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Speech recognition systems have improved dramatically, but recent studies confirm that error
correction activities still account for 66–75% of the users’ time, and 50% of that time is spent just
getting to the errors that need to be corrected. While researchers have suggested that confidence
scores could prove useful during the error correction process, the focus is typically on error detection.
More importantly, empirical studies have failed to confirm any measurable benefits when confidence
scores are used in this way within dictation-oriented applications. In this article, we provide data
that explains why confidence scores are unlikely to be useful for error detection. We propose a new
navigation technique for use when speech-only interactions are strongly preferred and common,
desktop-sized displays are available. The results of an empirical study that highlights the potential
of this new technique are reported. An informal comparison between the current study and previous
research suggests the new technique reduces time spent on navigation by 18%. Future research
should include additional studies that compare the proposed technique to previous non-speech and
speech-based navigation solutions.

Categories and Subject Descriptors: H.5.1 [Information Interfaces and Presentation]: Multi-
media Information Systems—Audio input/output; H.5.2 [Information Interfaces and Presen-
tation]: User Interfaces—Voice I/O, screen design
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1. INTRODUCTION

Speech recognition has improved dramatically in the past two decades [Karat
et al. 2003]. However, recent studies involving dictation-oriented tasks sug-
gest that recognition accuracy continues to be problematic when using
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state-of-the-art speech recognition under realistic conditions (e.g. Sears et al.
[2001]). More importantly, several recent studies confirm that users of these
speech recognition systems still experience significant difficulty correcting
recognition errors [Karat et al. 1999; Sears et al. 2001]. In these studies, users
spent as much as 66–75% of their time finding and correcting recognition er-
rors. Further, a more detailed analysis confirms that users spend nearly 33%
of their time (50% of the error correction time) simply navigating to the errors
that need to be corrected.

When using a traditional graphical user interface to complete dictation-
oriented tasks, the process of correcting recognition errors can be broken into
three steps: users must determine that a recognition error has occurred (de-
tection), navigate to the error, and then correct the error [Sears et al. 2003].
First, users must locate an error that needs to be corrected. Recognition errors
result in the wrong, correctly spelled, word being inserted into the document.
While this suggests that detecting recognition errors could be more difficult
than detecting traditional typing errors, reports from users suggest that find-
ing recognition errors is not particularly problematic [Sears et al. 2001].

After finding the error, users must convey this information to the system.
Normally, this is accomplished by moving the cursor to the incorrect word
via speech- or mouse-based navigation. Studies confirm that multimodal tech-
niques tend to be superior to speech-only alternatives when completing this type
of spatial task [Oviatt 1997; Oviatt et al. 2000]. Sears et al. [2001] found that
experienced users spend nearly one-third of their time issuing speech-based
navigation commands. While this certainly includes some time that would be
more appropriately considered part of the detection phase, navigation is clearly
a time consuming activity.

Finally, the focus shifts to removing the incorrect word and inserting the
desired word. While many approaches exist, the most common technique is
to delete the incorrect word and then redictate the desired word [Karat et al.
1999]. Other less frequently used techniques begin by selecting the incorrect
word and then either redictating, spelling, or selecting the desired word from a
list of alternatives. Sears et al. [2001] also found that users spent approximately
one-third of their time removing incorrect words and inserting the desired word
when using speech-based techniques.

These results clearly indicate that more efficient navigation and correction
techniques are critical if speech recognition systems are to be widely accepted.
Although multimodal techniques can be more effective than the speech only so-
lutions, common multimodal solutions are not always viable options. For exam-
ple, some individuals with physical disabilities have limited use of their hands
but retain normal speech functions (e.g. some individuals with spinal cord in-
juries at or above C6 with American Spinal Cord Injury Association scores of
A or B). For these individuals, hands-free speech-based solutions can allow for
faster and more satisfying experiences than the traditional keyboard and mouse
solutions that are available for the same population [Sears et al. 2001]. With
these users in mind, as well as situations where the users’ hands are unavail-
able due to conflicting tasks, our current focus is on more efficient hands-free
interactions. In this article, we focus on the issues involved in navigating to the
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errors that must be corrected during dictation-oriented activities, leaving the
design and evaluation of more effective correction techniques as a focus for fu-
ture research. Confidence scores are central to our approach. Confidence scores
are numeric values generated by speech recognition engines that represent the
level of certainty of the recognition engine that a particular word is correct.
While many researchers have investigated the use of confidence scores, the pri-
mary focus has been on improving recognition accuracy (e.g. Setlur et al. [1996];
Kemp and Schaaf [1997]; Mou and Zue [2000]; Hazen et al. [2002]). Others dis-
cussed the use of confidence scores to support the detection of recognition er-
rors, but these discussions typically focus on theoretical possibilities without re-
porting on the evaluation of implemented solutions (e.g. Chase [1997a]; Gillick
et al. [1997]; Gunawardana et al. [1998]; Litman et al. [1999]; Bouwman et al.
[2000]; Hazen and Bazzi [2001]; Maison and Gopinath [2001]). In one recent
study, Suhm et al. [2001] did implement and evaluate a system that highlighted
likely recognition errors using confidence scores. Unfortunately, their results
suggest that confidence scores may not be effective for supporting error detec-
tion. Additional information regarding the nature of confidence scores, and the
challenges that exist when using confidence scores to guide user interactions,
is provided in the following section of the paper.

Our approach differs in that our goal is to help users navigate to, not detect,
recognition errors. This shift in focus is motivated by the following reasons:

1. data confirming that the error detection and navigation can consume as
much as one-third of the time experienced users spend creating documents
[Sears et al. 2001],

2. data that indicate that users do not find error detection to be a major problem
[Sears et al. 2001],

3. empirical results indicating that confidence scores may not prove effective
for error detection [Suhm et al. 2001], and

4. our own analyses of confidence scores, reported below, which also suggest
that confidence scores are not likely to be effective for error detection.

We describe a speech-based navigation technique that builds on the infor-
mation available through confidence scores. This technique is intended for use
with speech-based systems designed to support dictation-oriented activities us-
ing graphical user interfaces that are large enough to allow users to visually
inspect the output of the speech recognition engine. The technique is useful
when traditional pointing devices are either unavailable or inappropriate. For
example, this approach may prove useful for individuals with physical disabili-
ties that hinder the use of traditional pointing devices and for users working in
environments where their hands are busy with other activities. We also present
results from an empirical study that provides a preliminary assessment of the
efficacy of this technique as well as directions for future research.

2. RELATED RESEARCH

Two areas of research are directly relevant to the current work: navigation
and the use of confidence scores to facilitate the correction of recognition error.
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While we acknowledge the potential benefits of multimodal solutions when
specifying recognition errors, our current focus is on speech-based solutions. As
a result, we do not attempt to provide a comprehensive review of the research
on multimodal solutions. For a comprehensive review of this literature, we refer
the reader to Oviatt [2003]. Similarly, there is a significant body of research on
confidence scores, but most of these activities focus on improving the accuracy
of the recognition algorithm as opposed to changing the way users interact with
the resulting applications. As mentioned above, several researchers do discuss
the possibility of using confidence scores to support the detection of recognition
errors, but few have gone beyond theoretical discussions and even fewer have
implemented and evaluated possible solutions. As a result, we provide only a
brief overview of this literature to illustrate the nature of the existing research
on confidence scores, as well as a detailed review of the two articles that are
most directly related to the current project.

