
On the Intelligibility of Fast Synthesized Speech for
Individuals with Early-Onset Blindness

ABSTRACT
People with visual disabilities increasingly use text-to-speech
synthesis as a primary output modality for interaction with
computers. Surprisingly, there have been no systematic com-
parisons of the performance of different text-to-speech sys-
tems for this user population. In this paper we report the
results of a pilot experiment on the intelligibility of fast syn-
thesized speech for individuals with early-onset blindness.
Using an open-response recall task, we collected data on
four synthesis systems representing two major approaches to
text-to-speech synthesis: formant-based synthesis and con-
catenative unit selection synthesis. We found a significant
effect of speaking rate on intelligibility of synthesized speech,
and a trend towards significance for synthesizer type. In
post-hoc analyses, we found that participant-related factors,
including age and familiarity with a synthesizer and voice,
also affect intelligibility of fast synthesized speech.

Categories and Subject Descriptors
K.4.2 [Social Issues]: Assistive technologies for persons
with disabilities; I.2.7 [Natural Language Processing]:
Speech recognition and synthesis

General Terms
text-to-speech synthesis, fast speech

1. INTRODUCTION
People with visual disabilities increasingly use text-to-speech
synthesis rather than Braille as a primary output modality
for interaction with computers. In fact, they probably rep-
resent the second largest user population (after developers
of interactive voice-response systems) for text-to-speech syn-
thesis. As they become expert users of synthesized speech,
they may listen to the speech at speeds multiple times real
time [2]. Consequently, they may have different performance
metrics for text-to-speech systems than other user popula-
tions (e.g. they tend to prefer intelligibility over natural-
ness). They tend to have strong preferences for a particular

synthesizer and voice1, based partly on familiarity but also
perhaps on suitability of the engine or voice for their needs.
Although some studies have analyzed the intelligibility of
fast speech in general (e.g. [11, 12, 14, 15, 20]), there have
been no comprehensive comparisons of the performance of
text-to-speech systems for people with visual disabilities.

In this paper we report the results of a pilot experiment eval-
uating, for individuals with early-onset blindness, the intelli-
gibility of synthesized speech across text-to-speech synthesis
engines, voices and approaches. The goals of our research
are to:

• Empirically identify the best text-to-speech engines for
people with visual disabilities who listen to fast syn-
thesized speech.

• Identify whether gender of the voice affects intelligibil-
ity of fast synthesized speech.

• Identify whether the method of synthesizing speech af-
fects intelligibility of fast synthesized speech.

• Identify good metrics for evaluating the quality of text-
to-speech synthesis for people with visual disabilities.

We hope that the answers to these questions will help drive
research on text-to-speech synthesis for this user population.

The rest of this paper is structured as follows: In Section 2,
we summarize the findings of previous work on the intelli-
gibility of fast synthesized speech. In Section 3, we present
the design of our pilot study, and in Section 4 we present
the results. In Section 5 we conclude and summarize our
current work and ideas for future research in this area.

2. RELATED WORK ON FAST SPEECH
Research on the intelligibility of fast speech in individuals
with normal vision has shown that:

• Natural speech is more intelligible than synthesized
speech [18].

1See, for instance, the blog post by Sean Randall titled “Be-
ing eloquent about Eloquence: a formant toast”, published
January 31, 2009 at http://randylaptop.com/blog/being-
eloquent-about-eloquence-a-formant-toast/.



Figure 1: Demographic survey, including questions
about participant age, English speaking ability, and
experience with text-to-speech synthesis systems

• Linearly time compressed synthesized speech is more
intelligible than both uncompressed fast natural speech
and ‘naturally compressed’ synthesized speech [11] (cf.
[15], who used subjective judgments rather than recall
to evaluate intelligibility).

• Linearly time compressed natural speech is more in-
telligible than linearly time compressed synthesized
speech [14].

• The intelligibility of fast speech can be affected by
listener-related factors including age, hearing ability,
language fluency, and familiarity with the synthesis en-
gine and voice [12, 20].

In recent work, Papadopoulos et al. show that individu-
als who are blind are better at understanding synthesized
speech than individuals who are sighted [18]. Individuals
who are blind are also more likely to use synthesized speech
as a primary output modality than individuals who are sighted,
due to the widespread use of screen readers such as JAWS
and WindowEyes. When used as a primary output modal-
ity in a screen reader, synthesized speech is often sped up
to multiple times real time. However, surprisingly little re-
search has been done on the intelligibility of fast speech for
individuals who are blind.

