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to anyone via commercial TTS platforms.1 The epoch of
everyday interaction with TTS voices is here.

ABSTRACT

The advancement of text-to-speech (TTS) voices and a rise of
commercial TTS platforms allow people to easily experience
TTS voices across a variety of technologies, applications, and
form factors. As such, we evaluated TTS voices for long-form
content: not individual words or sentences, but voices that are
pleasant to listen to for several minutes at a time. We introduce
a method using a crowdsourcing platform and an online survey
to evaluate voices based on listening experience, perception of
clarity and quality, and comprehension. We evaluated 18 TTS
voices, three human voices, and a text-only control condition.
We found that TTS voices are close to rivaling human voices,
yet no single voice outperforms the others across all evaluation
dimensions. We conclude with considerations for selecting
text-to-speech voices for long-form content.

Concurrently, with the availability of audio-based online content (e.g. news articles, audiobooks, and podcasts), the consumption of spoken audio has increased [18]. The percentage
of the United States population aged 12 and older listening to
online audio continues to increase, with an estimated 67%, or
167 million people, listening to online audio content monthly
in 2019. This audio consumption is driven by increases in
listening for both podcasts (51% of the population) and audiobooks (50% of the population) in the United States [18]. There
are similar audio-consumption trends outside the US [45]. In
this vein, new technology allows people to listen to articles
using TTS voices [39,51]. Furthermore, some publishers, such
as The Atlantic,2 Medium,3 and Wired4 are making professionally narrated versions of articles available for people’s
listening pleasure [42]. It can be assumed that more online
content will be provided by TTS voices, as long as the experience can be a pleasant and enjoyable one. A key dependency
for this growth, especially for long-form content, will be the
voice of the narration [23, 27].
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Despite robust tests and metrics that exist for assessing the
quality of TTS voices at the word, sentence, and paragraph
level [49], and signiﬁcant work around evaluation of voices
generated from a single dataset [5], there is a gap in understanding how to consistently evaluate TTS voices reading
long-form content such as news articles or audiobooks, which
require a voice that is pleasant to listen to for several minutes
at a time. In this paper, we contribute a method that will inform others in selecting a voice for long-form content. We
demonstrate its use through a large-scale evaluation of 18 TTS
voices, three human voices, and a text-only control condition.

INTRODUCTION

“I’m sorry, Dave, I’m afraid I can’t do that,” said HAL, the
voice interface-based computer in the movie 2001: A Space
Odyssey. In 1968, the movie’s creators imagined that by 2001,
we would live in a world where computers would be speaking
to us with human-like voices. Instead, it would not be until
2011, after almost a half century’s worth of work, that we
would start to see the mainstream adoption of synthesized
voices, primarily in voice assistants (VAs) such as Apple’s
Siri, Amazon’s Alexa, and the Google Assistant [43]. Now,
this capability to create speech-enabled products is available
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1 These
platforms include Amazon Polly:
https://
aws.amazon.com/polly/ and Google Cloud Text to Speech:
https://cloud.google.com/text-to-speech/.
2 The Atlantic Audio Articles.
https://www.theatlantic.com/
podcasts/audio-articles/
3 Medium Audio. https://medium.com/topic/audio
4 Wired. https://www.wired.com/
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Using a voice that is too human-like may backﬁre due to a
mismatch of expectations and functionality. In studies of users’
experiences with today’s common voice assistants, researchers
found that the human-like names, personalities, and voices
the assistants take on mislead users into expecting human-like
intelligence [14, 31]. In light of this, some have argued for
using intentionally robotic-sounding voices to better match the
technology’s capabilities [2, 34, 35]. Given this paper’s focus
on evaluating voices that narrate long-form content (e.g. for an
article or audiobook), we use the expressivity and naturalness
of human speech as our baseline. However, other applications
of TTS that take on more agent-like qualities (e.g. engaging a
user in conversation) may require other evaluation criteria.

BACKGROUND

We build upon and contribute to a long history of HCI and
speech synthesis research on voice quality and how it shapes
interaction dynamics. Though we focus on evaluating text-tospeech (TTS) voices for long-form content, here, we consider
a broader range of related work that has informed our own.

Voice shapes the user experience

The voice that an interface takes on has a profound effect on
the user experience. Over several decades of research in HCI,
speech technology, communication, and related ﬁelds, a wide
range of studies have demonstrated how the quality and characteristics suggested by a voice—whether it is a pre-recorded
human voice or a text-to-speech (TTS) voice—changes the
dynamics of an interaction [9, 36, 46].

Approaches to evaluating voice quality

Within the speech synthesis community, TTS voices are typically evaluated using a subjective listening test in which listeners are presented with samples of synthesized speech and
asked to rate them along dimensions such as clarity and overall
quality of the experience [5,19,26,49]. While there are no welldeﬁned best practices around TTS evaluation, a recent review
of speech synthesis evaluation [49] notes that the current stateof-the-art is largely driven by 1990s standards established to
evaluate telephone-based systems. From this tradition, perhaps
the most common subjective evaluation measure is the Mean
Opinion Score (MOS), which asks participants to rate their
overall impression of a voice on a scale from 1 to 5 [5, 12, 50].
We see MOS as a useful benchmark metric given its simplicity
and widespread use; but as others have suggested [12, 24, 49],
we believe it is not sufﬁcient for evaluating quality for longform listening purposes. Our evaluation of the voices in this
paper incorporates the MOS as one among several measures
used to evaluate voice quality.