2.1 Navigation

Several researchers have evaluated alternative error correction processes. For
example, Suhm et al. [2001] investigated several multimodal approaches for
correcting recognition errors, including use of the keyboard, mouse, a stylus,
and speech. While the solutions were multimodal, navigation was always ac-
complished using a touchscreen with other modalities (e.g. speech or keyboard).
Similarly, Danis et al. [1994] reported on a speech-oriented editor where users
could “Point and Speak” to change the insertion point while dictating, but cur-
sor movements were accomplished using a mouse. Other studies also confirm
that multimodal solutions tend to be superior to speech-only solutions for spa-
tial navigation tasks such as selecting a word within a document [e.g. Oviatt
1997; Oviatt et al. 2000].

McNair and Waibel [1994] also explored error correction activities, but fo-
cused explicitly on speech-based selection of incorrect words. They described a
target-based approach, where users spoke the word that needed to be corrected,
with a success rate of 85%. Similar techniques are available in most commercial
speech recognition applications. Recent studies confirm that 85% success con-
tinues to be representative of the performance of this target-based approach to
correcting recognition errors (e.g. Sears et al. [2003]). More importantly, these
studies confirm that failed target-based navigation commands resulted in sig-
nificant difficulties for users as they worked to correct recognition errors (e.g.
Sears et al. [2003]).

Manaris and Harkreader [1998] investigated the use of speech recognition
as an alternative mechanism for generating keystrokes and mouse events with
the goal of developing an alternative data entry technique for individuals with
upper-body motor-control impairment. While several navigation mechanisms
were implemented, and a pilot study was conducted using a Wizard-of-Oz simu-
lation, no results are reported regarding the effectiveness of their speech-based
navigation mechanism.

de Mauro et al. [2001] discussed the design of a voice-controlled mouse,
which supported several different navigation mechanisms. However, navigation
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within textual documents was only supported using a set of commands that re-
quired users to learn nonintuitive mappings between commands (e.g. “Move
left”) and utterances that caused commands to be executed (e.g. “A”). No data
were provided regarding the efficacy of this navigation mechanism.

Christian et al. [2000] explored speech-based navigation in the context of
the web. Navigation was accomplished by speaking the words that served as
links or numbers, generated by the browser, that were associated with these
links. While errors were minimal, this approach required significantly longer
time than traditional mouse-based navigation. More importantly, this task is
not representative of the activities involved when users navigate to recognition
errors within textual documents.

In a recent study, Sears et al. [2001] confirmed that experienced users spent
nearly one-third of their time issuing speech-based navigation commands when
completing standard dictation tasks using state-of-the-art speech recognition
software. An analysis of the users’ navigation activities confirmed that users
experienced significant difficulty with all of the navigation commands and sig-
nificant effort was required to recover from some of the resulting consequences
(e.g. when the content of the document was inappropriately altered).

While multiple researchers have investigated the issues involved in speci-
fying recognition errors, few have focused on speech-based specification tech-
niques. Results from those studies that did involve speech-based specification
techniques suggest that the techniques are error prone and time consuming.

2.2 Facilitating Error Correction Using Confidence Scores

Confidence scores are recognizer dependent numeric values generated by
speech recognition engines that represent how “confident” the recognition en-
gine is that a particular word is correct. Confidence scores are computed using
a variety of metrics that may differ from one recognition engine to another (see
Chase [1997a] for a discussion). At the same time, researchers have confirmed
that there is a strong relationship between confidence scores and recognition
errors (e.g. Gillick et al. [1997]). In general, correctly recognized words tend to
have higher confidence scores and recognition errors tend to have lower con-
fidence scores. However, a significant percentage of the recognition errors will
have relatively high confidence scores and some correctly recognized words
will have low confidence scores. The absolute value of the confidence scores
generated by different speech recognition engines may differ, but the general
pattern described above appears to hold true regardless of the recognition en-
gine being used (e.g. Bouwman et al. [1999]; Suhm et al. [2001]). Therefore,
interaction mechanisms employing confidence scores are likely to require ad-
justment as they are ported from one recognition engine to another. At the
same time, confidence scores tend to exhibit similar characteristics, regardless
of the recognition engine being used. This suggests that, with appropriate eval-
uation and tuning, it will be possible to port confidence score-based interaction
mechanisms between recognition engines. Of course, the effectiveness of the
technique may vary when different recognition engines are used. As a result, it
would be useful to evaluate the sensitivity of confidence score-based interaction
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mechanisms to the quality of the information available through the confidence
scores. Some techniques may be robust, porting between recognition engines
with minimal work. Others may be highly sensitive, making their transfer to a
new recognition engine more difficult.

Confidence scores are the focus of extensive research. Importantly, confidence
scores have been used successfully to detect likely recognition errors in a variety
of telephony applications. However, it is important to note that these applica-
tions tend to employ relatively small vocabularies. In the area of speech-based
dictation, where the vocabulary is substantially larger, most confidence score
research has focused on increasing the accuracy of the recognition algorithm
as opposed to helping users find and correct recognition errors. For example,
Chase [1997b] investigated using a variety of confidence scores to predict the
occurrence and type of recognition errors with the goal of providing feedback
to the recognition algorithm. Gillick et al. [1997] computed confidence scores
using a probabilistic approach and established a model to predict the correct-
ness of individual words. Gunawardana et al. [1998] extended the commonly
used filler model for word-based acoustic confidence measures and compared
the score of the word in question to the scores for words that are commonly con-
fused with it. This approach reduced the false acceptance rate by 39% relative
to the original filler model. Litman et al. [1999] used confidence measures to
detect poor speech recognition at the dialogue level, resulting in a significant
performance improvement. Bouwman et al. [2000] suggested that weighting
different aspects of phone confidence measures can improve early detection of
errors while Hazen and Bazzi [2001] combined confidence measures and out-
of-vocabulary word detectors to detect errors. Each of these studies provides
insight into possible uses of confidence scores, but all the studies focus on gen-
erating information that can provide feedback to the systems, developers, or
system administrators as opposed to the users of the system.

Chase [1997a] did suggest that comparing confidence scores to a predefined
threshold could be useful for detecting likely recognition errors, but the impact
of varying the threshold was not considered and the suggested technique was
not implemented or evaluated. In contrast, Suhm et al. [2001] implemented and
evaluated a system that used confidence scores to highlight possible recognition
errors. As suggested by Chase, a threshold was used to separate those words
that were likely to be correct from those that were likely to be incorrect. The
threshold was set such that classification errors were minimized, with classifi-
cation accuracy defined as the percentage of words that were correctly classified
(i.e. correct words marked as being correct and incorrect words marked as be-
ing incorrect). A classification accuracy of 89% was achieved using a threshold
of 0.6, resulting in words with confidence scores below 0.6 being highlighted
as likely recognition errors. Results from an empirical study indicated that
automatically highlighting likely recognition errors actually slowed down the
overall correction process. This finding suggests the confidence scores used in
this system were not sufficiently reliable to support recognition error detection.

To date, no published reports of successful, implemented, systems use confi-
dence scores to assist in the process of finding and correcting recognition errors.
Efforts by Suhm et al. [2001] to facilitate the detection of recognition errors were
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not successful. This, combined with data suggesting that users experience more
difficulty during the specification phase of this process, motivated the activities
described below.

