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Abstract
Artificial intelligence (AI) based synthesized speech has become almost human-like, ubiquitous in everyday live (e.g., smart 
phones, grocery self-checkouts), and relatively easy to synthesize. This opens opportunities to use AI speech in research and 
clinical areas, such as hearing sciences, audiology, and speech pathology, where recordings of speech materials by voice 
actors can be time- and cost-intensive. However, much research thus far has focused on technological developments towards 
more human-like voices evaluated by younger adults. How older adults perceive AI speech is unclear. Using Google’s 
Wavenet text-to-speech synthesizer, the current study explores whether AI speech can be used to investigate common speech-
in-noise perception phenomena in younger and older adults. Speech intelligibility was recorded for human speech and syn-
thesized speech masked by a modulated or an unmodulated multi-talker babble noise. For both human and AI speech, speech 
intelligibility was better for the modulated than the unmodulated masker (masking release), and this masking-release benefit 
was reduced in older adults. Release from masking effects were comparable between human and AI speech, suggesting that 
modern AI speech could be useful for hearing and speech research. The data further suggest that older adults recognize the 
presentation of AI speech less frequently, rate AI speech as more natural, and are less able to discriminate between human 
and AI speech compared to younger adults. Research on speech perception in older adults may thus especially benefit from 
modern AI-based synthesized speech because, to them, AI speech feels much like spoken by a human.
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1 Introduction

Advances in artificial intelligence (AI) lead to an increasing 
number of encounters with computer-generated (AI) speech 
in our everyday lives, for example, in smart homes and 
phones (e.g., Amazon’s Alexa, Google’s Assistant, Apple’ 
Siri), automated phone services, train announcements, and 
grocery self-checkouts (Ammari et al., 2019; Bentley et al., 
2018; Buteau & Lee, 2021; Richter, 2020). Moreover, the 
tools to generate and manipulate AI-based synthesized 
speech become increasingly accessible to lay persons. This 
availability of tools to leverage AI speech could facilitate 
new advances in research and clinical disciplines, including 

hearing science, audiology, and speech pathology, in which 
creating and norming human-spoken speech materials for 
diagnostic and rehabilitative purposes is an ongoing chal-
lenge, and could potentially be substituted by AI speech syn-
thesis. However, research thus far has focused on technology 
development towards human-like voices and the degree to 
which AI speech is perceived by young, normal-hearing lis-
teners (e.g., Aoki et al., 2022; Cohn & Zellou, 2020; Cohn 
et al., 2020; Govender et al., 2019a, 2019b). How older 
adults perceive and experience AI speech is unclear and 
topic of the current study.

Research on synthesized speech is not new (Cooke et al., 
2013; Drager et al., 2006; Greene et al., 1986; Li & Loizou, 
2007; Raitio et al., 2014; Simpson & Hart, 1977), but only in 
recent years, with the advent of AI (e.g., van den Oord et al., 
2016), has synthesized speech become less robotic, more 
human-like, and applicable in everyday life (Buteau & Lee, 
2021; Richter, 2020). This advancement towards human-
like, synthesized speech is also reflected in the develop-
ment progression of the standard rating scale to evaluate the 
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experience of listeners with synthesized speech—the Mean 
Opinion Score (MOS; Salza et al., 1996). The main focus 
of evaluation has originally been on the degree to which 
synthesized speech is intelligible (Salza et al., 1996). With 
high speech intelligibility becoming the norm, the scale has 
been gradually adapted (Polkosky & Lewis, 2003) to more 
and more focus on the degree to which synthesized speech 
resembles speech spoken by a human (MOS-X2; Mean 
Opinion Score Expanded Version 2; Lewis, 2018).

Google and Amazon, among others, provide access to 
their AI-based text-to-speech synthesizers, for example, 
through minimal computer programming (e.g., Python) 
that interfaces with the company’s Application Program-
ming Interfaces (APIs; e.g., Google Wavenet, https:// 
cloud. google. com/ text- to- speech/ docs/ waven et; van den 
Oord et al., 2016). AI speech can be generated in different 
languages (e.g., > 30 for Google Wavenet), with different 
accents and speaker genders. State-of-the-art AI-based text-
to-speech synthesizers further enable user manipulations of 
acoustic parameters, such as the overall speech rate and fre-
quency, or emphasis, pauses, and volume of specific sections 
of speech (e.g., using Speech Synthesis Markup Language 
[SSML]; Taylor & Isard, 1997; see https:// www. w3. org/ TR/ 
speech- synth esis11/). The relatively easy access to modern, 
AI-based text-to-speech synthesizers and the increasingly 
human-like nature of AI speech offer a solution for research 
and clinical applications that otherwise require time- and 
cost-intensive recording and norming of human-spoken 
speech materials. For example, global access to hearing-loss 
diagnosis and rehabilitation requires spoken speech materi-
als in different languages. However, recordings from native-
speaking voice actors and norming by hearing care providers 
can be challenging in different languages, and AI speech 
may provide an alternative. Even in research laboratories, 
synthesizing instead of recording speech materials may be 
time- and cost-effective. While AI speech could provide a 
cost-effective way to obtain speech materials, AI speech will 
only be useful if there are little to no meaningful differences 
in how human and AI speech is perceived.

A few recent studies have compared perception of human 
speech to AI-based synthesized speech in a variety of con-
texts (Aoki et al., 2022; Cohn & Zellou, 2020; Cohn et al., 
2020). For example, studies have investigated the experi-
enced valence of human vs AI speech (Cohn et al., 2020) 
or how humans produce speech when talking to voice-AI 
systems compared to humans (Cohn & Zellou, 2021; Cohn 
et al., 2021, 2022; Zellou et al., 2021). Most relevant for 
the current work, a few studies have investigated whether 
speech intelligibility differs between synthesized speech 
and human-spoken speech (Aoki et al., 2022; Cohn & Zel-
lou, 2020; Govender et al., 2019a, 2019b). Intelligibility for 
speech masked by background sound has been suggested to 
be lower for synthesized speech compared to human-spoken 

speech (Aoki et al., 2022; Cooke et al., 2013; Simantiraki 
et al., 2018). However, the most recent AI speech synthesiz-
ers have not been available at the time some of the works 
were conducted, thus limiting this conclusion somewhat 
(Cooke et al., 2013; Simantiraki et al., 2018). Moreover, 
only a small number of masking levels (N = 1–3) have often 
been used in previous work (e.g., Aoki et al., 2022; Cohn 
& Zellou, 2020; Cooke et al., 2013; Govender et al., 2019a, 
2019b). Presentation of a low number of masking levels can 
limit interpretations about whether AI speech is less intel-
ligible than human speech, because intelligibility differences 
can be related to differences in speech-perception thresholds 
or speech-perception variability (i.e., the steepness of the 
relation between masking levels and intelligibility). Measur-
ing the whole psychometric intelligibility continuum from 
very low to very high speech intelligibility (Irsik et al., 2022; 
Liu & Jin, 2019; MacPherson & Akeroyd, 2014; Masalski 
et al., 2021; Ross et al., 2021; Wingfield et al., 2000) ena-
bles a more detailed characterization of potential differences 
between AI and human speech. Finally, overall differences 
between computer-generated speech and human speech are 
also hard to interpret because speech materials typically vary 
on a number of acoustic parameters that may be unspecific to 
the human-vs-AI-speech contrast but could also be present 
for different human voices. Comparisons between AI and 
human speech may be most fruitful in interaction designs, 
where a difference between two conditions is compared 
between AI and human speech.

One area that lends itself well to interaction designs, has 
real-world relevance, and would potentially benefit from 
AI speech for research and clinical purposes is speech-in-
noise perception. More than 25% of people aged 55 years or 
older live with some form of hearing impairment that makes 
speech comprehension in the presence of background sound 
challenging (Cruickshanks et al., 1998; Feder et al., 2015; 
Goman & Lin, 2016; Pichora-Fuller et al., 2016). Audi-
tory speech materials are crucial for investigations of how 
individuals perceive speech in the presence of background 
noise and how speech-in-noise perception changes across 
the lifespan. Previous work has shown that speech masked 
by a masker whose amplitude envelope fluctuates at a slow 
modulation frequency (e.g., 4 Hz) is more intelligible than 
speech masked by a masker with a flat, unmodulated ampli-
tude envelope (Cooke, 2006; Dubno et al., 2002; Festen & 
Plomp, 1990; Irsik et al., 2022; Li & Loizou, 2007; Miller 
& Licklider, 1950). The difference in speech intelligibility 
between these two conditions is referred to as “release from 
masking” or “masking release” (Bacon et al., 1998; Gustafs-
son & Arlinger, 1994; Irsik et al., 2022). It is further well 
established that older adults benefit less from a modulated 
relative to an unmodulated masker for speech intelligibil-
ity (Bacon et al., 1998; Dubno et al., 2002, 2003; George 
et al., 2006; Gustafsson & Arlinger, 1994; Irsik et al., 2022; 

https://cloud.google.com/text-to-speech/docs/wavenet
https://cloud.google.com/text-to-speech/docs/wavenet
https://www.w3.org/TR/speech-synthesis11/
https://www.w3.org/TR/speech-synthesis11/
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Lorenzi et al., 2006; Summers & Molis, 2004), at least 
for short, disconnected sentences (Irsik et al., 2022). This 
reduced masking-release benefit for older adults is thought 
to be due to an age-related decline in temporal processing 
(Dubno et al., 2003; George et al., 2006; Gnansia et al., 
2008; Moore, 2008), although cognitive and motivational 
factors may contribute as well (Irsik et al., 2022). Capitaliz-
ing on the known masking-release effect and the age-related 
reduction in masking-release benefit provides a fruitful ave-
nue to investigate whether AI speech differs from human-
spoken speech, because interactions involving speech type 
(AI vs human speech) are tested.