Prior work found that users are quick to infer features like
personality traits from a system’s voice, and often show “similarity attraction” towards a voice interface that mirrors their
own in introversion/extroversion. In one study, researchers
created introvert and extrovert versions of a TTS voice by
manipulating parameters like the voice’s volume, speaking
rate, and frequency range [37]. In the experiment, participants listened to book descriptions and were asked to evaluate
the book and voice. Participants who listened to voice that
matched their own in introversion or extroversion were more
likely to perceive it as likeable and credible, and expressed a
stronger intention to buy the book [37]. A more recent study
in the design of a car navigation interface also found that
drivers preferred personality traits that matched their own [7].
A large body of work has found similar effects for other voice
features such as gender and accent (see [36] and [11] for a
review), suggesting, for example, that voices may activate
gender stereotypes [32, 38, 48] and inﬂuence the perceived
credibility of a voice-based agent [1, 16], and that these perceptions may change depending on how human-like a voice
sounds [3]. Importantly, how these voice features affect the
user experience is highly dependent on contextual factors such
as the domain or functionality of the system, its culture of use,
and its embodiment [9, 46], highlighting the value of ﬁnding a
voice that is well-aligned with a particular use case.

Other strategies for evaluating synthesized speech focus on
its intelligibility (i.e., how easy it is to accurately hear the
content of the speech). Tests of intelligibility often present
listeners with sentences that are semantically meaningless,
and ask them to transcribe what they heard as accurately as
possible [49]. In recent years, however, synthesized speech
technology has improved to the point that intelligibility is
nearing ceiling performance [21, 26, 49], suggesting that these
tests of intelligibility are perhaps no longer necessary or informative. In this study, we instead consider other behavioral
measures of voice quality such as comprehension and perception of voice speed; this shift allows us to consider whether the
words come across clearly, as well as whether the voice affects
users’ attention and understanding across a longer listening
experience.

Furthermore, overall voice quality can signiﬁcantly impact the
user experience. While synthesized voices impose a higher
cognitive load on listeners relative to natural speech [21], TTS
voices that have lower intelligibility (i.e. that are more difﬁcult to understand) are even more taxing [20]. These quality
concerns can also affect user’s satisfaction. In one study, participants consistently rated voices as more likeable the more
human-like (or natural) the voices sounded [4]. Another study
compared the experience of talking with a human partner and
with two popular voice assistants, Alexa and Siri, to understand perceptions of humanness [17]. Participants remarked
that the voices of Alexa and Siri were easy to understand
(highly intelligible), but lacked a sense of expressiveness or
emotion, particularly in comparison to a human speaker. By
contrast, in a different study, participants who rarely use voice
assistants felt that Siri’s voice was human-like and reﬂected
attempts to incorporate cultural cues and personality [14].

While these evaluation methods are common practice, it has
been noted that current approaches are limited, and concerns
have been raised about the rigor and reliability of speech evaluation studies [50]. In an analysis of papers from the 2014 Interspeech conference, a major conference within the language
technology community, researchers found that the majority of
TTS evaluation studies used sample sizes that were too small
to draw reliable conclusions: 60% of studies based their conclusions on ratings from fewer than 20 participants. However,
according to their re-analysis of a large-scale listening evalu2
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ation data set (the Blizzard Challenge 2013), they found that
studies involving a MOS test need at least 30 participants and
a varied set of test sentences to yield reliable conclusions [50].
Another concern relates to the ecological validity of TTS evaluation practices. In most cases, evaluations of synthesized
voices lack context [33, 50], are tested in unrealistically ideal
circumstances with high quality listening equipment and no
noise [26], and involve generic tasks that do not reﬂect the
real-world use cases [33]. In one attempt to address this issue,
researchers explored an alternative approach to TTS evaluation
by immersing participants in an interactive scenario in which
they engage in dialogue with an embodied virtual agent [33].
Their study found that it is feasible to evaluate TTS voices in
an interactive, realistic context in which participants only hear
one voice. However, the effect sizes are smaller compared to
a traditional listening test in which each participant hears all
voices with unrelated content.
These concerns around context-speciﬁcity underscore the
importance of evaluating voice quality for the speciﬁc usecase of long-form content. Long-form content poses distinct
challenges from TTS voices intended for brief dialogue or
notiﬁcations—the context of a sentence may affect how it
should be read, where the emphasis should be placed, etc.
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Gender
M
M
F
F
F
M
M
M
F
F
F
F
F
F
M
F
F
F
F
M
F

Date
19-Apr
19-Apr
19-Jul
19-Jul
18-Aug
19-Apr
19-Apr
18-Aug
18-Aug
19-Jul
19-Apr
18-Aug
19-Apr
18-Aug
18-Aug
19-Apr
19-Jul
19-Jan
18-Aug
19-Jan
19-Jan

n
55
49
41
51
47
38
66
46
52
56
46
57
49
50
51
41
50
43
50
48
51

M:F
1.1
1.8
0.9
0.9
1.4
1.5
1.1
1.2
1.2
1.4
1.6
1.9
2.0
2.1
2.3
3.0
0.9
1.7
1.3
1.8
1.4

Table 1. Summary statistics for each voice condition, listed in descending
order by Mean Opinion Score (see Table 2). Columns represent the voice
name (anonymized for human voices), words per minute, gender of the
voice, date (month and year) that the voice was captured, number of
participants assigned to the voice condition who completed the full task
on MTurk, and the gender ratio (male:female) of participants.