3. RESEARCH OBJECTIVE

As discussed above, numerous researchers have discussed the use of con-
fidence scores for detecting possible recognition errors (e.g. Chase [1997a];
Gunawardana et al. [1998]; Suhm et al. [2001]). The basic approach is sim-
ple: compare the confidence score of each word to an established threshold.
Words with confidence scores below the threshold are considered likely to be
incorrect. Some of these words are actually incorrect (i.e. correct detections),
but others are correct words that happen to have low confidence scores (i.e. false
alarms). Words with confidence scores equal to, or greater than, the threshold
are considered likely to be correct. Similarly, some recognition errors will have
confidence scores greater than the threshold and will be considered likely to
be correct (i.e. missed detections). The number of false alarms and missed de-
tections can be manipulated by varying the threshold; numerous techniques
can be used to compute confidence scores, to set thresholds, and to compare
confidence scores to these thresholds.

Our long term goal is to investigate the use of confidence scores to support
the process of detecting recognition errors, navigating to those errors, and com-
pleting the required correction. Our initial goal, which motivates the current
study, is to provide more effective support for navigation activities. Our investi-
gation begins with an existing collection of approximately 67,000 spoken words
with confidence scores. We begin by discussing the origin of these data. Next,
we analyze the use of confidence scores to detect recognition errors. This is fol-
lowed by a discussion of how confidence scores could be used to facilitate the
specification of recognition errors. We present a new speech-based navigation
technique that uses confidence scores to expedite the navigation process. We
conclude by presenting results from a simulation and an empirical study that
confirm the efficacy of our new technique.

4. CONFIDENCE SCORE DATA

Our investigation builds on data gathered as part of an earlier study [Feng
et al. 2003]. In this study, 15 participants composed 120 documents using a cus-
tom speech recognition application (TkTalk Version 2.0) that employed IBM’s
ViaVoice speech recognition engine (Millennium Edition). For each task, par-
ticipants were provided with a general topic to discuss as well as specific issues
they may want to address in their response. Participants had to compose re-
sponses that addressed the general topic, but their responses did not have to
address each of the specific issues that were mentioned in the task description.

In ViaVoice, each word is assigned an integer confidence score. The word
output by the speech engine as the “most likely” alternative is actually se-
lected based upon a variety of factors including the confidence scores of in-
dividual words as well as language models that consider the surrounding
words. In addition, ViaVoice can generate alternatives that may be correct
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if the “most likely” word is actually incorrect. The first alternative gener-
ated is considered the “best alternative” if the “most likely” word is not cor-
rect. Since multiple factors are considered when selecting the “most likely”
word that a user spoke, the confidence score associated with this “most likely”
word is occasionally lower than the confidence score associated with the “best
alternative.”

When the 15 participants completed the study, the resulting 120 documents
contained a total of 66950 words. This includes 55495 words that were cor-
rectly recognized and 11455 recognition errors (82.9% recognition accuracy).
Confidence scores ranged from approximately −15 to near +30. We recorded
both the “most likely” word and the “best alternative” along with their confi-
dence scores. As expected, in a few cases the speech engine did not generate
any alternatives.

5. DETECTING RECOGNITION ERRORS

Most discussions regarding the use of confidence scores to facilitate the process
of detecting, navigating to, and correcting recognition errors have focused on
assisting the user in detecting likely recognition errors. Suhm et al. [2001]
provide the only example of an evaluated implementation of this idea. They
used classification accuracy to set the threshold. Again, classification accuracy
is defined as the percentage of words that are classified correctly. The number of
classification errors is the sum of false alarms and missed detections. Since the
number of correct words is typically much larger than the number of recognition
errors, using classification accuracy to set the threshold results in a bias toward
minimizing false alarms.

5.1 Using Raw Confidence Scores

When discussing the use of confidence scores to detect recognition errors, the
focus is typically on the raw confidence score associated with the “most likely”
word generated by the speech engine. Using the raw confidence scores from our
data set, and setting the threshold at −7 maximizes classification accuracy. As
illustrated in Table I and Figure 1, maximizing classification accuracy results
in only 27% of the recognition errors being identified (73% missed detections).
Classification accuracy is maximized because almost 98% of the correctly recog-
nized words are classified properly (correct rejections). However, this threshold
is unlikely to be effective if the goal is to support users in the detection of
recognition errors.

A higher threshold is required to detect a reasonable fraction of the recog-
nition errors. A threshold of −2 increases recall such that over 50% of the
recognition errors are identified, but false alarms also increase as evidenced
by the decrease in precision. A threshold of 1 results in approximately two-
thirds of the recognition errors being identified, but precision drops to only 37.4.
These results highlight the difficulties that exist when trying to support recog-
nition error detection using threshold-based approaches with raw confidence
scores.
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Table I. Recall, Precision, and Classification Accuracy when Using Various
Confidence Score Thresholds. Recall Represents the Percentage of Recognition
Errors Identified. Precision Represents the Percentage of Words Identified as

Likely Recognition Errors that Were Actually Recognition Errors. Classification
Accuracy is the Percentage of Words that Were Classified Correctly

Classification
Threshold Recall Precision Accuracy
−10 14.7 70.5 84.4
−9 18.2 67.5 84.5
−8 22.2 64.6 84.6
−7 26.8 61.8 84.6
−6 31.5 58.9 84.5
−5 36.2 56.0 84.2
−4 41.2 53.3 83.8
−3 46.0 50.3 83.0
−2 50.8 47.8 82.1
−1 55.1 45.1 80.8

0 62.7 39.7 77.3
1 66.3 37.4 75.3

Fig. 1. Number of correct words selected and recognition errors selected using various thresholds
for raw confidence scores.

5.2 Using Differences in Confidence Scores

While the previous analysis investigated the use of the raw confidence score
associated with the “most likely” word, this section focuses on comparing the
confidence scores of the “most likely” word and the “best alternative.” The un-
derlying logic is that a large difference between these two words should im-
ply greater certainty that the “most likely” word is correct. We acknowledge
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Table II. Recall, Precision, and Classification Accuracy when Using Various thresholds for
Differences in Confidence Scores

Threshold Recall Precision Classification Accuracy
−8 4.2 59.3 83.1
−7 6.1 58.7 83.2
−6 8.7 56.8 83.2
−5 12.0 55.5 83.3
−4 16.4 53.6 83.3
−3 21.5 51.1 83.0
−2 27.7 48.8 82.7
−1 34.6 46.8 82.1

0 43.5 43.8 80.8
1 52.5 41.0 79.0
2 61.1 38.4 76.6
3 68.7 35.7 73.5

Fig. 2. Number of correct words selected and recognition errors selected using various thresholds
for differences in confidence scores.

a strong relationship between confidence scores and the difference scores we
are computing as well as the fact that some recognition algorithms use similar
computations internally as part of the recognition process. However, we still be-
lieve these “difference” scores may prove useful, especially when more complex
techniques, such as machine learning, are used.

When using the difference in confidence scores, classification accuracy is
maximized at a threshold of −5 with the current data set. As illustrated
in Table II and Figure 2, maximizing classification accuracy results in only
12% of the recognition errors being identified (88% missed detections). In this
case, classification accuracy is maximized because over 98% of the correctly
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recognized words are classified properly (correct rejections). To detect at least
50% of the recognition errors (i.e. recall >50), the threshold must be increased
to 1, but this results in precision dropping to 41.0 (i.e. 59% false alarms). Over
two-thirds of the recognition errors can be identified with a threshold of 3, but
precision continues to decrease.