Perception of synthesized speech has mostly been inves-
tigated in young, normal-hearing adults (Aoki et al., 2022; 
Cohn & Zellou, 2020; Cohn et al., 2020; Cooke et al., 2013; 
Govender et  al., 2019a, 2019b). However, older adults 
may be as much exposed to modern AI-based synthesized 
speech in their everyday lives as younger adults are. Older 
adults engage with automated phone services and grocery 
self-checkouts, listen to train announcement and navigation 
assistance, and use smart phones and homes. Moreover, hos-
pital and other medical services, services in long-term care 
settings, and support systems for aging in place increasingly 
explore interactive technology for older adults that relies 
on AI speech (Kim, 2021; Milne-Ives et al., 2020; O'Brien 
et al., 2020). The strong research focus on AI-speech percep-
tion in younger adults could limit age-informed technologi-
cal developments that could facilitate inclusive technology, 
and more knowledge about AI-speech perception in older 
adults is needed.

The current study has two goals. The first goal is to inves-
tigate whether known age-related changes in speech-in-noise 
intelligibility are similarly present for human vs AI speech 
(Experiments 1 and 2). To this end, younger and older adults 
listen to human-spoken and AI-based synthesized sentences 
masked by multi-talker background babble. The amplitude 
envelope of the masking babble is either flat (i.e., unmodu-
lated) or amplitude modulated. The research is designed as 
an interaction paradigm, such that speech intelligibility is 
compared between human-spoken and AI speech as the dif-
ference between speech masked by modulated vs unmodu-
lated maskers (release from masking). Moreover, release 
from masking is expected to be larger in younger compared 
to older adults (Bacon et al., 1998; George et al., 2006; 
Gustafsson & Arlinger, 1994; Irsik et al., 2022). The cur-
rent study explores whether this interaction differs between 
human and AI speech. The second goal of the current study 
is to investigate directly whether younger and older adults 
differ in their perception of AI speech (Experiment 3). To 
this end, younger and older adults listen to sentences spo-
ken by 10 different human speakers (5 male, 5 female) and 
synthesized sentences using 10 AI voices (5 male, 5 female), 
and decide whether sentences were computer-generated or 

spoken by a human. This allows us to explore the sensitiv-
ity of younger and older adults to discriminate human from 
AI speech.

2  General methods

Data for the three experiments of the current study are publi-
cally available at https:// osf. io/ 4jufv/.

2.1  Participants

In each of the three experiments discussed below, partici-
pants were recruited on Amazon Mechanical Turk (MTurk) 
using the Cloud Research interface (formerly TurkPrime; 
Litman et al., 2017), restricting access to the study to indi-
viduals who indicated on MTurk/Cloud Research that they 
were born in the United States of America and that their 
native language is English. Participants who indicated in the 
demographic questionnaire that their native language was 
not English were excluded. Participants who self-reported 
having a history of neurological disease or using a hearing 
aid were also excluded. Demographic details about partici-
pants and the number of excluded participants are provided 
below for each individual experiment. Each participant pro-
vided informed consent before completing the experiment 
and received $8.5 USD (Experiments 1 and 2) or $7.5 USD 
(Experiment 3) at the same hourly rate for their participa-
tion. New participants were recruited for each experiment 
such that participants in any one of the experiments were 
barred from participating in any of the other experiments. 
The study was conducted in accordance with the Declara-
tion of Helsinki and the Canadian Tri-Council Policy State-
ment on Ethical Conduct for Research Involving Humans, 
and approved by the Research Ethics Board at the Baycrest 
Centre for Geriatric Care.

2.2  Experimental setup

All three experiments were conducted online in an internet 
browser. Experimental scripts were written in JavaScript/
html, using jsPsych JavaScript libraries for precise stimulus 
control (Version 7.2.1; de Leeuw, 2015). The experiment 
code was stored at an online repository (https:// gitlab. pavlo 
via. org) and hosted via Pavlovia (https:// pavlo via. org/). Par-
ticipants recruited via Amazon Mechanical Turk (MTurk) 
using the Cloud Research interface (Litman et al., 2017) 
were provided with a link to the Pavlovia platform to per-
form the experimental tasks. No specifications as to the type/
brand of equipment participants should use (e.g., computer, 
screen, operating system, etc.) were provided, but partici-
pants were asked to use headphones.

https://osf.io/4jufv/
https://gitlab.pavlovia.org
https://gitlab.pavlovia.org
https://pavlovia.org/
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2.3  Auditory setup

At the beginning of the experiment, participants completed a 
volume check to set their computer volume to a comfortable 
level. All participants reported using either in-ear phones 
or over-the-ear headphones. In addition to explicitly asking 
participants what means of sound delivery they used, they 
also completed a headphone-check procedure (Woods et al., 
2017). During the headphone-check procedure, participants 
performed a three-interval forced choice task, in which they 
determined which of three consecutive 200-Hz sine tones 
was the quietest. The three tones differed such that one was 
presented at the comfortable listening level, one at –6 dB 
relative to the other two tones, and one at the comfortable 
listening level with a 180° phase difference between the left 
and right headphone channels (anti-phase tone). This task 
is relatively easy over headphones, but difficult over loud-
speakers, because the pressure waves generated from an anti-
phase tone interfere (Woods et al., 2017). If they were lis-
tening through loudspeakers, they would likely erroneously 
select the anti-phase tone as the quietest tone. Participants 
performed six trials, during which the soft tone occurred 
equally often in the three intervals (two times each). Data 
from participants who made more than two errors were 
excluded from data analysis. The number of data sets that 
were excluded is provided for each experiment below.

2.4  Hearing assessment

Hearing was assessed for each participant using self-report 
(subjective) ratings of general hearing abilities and hearing 
problems. Each participant rated the question “How would 
you rate your general hearing abilities?” and the statement 
“I often experience hearing problems.” on an 11-point scale, 
ranging from 0 to 10. For the question concerning general 
hearing abilities, the endpoints of the scale referred to as 
“very poor” and “very good”, respectively. For the state-
ment concerning hearing problems, the endpoints referred 
to “strongly disagree” and “strongly agree”, respectively. 
Age group differences in self-reported hearing was analyzed 
using Wilcoxon’s rank sum test.

Objective hearing abilities were assessed using an online 
implementation of the digits-in-noise test (Smits et al., 2004, 
2013). Digits-in-noise thresholds have been shown to cor-
relate well with audiometrically-measured pure-tone average 
thresholds (0.5–4 kHz; r > 0.7; De Sousa et al., 2020; Koole 
et al., 2016; Potgieter et al., 2018). Digit-in-noise tests have 
been used and validated for testing in-lab (De Sousa et al., 
2020; Koole et al., 2016; Smits et al., 2013) and remote test-
ing, such as by telephone (Smits & Houtgast, 2005; Smits 
et al., 2004, 2006) or a smart phone application (Brown 
et al., 2019; Potgieter et al., 2018). In the current study, par-
ticipants listened to digit triplets (e.g., 2-5-3) masked with 

12-talker babble noise (Bilger, 1984). After the noise and 
digit triplet ended, participants typed the digits they heard in 
the order the digits were presented. The signal-to-noise ratio 
(SNR) was manipulated by varying the level of the spoken 
digits relative to the level of the babble noise. Digit triplets 
were presented at 29 SNRs (range: −18 dB to +15.6 dB; step 
size: 1.2 dB). One-hundred digit triplets were pre-generated 
for each of the 29 SNRs by randomly selecting three dif-
ferent digits ranging from 1 to 9 (onset-to-onset interval: 
0.85 s). The babble masker had a duration of 3 s and the 
sequence of digits started 0.5 s after babble onset. At the 
beginning of an experimental session, twenty-nine digit tri-
plets (one per SNR) were randomly selected for each par-
ticipant. Each participant completed two practice trials with 
high SNRs followed by the 29 test trials. For data analysis, 
a trial was only considered correct if all three digits were 
typed in the order they were presented. A logistic function 
was fit to the data, and the resulting threshold was used as a 
dependent measure. An independent samples t-test was used 
to compare digit-in-noise thresholds between age groups.

3  Experiment 1

Experiment 1 aimed to explore whether known age-related 
changes in speech-in-noise perception are similarly present 
for human vs AI speech. To this end, speech-in-noise intel-
ligibility thresholds were estimated for younger and older 
adults who listened to speech spoken by a human female 
voice or to computer-generated speech using a female voice 
of Google’s Wavenet text-to-speech synthesizer. Both types 
of speech were masked by 12-talker background babble that 
was either modulated in amplitude at 4 Hz or unmodulated.

3.1  Methods

3.1.1  Participants

Forty-two younger (mean age: 29.3  years, age range: 
20–38 years) and 35 older adults (mean age: 61.3 years, age 
range: 54–72 years) participated in Experiment 1. Out of the 
42 younger adults, 26 identified as male and 16 as female. 
Out of the 35 older adults, 12 identified as male and 23 as 
female.

Data from additional participants were excluded if they 
met one or more of the following criteria: using a hearing aid 
(N = 2), having a history of a neurological disease (N = 2), 
incorrectly responding to more than two trials in the three-
interval forced choice headphone-check (N = 13), reported 
that they were distracted during the experiment (N = 6), 
or reported being a non-native English speaker (N = 0). 
Participants who passed these criteria but had an average 
performance in the speech-in-noise intelligibility task that 
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was lower than one standard deviation from the group mean 
(separately for younger and older adults) were also excluded 
(N = 5). Exclusion of datasets from participants who showed 
low performance removed people with outlier speech-in-
noise thresholds, but none of the statistical results reported 
below were qualitatively affected by inclusion or exclusion 
of these datasets. The current more conservative approach 
to data inclusion was chosen because data quality can be a 
concern in online studies (Chmielewski & Kucker, 2020; 
Eyal et al., 2021; Kennedy et al., 2020). Nevertheless, with 
appropriate data quality checks and strict data exclusion 
criteria (e.g., based on low performance), online research 
has generally been shown to lead to similar results as those 
from studies conducted in-person in the laboratory (Agley 
et al., 2022; Berinsky et al., 2014; Buchanan & Scofield, 
2018; Chmielewski & Kucker, 2020; Gosling et al., 2004; 
Thomas & Clifford, 2017). Overall, datasets from 24 par-
ticipants were excluded.