Our work is not the ﬁrst to address the speciﬁc challenges
of evaluating TTS voices for long-form content. The Blizzard Challenge [5], an annual competition within the speech
synthesis community, brings together researchers to develop
and evaluate voices generated based on a common underlying
audio and text dataset (typically recordings of audiobooks).
Participants in the challenge have developed automated models to evaluate synthetic voices [40] based off the same corpus
of audio and text, and designed a questionnaire with 11 scales
speciﬁcally tailored to audiobook listening [24]. More generally, the approaches that the Blizzard Challenge takes towards
voice evaluation for long-form content are complementary to
our approach in this work: the Blizzard Challenge is largely focused on setting a level playing ﬁeld by using a common set of
voice training data and isolating which particular speech synthesis techniques are most promising. The challenge structures
their listening test as a within-subjects task (each participant
listens to all voices in a given challenge year with a variety
of sentences or paragraphs) with a participant population that
includes volunteer and paid student listeners as well as many
speech experts. In contrast, we consider the space of commercially available voices and evaluate them in a more naturalistic
scenario, listening to a full long-form article with a given voice,
using a study population of paid Mechanical Turk workers.

mended number of listeners per voice [50] and comparing
across a wide range of human and synthetic voices. We set our
study in a realistic use-case (listening to a long-form article)
and leverage a varied set of evaluation metrics that goes beyond MOS, introducing other measures relevant to long-form
listening such as voice speed and comprehension.
METHOD

In this research, we developed and implemented a method
to evaluate text-to-speech (TTS) voices reading long-form
content. We compared 18 TTS voices, three human voices,
and a text-only control condition.
Selecting Voices

We selected 18 voices from a variety of platforms: commercially available TTS platforms,5 desktop and mobile operating
systems,6 and some proprietary voices made by Mozilla.7 In
general, we chose the default male and female, US-based
voices for each platform/OS, except where indicated. For the
commercially available TTS platforms, we used their developer tools to generate the audio ﬁles. For the OS-based voices,
we used built-in screen-reader software to generate the audio. Lastly, for human voices, we selected members of our
research team that offered a range of characteristics of interest, in particular gender and accent (Human 3, British accent).
See Table 1 for details on the voices we studied, and refer

Finally, recent work considered three ways of presenting listeners with long-form content while keeping the tested speech
in context and minimizing demands on cognitive load [12].
They found that content presentation style affects results on
measures like the MOS, with listeners yielding different MOS
ratings when they evaluate individual sentences compared to
evaluating the paragraph as a whole.

5 Amazon

Our work builds upon these efforts at voice evaluation through
a large-scale evaluation of voices—exceeding the recom-

Polly, Google, and Voicery.
iOS, Mac, and Windows.
7 Judy, LJ Speech, and Nancy.
6 Android,
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to https://ttschoice.github.io for voice clips and additional
features.

scale was, as opposed to a 5-point scale, as we believed this
variable warranted a ﬁner grained response, and because 0-10
feels like a more natural scale in this case. To help us better
understand what makes some voices better than others, participants rated the voices’ speed (5-point Likert from “Much
too fast” to “Much too slow”) and select which voice characteristics were true (binary option): voice is monotone, sounds
natural, is easy to comprehend, lacks emotion or personality,
and allows the listener to focus on the content. In the control
condition, we only asked about their reading experience.

Comparison

We compared 18 computer-generated TTS voices and three
human voices on two high-level aspects: how pleasant the
listening experience was, and how it impacted listening comprehension. We also included a control condition where participants read the content, rather than listened.
We conducted a survey-based between-subjects experiment
using Amazon Mechanical Turk (MTurk) from mid-2018 to
mid-2019. We used MTurk to reach a large sample of participants across the United States. We recruited 1095 U.S.based MTurkers who were paid, on average, $2.50 for an
approximately 10-minute task. We selected MTurkers who
had completed 1,000 HITs and had an approval rate of over
95%. The survey was approved by Mozilla’s review process
and is available as an online appendix.

Text comprehension

Participants answered six text comprehension questions that
focused on speciﬁc sections of the text. These questions were
multiple choice and generated based on the content of the
article. For example:
What were the sources of stress for Bill?
•
•
•
•

We developed a reproducible survey-based methodology to
evaluate voice quality for long-form content. The survey consisted of 4 activities: (1) listening to the audio recording, (2)
answering questions about the quality of the listening experience, (3) answering questions about the article to measure
comprehension, and (4) answering demographic questions.

His tense relationship with his in-laws
His job at a major tech company
His constant need for success
His relationship with his wife

We piloted the questions with a small group to test clarity
and difﬁculty before being deployed. Our text-based control condition allows us to compute a baseline of the general
comprehension of the article.

Listening to Audio

At the start of the survey, participants were randomly assigned
to one of the voice (or text-only, control) conditions. We presented them with an audio clip with the assigned voice reading
an article. The article was kept constant across voices to avoid
variation due to article characteristics, like length, structure,
or topic. When generating the audio clips, we only used the
plain text of the article, keeping its existing punctuation and
paragraph breaks—we did not introduce SSML tags to add
emphasis, correct pronunciation errors, or otherwise alter the
generated audio. The human-read recordings were voiced by
members of our research team, none of whom have had professional voice acting experience. We include samples of each
voice at https://ttschoice.github.io.

Demographics

To understand the characteristics of our participants and compare across groups, we asked demographic questions that covered age and gender. We further asked participants about the
type of device they used to complete the survey and, when applicable, if they used headphones to listen to the audio clip, as
it could impact their listening experience and comprehension.
DATA & ANALYSIS OVERVIEW

Listening experience

We analyzed data from 1090 participants who completed our
study and passed the check for minimum amount of audio listened. Approximately 41% (n=444) self-identiﬁed as female,
58% (n=630) as male, and 1.5% (n=16) told us that neither
of these categories described them, or they declined to state.
Our participants mainly had headphones on while answering the survey (71%, n=769), with 25% (n=268) not wearing
headphones, and about 5% (n=53) who did not specify. We
aimed at having approximately 50 participants for each voice
condition. The random assignment of participants to voice conditions led the groups to have between 38 and 66 participants,
with a median of 50. Table 1 shows the number of participants
who completed each condition and the gender breakdown between these groups. We did not ﬁnd statistically signiﬁcant
differences when comparing our groups based on age and gender (One way ANOVA, F = 0.965, d f = 21, p > 0.05 and
Pearson’s Chi-squared test, c 2 = 43.167, d f = 42, p > 0.05
respectively).

