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Can Computer-Generated Speech
Have an Age?

Abstract

The present study examines whether computer-generated
speech is perceived to have an age, and if so, whether we
can manipulate the perceived age of the voice. We con-
ducted an experimental study with 51 participants where
each computer-generated voice had different age-related
characteristics such as the speed rate of the voice and
frequency of the pitch. Participants listened to vehicle re-
views presented by computer-generated voices with age-
related characteristics we manipulated and then evaluated
the age of the voice. Results show that we can change the
perceived age of a computer-generated voice by manipu-
lating the age-related characteristics of the voice. This work
contributes to communities of HCI researchers interested
in voice user interfaces (VUIs), conversational agents, and
age stereotypes.
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Introduction

Voice User Interfaces (VUIs) are an increasingly prevalent
type of conversational agent capable of simulating human
conversation absent, or in concert with, a graphical rep-
resentation of a human [6, 14]. Coupled with advances in
voice recognition technology, the use of voice as a modal-
ity in human-computer interaction has the potential to be-
come a widely used method of human-computer interaction
[10]. Apple’s Siri, for instance, enables smartphone users
to complete tasks like placing calls and setting alarms using
hands-free and eyes-free interaction while smart speakers
like Amazon’s Echo and Google Home support control of
home automation systems using voice-based interaction.
Regardless of the device type, voice-based interaction may
allow for a more natural interaction in executing tasks [6,
11], increase task completion rates, reduce time and effort
and improve a user’s overall satisfaction with a system [12].

Determining Age from Voice

Humans have the ability to discern a person’s age from
characteristics of human voices [4, 16, 18]. Those char-
acteristics include rate of speech [18] and frequency of

the tone of a voice [4, 18]. Other characteristics such as
formants, especially F1, [17], voice quality including glot-
tal chink, [22], and intensity [19] can also affect perceived
age. In this work, we chose to focus exclusively on pitch
and speech rate. Voices that use a faster rate of speech
and higher frequency tone are perceived as belonging to a
younger person and voices that use a slower rate of speech
and lower frequency tone are perceived as belonging to an
older person. However, no work we are aware of has in-
vestigated whether humans perceive computer-generated
speech to have an age based on differences in pitch and
speech rate, and if so, whether the perceived age of the
computer-generated speech can be manipulated. For ex-
ample, if we manipulate a computer-generated voice to

have a high frequency tone and fast rate of speech, will it
be perceived as "young"?

Determining Age in a Computer-Generated Speech

Prior research has explored how perceived gender of a
voice affects listeners [8, 9]. In that work, researchers found
that gendered computer-generated speech resulted in lis-
teners treating the gendered speech with behaviors stereo-
typical for that gender. However, we do not know whether
stereotypes regarding age (e.g. speed, competence, re-
sponsiveness), prevalent in human-human interactions,
persist in human-machine dialogues. The presence of such
stereotypes has significant implications for the design of
VUlIs. If the types of age-related stereotypes common in
human-human interactions exist in human-machine interac-
tions, expectations regarding the veracity of information and
the speed of response, for instance, may inform the design
of VUIs.

In the present study we explore how characteristics of a
voice can affect perceived age. Within the context of a

car review system, where the reviews are presented by
computer-generated speech with different age-related char-
acteristics (e.g. speech rate, pitch), participants listened to
reviews of vehicles and then evaluated the reviews. In the
auto retail industry, we know that a number of stereotypes
exist, including cultural [20], gender [3], and age stereo-
types [1]. These stereotypes exist from the perspective of
both the consumers and salespeople. Salespeople may
employ different sales tactics or offer a different experience
based on the physical characteristics of the customer [20].
There are also several stereotypes that are prevalent for
buyers of particular brands of vehicles [13, 21, 23]. Using
a car review system provides an environment to simulate a
car-buying experience between a potential consumer and
the reviewer (salesperson). The purpose of the research



Voice | Rate [ Pitch | Age

F 096 -124 O
C 1.04 24 Y

Table 1: Voice settings for car
reviewers old (O) and young (Y).
Both settings were applied to
Google Text-to-Speech using the
Wavenet voice profile (F,C).

is to investigate whether or not age can be elicited from a
computer-generated voice. Results of the study will provide
evidence about whether and how age may be attributed to
computer-generated voices. The results obtained contribute
to the growing body of knowledge in human-machine inter-
actions, in particular, understanding how perceived age can
influence the design of digital humans and conversational
dialogue systems.

Method

The study is a two-group experimental design where voice
of the car reviewer (old or young) is a within-subjects vari-
able.