These results suggest that neither raw confidence scores nor differences
in confidence scores are likely to be effective if the goal is to facilitate the
detection of recognition errors. At the same time, the differences in the re-
sults obtained when using raw confidence scores and differences in confidence
scores (compare Figures 1 and 2) suggest that any additional exploration
should include both approaches. Of course, the algorithms used to compute
confidence score could possibly be improved such that recognition error de-
tection, using either raw scores or differences, could be more effectively sup-
ported. An existing confidence score algorithm, different from the one used in
the current study, could also possibly provide better results but there are no
published reports that would suggest that a substantial improvement is pos-
sible with existing confidence score algorithms. Improved confidence score al-
gorithms, either existing or developed in the future, would be welcome as they
may not only support recognition error detection but they would likely improve
our proposed speech-based navigation mechanism, which is described below.

6. NAVIGATING TO RECOGNITION ERRORS

The inability to facilitate recognition error detection activities using either raw
confidence scores or differences in confidence scores, combined with data sug-
gesting that navigation is a more significant problem for users, motivated a
shift in attention from detection to navigation. In the discussion that follows,
we assume that the users are responsible for detecting the word to be corrected
and that the goal is to facilitate the users’ efforts to navigate to the word they
want to correct.

We begin by analyzing the distribution of recognition errors. Next, we de-
scribe the design of a new speech-based navigation technique intended to fa-
cilitate the navigation process. This technique integrates information about
confidence scores, the distribution of recognition errors, and results from our
earlier efforts to improve speech-based navigation.

6.1 Recognition Error Sequences

We begin by analyzing the distribution of recognition errors to determine if
errors tend to occur in clusters or separately. A recognition error sequence is
defined as one or more consecutive words that are recognized incorrectly. In
our sample of almost 67000 words, the length of recognition error sequences
varied between one and twenty words. Figure 3 illustrates the distribution of
recognition error sequences by length.

As illustrated in Figure 3, less than 30% of the recognition errors occur in
isolation. More importantly, over 70% of the recognition errors appear imme-
diately adjacent to at least one other recognition error. This provides new op-
portunities given the goal of navigating to, as opposed to detecting, recognition
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Fig. 3. Percentage of incorrect words in recognition error sequences of different lengths.

errors. Under these circumstances, helping users navigate to a recognition error
sequence may be sufficient.

6.2 Navigation Anchors

Our earlier studies of speech-based navigation highlighted the potential ben-
efits and important limitations of simplified direction-based navigation (e.g.
move up). Given short, fixed, phonetically distinct commands, failure rates can
be minimized [Feng et al. 2003]. The disadvantage of these commands is that
they allow the user to move the cursor just one word or line at a time. Target-
based navigation (e.g. select Friday) allows users to move the cursor larger
distances with a single command as do some more powerful, but error prone,
direction-based navigation commands (e.g. move right four words). Since these
target-based commands typically allow users to select any word that is visible
on the screen, the number of possible targets, which determines the vocabu-
lary size, can be quite large. The difficulty of command construction (i.e. de-
termining exactly which words to say) is also significantly higher than simple
direction-based commands. As a result, recognition errors are quite common,
causing 10–20% of all target-based navigation commands to fail [Feng et al.
2003].

To summarize:

� Short, fixed, phonetically distinct navigation commands minimize errors, but
tend to provide limited power [Feng et al. 2003].

� Longer, or constructed, commands can provide greater power, but tend to be
associated with higher failure rates [Feng et al. 2003].

Our goal is to design a speech-based navigation technique that:

� allows for greater efficiency than the simple direction-based navigation dis-
cussed above, and

� minimizes failure rates by employing short, fixed, navigation commands.
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Navigation anchors are central to the proposed solution. Strategically se-
lected words within the document will serve as navigation anchors. Using
one of two short, fixed, phonetically distinct commands (i.e. next and previ-
ous) that should rarely fail, users can easily move to the nearest anchor that
precedes or follows the current cursor location. Since the navigation anchor
may not be the exact word the user wants to correct, our technique also pro-
vides four short, fixed, direction-based navigation commands that allow users
to move to adjacent words or lines (i.e. move up, move down, move left, and move
right).

When compared with existing target- and direction-based navigation, next
and previous appear to be hybrid commands. They can be viewed as target-
based commands where the target is predefined by the system (i.e. the near-
est navigation anchor in the correct direction). They could also be viewed as
direction-based commands where the system defines the distance each time
the command is issued. The key is that they are short, fixed, phonetically dis-
tinct commands and therefore, they should be highly reliable.

While developers of commercial speech applications have worked to reduce
the number of modes users must employ, some special modes still exist. Exam-
ples include modes to support navigation (e.g. some voice-mouse techniques)
or certain editing activities (e.g. a correction dialog box could be viewed as a
mode). Modes can be useful in speech applications since they may allow the size
of the vocabulary to be reduced and this typically results in lower failure rates.
We propose a system that uses a new “proof document” mode. The intended
method for using this technique involves dictating a portion of the document
and then proofreading the resulting text to correct errors. While users could
dictate just a word or two before the proofreading operation, this would be in-
efficient. Users could also dictate multiple pages before proofreading, but they
would be more likely to forget some relevant details and the proofreading pro-
cess could be more difficult. We anticipate that users will dictate a paragraph or
two, proofread the resulting text, and then continue dictating. The exact quan-
tity of text dictated before proofreading is likely to evolve with experience and
will probably depend on the recognition accuracy individual users experience.
The proposed system is designed to be flexible, allowing users to proofread their
dictation as frequently, or infrequently, as desired.

On the surface, there are two arguments against introducing a proofreading
mode. First, speech recognition engines often employ contextual information
when deciding which words the user most likely spoke. This may come in the
form of trigrams, which indicate how likely a specific set of three words are
to occur in a particular order. As a result, one recognition error could lead to
cascading errors as subsequent words are recognized in an incorrect context.
In contrast, it has been suggested informally that speech recognition users are
better served by dictating larger quantities of text. The underlying justification
is that this results in users speaking more fluently, thereby reducing recogni-
tion errors. In fact, as our results will illustrate, which of these two approaches
an individual chooses does not seem to have an impact on the number of recog-
nition errors. In our earlier study, the recognition error rate was approximately
17% [Feng et al. 2003]. As illustrated below, participants in the current study
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completed the same tasks using our new proofreading mode with a recognition
error rate of 17%.

A second argument against a proofreading mode could be that it would result
in an unnatural approach to completing the document generation task. How-
ever, Karat et al. [1999] found that speech-based interactions are profoundly
different from keyboard/mouse input. When producing text documents, users
employ two approaches for correcting errors. With inline corrections, errors
are corrected as they occur. With delayed corrections, users continue producing
more text after an error and navigate back to correct errors at a later time.
Karat et al. [1999] found that inline corrections were quite common when peo-
ple created documents using a keyboard and mouse. Results were quite differ-
ent when users created documents with speech recognition. Novices corrected
some errors as they occurred, but numerous errors were corrected during a
proofreading process. Interestingly, as users gained experience, inline correc-
tions became less common and correcting errors during a proofreading phase
became more common. As this result was explored, it became clear that users
of speech technologies do not have a clear model of when errors are likely
to occur. As a consequence, they must either constantly monitor the display
for errors or rely more heavily on a proofreading pass to detect and correct
errors.

The question that remains is how to specify navigation targets such that
users can move between recognition errors efficiently. While confidence scores
do not appear likely solutions when trying to detect errors, they may prove
useful for defining navigation anchors to aid in the specification of errors. This
belief is based, in part, on the way recognition errors are clustered. As discussed
above, over 70% of all recognition errors appear immediately adjacent to an-
other recognition error. This suggests that a technique that can successfully
detect a subset of the recognition errors may prove useful when defining navi-
gation anchors. Interestingly, about 5900 carefully selected navigation anchors
could allow for efficient navigation to all 11455 recognition errors in the cur-
rent data set. In the next section, we discuss our method for defining navigation
anchors.

