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ABSTRACT

Word prediction is a method for enhancing the
communication ability of persons with speech and language
impairments. In this work, we demonstrate that two
measurement settings affect evaluation of word prediction
systems significantly, and that consideration of these
settings is crucial to accurate interpretation of results.
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INTRODUCTION

Alternative and Augmentative Communication
(AAC) is the field of research concerned with finding ways
to help those with speech difficulties communicate more
easily and completely. Today there are approximately 2
million people in the United States with some form of
communication difficulty. With today’s technology,
electronic communication devices are widespread. Most
communication devices today have speech output and/or
displayed text or pictures. One issue in using a
communication device is that communication rate is
generally slower than the common speaking rate. Whereas
speaking rate is estimated at 180 words per minute (wpm)
and experienced typists can manage 100 wpm, a disabled
user's input rate is estimated at roughly 15 wpm [2,5,21].
Thus one goal of developers of AAC devices is to find ways
to increase the rate of communication output. Developers
cannot increase the dexterity or muscle control of users, so
the alternative is to experiment with the user interface for
input.

This paper investigates the use of a word
prediction system. In word prediction, we assume that the
user enters letters using a standard keyboard. The system
predicts full words that are likely to be desired, and
provides them to the user for selection with one additional
keystroke.

A word prediction system predicts the word
currently being typed on the basis of what has already been
typed. Suppose that the user wants to enter “I want a home
in the country.” After typing, “I want a h”, they might see
something like shown below. The system has created a
prediction window containing the five words which it thinks
the current word is most likely to be. In this example, the

user can press F2 to complete the word “home” and the
system will automatically enter a space afterwards. So in
this example, the user needed 3 keystrokes to enter what
would normally take 5 keystrokes, when the space is
considered.

'wanta h
house F1
home F2
hot F3
horse F4
hoagie F5S

The prediction list can vary in length, but most
systems tend to use lists of length between five and seven.
The prediction list can occur in-line (it can appear within
the line being entered as it is entered), or it can occur
somewhere separately on the interface screen. For row-
column scanning devices, the word list often appears in an
extra row or column on the scanning grid.

It is difficult to judge how much word prediction
can speed communication rate. Much of this determination
is dependent on both the characteristics of the user, such as
their physical and cognitive abilities, and characteristics of
the user interface, such as where the prediction list is
displayed and how a word in the list is selected.

It quickly becomes apparent that many factors
affect the efficacy of word prediction, and more studies are
needed to determine the effect different factors have on the
success of word prediction. It is equally apparent, however,
that unless the word prediction system is able to
successfully predict words and thus decrease the number of
keystrokes necessary, other factors are irrelevant.
Therefore, before tackling the added issues involved in user
interfaces, it is instructive to look at the percentage of
keystrokes saved, since this measure provides an upper
bound on any communication rate increases from word
prediction. Thus our work here concentrates on
investigating keystroke savings in word prediction.

Our long-term goal is to investigate methods for
increasing keystroke savings in word prediction by taking
various amounts of contextual information into account
during the prediction process. Of course, in doing this we



must have a way of evaluating whether or not our various
attempts at capturing contextual information are fruitful - so
first we must establish a baseline prediction system and a
method for calculating keystroke savings against which our
future systems can be tested.

Clearly this paper is not the first to discuss the use
of word prediction in AAC [3,4,5,6,8,13], and each of these
systems has been presented with evaluations. On the other
hand, upon closer inspection of the literature we find that it
is difficult to judge the performance gains of such systems
against each other because the previous work has often
been unclear about exactly what the assumptions are
underlying their keystroke savings calculation and because
the theoretical limit of keystroke savings has not been
established (but see [5,15] for attempts at this).

In this paper we first give some background in
statistical approaches to word prediction. We next discuss
some issues in evaluating keystroke savings that must be
addressed. We point out how making different assumptions
about the user interface (e.g., whether the "speak” key is
included in keystroke calculations) can change the
keystroke savings of a system dramatically. We present an
evaluation of our baseline system (making all such
assumptions explicit). Finally we present some future
directions with insights into how we anticipate
incorporating context into our baseline system, and
conclude.