3.1.2  Materials and procedure for speech‑in‑noise 
intelligibility task

Materials for the speech-in-noise intelligibility task were 
128 sentences from the Harvard sentence lists 1–15 (IEEE, 
1969). Sentences were spoken by a human female speaker 
and computer-generated using Google’s Wavenet text-to-
speech synthesizer (https:// cloud. google. com/ text- to- speech/ 
docs/ waven et; van den Oord et al., 2016).

The original speech of the human female speaker was 
recorded at a 44.1 kHz sampling frequency, whereas speech 
of the Google Wavenet voices are synthesized at 24 kHz. 
Human speech recordings were downsampled to 24 kHz 
using MATLAB’s ‘resample.m’ function to match the sam-
pling frequency of the Wavenet speech. For each sentence, 
Praat software (Boersma, 2001) was used to calculate the 
sentence duration and estimate the median fundamental fre-
quency across time (F0; prosodic contour). Duration and 
median F0 estimates were used to adapt Google Wavenet 
parameters.

Transcripts of the 128 sentences were fed into Google’s 
text-to-speech synthesizer using custom Python scripts 
(see Google’s code example: https:// cloud. google. com/ 
text- to- speech/ docs/ create- audio) that interfaced with 
the Google Cloud text-to-speech API (Application Pro-
gramming Interface). The Google Wavenet female voice 
“en-US-Wavenet-H” was used (https:// cloud. google. com/ 
text- to- speech/ docs/ voices). Speech of this voice is syn-
thesized with a US-English accent and was subjectively 
selected to sound closest, compared to the other Wavenet 
female voices, to the human female voice. Synthesized 
sentences ended with a silent period of a few hundred mil-
liseconds, which was removed using custom MATLAB 
scripts. The parameters ‘speaking_rate’ and ‘pitch’ were 

used to manipulate the duration and median F0 of the 128 
Wavenet sentences, such that average duration and median 
F0 across the sets of 128 sentences did not differ statisti-
cally between human speech and Wavenet speech (p > 0.6; 
Fig. 1C). The variance of median F0s across sentences 
was smaller for Wavenet than human speech (Levene 
test: p = 5.8 ×  10–5; there was no difference for duration 
variance: p = 0.163). Duration and median F0 of human-
spoken sentence and Wavenet sentences significantly 
correlated (duration: r = 0.764, p = 1 ×  10–25; median F0: 
r = 0.427, p = 5 ×   10–7). Sample waveforms and corre-
sponding cochleograms using a simple auditory-periphery 
model (McDermott & Simoncelli, 2011) are displayed in 
Figs. 1A and B, respectively.

Sentences were presented either under clear conditions 
or twelve-talker babble from the Revised Speech in Noise 
test (R-SPIN; Bilger, 1984) was added to the sentences as 
a masker. Babble noise was either unmodulated (i.e., rela-
tively flat amplitude envelope) or sinusoidally amplitude 
modulated at a rate of 4 Hz (100% depth) to investigate 
speech intelligibility benefits associated with masking 
release (Dubno et al., 2002; Gustafsson & Arlinger, 1994; 
Irsik et al., 2022; Summers & Molis, 2004). For sentences 
masked by background babble, the signal-to-noise ratio 
(SNR) between the speech signal and the background bab-
ble was manipulated by adjusting the level of the sentence 
relative to the babble masker for 7 different SNR lev-
els: − 9, − 6.67, − 4.33, − 2, + 0.33, + 2.67, + 5 dB. All sen-
tence/babble mixtures were normalized relative to the same 
root-mean square amplitude (RMS). All speech materials 
were saved as wav-file for presentation online.

In four blocks of stimulation, participants listened to 
four sentences for each of the two speech types (human, 
Wavenet), two masker types (unmodulated, modulated), and 
eight SNR levels (clear, − 9, − 6.67, − 4.33, − 2, + 0.33, + 2.6
7, + 5 dB). Hence, each participant listened to 128 sentences 
throughout the experiment (32 sentences per each of the four 
blocks). Speech types, masker types, and SNR levels were 
distributed such that each participant listened to each of the 
128 sentences only once. To ensure intelligibility results are 
not confounded by specific sentences, 32 versions were gen-
erated across which the assignment of a sentence to different 
speech types, masker types, and SNR levels was systemati-
cally varied. Each participant was randomly assigned to one 
of the versions at the beginning of the experimental session.

On each trial during the experiment, a fixation cross 
was presented on the computer screen while concurrently a 
sentence was presented auditorily. After each sentence, an 
input box occurred on the screen and participants were asked 
“Please type the words exactly as you heard them (even if 
you only understood parts of what was said)”. After they 
typed in their response, a 0.4 s blank screen was presented 
before the next trial started.

https://cloud.google.com/text-to-speech/docs/wavenet
https://cloud.google.com/text-to-speech/docs/wavenet
https://cloud.google.com/text-to-speech/docs/create-audio
https://cloud.google.com/text-to-speech/docs/create-audio
https://cloud.google.com/text-to-speech/docs/voices
https://cloud.google.com/text-to-speech/docs/voices
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To familiarize participants with the procedure, they per-
formed a brief 12-trial training block prior to the four experi-
mental blocks. Training trials included human and Wavenet 
speech masked by different masker types (unmodulated, 
modulated) at 0 dB and 5 dB SNR.

For the data analysis, the proportion of correctly reported 
words was calculated separately for each speech type, 
masker type, and SNR level. Different or omitted words 
were counted as errors, but minor misspellings and incor-
rect grammatical number (e.g., singular vs. plural) were 
not. A logistic function was fit to the proportion of correctly 
reported words separately for each speech type and masker 
type as a function of SNR level using the following equation:

where r is the slope, x0 is the inflection point or the speech-
reception threshold associated with 50% proportion of cor-
rectly reported words, and x refers to the SNR levels (− 9
, − 6.67, − 4.33, − 2, + 0.33, + 2.67, + 5 dB; the clear condi-
tion was not used for this analysis). To examine differences 
in masking release as a function of age, the threshold (x0) 
from the logistic function fit was calculated, separately for 
each speech type and masker type. Thresholds were analyzed 

y =
1

(

1 + e
−r(x−x0)

) ,

using repeated-measures analyses of variance (rmANOVAs) 
with Speech Type (human, Wavenet) and Masker Type 
(unmodulated, modulated) as within-participants factors and 
Age Group (younger, older) as between-participants factor. 
Interactions were resolved using paired and independent 
samples t-tests.

3.1.3  Assessment of naturalness of wavenet speech

After participants listened to the four blocks of human and 
Wavenet-generated speech, participants were asked “Did 
you notice that one of the two voices was computer gener-
ated?” and provided a binary “yes” or “no” response. Seven 
participants did not provide a response to this question. A 
chi-square test was used to compare the proportion of “yes” 
responses between age groups.

In an additional ~ 5 min block following the speech-
in-noise intelligibility procedures, participants rated their 
experiences of individual sentences using the MOS-X2 scale 
(Mean Opinion Score Expanded Version 2; Lewis, 2018). 
The MOS-X2 is a four-item scale that assesses a person’s 
experience listening to computer-generated speech (Lewis, 
2018). The four items assess ‘intelligibility’, ‘natural-
ness’, ‘prosody’, and ‘social impression’, and are rated on 
an 11-point scale ranging from 0 to 10, where 10 reflects 

Fig. 1  Stimulus representations and hearing abilities of participants 
in Experiment 1. A Sample waveforms for the same sentence spoken 
by a human female speaker and synthesized using Google Wavenet. 
B Cochleograms for the same sentences as in panel A. C Duration 
and median fundamental frequency (F0) for the 128 human and 128 
Wavenet sentences. Dots reflect values for individual sentences. The 
dashed 45-degree line indicates hypothetical data points if human and 

Wavenet sentences would have the same values. The black solid line 
reflects the true correlation between human and Wavenet sentences. 
D Objective and subjective hearing abilities. Digit-in-noise thresholds 
(left; big dots = mean across participants), self-rated general hearing 
abilities (middle), and self-rated hearing problems (right). Small dots 
reflect data from individual participants
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the highest score. Participants listened to fifteen randomly 
selected sentences from the list of 128 sentences. Five sen-
tences each were from the human female speaker, Wavenet-
synthesized speech, and Google’s Standard synthesized 
speech. The latter was included as an additional compari-
son, and duration and median F0 were adjusted to match the 
sentences of the human speaker (similar to the procedure 
that was carried out for Wavenet sentences). Google’s Stand-
ard synthesized speech generally sounds more robotic than 
Wavenet speech. All fifteen sentences were presented under 
clear conditions without added background noise. After each 
sentence, participants rated each of the four MOS-X2 items. 
For the data analysis, rating scores were averaged across the 
four items and then across sentences, separately for each 
of the three speech types. A rmANOVA was calculated for 
the MOS-X2 scores, using Speech Type (human, Wavenet, 
Standard) as a within-participants factor and Age Group 
(younger, older) as a between-participants factor. Interac-
tions were resolved using paired and independent samples 
t-tests.