6.3 Defining Navigation Anchors

The goal when defining navigation anchors is to facilitate the process of navi-
gating to the words that must be corrected, not necessarily to detect recognition
errors. Navigation anchors may, or may not, also be recognition errors. In fact,
our analysis suggests that it is highly unlikely that a one-to-one correspondence
between navigation anchors and recognition errors could be established at this
point. However, some navigation anchors are likely to be recognition errors,
which will simplify navigation to those particular errors. This may also sim-
plify navigation to some other errors since we know that more than 70% of all
recognition errors are immediately adjacent to other recognition errors. Clearly,
navigation anchors will be more useful if they are near recognition errors. To
effectively analyze the efficacy of a set of navigation anchors, we must consider
how they will be used. Therefore, we developed a simulation to determine which
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commands would be required to navigate to a predefined set of recognition
errors.

For our preliminary analysis, we used the data described earlier. This pro-
vided 120 documents including approximately 67000 words with a recognition
error rate of approximately 17%. The recognition errors that served as naviga-
tion targets for our simulation included both substitutions (where the incorrect
word was displayed on the screen) and deletions (where the word was omitted
from the resulting document). The simulation was designed as follows.

While the proposed navigation mechanism includes six commands (i.e. next,
previous, move up, move down, move left, move right), only three were used in
the initial simulation: next, move right, and move left. Since we do not anticipate
that “move up” and “move down” will be used often and their effects are deter-
mined by the screen size and font size, these commands were not included in the
initial simulation. Since “previous” is only useful if the “move down” command
is available, this command was also excluded from the initial simulation.

When proofreading a document, navigation anchors are highlighted and the
cursor is positioned such that it corresponds to the first navigation anchor. For
the simulation, the cursor is moved to each recognition error, in the order they
appear in the document, until the final error is reached. Three approaches can
be used when moving to a recognition error:

1. The “move right” command is issued repeatedly until the next recognition
error is highlighted.

2. The “next” command is issued one or more times until the cursor moves to the
last navigation anchor before the next recognition error, or to the recognition
error itself if that is also a navigation anchor. Then “move right” is used as
necessary to move the cursor to the recognition error.

3. The “next” command is issued one or more times until the cursor moves to the
first navigation anchor following the next recognition error. Then “move left”
is used as necessary to move the cursor to the recognition error. A variant of
this approach, which only involves the “move left” command, is used to select
any recognition errors that may exist before the first navigation anchor. The
“move left” command addresses situations where the cursor must be moved
backwards from a navigation anchor to a recognition error.

All three solutions are evaluated, with the results being recorded for the
approach that requires the fewest commands. When two or more solutions re-
quire the same number of commands, the following preferences are used to
break ties. “Next” is preferred over both “move left” and “move right” for two
reasons. First, we anticipate a lower failure rate for “next” because it is a single
word and does not share the common word “move” with the other commands.
Second, given an observed recognition error rate of 17%, a “move” command
should place the cursor on a recognition error only 17% of the time. In contrast,
we anticipate much higher precision for our navigation anchors. Assuming the
use of the “next” command does not break the tie, we prefer solutions that use
“move right” instead of “move left.” This is due to the simple fact that “move
left” means that the cursor was moved beyond the target and is being moved
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back to the target. We believe this will be less natural than alternatives that
use “move right.”

In addition to the 11455 recognition errors for which we have confidence
scores, 677 more words were omitted from the resulting documents due to recog-
nition errors. When words are omitted, we expect users to navigate to the word
immediately before or after where the omitted word should have been. The sim-
ulation was designed to navigate to omitted words in the same way. Therefore,
our simulation navigates to 12132 targets within a set of 66950 words.

Three approaches were evaluated for defining navigation anchors. The first
method uses the raw confidence score (CS) of the “most likely” word. Thresholds
of −6 to +2 are reported for raw confidence scores. The second uses the differ-
ence between the confidence score (DCS) of the “most likely” word and the “best
alternative.” Thresholds of −2 to +3 are reported for differences in confidence
scores. A third approach, where every nth word (Fixed) is used as a navigation
anchor, was included for comparison purposes. Results are reported for values
of n ranging from 2 to 10. We did not anticipate that the “fixed” strategy would
be selected for use, but included it to allow the potential benefits of the CS and
DCS techniques to be highlighted. The key difference is that the CS and DCS
techniques attempt to exploit the limited information that is available through
confidence scores while the fixed approach does not.

We began by using two major criteria to evaluate the different tech-
nique/threshold combinations. First, we considered the number of successful
commands required to reach all recognition errors. Clearly, an approach that
requires fewer commands has the potential to be more efficient. Next, we ex-
amined the composition of the navigation commands required. While we eval-
uated the number of commands first, the specific commands that are required
can have a significant impact on the efficacy of any given solution. For exam-
ple, in earlier studies we confirmed that different types of commands result
in different failure rates and that the consequences of these failures can vary
dramatically between commands [Sears et. al. 2003]. Assuming that a similar
number of commands is required, higher failure rates or more severe conse-
quences can result in less efficient interactions and decreased satisfaction. As
discussed above, solutions that make greater use of the “next” command are
preferred. Assuming “next” is used with equal frequency, we prefer solutions
that use “move right” over those that use “move left.” The importance of com-
mand composition is further illustrated below in the analysis of failure rates
from our empirical study.

We do not claim that these are the only two criteria that should be considered,
and we acknowledge that other criteria may ultimately prove more important.
In this paper, we present these criteria as those that we believe will ultimately
prove valuable when deciding how to define navigation anchors. In the sec-
tions that follow, we use these criteria to select a specific technique/threshold
combination for further investigation. Given the difficulties others have expe-
rienced using confidence scores to support error correction activities, we aim
to demonstrate the efficacy our new speech-based navigation technique. We
do not view this as a definitive evaluation of this technique and acknowledge
that additional studies will be required to compare it to other solutions, explore
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Fig. 4. Average number of navigation commands required when using different navigation anchor
thresholds and techniques.

alternative methods of defining navigation anchors, and evaluate the effective-
ness of the technique when integrated into a complete dictation system.

6.4 Number of Commands Required

Figure 4 illustrates the average number of commands required for per target
when using various thresholds with each of the three anchor-definition tech-
niques described above. All three techniques result in a “U” shaped curve, con-
firming that a threshold that is too high or too low would result in additional
commands being required.

The DCS technique, with a threshold of 1, minimized the number of navi-
gation commands required (2.12 commands on average). Since the recognition
errors cannot be considered independent events, we used the Wilcoxon Z score
pairwise non-parametric test and identified four additional thresholds that pro-
vided results that did not differ significantly from this minimum. The four ad-
ditional thresholds included the threshold of 0 when using the DCS technique
and the thresholds of −3, −2, and −1 when using the CS technique. The aver-
age number of navigation commands required ranged from 2.12 to 2.24 for this
set of five thresholds.