METHODS

Like other approaches, we apply statistical
language modeling techniques to word prediction
[3,4,5,6,8,13]. The approach presented here a pure n-gram
based method. [5,6,8] additionally integrated syntactic
knowledge into their language models, which was found to
improve prediction somewhat. [13] added topic modeling
onto an n-gram approach, which also had mixed results.

Basic word prediction treats each sentence of the
user's conversation as independent. At any given point in
the sentence, the user has some word that they are typing.
At that point, the word prediction system presents a list of
words, called a prediction window, that the user may be
typing. If the desired word appears in the list, the user
selects it using a key reserved for that position in the list. If
the word doesn't appear in the list, the user must enter
another character. Then the word prediction system updates
the list and the process repeats.

To present the user with a list of possible words,
the word prediction system needs to know all of the words
in the language. The vocabulary is constructed by
considering all words that occur in some training corpus. If
a word being typed isn't in the vocabulary, it can't be
predicted.

The second requirement is a statistical language
model. The purpose of the language model is to compute
the probability P(word | history), where the history is the
words that have already been entered. Given a vocabulary
and a language model, the list of predictions is generated as
follows: The vocabulary is first filtered to remove words
that don't match the partially entered word. For example, if
'a’ has been entered, the system will only consider words
beginning with 'a'. Then this list of candidates is sorted by
P(word | history). The top W words are presented to the
user, where W is the prediction window size.

Specifically, in this work, we train a trigram model
with backoff on part of the Switchboard corpus and test on
the remainder of Switchboard. The backoff weights are
computed using Good-Turing smoothing and a special
unigram model is used for the first word of a sentence. For
more information on this language model, refer to [[LM
tech report]].

EVALUATION

Evaluation of word prediction is performed using a
simulated user interface and a simulated user. The user
interface simulates prediction using window sizes of 1-10,
and adds a space after the word when prediction is used.
Unless stated otherwise, one character must be entered
before prediction is attempted, called delayed prediction.

The simulated user is assumed to be perfect in the
sense that the user selects the desired word as soon as it
appears in the prediction window and that the user decides
not to select a word from the window if normal typing
would be faster. For example, if the user typed “an” for the
word “an”, using word prediction would yield no benefit,
because the user would either enter a space without word
prediction, or select the prediction. All evaluation is done
using keystroke savings (KS):
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Finally, the simulated user has decided what to say
ahead of time: all of the text from the testing portion of the
Switchboard corpus.

End of Sentence

One of the seemingly minor details of the
simulated user interface that we've found is in ending a
sentence. To signal that the sentence or utterance is
complete, a user would press a “speak key” (SK). However,
we are not aware of any researchers that simulated this. The
difference is that the speak keystrokes cannot be reduced
using prediction, so measuring keystroke savings without
simulating a keystroke to speak is an overestimate of the
benefit of word prediction.



Window Size | Without SK | With SK
1 37.1 36.3

5 50.6 49.7

6 51.6 50.6

10 54.1 53.2

At a window size of 1, the reduction in savings is
0.8%. The reduction increases slightly with window size to
peak at 1%. The difference in keystroke savings between
these two simulations might not seem important, but it is
substantial when compared to other changes in keystroke
savings: [6] improved keystroke savings by 0.9% by
considering part-of-speech. At their window size of 5, their
improvement is equal to the error one would have in not
counting the speak key. [14] found that increasing the
training text size from 1 million words to 3 million words
on a trigram approach yielded an increase of 2.5% savings.
They also found that the increased savings of using a
trigram model over a bigram model was 0.8% savings. In
comparison to the size of these improvements, this
difference in measurement is substantial. Consideration of a
keystroke to end a sentence makes the simulation more
realistic, so all further evaluations in this paper include the
speak keystroke.