Asakawa and colleagues performed an experiment on the
intelligibility of linearly time compressed natural speech in
listeners who are blind [2]. They used a recall-based ex-
perimental methodology. Their experiment involved only a
small number of participants, but they were able to divide
their participants into expert users of synthesized speech and
novice users of synthesized speech. They found that expert
users can recall 90% of SUS content at about 2.5 times, and
novice users at about 1.6 times, the default speaking rate of
a Japanese TTS system.

Figure 2: SUS screen, which contains a link to the
experiment instructions, a button to play the SUS
speech, and a text area to type the transcription of
the SUS speech

Moos and Trouvain compared fast synthesized speech to lin-
early time compressed natural speech in sighted listeners and
blind listeners who were proficient users of a formant-based
synthesizer [16]. In contrast to other research, they found
that intelligibility of fast synthesized speech was lower than
that of linearly time compressed natural speech for sighted
listeners, while higher for blind listeners. However, their
method for evaluating intelligibility was via subjective judg-
ments rather than recall, and listeners may not be very good
at judging intelligibility. Also, the sighted listeners listened
to slower speech than the blind listeners.

Nishimoto and colleagues compared several methods of syn-
thesizing fast speech using a hidden Markov model (HMM)
based synthesizer that separately models F0 and phone du-
ration. They compared models trained on fast natural speech
and normal-rate natural speech, used in combination with a
rapid speech model, which can produce speaking rates from
real time to 1.6 times real time. Their experiments included
4 individuals who are blind. They found that models trained
on fast natural speech produce more intelligible speech than
models trained on normal-rate natural speech as the speak-
ing rate increases [17]. None of these models correspond
directly to linearly time compressed speech, so the results
are not directly comparable to the other work mentioned
here.

In summary, although we have some information about how
people who are sighted and people who are blind process
fast natural speech and fast synthesized speech, previous re-
search does not give a user or developer of speech synthesis
technology guidelines about choosing the “best” synthesis
approach or engine, or about where to focus development
efforts to get the biggest performance improvement of syn-
thesis systems for individuals with visual disabilities.

3. EXPERIMENT
In this section, we describe the pilot experiment we ran. We
followed a proposed standard developed for testing text-to-



Synthesizer Type Bandwidth Voice Number of participants
CTTS1 concatenative unit-selection 16 bit, mono 16kHz F 7

M 6
CTTS2 concatenative unit-selection 16 bit, mono 1600 Hz F 1

M 1
FTTS1 formant 16 bit, mono 11025 Hz F 2

M 5
FTTS2 formant 16 bit, mono 11025 Hz F 6

M 8

Table 1: Synthesizers used, with number of participants per voice per synthesizer

speech intelligibility by the ASA TTS Technology standards
committee (S3-WG91).

3.1 Task
We chose a open-response recall task for this experiment.
In this type of task, participants listen to a spoken stimu-
lus once and then transcribe what they think they heard.
In order to prevent participants from using context and
inference to identify words, rather than simply transcrib-
ing what they hear, we used semantically unpredictable
sentences (SUSs) as stimuli. These sentences are gram-
matically correct but semantically meaningless. Examples
include A polite art jumps beneath the arms and The law
that finished shows the boots.

The experiment was web-based. Participants were presented
first with a screen containing experimental instructions, sec-
ond with a form requesting demographic information (see
Figure 1), then with 6 training SUSs, and finally with 198
experimental SUSs. Each SUS was presented on its own
screen (see Figure 2). The participant clicked on a button
linking to an audio file to hear the SUS, and then typed the
transcription in the text box, using ‘xxx’ to indicate regions
of unintelligible speech.

3.2 Synthesis Engines
We tested two popular approaches to text-to-speech syn-
thesis: formant-based and concatenative unit-selection. A
formant-based synthesizer generates speech by systematic
variation of parameters including formant frequencies and
amplitudes, voicing and noise to synthesize audio for each
phoneme in the input. Formant synthesizers are widely
used in screen readers, and are thought by many in the
blind user community to be ‘clearer’ than other synthesiz-
ers. Well-known formant synthesizers include eSpeak [6],
ETI-Eloquence [9] and DECTalk [8].