3.2  Results

3.2.1  Hearing

Older adults had higher (i.e., worse) digit-in-noise percep-
tion thresholds compared to younger adults  (t75 = 5.708, 
p = 2.2 ×  10–7, d = 1.306; Fig. 1D). Previous work has pro-
vided the regression coefficients that describe the linear 
relation between audiometric pure-tone average thresholds 
(PTAs) and digit-in-noise thresholds (β1 = 4.94, β0 = 33.84; 
for slope and intercept, respectively; Smits et al., 2004). 
Using Smits et al.’s regression coefficients, the mean esti-
mated PTA for younger and older adults was 5.3 and 16.1 dB 
HL, respectively, which is consistent with PTAs measured 
in the lab for younger and older adults recruited from the 
general public (Herrmann et al., 2022; Irsik et al., 2021; 
Presacco et al., 2016). Wilcoxon rank sum tests also showed 
that older adults self-reported having lower general hearing 
abilities than younger adults (p = 0.022), whereas no age-
group difference was found for self-reported hearing prob-
lems (p = 0.136; Fig. 1D).

3.2.2  Speech‑in‑noise intelligibility task

For the speech-in-noise intelligibility task, the proportions 
of correctly reported words are depicted in Fig. 2A. Analy-
sis of speech-in-noise thresholds showed lower (i.e., bet-
ter) thresholds for younger compared to older adults (effect 
of Age Group:  F1,75 = 52.38, p = 3.3 ×  10–10, ω2 = 0.253). 
Speech-in-noise thresholds were also lower for Wavenet 
than human speech (effect of Speech Type:  F1,75 = 38.014, 
p = 3.2 ×  10–8, ω2 = 0.037), and this effect was larger in 

older compared to younger adults (Speech Type × Age 
Group interaction:  F1,75 = 5.714, p = 0.019, ω2 = 0.005). 
Speech-in-noise thresholds were lower for modulated com-
pared to unmodulated maskers (masking release; effect of 
Masker Type:  F1,75 = 222.066, p = 4 ×  10–24, ω2 = 0.353). 
Consistent with previous work (Dubno et al., 2002; Gus-
tafsson & Arlinger, 1994; Irsik et al., 2022; Summers & 
Molis, 2004), the effect of Masker Type – that is, the release 
from masking – was larger for younger compared to older 
adults (Masker Type × Age Group interaction:  F1,75 = 11.733, 
p = 0.001, ω2 = 0.026), but both age groups showed a release-
from-masking benefit (younger:  t41 = 11.544, p = 1 ×  10–14, 
d = 1.781; older:  t34 = 10.631, p = 2.4 ×  10–12, d = 1.797; 
Fig. 2B). The Speech Type factor did not modulate the 
release-from-masking effect (Speech Type × Masker Type 
interaction:  F1,75 = 0.210, p = 0.648, ω2 < 0.001) nor the 
release-from-masking difference between age groups 
(Speech Type × Masker Type × Age Group interaction: 
 F1,75 = 0.005, p = 0.942, ω2 < 0.001).

Slopes of the psychometric function were steeper for 
Wavenet than human speech (effect of Speech Type: 
 F1,75 = 32.92, p = 1.9 ×  10–7, ω2 = 0.132) and for unmodu-
lated than modulated maskers (effect of Masker Type: 
 F1,75 = 31.84, p = 2.8 ×  10–7, ω2 = 0.15), suggesting that, in 
both cases, speech intelligibility was less variable across 
sentences. No other effects or interactions were significant 
(all p > 0.15).

3.2.3  Subjective experience of naturalness of speech 
materials

After the speech-in-noise intelligibility task, partici-
pants indicated whether they noticed that one of the two 
voices was computer generated. 83% of younger adults, 
but only 26% of older adults responded ‘yes’ (χ2 = 23.03, 
p = 1.6 ×  10–6), suggesting that few older adults noticed that 
computer-generated speech was presented (see Fig. 3).

Participants rated their experience listening to sen-
tences of different Speech Types using the MOS-X2 scale. 
MOS-X2 scores were lower for Wavenet  (t76 = 11.586, 
p = 1.8 ×  10–18, d = 1.32) and Standard speech  (t76 = 14.531, 
p = 1.2 ×   10–23, d = 1.656) compared to human speech, 
and lower for Standard compared to Wavenet speech 
 (t76 = 7.918, p = 1.6 ×   10–11, d = 0.902; effect of Speech 
Type:  F2,150 = 181.487, p = 8.9 ×  10–41, ω2 = 0.459). MOS-
X2 scores were larger for older compared to younger adults 
(effect of Age Group:  F1,75 = 8.747, p = 0.004, ω2 = 0.048), 
but only for Wavenet  (t75 = 2.746, p = 0.008, d = 0.629) and 
Standard speech  (t75 = 4.012, p = 1.4 ×   10–4, d = 0.918), 
whereas MOS-X2 scores for human speech were slightly 
lower for older compared to younger adults  (t75 = −2.114, 
p = 0.038, d = 0.484; Speech Type × Age Group interaction: 
 F2,150 = 17.679, p = 1.3 ×  10–7, ω2 = 0.073; Fig. 3).
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3.3  Summary

Experiment 1 shows for both human-spoken and AI-based 
synthesized speech that speech intelligibility for younger and 
older adults is better for modulated compared to unmodu-
lated maskers (release from masking; Dubno et al., 2002; 
Irsik et al., 2022; Miller & Licklider, 1950) and that the 
intelligibility benefit for modulated maskers is reduced 
for older compared to younger adults (Bacon et al., 1998; 
George et al., 2006; Gustafsson & Arlinger, 1994; Irsik et al., 
2022). The release from masking effect and the reduced 
masking release for older adults did not statistically differ 
between human and AI speech. These results suggest that AI 
speech could be used to investigate speech-in-noise percep-
tion phenomena. Interestingly, only 26% of older adults rec-
ognized that computer-generated (synthesized) speech was 
used, as opposed to the 83% of younger adults, and older 
adults rated synthesized speech as more natural and human-
like compared to younger adults. In Experiment 1, a female 
voice was used to investigate speech-in-noise intelligibility 

Fig. 2  Intelligibility results and speech-in-noise thresholds for 
Experiment 1. A Predicted proportion correct word reports for dif-
ferent signal-to-noise ratios (SNRs) from logistic function fits (left) 
and mean proportion correct word reports (right). B Speech-in-noise 

thresholds estimated from logistic function fits. The dashed line on 
the right-hand plots indicates the threshold if there were no difference 
between thresholds for modulated and unmodulated maskers. Unmod 
– unmodulated masker, Mod—modulated masker

Fig. 3  Recognition and naturalness ratings of synthesized AI speech. 
A Proportion of participants indicating after the speech-in-noise task 
whether they noticed that one of the two voices was computer gen-
erated. B Naturalness ratings (MOS-X2) of sentences uttered by a 
human vs synthesized by a computer. Synthesized voices were Goog-
le’s Wavenet and Standard voices
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and experiences with AI speech. Many voice-AI assistive 
systems use female voices by default, and it may thus be 
that individuals have less experience with male compared 
to female AI speech. Hence, younger and older adults might 
notice less well that computer-generated speech is used 
for a male compared to a female voice. Experiment 2 was 
designed to generalize the release-from-masking effects and 
reduced masking release for older adults to male AI speech.

4  Experiment 2

Experiment 2 mirrored procedures of Experiment 1, but 
speech recordings from a male human speaker and synthe-
sized speech for a male voice were used in Experiment 2.

4.1  Methods

4.1.1  Participants

Thirty-five younger (mean age: 32.4  years, age range: 
24–38 years) and 32 older adults (mean age: 64.9 years, age 
range: 59–74 years) participated in Experiment 2. Out of the 
35 younger adults, 21 identified as male, 13 as female, and 
1 as nonbinary. Out of the 32 older adults, 13 identified as 
male and 19 as female.

Data from additional participants were excluded if they 
met one or more of the following exclusion criteria: using 
a hearing aid (N = 1), having a history of a neurological 
disease (N = 3), failing the three-interval forced choice 
headphone-check (N = 22), reported that they were dis-
tracted during the experiment (N = 5), or reported being a 
non-native English speaker (N = 0). Participants who passed 
these criteria but showed an average speech-in-noise intelli-
gibility performance that was lower than one standard devia-
tion from the group mean (separately for younger and older 
adults) were also excluded (N = 12). One additional partici-
pant’s data were also excluded because the person showed 
a very high digit-in-noise threshold (9.5 dB SNR), despite 
good performance in the speech-in-noise intelligibility task. 
Similar to Experiment 1, exclusion of participants with low 
overall performance removed people with outlier speech-in-
noise thresholds, but none of the statistical results reported 
below were qualitatively affected by inclusion or exclusion 
of these datasets. Overall, 41 datasets were excluded.

4.1.2  Materials and procedures for speech‑in‑noise 
intelligibility task

Procedures for the speech-in-noise intelligibility task were 
the same as in Experiment 1, with the exception that male 
speech was used and the signal-to-noise ratios at which 

speech was masked were slightly altered to capture a wide 
range of intelligibility performance levels.