Stimuli

Voice development

For this study, the attributes of voice associated with age
that we manipulated are speed and pitch [4, 18]. We ad-
justed Google Text-to-Speech (TTS) [5] and Apple TTS [2]
voices to created several sample voices exhibiting younger
and older adult voice traits. The values for rate of speech
and frequency of pitch are adjustments to the stock voice
(e.g., speech rate 1.04 is 1.04 times the stock rate). We
produced a series of MP3 audio files of sized voices read-
ing a small portion of a car review.

Half of the voices were designed to sound “old” (i.e., lower
pitch and slower speech) and the other half were designed
to sound “young” (i.e., faster pitch and speech). We then
asked our team of researchers to listen to each audio file
and rank the voices based on the quality of the voices in
terms of how they represented the intended perceived age.
Each team member provided rankings of the voice groups,
one for the older-sounding voice and one for the younger-
sounding voice. From reviewing the rankings, the two voice
settings chosen were Wavenet-F (speed: 0.96, pitch: -12.4)

for the old voice and Wavenet-C (speed: 1.04, pitch: 2.4)
for the young voice (see Table 1). We used only female
voices to eliminate any effects of perceived gender on the
perceived age of the voice.

Car Reviews

We developed the car review scripts using a multi-phase
process. The first phase involved collecting car reviews. To
ensure the consistency of the language used in the reviews,
we searched for multiple car reviews conducted by the
same reviewer. A total of 40 reviews conducted by seven
authors were found. We then considered each review in
terms of quality, level of detail, and whether the vehicle re-
viewed would fit our stereotype criteria. We chose four car
reviews from one author, two representing stereotypically
‘old’ vehicles and two representing stereotypically 'young’
vehicles (see sidebar for example script).

The assessment of vehicles being considered for older con-
sumers and younger consumers were based on a literature
search of consumer perceptions of certain auto manufac-
turers [13, 21, 23]. Additionally, we searched online forums
and auto journal articles that identified vehicles that are
ideal for young and older adults.

Car Review Assessment

The car review assessment consists of seven items, all on
a 10-point Likert scale, that measure the overall perceived
quality of the review. We used existing questions from the
works of Morishima, Bennet, Nass, Lee, Moon, and Green
[7, 8], which investigated the presence of gender stereo-
types in VUIs. We measured quality using the questions,
“What was the quality of the review you just heard?”, “How
much did you like the review?”, and “How trustworthy was
the review?” We measured credibility using three items that
asked about the credibility, reliability, and trustworthiness of
the review. We measured appropriateness using the ques-



Sample review script read
by old and young computer
generated voices:

"...The E-Pace is Jaguar’s
second all-new SUV in as
many model years. Built off
a platform that underpins

the Range Rover Evoque
and Discovery Sport from
Jaguar’s Land Rover affiliate,
the E-Pace slots below the
F-Pace in Jaguar’s nascent
SUV lineup. All-wheel drive
and a turbocharged four-
cylinder engine are standard;
a higher-output turbo four-
cylinder is optional..."”

tion “How appropriate or inappropriate was the voice for this
particular vehicle?” Finally, we measured buying intention
using the question, “Based on the review, how likely would
you be to buy this vehicle?”

Car Reviewer Assessment

The car reviewer assessment consists of seven items, all
but one on a 10-point Likert scale, that measure the qual-
ity of the voice conducting the review. Additionally, the last
question asks participants to guess the perceived age of
the voice. The seven measurable items were adopted from
studies conducted by Nass, Moon, and Green [9]. We mea-
sure competence of the reviewer using three items asking
about how competent, informative, and knowledgeable the
reviewer is. We measure informativeness using four items
with two of the items asking "How [adjective] was the re-
viewer?" using the adjectives helpful and sophisticated. The
other two items ask how well did the reviewers explain the
details about each of the two vehicles.

For this study, we present only findings about the perceived
ages of the computer-generated voices. Findings related to
ratings of the quality/credibility of the reviews, appropriate-
ness of the voice and other variables will not be discussed
in this paper but will be reported in future work.

Participants

Fifty one (23 male and 28 female) participants were re-
cruited through the Amazon Mechanical Turk (MTurk) to
participate in the study. We controlled for the age of the
participants by only enrolling older adults (age 60 and up).
We also limited the inclusion of participants to car owners,
since the topic of the review was about cars.

A common concern with performing experiments on Ama-
zon MTurk is the quality of the data due to 1) workers with
low or no reputation or approval ratings and 2) inattentive

workers [15]. To improve the quality of data, we restricted
the sample to workers with a 95% approval rating and hav-
ing completed at least 5,000 jobs. Additionally, we added
four attention check questions (ACQs) in our survey. Work-
ers who answered three or more ACQs incorrectly were
not compensated for their assignment and their data was
excluded from analysis.