A concatenative unit-selection synthesizer operates by select-
ing and concatenating speech units (uniform- or variable-
length speech segments) from a speech database to match
the input. Generally speaking, concatenative unit-selection
synthesizers produce the most natural-sounding speech. How-
ever, signal processing is required to speed the output of a
concatenative unit-selection synthesizer beyond rates that
a human speaker can produce. Well-known concatenative
unit-selection synthesizers include AT&T Natural Voices [3]
and IVONA [10].

Both approaches to speech synthesis typically incorporate
additional processes, e.g. to assign prosody or pronuncia-

tions to input text, and to speed up output speech before
play-back. These processes may have substantial impact on
the quality of the output speech, so it is hard to isolate
the performance of the synthesis algorithm from the perfor-
mance of the synthesis engine as a whole.

3.3 Participants
Participants were recruited via email and the web. We sent
email announcements to numerous organizations including
the American Foundation for the Blind and the National
Federation of the Blind; some of these organizations gra-
ciously forwarded our announcement to their membership.

We restricted participation in this experiment to individuals
with early-onset blindness (onset at <= 6 years of age),
because such individuals are likely to have different hearing
abilities from those with late-onset vision impairment [7].

Thirty-six participants completed our pilot study. Four were
under 25 years of age, twenty-five were between 25 and 50
years of age, and seven were between 51 and 65 years of age.
Four described themselves as using text-to-speech synthesis
systems ‘never’ or ‘occasionally’, four as using them ‘fre-
quently’, twenty-five as using them ‘very frequently’, and
three were not sure. The most commonly listed text-to-
speech engines used were ETI-Eloquence (fourteen partici-
pants), JAWS (which comes with ETI-Eloquence by default,
nine participants), and Apple VoiceOver’s default voice, Alex
(six participants). Thirty-four self-reported as being native
speakers of English. Thirteen listened using speakers, while
twenty-three used headphones.

3.4 Materials
For this experiment, we used two widely-available formant-
based synthesizers and two widely-available concatenative
unit-selection synthesizers (see Table 1). Because male and
female voices have different characteristics which may af-
fect intelligibility [13], we used male and female American
English voices for each synthesizer.

We used the University of Delaware SUSgen system [4] to
generate our SUSs. We used 204 SUSs (6 training SUSs,
198 test SUSs) covering the full range of phonemes observed
in English. SUS length ranges from 5 to 7 words with a
maximum of 10 syllables. Sentence frames include a variety
of syntactic structures.

Each synthesizer produced speech for each SUS at six dif-
ferent speeds ranging from 300 to 550 words per minute
at intervals of 50 words per minute. This corresponds to



roughly 1.5 times real time to 3 times real time (where ‘real
time’ is the synthesizer and voice’s default speaking rate).
SUSs were saved as .wav files and played back through the
browser in a pop-up window that opened when the partic-
ipant clicked a link in the SUS screen (see Figure 2). The
assignment of test SUSs to speeds, and the order of SUSs,
was randomized across participants. The test progressed in
blocks of 33 SUSs from 300 words per minute to 550 words
per minute in 6 50 word-per-minute steps. Listeners were
assigned a text-to-speech system and voice according to a
predetermined round-robin order.

3.5 Data Processing
The transcriptions were automatically processed to remove
punctuation and replace upper case letters with lower case
letters. For the analysis reported in Section 4.1, the tran-
scriptions were also automatically processed to remove ty-
pographic errors and unify spelling of homophones, using a
word list constructed by hand by one of the authors.

3.6 Issues With Experimental Design
Participants faced several issues with this experimental de-
sign. The two biggest issues had to do with audio playback
and experiment length. Numerous participants dropped out
of our pilot study due to these issues, giving an unbalanced
data set.

Participants could only listen to each spoken SUS once. Un-
fortunately, many screen readers indicate using speech that
a link has been clicked on, and this speech would overlap
with the SUS speech. We solved this by forcing a 5-second
pause between link clicking and start of audio playback; this
time is long enough for the screen readers used by our par-
ticipants to finish speaking.