Since the number of data points for the statistical analysis is extremely large,
the statistical test is sensitive to small differences. For example, the difference
between the thresholds of 1 and 2 using the DCS technique is statistically
significant. However, for a document of 400 words (the average size of the docu-
ments created by our participants) with 17% recognition error rate, increasing
the threshold to 2 results in less than one additional command being required
to reach all of the recognition errors. Since users are extremely unlikely to
notice such small differences, we expanded the set of technique/threshold com-
binations that we investigated to include all combinations where the average
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Table III. Thresholds that Provide Similar Average
Navigation Distance

Average Number of Navigation
Technique/Threshold Commands Required
CS/−3 2.24
CS/−2 2.18
CS/−1 2.17
DCS/0 2.17
DCS/1 2.12
DCS/2 2.18
Fixed/6 2.20
Fixed/7 2.21
Fixed/8 2.23

number of commands is less than or equal to 2.24 (the upper bound of our
original set of solutions). This provided a set of nine technique/threshold com-
binations to consider as illustrated in Table III.

6.5 Command Composition

To select a specific threshold to use for our initial implementation, we analyzed
the commands used for each technique/threshold combination. As discussed
above, the “next” command is preferred over either of the “move” commands.
As illustrated in Table IV, the DCS/2 combination provided the best results
with “next” accounting for over 71% of all of the commands issued and “move
left” accounting for less than 6% of the commands. Given these results, we
employed the DCS/2 combination to define navigation anchors in the current
investigation. However, it is important to note that given the magnitude of the
differences that exist between some of the technique/threshold combinations,
we do not believe that users would necessarily be able to differentiate between
all of the possible solutions. In fact, we believe it is unlikely that any single
solution will prove optimal. Instead, we assert that a set of techniques can be
used to define navigation anchors that will allow for more effective interac-
tions as compared to those that result when other techniques are used to define
navigation anchors. Through our analysis, we suggest that the number of com-
mands as well as the composition of those commands will help determine the
efficacy of a given technique/threshold combination. Given our current analy-
sis, we present the DCS/2 combination as one approach that likely belongs to
the set of solutions that proves to be effective. Determining which other solu-
tions will also allow for effective interactions, and which will not, will require
multiple empirical comparisons with other technique/threshold combinations.

7. AN EMPIRICAL EVALUTION

The purpose of this study was to provide a preliminary evaluation of the pro-
posed navigation technique. This can only be viewed as a preliminary evalua-
tion for three reasons. First, our participants completed the error detection and
navigation activities, but did not actually correct the errors. While we recognize
the limitations that result from this decision, we felt it was necessary given the
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Table IV. Command Composition Using Different Technique/
Threshold Combinations (Represented as Percentages of the

Total Number of Commands Required)

Technique/Threshold Next Move Right Move Left
CS/−3 42.4 44.5 13.1
CS/−2 49.3 39.1 11.5
CS/−1 56.2 33.9 9.8
DCS/0 47.2 40.8 12.0
DCS/1 60.3 31.3 8.4
DCS/2 71.1 23.3 5.6
Fixed/6 46.0 46.3 7.7
Fixed/7 39.1 54.3 6.6
Fixed/8 35.9 53.0 11.1

additional complexities that exist when users complete the entire error cor-
rection process. More specifically, existing solutions for actually correcting the
errors often result in cascading errors which, in turn, result in additional nav-
igation and error correction activities. At this point, given the difficulties that
other researchers experienced using confidence scores to support error correc-
tion activities, we aim to provide an initial validation of this approach. If our
results confirm that users can navigate within their documents effectively, ad-
ditional studies will investigate alternative techniques for defining navigation
anchors as well as approaches for integrating improved error correction support
into our navigation technique.

Second, we chose a navigation anchor selection technique and threshold
based upon our expectations of how users will react to this interface. Since
it is possible that user reactions will differ from our expectations, a different
selection technique or threshold may result in improved performance. While
we believe that results from the current study will provide insights into the
efficacy of this technique, additional studies will be required to further evalu-
ate alternative technique/threshold combinations. If the current study provides
negative results, this may indicate that the approach itself is flawed or that a
different technique/threshold combination is required.

Third, our participants only interacted with this new navigation technique
twice: one practice session and one experimental session. Our results represent
novice performance and any comparisons with earlier studies must take this
into consideration.

7.1 Methods

7.1.1 Participants. Twelve participants took part in this study. All partic-
ipants were native English speakers with no documented physical, cognitive,
visual, hearing, or speech impairments. None of the participants had prior ex-
perience using commercial speech recognition products for dictation-oriented
activities. Five participants were female and the average age was 19.4 years.

7.1.2 Apparatus. Participants interacted with a custom version of an in-
ternally developed speech recognition application, TkTalk 3.0, which uses IBM’s
ViaVoice speech recognition engine (millennium edition). TkTalk 3.0 was a
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modified version of the software used in our earlier studies (e.g. Sears et al.
[1999]; Feng et al. [2003]). TkTalk 3.0 provided two modes of interaction. In the
first, users could dictate new text. In this mode, the only commands were “Go to
sleep” and “Proof document.” The speech recognition software could be disabled
temporarily using the “Go to sleep” command. To review new dictation (since
the document was last proofread), users issued the “Proof document” command.

Once users entered the “Proof document” mode, navigation anchors were
highlighted by making the text gray instead of the normal black. The high-
lighting for navigation anchors was intended to be subtle to avoid attracting
too much attention. If any navigation anchors existed, the first anchor was se-
lected. If there were no navigation anchors, the first word dictated since the
last time the user proofread the document was selected. A small dialog box,
representing the error correction mechanism that would be integrated into a
complete version of this system, was displayed next to the selected word. In the
current implementation, this dialog box simply listed the available commands.

Users could issue any of the six navigation commands (i.e. next, previous,
move right, move left, move up, move down) to change the word that is currently
selected. Once a navigation anchor had been used (i.e. selected as a result of one
or more navigation commands), the highlighting was removed and it no longer
served as a navigation anchor. When a recognition error was selected, the user
issued the “correct” command that simply marked that word as being corrected.
For words omitted due to a recognition error, the user was supposed to select the
word immediately preceding or following where the omitted word should have
been and then issue the “insert” command. This highlighted the selected word
to indicate that the insertion was acknowledged. The “clear” command could
be used to undo erroneous “correct” or “insert” commands. The “close dialog”
command allowed the user to discontinue proofreading and continue dictating.

7.1.3 Tasks and Procedure. Each participant completed a practice session
followed by a single experimental session. In each session, participants com-
posed documents of approximately 400 words, marking any recognition errors
using the proofreading mode. Prior to the practice session, participants were
guided through the ViaVoice enrollment process. Next, the commands available
within TkTalk were demonstrated and participants were allowed to become
acquainted with the software for about 10 minutes. Finally, the participants
completed their practice task. Users were finished as soon as they dictated
the entire document and indicated that they had marked all of the recognition
errors. Participants returned the next day to complete the experimental ses-
sion. No additional training or practice was provided before the experimental
session.

Pilot study results suggested that users found it difficult to remember and
correct what they had dictated if they waited until the entire 400-word docu-
ment was complete. Therefore, we instructed participants to delay error cor-
rection and proofread the document whenever they finished dictating 20% to
25% of the document or approximately one paragraph. While processing the
input speech, the recognition engine depends on both the acoustic model and
the grammar to generate the best guess of the words that users speak. While

ACM Transactions on Computer-Human Interaction, Vol. 11, No. 4, December 2004.



Using Confidence Scores to Improve Hands-Free Speech Based Navigation • 349

acknowledging that delaying error correction may result in some loss of context
(due to earlier recognition errors that have not been corrected), this should also
allow for more natural speaking patterns (by reducing the number of times
speech is interrupted). More importantly, our empirical results confirm that
this tradeoff appears to result in recognition error rates remaining stable at
17%. Of course, the specific approach we employed may not be the most effec-
tive solution; questions remain as to how much text should be dictated before
proofreading the document and correcting the errors. Additional studies will be
required to address these questions.