Speech recordings of the Harvard 128 sentences made by 
a human male speaker were taken from a publically avail-
able resource (https:// depts. washi ngton. edu/ phonl ab/ proje 
cts/ uwnu. php; McCloy et al., 2018; Panfili et al., 2017). 
Speech recordings of the ‘PNM055’ speaker were used in 
Experiment 2. The Google Wavenet male voice was “en-US-
Wavenet-D” (https:// cloud. google. com/ text- to- speech/ docs/ 
voices). As for Experiment 1, the parameters ‘speaking_rate’ 
and ‘pitch’ were used to manipulate the duration and median 
F0 of the 128 Wavenet sentences, such that average dura-
tion and median F0 across the sets of 128 sentences did 
not differ statistically between human speech and Wavenet 
speech (p > 0.7; Fig. 1C). The variance of duration across 
sentences was smaller for Wavenet than human speech (Lev-
ene test: p = 0.009; there was no difference for the variance 
of median F0: p = 0.509). Duration and median F0 of human 
and Wavenet sentences correlated (duration: r = 0.738, 
p = 2.6 ×  10–23; median F0: r = 0.372, p = 1.6 ×  10–5). Sample 
waveforms and corresponding cochleograms (McDermott & 
Simoncelli, 2011) are displayed in Fig. 4A and B. Sentences 
were presented either under clear conditions or twelve-talker 
babble (Bilger, 1984) was added to the sentences using seven 
SNR levels: − 11, − 8.33, − 5.67, − 3, − 0.33, 2.33, + 5 dB 
(levels differ slightly from levels used in Experiment 1, 
because pilot tested showed that intelligibility of the male 
voices was better relative to the female voices used in Exper-
iment 1). Babble noise was either unmodulated or sinusoi-
dally amplitude modulated at a rate of 4 Hz.

4.1.3  Assessment of naturalness of Wavenet speech

Procedures to assess the experience with Wavenet speech 
were similar to those in Experiment 1.

In Experiment 2, participants were additionally asked 
about their general experience with voice-AI systems. 
Experience was assessed using the following question: 
“Do you have experience using a voice-AI (artificial intel-
ligence) system, such as Amazon Alexa, Google Assistant, 
or Apple Siri?”. Participants provided a self-assessment on 
a 11-point rating scale ranging from 0 to 10, where the end 
points referred to “no experience” and “high experience”, 
respectively. Age group differences in self-reported voice-AI 
experience was analyzed using Wilcoxon’s rank sum test.

4.2  Results

4.2.1  Hearing

Older adults showed higher (i.e., worse) digit-in-
noise thresholds compare to younger adults  (t65 = 3.88, 
p = 2.5 ×   10–4, d = 0.949). The digit-in-noise thresholds 

https://depts.washington.edu/phonlab/projects/uwnu.php
https://depts.washington.edu/phonlab/projects/uwnu.php
https://cloud.google.com/text-to-speech/docs/voices
https://cloud.google.com/text-to-speech/docs/voices
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correspond to an approximate average PTA of 8.4 dB HL 
for younger adults and a PTA of 16.5 dB HL for older adults 
(Smits et al., 2004). Older adults also self-rated their general 
hearing abilities to be lower (p = 0.021) and their hearing 
problems to be greater (p = 4.6 ×  10–4) compared to younger 
adults (Fig. 4D).

4.2.2  Speech‑in‑noise intelligibility task

Proportions of correctly reported words are depicted in 
Fig. 5A. Speech-in-noise perception thresholds were lower 
(i.e., better) for younger compared to older adults (effect 
of Age Group:  F1,65 = 39.314, p = 3.3 ×  10–8, ω2 = 0.225). 
Thresholds were also lower for human than Wavenet speech 
(effect of Speech Type:  F1,65 = 93.393, p = 3.4  ×   10–14, 
ω2 = 0.148) and lower for modulated than unmodulated 
maskers (release from masking; effect of Masker Type: 
 F1,65 = 297.897, p = 5.8 ×  10–26, ω2 = 0.396). Release from 
masking was significant for both human  (t66 = 11.668, 
p = 1.1 ×  10–17, d = 1.425) and Wavenet speech  (t66 = 12.546, 
p = 3.9 ×  10–19, d = 1.533), but tended to be larger for human 
compared to Wavenet speech (Speech Type × Masker Type 
interaction:  F1,65 = 3.328, p = 0.073, ω2 = 0.004). Intelligi-
bility benefit from masking release was smaller for older 
compared to younger adults (Masker Type × Age Group 
interaction:  F1,65 = 27.334, p = 1.9  ×   10–6, ω2 = 0.055), 

although both younger  (t34 = 15.792, p = 3.2  ×   10–17, 
d = 2.669) and older adults  (t31 = 8.619, p = 9.835 ×  10–10, 
d = 1.524) showed lower thresholds for modulated compared 
to unmodulated maskers (masking release). Speech Type did 
not significantly modulate the difference in masking release 
between younger and older adults (Speech Type × Masker 
Type × Age Group interaction:  F1,65 = 0.032, p = 0.859, 
ω2 < 0.001).

Slopes of the psychometric function were steeper for 
Wavenet than human speech (effect of Speech Type: 
 F1,65 = 22.203, p = 1.3 ×  10–5, ω2 = 0.133) and for unmod-
ulated than modulated maskers (effect of Masker Type: 
 F1,65 = 16.165, p = 1.5 ×  10–4, ω2 = 0.112), suggesting that, 
in both cases, speech intelligibility was less variable. No 
other effects or interactions were significant (all p > 0.15).

4.2.3  Subjective experience of naturalness of speech 
materials

After the speech-in-noise intelligibility task, 71% of younger 
adults but only 13% of older adults responded ‘yes’ to the 
question whether they noticed that one of the two voices dur-
ing the speech-intelligibility task was computer-generated 
(χ2 = 23.646, p = 1.2 ×  10–6; Fig. 6A). The percentage of 
people noticing the computer-generated speech appeared 
about 12% lower for the male voice used in Experiment 2 

Fig. 4  Stimulus representations and hearing abilities of participants 
in Experiment 2. A Sample waveforms for the same sentence spoken 
by a human female speaker and synthesized using Google Wavenet. 
B Cochleograms for the same sentences as in panel A. C Duration 
and median fundamental frequency (F0) for the 128 human and 128 
Wavenet sentences. Dots reflect values for individual sentences. The 
dashed 45-degree line indicates hypothetical data points if human and 

Wavenet sentences would have the same values. The black solid line 
reflects the true correlation between human and Wavenet sentences. 
D Objective and subjective hearing abilities. Digit-in-noise threshold 
(left; big dots = mean across participants), self-rated general hearing 
abilities (middle), and self-rated hearing problems (right). Small dots 
reflect data from individual participants
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Fig. 5  Intelligibility results and speech-in-noise thresholds for Exper-
iment 2. A Predicted proportion correct word reports for different sig-
nal-to-noise ratios (SNRs) from logistic function fits (left) and mean 
proportion correct word reports across all levels (right). B Speech-in-

noise thresholds estimated from logistic function fits. The dashed line 
on the right-hand plots indicates the threshold if there were no dif-
ference between thresholds for modulated and unmodulated maskers. 
Unmod – unmodulated masker, Mod –modulated masker

Fig. 6  Recognition and naturalness ratings of synthesized speech. 
A Proportion of participants indicating after the speech-in-noise 
task whether they noticed that one of the two voices was computer-
generated. B Naturalness ratings of sentences uttered by a human vs 

synthesized (computer-generated). Synthesized speech was generated 
using Google’s Wavenet and Standard voices. C Self-rated experience 
with voice-AI systems
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compared to the female voice using in Experiment 1, but this 
was not significant (χ2 = 1.658, p = 0.198).

Analysis of the MOS-X2 scores showed, similar to 
Experiment 1, that human speech was rated higher than 
Google’s Wavenet  (t66 = 4.655, p = 1.6 ×  10–5, d = 0.569) and 
Standard speech  (t66 = 10.57, p = 7.8 ·  10–16, d = 1.291), and 
that Wavenet speech was rated higher than Standard speech 
 (t66 = 9.803, p = 1.7 ×   10–14, d = 1.198; effect of Speech 
Type:  F2,130 = 90.451, p = 2.4 ×  10–25, ω2 = 0.306). MOS-
X2 scores were larger for older compared to younger adults 
for Wavenet  (t65 = 2.721, p = 0.008, d = 0.666) and Stand-
ard speech  (t65 = 2.599, p = 0.012, d = 0.636), but not for 
human speech  (t65 = − 1.229, p = 0.224, d = 0.301; Speech 
Type × Age Group interaction:  F2,130 = 10.028, p = 8.9 ·  10–5, 
ω2 = 0.043; effect of Age Group:  F1,65 = 4.275, p = 0.043, 
ω2 = 0.024; Fig. 6B).

Naturalness ratings appeared somewhat higher for the 
male voice used in Experiment 2 (Fig. 6B) compared to 
the female voice used in Experiment 1 (Fig. 3B). To exam-
ine this difference directly, the between-participants factor 
Voice Gender (female, male) was added to the rmANOVA 
analyzing MOS-X2 scores. As before, the effects of Speech 
Type  (F2,280 = 253.164, p = 1.6 ×   10–63, ω2 = 0.381) and 
Age Group  (F1,140 = 12.518, p = 5.5 ×   10–4, ω2 = 0.039), 
and the Speech Type × Age Group interaction were sig-
nificant  (F2,280 = 26.537, p = 2.8 ×  10–11, ω2 = 0.059), mir-
roring the differences described above. Critically, MOS-
X2 scores for male Wavenet and Standard sentences 
were greater than MOS-X2 scores for the female voice 
(Wavenet:  t142 = 4.525, p = 1.3 ×   10–5, d = 0.756; Stand-
ard:  t142 = 2.717, p = 0.007, d = 0.454), whereas MOS-X2 
scores for sentences spoken by the male human speaker 
were lower compared to the female speaker  (t142 = -2.532, 
p = 0.012, d = 0.423; Speech Type × Voice Gender interac-
tion:  F2,280 = 20.686, p = 2.2 ×  10–9, ω2 = 0.046; effect of 
Voice Gender:  F1,140 = 7.987, p = 0.005, ω2 = 0.024). These 
effects did not differ between younger and older adults 
(Speech Type × Voice Gender × Age Group interaction: 
 F2,280 = 1.232, p = 0.293, ω2 < 0.001).