Participants rated their listening experience on a 5-point Likert
item question, from “Excellent” to “Very poor,” and selected
how likely they were to listen to their favorite book, magazine,
or podcast using that voice on a scale of 0 to 10. An 11-point

For our general reporting of participants’ overall experience,
we collapsed “Good” and “Excellent” into a single “Positive”

We selected the article “Reduce Your Stress in Two Minutes a
Day” [22] as it is a well structured article, not too long to be
tiresome but long enough to provide a range of different speech
patterns (909 words), and its content is politically neutral.
Note that participants were not provided with the text or URL
for the article, except in the text-only control condition, where
they were provided with the text of the article. Participants
were able to pause the audio and move on to the next section
of the survey at any time—the last value on the audio counter
was considered their “audio completion time.” However, we
required that participants listened to at least 10 seconds of the
audio to be considered in our analysis. This led us to eliminate
5 of our 1090 participants from our analysis.

Listening Experience

4

category, and “Poor” and “Very Poor” into a single “Negative”
category. We reported the percentage of participants in each
condition who gave each voice a certain rating, allowing us
to compare ratings across conditions with varying numbers
of participants. Collapsing these ratings into positive and
negative categories allows for clearer explanation of these
ratings at a descriptive level. There is a clear conceptual
difference between “good,” “neutral,” and “poor,” while the
differences between “good” and “excellent” are less clear.
This is exacerbated by the between-subjects study design, as
different participants will likely have different conceptions of
“good” and “excellent.”

voice genders. We included a second order polynomial term
for voice speed to account for a curviliniar relationship between speed and listening experience (e.g., there might be a
“just right speed” where both faster and slower voices provide
a worse listening experience). More formally:

We generated a Mean Opinion Score (MOS) for each voice
by converting each experience rating to a numeric value between 1 and 5 (1 = very poor, 5 = excellent) and computing
the average for each voice condition. We chose a 5 point scale
given its standard presentation and use in related work. Finally, we computed and reported the median score of whether
participants would listen to a given voice again. We tested
the independence of responses across each voice condition
using a Kruskal-Wallis rank sum test for experience ratings
and whether participants would listen again, and a one-way
ANOVA for MOS rankings.

Sixteen of our 1090 participants did not report their gender
or chose “These choices do not describe me.” We ran our
experience model with 2 additional variables NonBinaryL and
NonBinaryL  MaleV , but neither variable was statistically signiﬁcant and our point estimates remained stable. We therefore
omitted NonBinaryL and NonBinaryL MaleV from the model
to ease comprehension.

RatingExperience = b1 + b2 TTSV
+ b3 SpeedV + b4 SpeedV 2 +
+ b5 MaleV + b6 MaleL
+ b7 HeadphonesV
+ b8 MaleV  MaleL + e

Voice Speed

Similar to the experience ratings, we collapsed speed ratings
into 3 categories: “too fast,” “just right,” and “too slow.” Again,
we reported the percentage of participants in each condition
who gave each voice a certain rating, allowing us to compare
ratings across conditions with varying numbers of participants.

To better understand what contributed to overall listening experience, we asked participants whether they agreed with 5
statements about voice quality: (1) The voice was easy to comprehend, (2) The voice was monotone, (3) The voice sounded
natural, (4) The voice lacked emotion/personality, and (5) I
could focus on the content. We reversed responses to questions
2 and 4 in order to make each statement positive. Using Principal Component Analysis (PCA) we determined that these
questions reduced to two factors,8 which roughly correspond
to a voice’s clarity and a voice’s quality. Questions 1 and 5
contributed to the clarity factor, while questions 2, 3, and 4
contributed to the quality factor. All of the items loaded onto
a single factor with a loading of .6 or higher. These factors
explained 49% of the variance.

We constructed a simple ordinal logistic regression model to
explore the relationship between participants’ speed ratings
and the speed of the voice. We predicted a participant’s speed
rating with a single independent variable: voice speed, measured in words per minute. Since our outcome variable is
non-monotonic, the center of the scale represents a positive
response while the two edges represent negative responses, we
transformed our speed ratings into a monotonic variable by
collapsing it into three categories. “Too fast” and “too slow”
become “poor”, while “much too fast” and “much too slow”
become “very poor”. As in Model 1, we included a second order polynomial term for voice speed to account for a curviliniar
relationship between speed and listening experience:

To understand the relationship between demographics, voice
features, and listening experience, we constructed an ordinal
logistic regression model, where our dependent variable is the
listener’s experience rating, and one listener-response is our
unit of analysis. For this analysis we used the original 5-point
experience rating scale instead of collapsing our positive and
negative categories.

RatingSpeed = b1 + b2 SpeedV
+ b3 SpeedV 2 + e
Comprehension

We computed reading comprehension grades based on how
many of the comprehension questions each participant answered correctly. These grades were normalized based on the
number of questions each participant would be able to answer
given the time at which they paused the audio playback. We
conducted a one-way ANOVA to determine whether grades
across voice conditions were statistically signiﬁcant, and
Tukey Honest Signiﬁcant Differences to determine whether
differences in grades were statistically signiﬁcant between
TTS voice, human voice, and text-only conditions.