7.2 Results

Similar to our earlier studies, we found that approximately 17% of all words
dictated were recognized incorrectly. In this section, we discuss the average
number of navigation commands required to reach each target, the composition
of the commands utilized, and failure rates for these commands. Interestingly,
while our participants found and marked 85% of the recognition errors that
existed, they also marked several words that were not recognition errors. While
some of the missed recognition errors should have been marked for correction,
others represented situations where the resulting text was actually correct.
Two examples include

User: “The. . . the cat was black” System: “The cat was black”
User: “The cat is. . . was black” System: “The cat was black”

In both situations, recognition errors occurred but the resulting text matched
what the user wanted. To ensure objectivity, our analysis required participants
to mark both of these errors. However, it is important to note that finding this
type of error is difficult since the resulting text looks, and is, correct. Similarly,
some of the non-errors that users marked represented situations where they
changed their mind. The system recognized what they said, but the user decided
that different words would have been better. These initial observations confirm
that it is critical for future studies to support the complete error detection,
navigation, and correction processes.

7.2.1 Number of Navigation Commands Required. A total of 1614 success-
ful navigation commands were issued as users navigated to and marked a total
of 716 words as needing to be corrected. On average, participants issued 2.25
navigation commands to reach each of the targets. This is very close to the
results of the simulation reported above where 2.18 commands were required.

7.2.2 Command Composition. As illustrated in Table V, while “next” ac-
counted for more than half of the navigation commands issued, it was used
less frequently than predicted by the simulation. The “move down” command,
which was not included in the simulation, accounted for 10% of all navigation
commands. This suggests that, with the current screen size and font size, it
is not uncommon for one full line of text with no recognition errors. Given the
recognition error rates observed (17%) and our earlier analysis of how recogni-
tion errors are clustered, we would expect to find one recognition error sequence

ACM Transactions on Computer-Human Interaction, Vol. 11, No. 4, December 2004.



350 • J. Feng and A. Sears

Table V. Command Composition and Failure
Rates of the Empirical Study Result

Command % of Commands Failure Rate
Next 52.9 0.8
Move right 20.4 8.6
Move left 13.5 7.2
Move down 10.0 7.4
Move up 0.6 30.8∗

Previous 2.5 4.7
∗This is not considered a representative value given how
infrequently “Move Up” was used.

every 11 words. The current screen configuration results in approximately eight
words per line, suggesting that it is reasonable to expect the “move down” com-
mand to be used. These results also suggest that the “move down” command
should be integrated into future simulations. “move up” and “previous” are used
less frequently and are therefore, less important for the simulation.

7.2.3 Navigation Command Failure Rates and Consequences. Table V
also includes failure rates for each of the six navigation commands used in
this study. For comparison purposes, an earlier study with enhanced navi-
gation commands still found failure rates of over 20% for target-based nav-
igation (e.g. select Friday) and approximately 5% for simple direction-based
navigation (e.g. move up) when users created similar sized documents [Feng
et al. 2003]. Using the new technique, on average only 3.23% of the com-
mands issued failed, but failure rates varied between commands. As ex-
pected, “next” resulted in very few failures. “previous” also had a low fail-
ure rate, as it was unlikely to be confused with any of the other commands.
“move up” command was used infrequently. Because of the limited number
of times this command was issued, and the substantially lower failure rates
observed for all of the other commands, the 30% failure rate reported in
Table V is not considered representative of what would occur during normal
use.

Our earlier studies also highlighted the importance of the consequences users
experience when commands fail [Feng et al. 2003]. For example, failed target-
based commands moved the cursor to the wrong location approximately 35%
of the time and actually changed the content of the document almost 37% of
the time. Failed direction-based navigation commands moved the cursor to the
wrong location only 12% of the time, but changed the content of the document
almost 75% of the time. In contrast, when the navigation commands used in
the current study failed, they moved the cursor to the wrong location only 8%
of the time and only changed the content of the document approximately 1%
of the time. Over 90% of the failed navigation commands were simply ignored
by the system, suggesting that the consequences are less severe in the current
study.

The differences observed in Table V provide further support for using com-
mand composition as one of the factors when selecting the technique to be used
when defining navigation anchors. For example, it could be argued that CS/−2,
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Fixed/6, and DCS/2 all require about the same number of commands, and as
a result, users would not notice any difference in performance. However, when
the distribution of commands is considered in conjunction with the failure rates
listed above, we can begin to differentiate these solutions. Given the predictions
in Tables III and IV, as well as the results in Table V, we can predict average
command failure rates of 4.6% for CS/-2 and 4.9% for Fixed/6. In contrast, the
predicted failure rate for DCS/2 is only 3.0%.

7.2.4 Time Spent Dictating and Navigating. Our current goal is to confirm
the potential of this new speech-based navigation mechanism. Assuming the po-
tential of the technique is confirmed, the technique would be refined such that
we have additional confidence in the specific set of navigation anchors being
presented, and additional empirical studies would be conducted. The average
number of commands required, the composition and failure rates of those com-
mands, and the satisfaction results described below are all encouraging. One
additional set of measures, time spent dictating and on navigation activities,
may also provide useful insights.

In an earlier study, we had users complete the same composition tasks us-
ing improved versions of traditional navigation commands [Feng et al. 2003].
Note that, in this earlier study, users completed the entire correction process.
As a result, direct comparisons must be viewed with caution. For comparison
purposes, we extracted the time users spent dictating as well as the time users
spent on navigation activities from both our earlier study and the current study.
In the earlier study, users spent an average of 28.6 minutes on dictation and
navigation to create 400 word documents. More precisely, they spent 19.3 min-
utes dictating text and 9.3 minutes on navigation. In contrast, participants in
the current study completed the same task, spending only 19.6 minutes on dic-
tation and navigation combined with 12.0 minutes of dictation and 7.6 minutes
of navigation. These results are encouraging for two reasons. First, encourag-
ing users to dictate larger quantities of text before correcting errors appears to
significantly reduce the total time users spent composing text. Second, there
was an 18% reduction in the amount of time spent on navigation.

7.2.5 User Perceptions. Subjective measures of participant attitudes to-
ward the new proofreading-based solution were collected at the end of the ex-
perimental trial. Participants were asked
� how easy it was to complete the task,
� how easy it was to complete the required navigation activities,
� how satisfied they were with the time required to complete the task,
� how easy this solution was to use compared to their normal data entry solu-

tion, and
� how fast this solution was compared to their normal data entry solution.

Responses were provided using a Likert-style scale ranging from 1 (most
positive response) to 5 (least positive response). All participants defined their
“normal method” as being the keyboard and mouse. Participant responses were
surprisingly positive, especially when compared with earlier results where
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Table VI. Average Number of Commands and Command Composition of the Empirical Study
Result and Simulation Results

Revised Revised
Simulation Simulation Revised Revised

100% Optimal 100% Optimal Simulation Simulation
Empirical Solution Solution 75% Optimal Without any

Command Results (Test Data) (Test Data) (Empirical Results) Anchors
Next 53 55 50 56 0
Move right 20 26 28 22 70
Move left 14 7 13 12 15
Move down 10 11 8 8 15
Move up 1 0 0 0 0
Previous 3 2 2 2 0
Average # 2.25 1.92 2.24 2.34 2.92
commands

traditional computer users felt that speech recognition was much slower and
more difficult to use than a keyboard and mouse when completing these same
tasks [Sears et al. 2001]. Overall, participants felt that it was easy to com-
plete this task (mean = 1.92, stdev = 0.79) and that the navigation activities
were easy to complete (mean = 2.00, stdev = 0.85). They also rated the total
time required to complete this task as acceptable (mean = 1.75, stdev = 0.62).
Comparisons with their “normal” data entry technique (all participants identi-
fied the keyboard and mouse as their normal solution) were also encouraging
when compared with earlier results. Our speech-based solution was rated as
easy to use (mean = 2.00, stdev = 1.13) and similar in speed (mean = 2.67,
stdev = 1.30) as compared to a keyboard and mouse.