Self-rated experience with voice-AI systems, such as 
Apple’s Siri or Amazon’s Alexa, did not significantly differ 
between age groups (p = 0.774; Fig. 6C).

4.3  Summary

Results of Experiment 2 mirrored those of Experiment 1 
in that, for both human and Wavenet speech, intelligibility 
was reduced for the modulated compared to the unmodu-
lated masker (masking release) and this masking-release 
effect was smaller for older compared to younger adults. A 
female voice was used in Experiment 1 and a male voice 
was used in Experiment 2. Hence, the data demonstrate 
that common speech-in-noise perception effects can be 

observed using state-of-the-art AI-based synthesized 
speech and that the results generalize across different AI 
voices and genders.

Experiment 2, similar to Experiment 1, showed that older 
adults recognized synthesized speech less frequently (13%) 
compared to younger adults (71%), and that older adults 
rated synthesized speech as being more natural and human-
like than younger adults. However, these results are based on 
subjective reports and ratings. Whether reduced recognition 
of AI speech is the result of a response bias or whether older 
adults are indeed unable to discriminate between human 
and AI speech cannot be answered based on the data from 
Experiments 1 and 2. Experiment 3 was designed to answer 
this question using sentences spoken by 10 different human 
speakers and synthesized for 10 different voices.

5  Experiment 3

Experiment 3 aimed to investigate the perceptual sensitivity 
of younger and older adults to discriminate between human-
spoken and AI-based synthesized speech.

5.1  Methods

5.1.1  Participants

Thirty-three younger adults (mean age: 32.2 years, age range: 
24–38 years) and 34 older adults (mean age: 65.8 years, age 
range: 59–78 years) participated in Experiment 3. Of the 
younger adults, 23 identified as male, 9 as female, and one 
as genderqueer. Of the older adults, 16 identified as male or 
man, 17 as female or woman, and one person did not provide 
a meaningful response regarding their gender.

Data from additional participants were excluded if they 
met one or more of the following exclusion criteria: using 
a hearing aid (N = 3), having a history of a neurological 
disease (N = 5), failing the three-interval forced choice 
headphone-check (N = 20), or reported being a non-native 
English speaker (N = 1). In Experiment 3, all sentences 
were presented with minimal background masking (i.e., 
at + 10 dB SNR) or under clear conditions, and were thus 
highly intelligible. Hence, participants who passed the 
exclusion criteria mentioned above but showed an average 
speech-in-noise intelligibility performance lower than 85% 
were also excluded, assuming they were unable or unwill-
ing to perform the task (additional N = 9). Data from one 
additional participant were also excluded because the person 
used the same response category on every trial for their rat-
ing of whether a sentence was AI speech or human speech. 
Overall, data from 37 participants were excluded.
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5.1.2  Materials and procedures for speech‑in‑noise 
intelligibility and speech‑type discrimination tasks

Eighty sentences from the Harvard sentence lists 1–15 were 
selected for Experiment 3. Sentence recordings from 5 male 
and 5 female human speakers were taken from a publically 
available resource (https:// depts. washi ngton. edu/ phonl ab/ 
proje cts/ uwnu. php; McCloy et al., 2018; Panfili et al., 2017). 
Speaker IDs for female voices were PNF133, PNF136, 
PNF140, PNF142, and PNF144, and speaker IDs for male 
voices were PNM055, PNM077, PNM078, PNM079, and 
PNM083 (McCloy et al., 2018; Panfili et al., 2017). As for 
Experiments 1 and 2, each of the 80 sentences per speaker 
were resampled from a sampling frequency of 44.1 kHz to 
24 kHz. Praat software (Boersma, 2001) was used to calcu-
late each sentence’s duration and median F0 (Fig. 7).

For Wavenet voices, five female and five male voices with 
an US accent (“en-US-Wavenet”) were used. IDs for female 
voices were C, E, F, G, and H. IDs for male voices were A, 
B, D, I, and J (https:// cloud. google. com/ text- to- speech/ docs/ 
voices). As for Experiments 1 and 2, the parameters ‘speak-
ing_rate’ and ‘pitch’ were used to manipulate the duration 
and median F0, such that for each Wavenet voice the average 
duration and median F0 across the sets of 80 sentences did 

not differ statistically between human and Wavenet speech 
(for all; p > 0.2; with one exception: The median F0 for 
Wavenet male voice D was larger than the median F0 for 
PNM078; p < 0.01; the fundamental frequency of PNM078’s 
voice was very low). Hence, to reduce potential differences 
between human and Wavenet speech, each Wavenet voice 
was paired with one human voice of the same gender to 
adjust Wavenet parameters (Fig. 7).

Each of the 80 sentences was randomly assigned to one 
of the 20 voices (10 human, 10 Wavenet) at the beginning 
of the experimental session. Throughout the experiment, 
each participant thus listened to four sentences for each 
of the 20 voices. Sentences were presented in four blocks 
and each block contained one sentence for each of the 20 
voices. On each trial, a fixation cross was presented on the 
computer screen while a sentence was presented auditorily. 
After each sentence, an input box occurred on the screen 
and participants were asked “Please type the words exactly 
as you heard them (even if you only understood parts of 
what was said)”. The speech-intelligibility task was used 
to determine whether participants listened to the sentences. 
After they typed in their response, participants were asked 
“Was the voice of the sentence a human or a computer-gen-
erated voice?”. Participants selected one out of six response 

Fig. 7  Duration and median F0 for human-spoken and Wavenet-
synthesized sentences used in Experiment 3. A Sentence durations 
for female voices. B Sentence durations for male voices. C Sen-
tence median F0s for female voices. D Sentence median F0s for 
male voices. For Human voices, the abbreviations refer to the labels 
of original stimulus recordings (McCloy et  al., 2018; Panfili et  al., 

2017). For Wavenet voices, the first two letters ‘GW’ of the voice 
abbreviation refers to Google Wavenet, the third letter ‘F’ vs ‘M’ 
refers to female and male, respectively, and the fourth letter refers 
to the specific Wavenet voice. Boxplots are shown along with data 
points for each individual sentence (dots)

https://depts.washington.edu/phonlab/projects/uwnu.php
https://depts.washington.edu/phonlab/projects/uwnu.php
https://cloud.google.com/text-to-speech/docs/voices
https://cloud.google.com/text-to-speech/docs/voices
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categories presented on the computer screen: “Human voice 
(very confident)", "Human voice (somewhat confident)", 
"Human voice (not confident)", "Computer voice (not 
confident)", "Computer voice (somewhat confident)", and 
"Computer voice (very confident)". A 0.4 s blank screen was 
presented before the next trial started.

For 17 younger and 18 older adults, all sentences were 
presented in 12-talker background babble at + 10 dB SNR. 
This minimal masking was chosen to mask potential subtle 
differences in the quality of the recordings between human 
and Wavenet speech, while enabling high speech intelligi-
bility for younger and older adults (Holder et al., 2018). To 
avoid that any age differences emerge because older adults 
find listening to speech in + 10 dB SNR background noise 
more effortful than younger adults despite high speech intel-
ligibility, sentences were presented under clear conditions 
for additional 16 younger and 16 older adults. Critically, 
the speech-type discrimination effects reported below were 
present for both subgroups individually (speech condi-
tions: clear vs + 10 dB SNR). To avoid presenting similar 
results twice, data sets were pooled and jointly analyzed. 
A between-participants factor was used in the analysis to 
explicitly account for differences between speech conditions 
(clear, + 10 dB SNR).

5.1.3  Data analysis

For the analysis of speech-intelligibility data, the proportion 
of correctly reported words was calculated for each sentence. 
Different or omitted words were counted as errors, but minor 
misspellings and incorrect grammatical number (e.g., sin-
gular vs. plural) were not. Data from participants with an 
overall proportion of correctly reported words lower than 
0.85 were excluded from further analysis. An rmANOVA 
was calculated using the proportion of correctly reported 
words as dependent measure. The rmANOVA included the 
within-participants factor Speech Type (human, Wavenet) 
and the between-participant factors Age Group (younger, 
older) and Speech Condition (clear, + 10 dB SNR).

The analysis of the performance in the speech-type dis-
crimination task focused on correctly reported sentences in 
order to ensure that only sentences to which participants 
had listened attentively are included in the analysis. To ana-
lyze the proportion of “human voice” responses, the 6-point 
response and confidence scale was converted such that 
“Human voice (very confident)” was coded as 1, “Computer 
voice (very confident)” as 0, and the other four responses 
categories equally spaced in-between. An rmANOVA was 
calculated for the proportion of ‘human voice’ responses 
using the within-participants factor Speech Type (human, 
Wavenet) and the between-participant factors Age Group 
(younger, older) and Speech Condition (clear, + 10 dB SNR).

Perceptual sensitivity (d-prime) and response bias (c) 
were also calculated for each participant (Macmillan & 
Creelman, 2004). D-prime values were calculated using 
custom MATLAB scripts. A response was considered a 
hit when the sentence was spoken by a human and the par-
ticipant responded with “Human voice”. A response was 
considered a false alarm when the sentence was Wavenet-
synthesized and the participant responded with “Human 
voice”. D-prime cannot be calculated when hit rates or false 
alarm rates are zero or one (Macmillan & Creelman, 2004). 
To handle these cases, the following corrections were cal-
culated. When the hit rate was zero, it was set to 1

2×n
 where 

n refers to the number of sentences spoken by a human. 
When the hit rate was one, it was set to 1 − 1

2×n
 . When the 

false alarm rate was zero, it was set to 1

2×m
 where m refers to 

the number of Wavenet sentences (Macmillan & Creelman, 
2004). Data from participants with a false alarm rate of one 
were removed (N = 1; selecting the same response category 
on all trials). Age-group differences were assessed using an 
independent-samples t-test.