Model 1 predicts listening experience using voice speed
(Speedv ), voice type (T T SV ), voice gender (MaleV ), participant gender (MaleL ), and participant headphone use
(Head phonesL ). MaleV and MaleL are binary variables that
indicate that the voice or the listener identiﬁed as male, respectively. T T SV is a binary variable that indicates that the
voice was generated by a TTS algorithm, not read by a human. Head phonesL is a binary variable that indicates that the
participant used headphones to listen to the audio.
We interacted voice gender with participant gender to understand whether listeners of certain genders prefer certain TTS
8A

RESULTS

In this research, we aimed to understand how different TTS
voices compared when participants listened to long-form online content. Speciﬁcally, we analyzed participants’ subjective

scree plot suggested two factors were optimal.
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Voice

MOS

(sd)

Listen
Again

Quality

(sd)

Clarity

(sd)

Grade

(sd)

4.2
4.0
3.9
3.9
3.7
3.7
3.7
3.7
3.6
3.5
3.5
3.5
3.5
3.4
3.4
3.4
3.4
3.3
3.3
3.2
2.9
2.8

(0.7)
(0.7)
(0.7)
(1.0)
(0.9)
(0.9)
(1.0)
(1.0)
(0.9)
(0.9)
(1.0)
(1.0)
(0.9)
(0.9)
(1.0)
(0.9)
(0.9)
(1.0)
(1.0)
(1.1)
(1.1)
(1.1)
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84

(26)

78

(33)

7
7
6
7
7
7
5
4
3
5
6
3
4
4
2
3
3
2
1
0

63
48
44
40
44
42
29
29
30
42
39
76
31
38
29
25
23
30
22
10

(42)
(41)
(41)
(38)
(40)
(38)
(35)
(34)
(39)
(42)
(40)
(33)
(37)
(38)
(33)
(33)
(31)
(37)
(30)
(19)

67
59
51
55
39
39
43
52
47
49
46
58
51
47
51
48
55
20
25
26

(40)
(42)
(42)
(39)
(37)
(37)
(42)
(42)
(44)
(40)
(41)
(41)
(42)
(39)
(45)
(45)
(41)
(34)
(41)
(37)

5.6
5.3
5.1
5.1
5.2
4.3
4.1
4.2
4.5
5.4
5.2
4.3
4.9
5.9
5.0
5.1
5.0
6.1
5.5
4.6
5.6
5.2

(2.4)
(1.7)
(2.6)
(2.3)
(2.5)
(2.6)
(2.8)
(2.1)
(2.7)
(2.6)
(2.3)
(2.7)
(2.6)
(2.1)
(2.7)
(3.0)
(2.3)
(2.3)
(2.4)
(2.6)
(2.2)
(2.3)

Human 3
Text only
Human 1
Judy W 1
Judy W 2
Google C
Windows 2
Mac Default
Polly Matthew
Polly Sally
Judy GL 1
Windows 1
Voicery Nichole
Human 2
Polly Joanna
Google A
Nancy 2
Judy GL 2
Nancy 1
LJ Speech
Android UK
iOS

Table 2. Experience ratings for each voice condition. Columns represent Mean Opinion Score (1–5 where 5 is best), the median score of whether
participants would listen to a given voice again (0–10), mean quality (0–100), mean clarity (0–100), and the mean comprehension grade (0–10).

Human 3
Human 1

2

9

53

4

Text−only

Mac Default

3

12
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By converting our listening experience ratings to Mean Opinion Scores (MOS) we see a slight change in the rankings.
This difference is due to the collapse of the two positive categories (and negatives) into a single variable. We determined
that these differences in rankings are statistically signiﬁcant
(Wilcoxon signed rank test, Z = 231, p < .001). Two human
voices, Human 1 and Human 3, still outperformed all TTS
voices (MOS equal to 4.2 and 3.9, respectively). Of the TTS
voices, Judy W1 still received the highest ranking (MOS =
3.9), but Mac Default fell to 5th for TTS voices (MOS = 3.7)
behind Judy W2, Google C, and Windows 2.
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Participants reported a wide range of listening experiences
to various TTS voices. Overall, Judy W1 and Mac Default
received the highest percentage of positive ratings of any TTS
voice (68% and 62%), while Android UK and iOS had the
highest percentage of negative ratings (42% and 37%). Using
a Kruskal-Wallis rank sum test, we determined that these
differences in opinions were statistically signiﬁcant (c 2 =
113.06, d f = 21, p < .001). We report the listening experience
ratings for all human and TTS voices in Figure 1.
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aim to understand whether listeners found different voices
more pleasant to listen to, and listeners’ ability to comprehend
and retain information from an article.
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Figure 1. Percentage of positive, neutral, and negative listening experience ratings for each voice, ordered by positive ratings.

The difference between the percent of positive ratings and
MOS ranking indicates that Mac Default listeners were more
polarized. Mac Default received both a higher percent of
positive and negative ratings than other TTS voices (e.g. Judy
W2), and fewer neutral ratings. Android UK and iOS both
received the lowest MOS (2.9 and 2.8, respectively). These

responses to TTS voices. While prior work has focused on
overall quality and intelligibility (e.g. whether listeners could
understand the words spoken by a synthetic voice), we further
6

Odds Ratio
0.12
0.03
0.44
1.00
1.54
1.48
0.73
0.02
0.13
0.67
4.17

Coef
-2.09
-3.64
-0.81
-0.00
0.43
0.39
-0.31
-4.11
-2.06
-0.41
1.43

S.E.
1.83
1.84
0.17
0.14
0.19
0.13
0.25
0.30
0.23
0.22
0.22

P-Value
0.253
0.048*
0.000*
0.973
0.025*
0.003*
0.208
0.000*
0.000*
0.062
0.000*
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Mean Voice Quality Rating

Variable
SpeedV
SpeedV2
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MaleL
MaleV
HeadphonesL
MaleV  MaleL
Very.poor|Poor
Poor|OK
OK|Good
Good|Excellent

Table 3.
Ordinal Logistic regression on experience ratings
Raw coefﬁcients and odds ratios are reported
(RatingExperience ).
with standard errors and p values. * values indicate that coefﬁcients
are signiﬁcant to p < .05. Values below the horizontal rule (e.g.
Very.poor|Poor) represent intercepts.
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differences between MOS scores are statistically signiﬁcant
(one-way ANOVA, F = 6.163, d f = 21, p < .001) and a full
report of MOS and other quality metrics are listed in Table 2.

a

Human

a

TTS

Figure 2. Comparison of clarity and quality ratings.

