-Like Corpus [116]. Every word in the dictionary is converted
into a physical path traversing a standard telephone number pad. The
width of this path is incrementally varied up to the size of a standard
button and all collisions are recorded as possible sequences that a
user might take to specify a given word. These paths are then reverse

7.3 approach

Figure 19: Example Sequence for “Feeling Great” in DigitCHAT

Figure 20: Example Path for “Today” in DigitCHAT

indexed, so that DigitCHAT can look up the user’s provided path
and retrieve the set of words, with unigram probabilities, that the
path could indicate.
Words that share the same sequence of buttons are sometimes called
“textonyms.” For example, the words “bat” and “cat” are textonyms
because they are both speciﬁed with the discrete numeric sequence
2-8 or the continuous motion sequence 2-5-8. DigitCHAT implements
two approaches to resolving textonyms. In the ﬁrst approach, the
most likely textonym is displayed and users can scribble over the last
button in their numeric sequence to rotate through possible textonyms.
Users can disconnect from the screen to speak the displayed word
aloud or end their scribbling on the Stop sign to cancel the utterance.
In the second approach, DigitCHAT implements basic learning and
remembers the user’s preferred textonym for any given path.
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7.4

discussion

We have made DigitCHAT freely available for Android devices on the
Google Play Store in order to gauge interest and elicit feedback. Thus
far, DigitCHAT has undergone two design and development itera
tions based on suggestions from users in the target population. In ad
dition to informal feedback from ad-hoc testers, we have received nar
rative emails from three users and are preparing for a formal study
with participants at a clinical facility that serves individuals with
chronic neuromotor disorders. A common request, which has since
been implemented, was to allow cancellation in order to prevent un
expected or undesirable words from being spoken. We have created
several user-conﬁgurable options, such as the movement threshold
for textonym rotation, but it may be possible to implement a learning
algorithm to discover the ideal values for these settings automatically.
While the current version of DigitCHAT relies primarily on unigram
statistics, we intend to look at potential improvements from using
skip-grams or implementing phrasal prediction. We are also experi
menting with different methods to efﬁciently add and remove words
from the dictionary to allow for full vocabulary customization.

CONCLUSIONS AND FUTURE DIRECTIONS

This dissertation aimed to transform AAC systems from passive con
duits into active, intelligent communication aids. The long-term vi
sion is to create AAC systems that leverage user-speciﬁc information,
adapt to a user’s behaviors and capabilities, and observe and act on
situational context. Towards that end, this dissertation identiﬁes and
addresses three problematic assumptions commonly made by most
icon-based AAC systems, as well as many letter-based AAC systems:
Prescribed Order, Intended Set, and Discrete Entry.
Research into semantic frame theory has become increasingly ac
tive over the last few years, and this ﬁeld has shown promise for use
with message construction systems. This dissertation contributes a
simple and fast language model, semantic grams, that is speciﬁcally
designed for use with semantic frames. Semantic grams offer a ﬂexi
ble approach to predictive language modeling that does not require
users to make selections in a particular order. Combining semantic
frames with semantic grams enables free-order message construction
for AAC, and this approach may continue to beneﬁt from future ad
vancements in semantic frame theory.
Context-speciﬁc language distributions can be used to help com
pensate for relaxed linguistic structure, enable more permissive in
put, and further improve the performance of semantic grams. This
dissertation contributes a prioritized list of contextual language pre
dictors based on an empirical analysis of word distributions. Lever
aging context can improve unordered prediction and error correction
and enable AAC systems to seamlessly adapt to different situations
and environments.
Modern touchscreen technologies are challenging for many people
with upper limb motor impairments; however, this dissertation shows
that systematic approaches can be used to address these challenges.
In particular, there are motor proﬁle patterns even among highly di
verse users, and static improvements can be made to accommodate
these patterns. Mixed-mode or continuous motion input can be of
fered as useful alternatives to discrete input. Additionally, this disser
tation shows that diagnostic games can be used to obtain quantitative
motor proﬁles in order to personalize touchscreen technologies to the
capabilities and preferences of an individual user.
Finally, this dissertation demonstrates that these algorithms and
design approaches can be combined in different ways to create new,
more intelligent interfaces: interfaces that can mitigate the need for
linguistically and motorically precise user input to enhance the ease
and efﬁciency of assistive communication.
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n-grams for information retrieval. Information Processing & Manage
ment, 43(4):1005–1019, July 2007. ISSN 03064573. doi: 10.1016/j.ipm.
2006.09.016. URL http://dx.doi.org/10.1016/j.ipm.2006.09.016
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ceedings of the 7th international ACM SIGACCESS conference on Comput
ers and accessibility, Assets ’05, pages 121–128, New York, NY, USA,
2005. ACM. ISBN 1-59593-159-7. doi: 10.1145/1090785.1090809. URL
http://dx.doi.org/10.1145/1090785.1090809

Approach to word prediction that merges n-gram prob
abilities with semantic knowledge based on pointwise mu
tual information, with a Lesk-like ﬁlter, of co-occurring
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creation of the freely available Blog Authorship Corpus.
W. Schramm. How communication works. the process and effects of
mass communication. Urbana: University of Illinois Press, 1954
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namic user model worked best (trigrams with a linear in
terpolation and EM-like weighting).
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formation for manual search; suggests that the amount
of additional semantic content in 3D representation is un
likely to be worth the additional cognitive demands of a
third dimension.
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NY, USA, 2007. ACM. ISBN 978-1-59593-573-1. doi: 10.1145/1296843.
1296845. URL http://dx.doi.org/10.1145/1296843.1296845
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