The second issue was the length of the experiment. It takes
about one hour to listen to all 198 test SUSs. This is quite
a long time for a web-based experiment; furthermore, due
to the cognitive load of listening to and transcribing se-
mantically unpredictable sentences while interacting with
a screen reader and various pop-up windows, participants
were strongly encouraged to break up the task into multi-
ple sessions. In our current version of this experiment (see
Section 5), we have reduced the task length to 60 test SUSs.

4. RESULTS AND DISCUSSION
In this section, we report the results of our pilot study for our
main variables of interest (synthesizer type, voice gender and
speaking rate). We also report informal post-hoc analyses of
participant-related factors, and a comparison of alternative
methods for computing transcription accuracy.

4.1 Experiment Results
For our pilot experiment, we measured transcription accu-
racy using the cosine similarity between a reference tran-
scription for each SUS and the participant’s post-processed
transcription for the SUS (see Section 4.3). Figure 3 shows
a plot of results by synthesizer type and voice. FTTS2 ap-
pears to perform the best, with transcription accuracy over
0.8 for the male voice across all speaking rates. By contrast,
FTTS1 shows the steepest rate of decline as speaking rate
increases, from above 0.8 at 300 words per minute to below

0.4 at 550 words per minute for both male and female voices.
Performance for CTTS1 and CTTS2 also declines as speak-
ing rate increases, though less than for FTTS1. Except for
FTTS1, transcription accuracies appear to be higher for the
male voice for all synthesizers.

We ran a three-way mixed Anova with two between-subjects
variables: synthesizer type (2 levels, formant and concate-
native unit-selection) and voice gender (2 levels, M and F),
and one within-subjects variable: speaking rate (5 levels,
words per minute ranging from 300 to 500 at intervals of
502). There was a significant main effect for speaking rate,
F(4, 5760) = 59.9759, p < .001, such that transcription ac-
curacy declined as speaking rate increased. There was a
trend towards a main effect for synthesizer type, F(1, 5760)
= 3.2563, p = .08. There was no significant main effect
for voice gender, and there were no significant interaction
effects.

Looking at Figure 3, we see that one of the formant-based
synthesizers outperforms the other three, while the other
formant-based synthesizer shows the steepest decline in per-
formance as speaking rate increases. The performance of
the male voice for one of the concatenative unit-selection
synthesizers is similar to that of the female voice for the
best-performing formant-based synthesizer. We did post-
hoc analyses using t-tests to compare the performance of
individual synthesizers, and found significant differences in
performance between FTTS1 and FTTS2 (df = 2143, p <
.001), between CTTS2 and FTTS2 (df = 443, p < .001),
and between CTTS1 and FTTS2 (df = 4190, p < .001).

In general, Figure 3 seems to show that the male voices out-
perform the female voices except for the poorer-performing
formant-based synthesizer. The lack of a significant main
effect for voice gender may be due to the unbalanced nature
of our data.

Interestingly, although a speaking rate of 500 words per
minute is 2.5 times real time, transcription accuracies for all
synthesizers were still at or above 50%, in the range Asakawa
et al. define as acceptable [2].

4.2 Participant-Related Factors
We conducted post-hoc analyses to see if participant-related
factors mentioned in the literature also played a role in text-
to-speech intelligibility in our data.

Figure 4 shows average transcription accuracy across differ-
ent speaking rates for different participant age ranges. Par-
ticipants under 25 years of age had the highest transcription
accuracies, and transcription accuracy declined more grad-
ually as speaking rate increased (from 0.89 at 300 words
per minute to 0.71 at 550 words per minute). Participants
over 51 years of age had the lowest transcription accuracies
(from 0.74 at 300 words per minute to 0.37 at 550 words
per minute). These results agree with those reported in the
literature (e.g. [12]).

2Due an error in the experimental setup, we are missing
data for the 550 words per minute setting for CTTS1-M, so
we excluded all the 550 words per minute data from this
analysis.



Figure 3: Line graph showing transcription accuracy by synthesizer, voice gender and speaking rate

Figure 4: Line graph showing transcription accuracy
by speaking rate for different participant age ranges:
under 25, 25-50, and 51-64

Figure 6 shows average transcription accuracy across differ-
ent speaking rates for expert and non-expert users of text-
to-speech synthesizers. Participants who used synthesized
speech ‘frequently’ or ‘very frequently’ had the highest tran-
scription accuracies from 350 words per minute (0.83) to 500
words per minute (0.66). Participants who ‘never’ or ‘occa-
sionally’ used synthesized speech, or who were not sure, had
lower transcription accuracies from 350 words per minute
(0.76) to 500 words per minute (0.59).