By comparing human and TTS voices, we found that the
highest rated TTS voices still performed slightly worse than
some human voices. For example, Judy W1 received 21%
fewer positive ratings than the highest rated human reader.
On the other hand, Judy W1 performed better than the lowest
rated human voice, receiving 19% more positive ratings and
the same percentage (12%) of negative ratings. Ten TTS
voices received a higher percentage of positive ratings than
the lowest rated human voice, and eight TTS voices received
fewer negative ratings than the lowest rated human voice.

a p-value for each coefﬁcient by comparing the t-value against
the standard normal distribution.
Results from Model 1 indicate that voice speed, whether the
voice was human or TTS, voice gender, and whether the listener was wearing headphone are related to differences in
experience ratings.9 Participants were 54% more likely to give
a higher experience rating to a male voice than a female voice.
They were also 56% less likely give a higher rating to a TTS
(non-human) voice than a human voice. Participant were also
48% more likely to give a voice a higher rating when listening
to the audio through headphones then those not wearing headphones. These results control for several exogenous factors.
For instance, male voices were more likely to receive positive
ratings, regardless of whether the voice was generated by a
human reader or a TTS algorithm.

The highest rated TTS voices also performed slightly worse
than the text-only condition. While 76% of readers rated the
text-only condition as a positive experience, only 68% listeners
rated the best TTS voice, Judy W1, as positive. No readers
gave the text-only condition a negative rating, but 12% of
listeners gave Judy W1 a negative rating. On the other hand,
Human 1 had the same percentage of positive ratings as the
text-only condition, and listening to Human 3 was perceived
as more positive than reading the text (89% vs 76%).

Neither the participant’s self-identiﬁed gender nor the interaction between participant gender and voice gender were statistically signiﬁcant. This indicates that we did not observe
a relationship between the gender of the participant and experience ratings (e.g. men and women were both equally as
likely to assign a positive rating). We also did not observe
a relationship between participant gender, voice gender, and
experience ratings (e.g. men were not more likely to assign
positive ratings to male voices).

We observed similar results as to whether participants would
listen to a speciﬁc voice again on a 0 to 10 scale (Table 2).
The top TTS voices (Judy W1, Mac Default, Google C, and
Windows 2) received a median rating of 7, while the lowest
rated TTS Voices (Android UK and iOS) received median ratings of 1 and 0. The highest rated human voice still performed
slightly better than the highest rated TTS voices. A KruskalWallis test determined differences across voice conditions to
be statistically signiﬁcant (c 2 = 142.14, d f = 20, p < .001).

Clarity and Quality

We examined the correlation between voice clarity and voice
quality, and noticed that the correlation between these two constructs is relatively low: 0.20 on the full set of TTS and human
voices, and 0.10 after we removed the human voices. This indicates some voices are easily understood but still unpleasant,
other voices are pleasant to listen to but are not easy to understand, with a few excelling along both dimensions—generally

Demographics

Model 1 aims to understand the relationship between voice
features, listener characteristics, and listening experience. We
present a full regression table in Table 3. Due to the ordinal logistic regression model speciﬁcation, raw coefﬁcients
represent log odds. For interpretability, we present both raw
coefﬁcients and the odds ratio for each variable. We calculate

9 These
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Speed
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P-Value
0.883
0.022*
0.000*
0.000*

During the ﬁrst portion of our survey we tracked when people
stopped listening to the audio clip, moving on to the listening
experience questions in this survey. While this data is not
perfectly clean in a simulated environment, as we address in
the limitations section, this data allows us to have an idea
when a voice became “too unbearable” for the listener that
they chose to stop it. We calculated a mean for listening completion for each voice. As expected, given our data collection
environment (MTurk) we see fairly high percentages of audio
completion for most voices. The 5 participants that did not
make the 10 seconds cut where distributed among: iOS Female, Google A, Google C (x2), and Polly Matthew. However,
we also observe a few voices with lower audio completion
percentages: LJ Speech (76%), Polly Sally (84%), and Google
A (87%). We also observe a wide range of standard deviation,
from no variation whatsoever for Nancy 2, to 33% for Polly
Sally. LJ Speech had a median completion rate of 83% and
was the only voice with a median completion rate different
than 100%, potentially indicating it was the least pleasant
voice to listen to.

10

61

S.E.
2.13
2.12
0.19
0.07

Audio completion

24
62
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0%

2

63
28

iOS

9

67

Polly Joanna

Judy GL 1

12

70

Coef
-0.31
-4.86
-3.56
-0.91

and the negative signs indicate that this relationship is concave.
When we omitted the quadratic voice speed term from Models
1 and 2, using a single linear term instead, the voice speed variable was not statistically signiﬁcant. Generally, these results
indicated that there is a “just right speed” in the range of 163
to 177 words per minute (WPM) where both faster and slower
voices provide a worse listening experience. We present the
results of Model 2 in Table 4.

26
71

Odds Ratio
0.73
0.01
0.03
0.40

Table 4. Ordinal Logistic regression on speed ratings (RatingSpeed ). Raw
coefﬁcients and odds ratios are reported with standard errors and p values. * values indicate that coefﬁcients are signiﬁcant to p < .05. Values
below the horizontal rule (e.g. Very.poor|Poor) represent intercepts.
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76

Polly Sally

Human 1

Variable
SpeedV
SpeedV2
Very.poor|Poor
poor|Just.right

7

Too slow

Figure 3. Percentage of “too fast,” “just right,” and “too slow” Speed
ratings for each voice ordered by “just right” scores.

the human voices. For instance, of the 18 TTS voices, Voicery
Nichole is ranked ﬁfth in voice quality but eight in clarity, and
Windows 2 is ranked second in clarity, but tenth in quality.
Conversely, Judy W1 was ranked ﬁrst in both quality and clarity, while iOS was ranked lowest ranking voice for quality and
third lowest in clarity, respectively. In both categories, human
voices performed better than TTS voices, though one human
reader was ranked slightly behind Judy W1 in clarity. We
conducted a Wilcoxon signed rank test and found rank differences between clarity and quality to be statistically signiﬁcant
(Z = 196, p < .05).