The standard voice gender of many assistive voice-AI and 
smart systems is female and participants may thus have more 
experience and familiarity with female compared to male AI 
voices. In order to explore whether the ability to discriminate 
between human and Wavenet speech depends on the gender 
of the voice, perceptual sensitivity and bias were also cal-
culated separately for different voice genders. D-prime and 
bias c were separately analyzed in a rmANOVA, including 
the within-participants factor Voice Gender (male, female), 
and the between-participants factors Age Group (younger, 
older) and Speech Condition (clear, + 10 dB SNR).

5.2  Results

5.2.1  Hearing

Older adults showed higher (i.e., worse) digit-in-noise 
thresholds compared to younger adults  (t65 = 5.069, 
p = 3.5 ×   10–6, d = 1.239). The digit-in-noise thresholds 
correspond to an approximate average PTA of 6.8 dB HL 
for younger adults and a PTA of 19 dB HL for older adults 
(Smits et al., 2004). Self-rated general hearing abilities 
and hearing problems did not differ between age groups 
(p > 0.3; Fig. 8A). Self-reported experience with voice-AI 
systems did also not differ between younger and older adults 
(p = 0.263; Fig. 8B).

5.2.2  Speech‑in‑noise intelligibility

The proportion of correct word reports was greater for 
Wavenet compared to human speech  (F1,63 = 12.019, 
p = 9.5 ×   10–4, ω2 = 0.015; mean proportion: 0.966 and 
0.958, respectively) and greater for clear speech compared 
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to speech masked by + 10 dB SNR  (F1,63 = 6.274, p = 0.015, 
ω2 = 0.04; mean proportion: 0.972 and 0.953, respectively). 
No other effects or interactions were significant (for all 
p > 0.1; Fig. 8C).

5.2.3  Speech‑type discrimination performance

The analysis of the proportion of “human voice” responses 
showed that participants responded “human voice” more 
frequently when the voice was a human voice compared to 
a Wavenet voice (effect of Speech Type:  F1,63 = 289.889, 
p = 3 ×  10–25, ω2 = 0.697). Older adults categorized speech 
overall more frequently as originating from a “human voice” 
than younger adults (effect of Age Group:  F1,63 = 5.078, 
p = 0.028, ω2 = 0.031). The Speech Type × Age Group inter-
action was also significant  (F1,63 = 24.532, p = 5.8 ×  10–6, 
ω2 = 0.158). Older adults categorized speech spoken by 
a human less frequently as “human voice”  (t65 = -2.189, 
p = 0.032, d = 0.535) and Wavenet speech more frequently as 
“human voice”  (t65 = 4.812, p = 9.3 ×  10–6, d = 1.176) com-
pared to younger adults (Fig. 9A). None of the other effects 
and interactions were significant (for all p > 0.4).

Perceptual sensitivity (d-prime) and bias (c) were also 
calculated to distinguish between a person’s ability to 
discriminate human from AI speech and a person’s bias 
towards selecting one response category over another. 
Younger compared to older adults were better able to dis-
criminate between human and AI speech, as indicated 
by larger d-prime values  (F1,63 = 27.075, p = 2.3 ×   10–6, 
ω2 = 0.284; Fig. 9B left; no effect of Speech Condition or 
Age Group × Speech Condition interaction, p > 0.4). There 
were no effects related to bias (p > 0.1), but both age groups 
were biased towards responding “human voice” (t-test 

against zero; younger:  t32 = 5.351, p = 7.2 ×  10–6, d = 0.932; 
older:  t33 = 6.084, p = 7.5 ×  10–7, d = 1.043; Fig. 9B left). A 
regression aiming to predict d-prime from digit-in-noise per-
ception thresholds (additionally including predictors Speech 
Condition and Age Group) did not reveal a significant rela-
tionship  (t63 = − 1.093, p = 0.279).

Analyses thus far have focused on an aggregate of 
responses across different voices and voice genders. The 
right-hand side of Fig. 9A shows the proportion of “human 
voice” responses for each human and AI voice. Response 
patterns appear largely consistent across voices. How-
ever, the data suggest potential differences associated 
with voice gender. Hence, perceptual sensitivity and bias 
were analyzed in separate rmANOVAs with the addi-
tional within-participants factor Voice Gender. D-prime 
was larger for older compared to younger adults (effect 
of Age Group:  F1,63 = 30.962, p = 5.8 ×  10–7, ω2 = 0.190) 
and for female compared to male voices (effect of Voice 
Gender:  F1,63 = 72.403, p = 4.6 ×  10–12, ω2 = 0.177). The 
Age Group × Voice Gender interaction was also significant 
 (F1,63 = 4.044, p = 0.049, ω2 = 0.009). D-prime was larger 
for younger adults compared to older adults for both female 
 (t65 = 5.794, p = 2.2 ×   10–7, d = 1.416) and male voices 
 (t65 = 4.353, p = 4.9 ·  10–5, d = 1.064), but the difference was 
larger for female voices. There was no effect or interaction 
involving Speech Condition (p > 0.6).

Analysis of bias showed that individuals were more 
biased towards reporting “human voice” for male than 
female voices (effect of Voice Gender:  F1,63 = 18.752, 
p = 5.4 ×  10–5, ω2 = 0.068) and older adults seemed some-
what more biased (effect of Age Group:  F1,63 = 3.070, 
p = 0.085, ω2 = 0.016). These effects were specified by 
the Age Group × Voice Gender interaction  (F1,63 = 19.356, 

Fig. 8  Hearing assessments, voice-AI experience, and speech intelli-
gibility in Experiment 3. A Objective and subjective hearing abilities. 
Digit-in-noise thresholds (left; large dots = mean across participants), 
self-rated general hearing abilities (middle), and self-rated hearing 

problems (right). B Self-rated experience with voice-AI systems. C 
Proportion correct word reports in the  speech-intelligibility task. 
Small dots reflect data from individual participants
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p = 4.3 ×  10–5, ω2 = 0.070), showing that older adults were 
more biased towards responding “human voice” compared to 
younger adults for female voices  (t65 = 4.185, p = 8.7 ×  10–5, 
d = 1.023), but not for male voices  (t65 = − 0.619, p = 0.538, 
d = 0.151). In fact, younger adults did not show a bias for 
female voices (t-test against zero:  t32 = 0.474, p = 0.639, 
d = 0.082), only for male voices  (t32 = 7.763, p = 7.5 ×  10–9, 
d = 1.351), whereas older adults were biased for both 
voices (female:  t33 = 5.890, p = 1.3 ×  10–6, d = 1.010; male: 
 t33 = 4.574, p = 6.4 ×  10–5, d = 0.784).

5.3  Summary

Experiment 3 shows that older adults are less able to dis-
criminate between human and AI speech than younger 
adults. This effect was present for both female and male 
voices, but the age-group difference was slightly larger for 
female compared to male voices. Discrimination between 

human and AI speech was also generally lower for male 
compared to female voices.

6  General discussion

The current behavioral study investigated how younger and 
older adults perceive modern AI-based synthesized speech. 
Specifically, the study explored whether AI-based synthe-
sized speech can be used to investigate common speech-in-
noise perception phenomena, here masking release. Speech 
intelligibility for human speech and synthesized speech was 
recorded in younger and older adults for speech masked by 
a modulated or an unmodulated multi-talker babble noise. 
For both human and AI speech, speech intelligibility was 
better for modulated compared to unmodulated maskers 
(i.e., masking release) and older adults showed a reduced 
masking-release benefit. These results fit with previous 
work using human-recorded speech and suggest that modern 

Fig. 9  Performance in human vs AI-speech discrimination. A Pro-
portion of ‘human voice’ responses for human and Wavenet voices. 
Left: Averaged responses across the 10 human voices and 10 Wavenet 
voices. Boxplots and data from each individual (dots) are displayed. 
Right: Responses separately for the 10 human voices (5 male, 5 
female) and the 10 Wavenet voices (5 male, 5 female). Error bars 
reflect the standard error of the mean. For human voices, abbrevia-
tions refer to the labels of original stimulus recordings (McCloy et al., 

2018; Panfili et  al., 2017). For Wavenet voices, the first two letters 
‘GW’ of the abbreviation refers to Google Wavenet, the third letter 
‘F’ vs ‘M’ refers to female and male, respectively, and the fourth let-
ter refers to the specific Wavenet voice (https:// cloud. google. com/ 
text- to- speech/ docs/ voices). B Perceptual sensitivity and bias for 
younger and older adults across all voices (left) and separately for 
female vs male voices (right). Boxplots and data from each individual 
(dots) are displayed

https://cloud.google.com/text-to-speech/docs/voices
https://cloud.google.com/text-to-speech/docs/voices
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AI-based synthesized speech could be used for hearing and 
speech research. The data further suggest that older adults 
recognize the presentation of AI speech less frequently, rate 
AI speech as more natural, and are less able to discriminate 
between human and AI speech compared to younger adults. 
Hence, research on speech perception in older adults may 
especially benefit from modern AI-based synthesized speech 
because they experience it much like spoken by a human.