The Limit of Keystroke Savings

Copestake [S] and Lesher at. al. [15] have both
discussed the limits of word prediction. Copestake noticed
that it was difficult to practically exceed 50% keystroke
savings using text produced by an AAC user. She
subsequently applied Shannon's estimate of the entropy of
English to estimate that 50-60% keystroke savings is a
realistic limit of word prediction. [15] also began with the
observation that increases in keystroke savings become
exceedingly difficult beyond a certain point. For their work,
55% keystroke savings was this practical barrier. They
subsequently had humans provide the prediction windows
on some Switchboard texts, and found that the group of
humans achieved 59% keystroke savings on average.
However, one human neared 70% savings on some
individual texts. Lesher et. al. conclude that better word
prediction is still possible.

While reasoning about the keystroke savings
metric, we noticed that it isn't possible to achieve 100%
keystroke savings. That would require the system to enter
the entire conversation without a single key!

We've measured the theoretical limit of word
prediction on our test set by simulating a perfect word
prediction engine — one that predicts the correct word as
early as possible. When prediction requires that one
character be entered, the maximum possible keystroke
savings for our test corpus is 58.4%. This corresponds to
two keystrokes per word: one to type the first letter and one
to select the prediction. Using these user interface settings,
actual word prediction barely exceeds 55%, so there may be

a practical limit that is less than the theoretical one. See
below for a comparison between the limit and actual
savings.
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Figure 2: Keystroke savings approaches the
theoretical limit as window size is increased

Is the practical limit of word prediction related to
the theoretical one? To investigate this, we measured the
theoretical limit and actual performance of word prediction
when the prediction window is available before any
characters are typed, called immediate prediction. This cuts
the minimum number of keystrokes required in half and
raises the theoretical limit of keystroke savings to 80%! See
Figure 3 for the effect on our word prediction method. The
limits of both approaches are shown for reference.
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Figure 3: Delayed prediction presents the prediction
list to the user after one character is typed, immediate
prediction presents the list before any have been typed.

The results show several interesting trends. Most
notably, waiting a character before presenting a prediction
list to the user sacrifices 4-10% keystroke savings,
depending on window size. By comparison, increasing the
window size of delayed prediction from 2 to 6 increases



keystroke savings by 7%. The difference between delayed
and immediate prediction increases with window size
because the limit of delayed prediction becomes more
significant: at a window size of 1, delayed prediction often
needs more than one character to correctly guess the word
being typed. However, at window size 10, the desired word
is often in the prediction list after the first letter has been
entered. So at window size 10, many words are entered in
two keystrokes. Of these words, many could have been
entered using a single keystroke if immediate prediction
had been used.

The second notable aspect of the graph above is
that immediate prediction is nowhere near it's theoretical
limit. If we look at each approach in terms of realized
potential (RP), where
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then we find that delayed prediction at window size 5 has a
realized potential of 87% and immediate prediction at the
same window size has a realized potential of 73%. In other
words, prediction without any letters of the word is more
difficult, so there is more room for improvement.

Finally, the keystroke savings achieved by our
word prediction method are significant. However, for
discussion of this, refer to [[LM tech report]].

FUTURE WORK

Although we have investigated two of the user
interface settings that affect keystroke savings, there may be
more such settings we have not investigated. We have
discovered a third setting that is primarily relevant for the
application of a word prediction system for written text,
rather than spoken text. The punctuation of written text can
rarely be predicted, so the keystroke savings of a system
that ignored punctuation in evaluation would be inflated.
Finally, punctuation has a profound impact on whether it is
beneficial for the system to include a space after every word
automatically.

CONCLUSIONS

In crafting a baseline for future work, we found
that results between different word prediction systems were
not comparable due to differences in measurement and
testing data. By exploring the theoretical limitations of
word prediction, we've demonstrated that details of the
word prediction environment are crucial to evaluation: a
1% improvement is significant when only 5% improvement
is possible. The same 1% improvement would be
insignificant when 30% improvement is possible. Some
researchers have used immediate prediction [3,15] and
others have used delayed prediction [5,4]. However,
[6,8,13] did not specify, which makes their results difficult

to interpret. Similarly, no research cited in this work has
described whether or not a speak key is included. In
conclusion, an appreciation of the impact of user interface
decisions on evaluation is necessary both to comparing
results between researchers and improving the field of word
prediction.
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