Comprehension

The mean comprehension grade for each voice, which ranged
from 0 to 10, was relatively low. The minimal observed value
was 4.1 for Windows 2 and the maximum was 6.1 for Judy
GL2 (see Table 1 for all scores). The text-only condition
had a mean of 5.3. We found these differences to be statistically signiﬁcant (one-way ANOVA, F = 2.491, d f = 2,
p < 0.001) even when we removed the human voices and textonly condition. We used Tukey Honest Signiﬁcant Differences
to compare TTS voice comprehension grades to the text-only
condition and to the human voices. We did not observe a statistically signiﬁcant difference between TTS comprehension
grades and the text-only grade (Tukey multiple comparisons
of means, di f f = 0.353, pad j = 0.573), but the difference
between TTS comprehension grades and human voices was
statistically signiﬁcant (Tukey multiple comparisons of means,
di f f = −0.586, pad j < 0.05).

Voice Speed

Overall, most voices were rated “just right,” and voices rarely
received ratings skewed heavily towards “too fast” or “too
slow.” Again, the best paced human voice, Human 3, received
slightly more “just right” ratings than the best TTS voice under
the speed metric, Judy GL2. Notably, while Judy W1 received
the most positive listening experience ratings, it is the fourth
TTS voice in speed ratings (Figure 3).
We observed a relationship between voice speed (measured
in words per minute) and user experience ratings, as well as
voice speed and user speed ratings. However, we see that in
both Models 1 and 2, the coefﬁcient is fairly small (increase
of 3% and 1%, respectively). Nevertheless, the statistically
signiﬁcant squared term indicates a curvilinear relationship
8

While we observed a statistically signiﬁcant relationship between voice and comprehension, additional work in this space
must be done. The range of comprehension scores for our
subset of voices was relatively small, which may be a result of
the content of the article that we selected. Nevertheless, there
was no statistically signiﬁcant difference in comprehension
between participants who listened to a TTS voice and participants who read the article. There is a small difference between
the mean grade for the different voices and the text-only grade,
5 and 5.3 respectively. This is an indication that people listening to an article may be able to understand as much as they
would by reading long-form content.

our results do not conclusively identify any particular voice as
the “optimal” voice for long-form content. At a high level, we
found that voices such as Human 3, Judy W1, and Google C
ranked highly across several measures such as speed, quality,
and desire to listen to other content using that voice. However,
none of these voices consistently outperformed all other voices
across all of the quality dimensions we studied. For example,
Human 3 received the highest rating on Mean Opinion Score,
willingness to listen again, clarity, and quality, yet was ranked
third in comprehension.
Perhaps unsurprisingly, we found that human voices still
largely outperform TTS voices. On almost all quality dimensions we studied, including Mean Opinion Score (MOS), overall positive quality ratings, clarity, quality, and voice speed,
two of the human voices consistently received higher ratings
than all TTS voices. However, several of the TTS voices
consistently performed better than one of the human voices
(Human 2).

LIMITATIONS

There are several limitations with our research. For a start,
preferences for listening to long-form content may well vary
based on culture, the subject of the content itself, the physical
situation in which the listener is listening, and the different
languages of the listener [5, 49, 50]. Our evaluation was centered around a single article on a casual topic [22]. As such,
we cannot evaluate the interaction between content and voices,
and how that impacts perceived quality. We also primarily
(although not exclusively) tested voices with American accents reading an article in English. Furthermore, our study
population was U.S. based, which could bias their preferences
towards speciﬁc accents. Additionally, a MTurk population
is one that generally optimizes for hourly pay, which could
inﬂuence how they listened to the audio at the start of the
survey. We did not collect information about participants
ﬁrst-language or English ﬂuency, nor ask whether participants
were visually impaired, or which assistive technologies (e.g.
screen readers) or TTS-based services they might already be
familiar with or use. We assumed that listening environments
were broadly similar, whereas differences in frequencies and
volume of background noise could make certain voices more
or less intelligible than others [13, 29]. Reﬁnements to the
survey design may also yield richer data (albeit with a potential trade-off of increasing participant fatigue). Measuring
the voice characteristics as Likert as opposed to binary could
be one such improvement that we chose not to incorporate
as an attempt to reduce participant fatigue. All of these are
opportunities for future work.

While using natural (recorded) human speech has traditionally
been considered preferable to using synthesized speech [36],
these results suggest that there are indeed situations where a
high-quality TTS voice may be preferable over certain human
voices. The relatively small differences in quality ratings between the highest performing TTS voices and the top human
voices also reﬂects the increasing sophistication of today’s
speech synthesis technology. Computerized voices are nearing
or exceeding certain human speakers, and TTS voices may
soon reach parity with human speech in naturalness, expressivity, and so on, making them an even more viable option for
long-form listening than they are at present.
More generally, the variation that we observe between how
voices ranked across the quality dimensions in this study underscores that no single metric is sufﬁcient for evaluating
long-form speech. A voice that is, overall, enjoyable to listen
to might make it more difﬁcult to comprehend and absorb
content (such as the Windows 2 TTS voice), or could score
highly in clarity but read too slowly to be rated as pleasurable
to listen to (such as Human 1).
Selecting a voice for any application, whether long-form or
otherwise, will necessarily require navigating these trade-offs.
In this study, we selected a long-form article that we believed
to be as neutral as possible. However, other contexts may
beneﬁt from a voice that privileges certain dimensions over
others. For instance, designers may want to optimize for clarity
and comprehension in choosing a voice for a textbook. On
the other hand, a voice intended for a children’s storybook
may want to use a highly expressive voice that emulates a
character’s persona, even if listeners would not wish to listen
to it again in a different context. Likewise, selecting a voice
that speaks more rapidly (higher words per minute) may be
more ﬁtting for an action novel. Listeners may wish to chose
one voice for their commute on a subway train with large
amounts of background noise, and a different one for listening
while doing the dishes, and yet another voice for listening in
bed at night. Clarity when a voice is further sped up is another
important factor: it is common for blind smartphone users
to listen at several hundred words a minute [6], which may