6.1  Hearing abilities

In all three experiments of the current study, the older-adult 
group had worse (i.e., higher) digit-in-noise thresholds 
(Figs. 1, 4, and 8). This is also reflected in overall lower 
speech-intelligibility performance when older, compared to 
younger adults, listened to human and Wavenet sentences 
in Experiments 1 and 2 (Figs. 2 and 5). Estimations of the 
audiometric pure-tone average thresholds (PTA) based 
on the digit-in-noise thresholds (Smits et al., 2004, 2013) 
suggest that older adults in the current study had on aver-
age about 10 dB HL higher PTAs, with thresholds for the 
younger-adult group at around 7 dB HL and thresholds for 
the older-adult group at around 17 dB HL. This is consistent 
with in-lab PTA measurements involving community-dwell-
ing older adults (Henry et al., 2017; Herrmann et al., 2018, 
2019; Presacco et al., 2016) and, more generally, with the 
known decline in auditory sensitivity associated with aging 
(Moore, 2007; Plack, 2014). The sample of older adults in 
the current study thus had some degree of hearing impair-
ment, consistent with normal aging (individuals with hear-
ing aids were excluded).

6.2  Release from masking is present for human 
speech and AI‑based synthesized speech

Experiment 1 and 2 aimed to investigate whether common 
speech-in-noise perception phenomena – here release from 
masking – can be observed using modern AI-based syn-
thesized speech. Consistent with previous work, Experi-
ments 1 and 2 show for both human and AI speech that 
speech intelligibility was higher for modulated compared to 
unmodulated maskers (i.e., masking release; cf. Bacon et al., 
1998; Cooke, 2006; Dubno et al., 2002; Festen & Plomp, 
1990; Gustafsson & Arlinger, 1994; Irsik et al., 2022; Li 
& Loizou, 2007; Miller & Licklider, 1950), and that this 
masking release was greater for younger compared to older 
adults (cf. Bacon et al., 1998; Dubno et al., 2002, 2003; 
George et al., 2006; Gustafsson & Arlinger, 1994; Irsik 
et al., 2022; Lorenzi et al., 2006; Summers & Molis, 2004). 
The magnitude of the masking-release effects did not differ 
between human and AI speech in Experiment 1, and only 
the masking-release effect, but not the reduction in release 
from masking in older adults, was minimally smaller for AI 

than human speech in Experiment 2 (only trending towards 
statistical significance). Experiments 1 and 2 may thus sug-
gest that AI-based synthesized speech can provide an alter-
native way to investigate speech-in-noise perception when 
the recording of speech materials by a human is financially 
costly or not feasible for other reasons. Moreover, Google’s 
Wavenet text-to-speech synthesizer used here (van den Oord 
et al., 2016) enables a variety of acoustic manipulations and 
use of different languages that could facilitate research in 
areas where speech materials are hard to come by.

Previous work suggested lower speech intelligibility in 
the presence of background noise for synthesized speech 
compared to human speech (Aoki et al., 2022; Cooke et al., 
2013; Simantiraki et al., 2018). Interpreting overall differ-
ences between speech originating from different speakers 
or voices can be difficult, as laid out in the introduction, 
because a number of acoustic differences could cause speech 
intelligibility differences independently of AI speech. Here, 
the sets of sentences were matched across human and AI 
speech in terms of median F0 and duration in order to reduce 
some acoustic differences. In Experiment 1, speech-intelligi-
bility was better for AI speech than human speech (Fig. 2A; 
particularly for moderate to low masking levels). This is 
also consistent with the slightly higher speech intelligibility 
scores for AI than human speech in Experiment 3 (Fig. 8C). 
In contrast, intelligibility of AI speech in Experiment 2 was 
worse compared to human speech (Fig. 5A; particularly 
for moderate and high masking levels). The difference in 
overall speech intelligibility for different voices highlights 
that generalizations about lower speech intelligibility for AI 
than human speech are challenging. Focusing on interaction 
designs, as was done here, may facilitate interpretations.

Both Experiments 1 and 2 revealed a steeper slope of 
the logistic functions that was fit to intelligibility data for 
AI speech compared to human speech (Figs. 2A and 5A). 
This means that the variability in speech intelligibility 
across sentences at different masking levels was lower for 
AI speech than human speech. The slope differences further 
make interpretations about overall intelligibility differences 
between AI speech and human speech more challenging, 
because interpretations depend on the signal-to-noise ratio 
used in a specific experiment (often 1–3 levels have been 
used; e.g., Aoki et al., 2022; Cooke et al., 2013; Cohn & 
Zellou, 2020; Govender et al., 2019a, 2019b). The reduced 
variability of intelligibility across sentences with different 
masking levels perhaps allows using fewer trials to obtain 
reliable speech-in-noise perception estimates with AI-based 
synthesized speech compared to human-spoken speech. 
Overall, the results of Experiment 1 and 2 show that known 
speech-in-noise perception phenomena can be observed 
using modern AI-based synthesized speech, and suggest that 
AI speech could potential be used when speech recordings 
made by a human are not available or unfeasible to obtain.
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6.3  Age‑related differences in the ability 
to distinguish between human and AI speech

The current study shows that older adults, compared to 
younger adults, are less likely to recognize modern AI-based 
synthesized speech when they encounter it (Figs. 3 and 6), 
find AI-based synthesized speech more natural and human-
like (Figs. 3 and 6), and are less able to discriminate between 
human and AI speech (Fig. 9).

There are a few potential factors that could have contrib-
uted to the observation that older adults are more likely than 
younger adults to perceive AI speech as being spoken by 
a human. One potential explanation is that younger adults 
have more experience with voice-AI systems compared to 
younger adults, and as a result are better at recognizing AI 
speech. However, younger and older adults rated their expe-
rience with voice-AI systems, such as Google’s Assistant, 
Amazon’s Alexa, or Apple’s Siri, about the same, although 
individuals varied greatly in their rated experience. The 
absence of a difference in self-reported experience with 
voice-AI systems has also been reported recently (Zel-
lou et al., 2021) and is more generally consistent with the 
increasing use of smart phones among older adults (O'Dea, 
2021; Statistics-Canada, 2021), the small difference in use 
of smart homes and speaker between younger and older 
adults (Laricchia, 2022), and many encounters of voice-AI 
in everyday life (e.g., grocery self-checkouts, train station 
announcements, call services). Based on the current data, 
experience with voice-AI systems is thus unlikely to explain 
age-group differences in AI-speech recognition.

A related explanation might be that older adults have 
more experience than younger adults with older less human-
like synthesized speech (Klatt, 1980) so that they find mod-
ern AI-based synthesized speech more human-like (see 
discussion in Zellou et al., 2021). However, older adults 
rated Google’s Standard voices—that is, those that are less 
human-like than Google’s Wavenet voices—as more natu-
ral and human-like compared to younger adults. It is also 
unlikely that such potential age differences in experience 
with older synthesized speech can explain the age differ-
ences in perceptual sensitivity to AI speech in Experiment 
3, because response bias was removed in these analyses.

Another potential explanation relates to reduced auditory 
sensitivity in older compared to younger adults. Estimated 
audiometric PTAs from digit-in-noise perception thresholds 
were about 10 dB HL higher in older compared to younger 
adults. The PTA reflects the average threshold across thresh-
olds for tones at 0.5–4 kHz. Age-related differences in hear-
ing thresholds are typically more pronounced at higher 
frequencies (e.g., at 8 kHz; Herrmann et al., 2022; Moore, 
2007; Plack, 2014; Presacco et al., 2016). Any information 
in the higher frequencies of the speech signals that contrib-
ute to the discrimination between human and AI speech 

would likely be less available to older than younger adults, 
potentially explaining their lower performance. Moreover, 
the age-group difference in the discrimination of human vs 
AI speech was greater for female than male voices (Fig. 9), 
that is, for the voice gender for which relevant speech infor-
mation is present in higher frequencies (Fig. 7). However, 
discrimination between human and AI speech was overall 
worse for male compared to female voices, and no relation-
ship between the digit-in-noise perception threshold and the 
perceptual sensitivity to discriminate between human and AI 
speech was found. Overall, the results suggest that decline in 
auditory sensitivity is not a primary driver of the age-related 
decline in the recognition of AI speech.

Finally, much research shows that older adults are less 
able than younger adults to recognize and discriminate 
between different emotional messages conveyed in speech 
prosody (Allen & Brosgole, 1993; Ben-David et al., 2019; 
Cohen & Brosgole, 1988; Dupuis & Pichora-Fuller, 2010; 
Kiss & Ennis, 2001; Martzoukou et al., 2022; Mitchell & 
Kingston, 2011, 2014; Mitchell et al., 2011; Paulmann et al., 
2008), although intelligibility of emotional speech appears 
to be little affected by aging (Dupuis & Pichora-Fuller, 
2014). Older adults have further been suggested to attend 
more to semantic—that is, the lexical content—than to pro-
sodic aspects of speech, whereas younger adults utilize pro-
sodic information more to make judgements about emotions 
conveyed in speech (Ben-David et al., 2019). The causes 
of the reduced sensitivity to emotional speech prosody in 
older adults are still debated, with some work suggesting a 
potential basic sensory-processing contribution (Mitchell & 
Kingston, 2014), whereas others rather suggest non-sensory 
contributions (Dupuis & Pichora-Fuller, 2015; Orbelo et al., 
2005). Recognition of AI speech may rely on the processing 
of prosodic information, potentially explaining a decline in 
reduced human vs AI speech discrimination in older adults.

7  Conclusions

The current study explored whether state-of-the-art AI-
based synthesized speech may provide a useful alterna-
tive to human-recorded speech for the investigation of 
speech-in-noise perception in younger and older adults. 
The current study showed for both human and AI speech 
that speech intelligibility was better for modulated than 
unmodulated maskers (masking release), and that this 
masking-release benefit was reduced in older adults. 
Release-from-masking effects were comparable between 
human and AI speech, suggesting that modern AI speech 
could be useful for hearing and speech research. The data 
further suggest that older adults find AI speech more 
natural and human-like than younger adults, suggesting 
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perhaps that research on speech perception in older adults 
may benefit especially from modern AI-based synthesized 
speech.
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