Nine of the participants assigned to one of the voices of

Figure 5: Line graph showing transcription accuracy
by speaking rate for expert and non-expert users of
text-to-speech synthesizers

FTT2 self-reported as using FTT2. This may partly ex-
plain the very good results for FTT2. In fact, familiarity
with a synthesizer may negate or severely retard the nega-
tive impact on intelligibility of speaking rate; for the FTT2
male voice, transcription accuracy remains above 0.8 even
at 500 words per minute.

Figure 6 shows average transcription accuracy across differ-
ent speaking rates for native and nonnative speakers of En-
glish. Native speakers of English achieved higher transcrip-
tion accuracies at every speaking rate; furthermore, tran-



Figure 6: Line graph showing transcription accuracy
by speaking rate for native and nonnative speakers
of English

scription accuracy declined more slowly as speaking rate in-
creased.

Figure 7 shows average transcription accuracy by listening
equipment used by the participant across different speaking
rates. The lines are very similar, diverging only at 550 words
per minute. The potential impact of equipment appears to
be small except at the fastest speaking rates. It may be
that participants who use screen readers regularly have good
sound equipment.

4.3 Measuring Transcription Accuracy
Transcription accuracy can be measured as orthographic ac-
curacy (ability of the listener to reproduce exactly the words
that form the stimulus), corrected orthographic accuracy
(ability of the listener to reproduce the words that form the
stimulus, post-corrected for typographic errors and for ho-
mophones), or phonetic accuracy (ability of the listener to
reproduce the sounds in the stimulus). Furthermore, there
are multiple different ways to compare a reference transcrip-
tion (orthographic or phonetic) with a listener’s transcrip-
tion. In the analyses above, we used corrected orthographic
accuracy, measured using cosine similarity. However, in or-
der to do this we had to post-process the transcriptions to
account for homophones (e.g. pear, pair, pare) and spelling
errors (e.g. against, againest, aginst or apartment, appart-
ment). Participants in this study frequently made spelling
errors that involved dropping a letter or doubling a letter,
perhaps because they were listening to a screen reader re-
peat each character they typed. It takes time for an ex-
perimenter to construct a list of permissible substitutions
to post-process a set of transcriptions, and even then, word
boundary errors (e.g. about vs. a boat) persist3.

3The ASA TTS Technology standards committee’s proposed
standard calls for word boundary errors to be counted as
errors.

Figure 7: Line graph showing transcription accu-
racy by listening equipment (headphones or speak-
ers) and by speaking rate

We explored using other measures of orthographic or pho-
netic accuracy. To compute a quasi-phonetic representation
of the transcriptions, we used Double Metaphone [19], as im-
plemented in the Apache commons codec [1]. To compute
accuracy, we tried the following metrics, all implemented in
the freely-available Simmetrics package [5]:

• Cosine similarity – a word-based similarity metric
that computes the cosine distance between two vectors
representing the input strings

• Dice – a character bigram-based similarity metric;
given input strings s1 and s2, the dice coefficient is
2∗|common bigrams(s1,s2)|
(|bigrams(s1)||bigrams(s2)|)

• Jaro Winkler - a character-based similarity metric
that takes into account transposition errors; given in-
put strings s1 and s2, the Jaro Winkler score is

1/3*( |matching chars(s1,s2)|
|chars(s1)| + |matching chars(s1,s2)|

|chars(s2)| +
(|matching chars(s1,s2)|−|transpositions(s1,s2)|)

|matching chars(s1,s2)| )

• Levenshtein distance - a character-based similarity
metrics that counts the number of insertions, deletions
and substitutions required to turn input string s2 into
input string s1

In all cases, we used versions of these metrics normalized to
the length of the reference transcription.