8. SIMULATION REVISITED

Since the empirical study result demonstrated that participants did use the
“move down” command frequently, our initial simulation design, which did not
include the “move down” command, must be refined. Therefore, we revised our
original simulation to integrate the use of the “move down” command. We as-
sumed the same screen size and font size as was used in the experiment. When-
ever the cursor is not on the same line as the next recognition error, we consider
a fourth navigation solution, which includes the “move down” command. With
this approach, “move down” is used to reach the line that the error is on, and
then “next”, “previous”, “move right”, and “move left” are used to navigate to
the error in the most efficient way possible.

We ran the revised simulation on the original data pool of more than 67,000
words. As illustrated in Table VI, the predicted command composition is sub-
stantially closer to what was observed in the empirical study. However, the pre-
dicted number of commands required is 15% lower than the empirical result.
We believe the reason for this discrepancy is that the simulation always adopts
the optimal approach (i.e. minimizes the number of commands), but users are
unlikely to choose the optimal approach every time. To test this hypothesis,
we adjusted the simulation to randomly select a subset of the recognition er-
rors for which the second best navigation solution is used. Using the optimal
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solution for 75% of the errors, and the second best solution for the remaining
25% of the errors, results in effective predictions for both the average number
of commands required and the composition of those commands (see Table VI).

Based on these results, we applied the revised simulation—selecting the
optimal solution 75% of the time—to the results of our empirical study. As
illustrated in Table VI, the prediction for the average number of commands
required is within 4% of the observed result. Further, the predicted command
composition is similar to the observed results. These results suggest that the
revised simulation, tuned to select the optimal solution 75% of the time, may
prove effective when modeling user interactions with this navigation solution.

To further validate the efficacy of navigation anchors, we also used the sim-
ulation to predict the outcomes when no anchors are defined. As shown in
Table VI, users need approximately 2.9 commands to reach each error when
using only the four “move” commands. This alone, suggests that navigation an-
chors should reduce the number of commands required for navigation. Further,
in the absence of navigation anchors, only “move” commands can be used, which
is likely to result in increased recognition errors.

To summarize, the empirical evaluation confirmed that confidence scores
could be used to facilitate navigation. However, it does not suggest that the
threshold or technique we used to define navigation anchors is the best alter-
native. A set of techniques or thresholds could define navigation anchors that
will prove effective. It is also possible that criteria beyond the two we consid-
ered (i.e. number of commands and the composition of those commands) could
prove useful when selecting an approach for defining navigation anchors. Some
criteria that may prove useful include the number of words highlighted, the
distribution of the words highlighted, and the number of recognition errors
highlighted. Determining the most appropriate method for defining navigation
anchors will require additional empirical studies and is suggested as a promis-
ing direction for future research.

9. CONCLUSIONS

In the context of dictation-oriented activities, existing speech-based error cor-
rection techniques tend to be error prone and time consuming. While numerous
researchers have expressed interest in using confidence scores to support the
error correction process, even the most recent attempt to do so failed to show
the desired benefits [Suhm et al. 2001]. Our data suggest, as did Suhm et al.
[2001], that confidence scores are not likely to be effective if the focus is on er-
ror detection. More importantly, users appear to find the error detection process
acceptable [Sears et al. 1999], suggesting that error specification and correc-
tion activities may be a more appropriate focus. The current article focused
explicitly on error specification, leaving error correction as the focus of future
studies.

Our earlier results confirm that the challenge is to develop efficient naviga-
tion techniques that use short, fixed, commands. Navigation anchors were intro-
duced as a means of providing increased efficiency without introducing signifi-
cantly higher failure rates. Various methods could be used to define navigation
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anchors. Our simulation results indicated that the DCS technique is promis-
ing when using a threshold of 2. The subsequent empirical study confirmed
that users could specify erroneous words efficiently, the required navigation
commands resulted in low failure rates, and the consequences of failed nav-
igation commands were minimal. Users generally felt that the technique is
easy to use and efficient. A preliminary comparison shows that the new tech-
nique outperforms the existing navigation approaches in terms of command
failure rate, failure consequences, efficiency, and user satisfaction. A revised
simulation further validates the new technique, providing an accurate tool for
predicting users’ command usage activities.

This initial evaluation highlights the potential of our new anchor-based so-
lution for speech-based navigation as well as the potential of using confidence
scores when defining navigation anchors. However, these results do not nec-
essarily confirm that the anchor definition technique/threshold combination
explored is the best solution. We do not believe it is likely that there will be a
single optimal method of defining navigation anchors. Instead, we believe it is
likely that there will be a collection of approaches that will allow for effective
speech-based navigation in the context of dictation-oriented applications.

Results from this study also highlighted several directions for future re-
search. First, future studies should support the entire error correction process.
This is motivated by two observations: (1) some recognition errors should not
be corrected and (2) some words that are correct will need to be changed. It is
also motivated by the possibility that difficulties users experience during cor-
rection activities may influence their navigation activities. Controlled empirical
studies, comparing the new technique with existing solutions, such as McNair’s
navigation technique, will provide useful information into the efficacy of this
new technique.

The results reported above highlight a practical, implemented, example of
how confidence scores can be used to support the navigation process in the event
that a common desktop-sized display and traditional pointing devices are either
unavailable or inappropriate. Perhaps even more important is the initial valida-
tion of our new navigation anchor-based approach to speech-based navigation.
While interesting, we do not believe these results are definitive or final. Addi-
tional studies are required, not only to address the issues highlighted above,
but to more thoroughly evaluate the efficacy of various navigation anchor def-
inition technique/threshold combinations. While we focused on the number of
commands required and the composition of those commands, other factors may
also be important. Marking words as navigation anchors may distract users,
suggesting that using fewer anchors could prove more effective. Fewer anchors
could also result in users issuing more commands, but this may be an accept-
able tradeoff if anchors are sufficiently distracting. It is possible that having
some anchors correspond to recognition errors and others correspond to words
that were correct could also lead to confusion. Therefore, it is important that
additional studies provide insight into how navigation anchors facilitate, and
hinder, the process of detecting recognition errors. Further, we completely sepa-
rated dictation from editing. As a result, users were not allowed to do any inline

ACM Transactions on Computer-Human Interaction, Vol. 11, No. 4, December 2004.



Using Confidence Scores to Improve Hands-Free Speech Based Navigation • 355

correction (e.g. using “scratch that” to delete the last word if it was incorrect)
as they dictated. A hybrid system that provides users with limited inline edit-
ing capabilities along with more comprehensive proofreading capabilities may
prove interesting. Finally, our navigation anchor definition technique/threshold
was defined prior to the study and did not change. It would be interesting to
develop a technique that adapts as users proofread documents, with the goal
of defining more effective navigation anchors. While many interesting issues
remain to be studied, the results reported above clearly demonstrate the po-
tential of navigation anchors as well as the potential of using confidence score
data to guide the speech-based navigation process.
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