DISCUSSION

Whether listening to an article, audiobook, or podcast, the
voice of long-form content can have a profound effect on
enjoyment, understanding, and willingness to keep listening.
Which voice yields the best listening experience? The evidence from our large-scale study of 18 TTS and three human
voices identiﬁes clear trends in top performing voices, yet also
echoes prior work in voice design [34, 36, 46, 49] in highlighting that the best voice for a given application depends on its
context. The patterns which emerged in our analysis raise
several insights which we believe can inform future work on
how HCI researchers and practitioners might select a voice for
a long-form listening use case.
While our analysis allows us to make broad generalizations
that certain voices performed better than other voices for reading the article we chose under the circumstances we studied,
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require attention to speciﬁc voice factors outside of the scope
of this study.

the quality of TTS voices to improve the long-form listening
experience undoubtedly has tremendous potential for social
good by making a broader range of content accessible, increasing learning opportunities, and more. However, the same
technology may also have unintended consequences. Overly
realistic TTS voices, such as the voice of Google Duplex, have
already created an outcry after seemingly deceiving people
into thinking they are speaking with another human [15], and
in some cases, can already convincingly replicate a speciﬁc
individual’s voice identity (i.e., a “deepfake”) to problematic
effect [10]. In its application to long-form content, developing TTS voices that are equivalent to or better than humans
also risks displacing jobs for workers in professions like voice
acting. While using a TTS voice for long-form content with
full disclosure and knowledge on the part of the listener does
not carry the same consequence as a deepfake, keeping these
broader effects on the voice ecosystem in mind will be critically important moving forward.

Prior work focuses on holistic quality measures such as the
Mean Opinion Score (MOS) and intelligibility. We believe
that the ability to collect and differentiate voices based on
these more nuanced features is a key strength of our methodology, and a crucial step towards designing speech interfaces
with TTS voices that are context-appropriate [2, 9, 34, 46]. Simultaneously, we also acknowledge that the voice dimensions
we analyze and discuss here are by no means exhaustive. Because the primary audience for this work is system designers
seeking a TTS voice for long-form content, we focused on
the voice features that are most salient to end-users. However, other communities—for example, those in the speech
synthesis community—may ﬁnd other, more technical details regarding the voices (e.g. the synthesis model) useful
in contextualizing these results. As such, we provide additional information regarding these voices where feasible at
https://ttschoice.github.io, and invite further analysis and
annotations from both HCI and technical voice technology
researchers on these and other voices.

IMPLICATIONS FOR FUTURE WORK

Even if we were to identify a single “optimal” voice for longform listening, we openly acknowledge that such a ﬁnding
would be of little practical use. In many ways, this paper
represents a snapshot in time of many (but by no means all)
popular, commercially available TTS voices from mid-2018
to mid-2019. However, speech technology is advancing so
rapidly that the state-of-the-art is likely outpacing our own
publishing cycles [41,49]. The top voice for long-form content
on the market by the time this paper is published may not have
existed at the time of our research and analysis. While the
rankings of the particular voices we have presented in this
paper will have a limited shelf-life, they have allowed us to
identify that no single metric will capture all of the value of
a speciﬁc voice. Instead, we suggest that practitioners and
researchers looking to select a voice for their own purposes
will ﬁrst need to decide which set of metrics they are most
interested in and then test different voices. The method detailed in this paper provides a wide range of such metrics that
we hope can aid researchers and practitioners in selecting an
appropriate voice. Moving forward, we also see value in periodically replicating the methodology and analysis presented
here with the latest TTS voices to benchmark the community’s
longitudinal progress in voice quality for long-form content.

Social and ethical considerations

Voice is a powerful medium for persuasion. The results of
our analysis and the implications of the technology we describe in this paper have important social and ethical consequences. One such concern centers on gender and representation. While the topic has received attention recently from
both the press [25, 28, 44] and HCI research community [47]
within the context of virtual assistants, we ﬁnd similar concerns in studying the space of TTS voices. In selecting voices
to analyze for this study, we aimed to include a diverse, balanced set of gender identities; however, to our knowledge,
there are no publicly available human-like TTS voices that
present a non-binary gender identity at present.10 Building
inclusive, representative TTS voices remains an important
and urgent area for future work. The ﬁndings in this paper
also reveal gender issues which we ﬁnd disheartening, yet
unsurprising in light of prior work: male voices in this study
were signiﬁcantly more likely to receive a higher quality rating
than female voices, controlling for factors such as the voice’s
speed, whether it was text-to-speech or human, and the selfidentiﬁed gender of the listener. This result is consistent with
prior studies, which show that people (regardless of their own
gender) generally perceive male voices—and deeper female
voices—to be more knowledgeable, competent, and trustworthy [8, 30, 38]. This suggests to us that there is also a long
road ahead in confronting or challenging gender expectations
in TTS systems.
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An implicit argument we have made in this paper—that the
quality of TTS voices should improve to the point that they approximate the naturalness and expressivity of human speech—
also has important social and ethical consequences. Improving
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