Procedure

Participants provided informed consent prior to entering
the portal to complete the experiment by reading the con-
sent document and following the link to the portal. Partic-
ipants were asked to complete a Completely Automated
Public Turing test to tell Computers and Humans Apart
(CAPTCHA) test to ensure that bots were not completing
the study. After completing the CAPTCHA, they completed
a short demographic questionnaire. Next, they read the
task instructions, performed a sound test to make sure they
can hear the reviews read to them, and clicked "Next" to
begin the experiment.

Participants were first presented with four car reviews, two
of each read by eacy car reviewer voice (young and old).
One at a time, they listened to a car review. Each page was
designed to prevent the participants from clicking "Next" for
60 seconds to ensure the participant listened to the review.
After hearing a review, participants completed a car review
assessment to rate the overall quality of the review. After
completion of each review, participants were asked to com-
plete a car reviewer assessment, one for each car reviewer
voice, to rate the overall quality of the voice reviewer’s per-
formance.

Next, we asked participants a qualitative question about
what they thought the study was investigating. Participants
who were able to uncover the true intent of the study (the
effect of age of voices on car reviews). We excluded data
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Figure 1: Mean perceived age of
and standard error of
computer-generated voices.

for these participants, but still compensated them. Finally,
participants were taken to a page where they were de-
briefed on the true nature of the study. The entire study
took less than half an hour, and participants were compen-
sated $1.50.

Findings

The findings from this study will help to answer our re-
search question: can people perceive age from an artifi-
cially generated voice? If so, can we manipulate the per-
ceived age using characteristics such as speed and pitch?
To determine whether the participants’ perception of age
differed between the two computer-generated voices, we
will compare the mean differences of the perceived age of
the two car reviewer voices.

Participant Demographics

While 51 participants completed the study, we excluded one
because the perceived age they reported were below the
boundary case (car reviewers should be at least 18 years
of age for inclusion). Observations from 50 participants (23
males and 27 females) were used for analysis. Age of par-
ticipants ranged from 50 to 78 years with a mean of 63.5
and standard deviation of 6. In terms of career, the major-
ity (44%) of participants work in business or industry and
34% work in other non-specified career areas. For educa-
tional attainment, 86% of participants attended a college

or university with 16.3% earning a graduate degree, 34.9%
earning a 4-year degree, 23.3% earning a two year degree
and the remaining 25.5% having attended some college but
not receiving a degree.

Perception of Age

The study included two different computer-generated voices,
one “young” and one “old”. The “young” voice had the age-
related characteristics of faster speech and higher pitch

speech (see Table 1). Each participant listened to two re-
views, one by each voice (young and old), which were
counterbalanced across participants. For the characteristically-
old voice, the perceived age ranged from 30 to 80 years
with a2 mean of 52.08 and a standard deviation of 11.26. For
the characteristically-young voice, perceived age ranged
from 20 to 50 years with a mean of 28.78 and a standard
deviation of 5.4. Observing the differences between the
characteristically old and young voices, the mean difference
was 23.3 with a standard deviation of 14. Although the dis-
tribution of the old voice was normal and the young voice
was slightly not normal, the distribution of the differences
was normal. Figure 1 presents a bar chart of the mean per-
ceived ages of the two voices with standard errors.

A paired sample t-test revealed there was a significant dif-
ference between the means of the ages of the two voices,
t(49) = 11.729, p < .001, r = 0.859.

Discussion

We find that people who listen to computer-generated speech
distinguish between young sounding and old sounding
voices. Perceptions of age of a voice can be manipulated
by altering the age-related characteristics of the voice.
Specifically, computer-generated voices with a lower rate of
speech and a lower frequency pitch are perceived as older,
while voices with a higher rate of speech and higher fre-
quency pitch are perceived as younger. Since humans have
the ability to discern the age of a human from the charac-
teristics of the human voices [4, 16, 18], it is not surpris-

ing that when we manipulate these same characteristics

in a computer-generated voice, humans also perceive age
differences. However, this is the first time that this result
has been established empirically. This result is also simi-
lar to the work that found that people perceive computer-
generated voices to have a gender [9].



Conclusion and Future Work

The perceived age of a computer-generated voice can be
manipulated using differences in age-related characteris-
tics of voices. This result means that people perceive that
computer-generated voices have an age, and that the age
is affected by the same age-related characteristics as in hu-
mans. Knowing that people perceive a computer-generated
voice to have an age is the first step in more elaborate in-
vestigations about how the perceived age of a voice affects
peoples’ interactions with VUIs. For example, future work
should explore whether, similar to work on the perceived
gender of computer-generated voices [9], perceived age af-
fects the social rules and stereotypes associated with age.
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