We automatically processed each participant’s transcription
to obtain:

• Ortho-plain – a minimally-processed orthographic tran-
scription (remove punctuation and replace upper with
lower case)



• Ortho-processed – similar to ortho-plain, except that
a hand-created list of permissible substitutions cover-
ing common typographic errors and homophones was
also applied

• Phono-plain – a double-metaphone representation of
ortho-plain

Since Double Metaphone produces a single word as output,
and represents the order of phonemes in the transcription,
it does not make sense to use any metrics other than Leven-
shtein on the phono-plain version of a transcription. In addi-
tion, since we hope to replace a manually-constructed list of
substitutions with a robust similarity metric, it only makes
sense to compute Cosine on the ortho-processed version of
a transcription. Consequently, we computed similarities as
shown in Table 2.

The Cosine metric represents our best human-aided effort
at a similarity metric, so we are looking for an alternative
metric that is very closely correlated with Cosine. Table 3
shows the Pearson correlations between Cosine and the
other similarity computations summarized in Table 24. The
good news is that both Cosine-plain and Dice-plain are
highly correlated with Cosine; this means that we prob-
ably do not need to hand-author lists of spelling correc-
tions and homophone substitutions. JaroWinkler-plain
has the lowest correlation with Cosine: participants in this
experiment tended to drop or repeat letters, not swap them.
Levenshtein-plain is highly correlated with Cosine, but
not as highly as Cosine-plain or Dice-plain.

Levenshtein-phono is also highly correlated with Cosine,
though not as highly as we might expect. An examination of
the data indicates that the rules Double Metaphone uses to
create a quasi-phonetic representation of a string are over-
generous for our purpose, for example mapping word-final
/d/ and /t/ to the same character (while we want, e.g. send
and sent to be treated as different words). This means that
the phono-plain representations of two quite different strings
will be quite similar: consider why should the velmas in the
mont vs. why should the bell miss an amount (Cosine: .463;
Levenshtein-phono: .857), or the bags left between a small
coat vs. the bags leapt beneath the small coat (Cosine: .617;
Levenshtein-phono: .75). In future work, we may con-
sider more direct phonetic representations such as a phonetic
transcription from the input to a text-to-speech synthesizer
not included in our experiments.

5. CONCLUSIONS AND FUTURE WORK
In this paper, we report the results of a pilot study ex-
amining the impact of synthesis method, voice gender and
speaking rate on intelligibility of fast synthesized speech for
individuals with early-onset blindness. We found a signifi-
cant effect of speaking rate and a trend towards significance
for synthesizer type. In post-hoc analyses, we found that
participant-related factors also affect intelligibility of fast
synthesized speech. In particular, we confirmed prior re-
search showing that age affects ability to understand fast

4The order of similarity of the other metrics to Cosine re-
mains the same when Spearman rank correlations are used
as the measure of similarity.

speech. We also found some evidence that familiarity with
a synthesizer and voice may ameliorate the negative impact
of speaking rate on intelligibility of synthesized speech.

We are currently conducting an experiment that uses a mod-
ified version of the methodology used in our pilot study. In
particular, we have corrected issues pertaining to interfer-
ence between a screen reader and stimulus playback, and
have shortened the study. We are also including text-to-
speech engines that use a third synthesis method: Hidden
Markov Model (HMM)-based synthesis [21]. We intend to
collect data for this experiment until we have a balanced
data set covering two voices (male and female) for each of
at least two synthesizers for each of these three approaches
to text-to-speech synthesis. The ASA TTS Technology stan-
dards group is conducting a parallel study (using the same
experimental methodology) with participants who do not
have early-onset blindness.

In future work, we would like to further separate the syn-
thesis method from other components of the text-to-speech
synthesizer, particularly the signal processing for speeding
up speech. We can do this by collecting speech at a single
rate from multiple synthesizers (and, optionally, a human
speaker) and speeding it up as a separate process using dif-
ferent methods, including linear speed up and linear speed
up excluding pauses [16].

In this experiment, we evaluated intelligibility using a re-
call task, which is an approximation of close reading of a
text. People with visual disabilities who use text-to-speech
synthesis as a primary output modality also use the speech
stream for skimming/ gisting (e.g. skimming through emails,
skimming through a news story) and for search. It would
be interesting to look at whether the synthesis method or
method of speeding up speech affect usability of synthesized
speech for these and other alternative use cases. For exam-
ple, a study could be run in which participants are asked
to listen for a particular phrase or topic and then stop the
playback as soon as possible. Perhaps skimming and search-
ing are possible at higher speaking rates than close reading.
We leave these questions for future research.
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