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Abstract
Background: Voice assistants allow users to control appliances and functions of a smart home by simply uttering a few words.
Such systems hold the potential to significantly help users with motor and cognitive disabilities who currently depend on their
caregiver even for basic needs (eg, opening a door). The research on voice assistants is mainly dedicated to able-bodied users,
and studies evaluating the accessibility of such systems are still sparse and fail to account for the participants’ actual motor,
linguistic, and cognitive abilities.
Objective: The aim of this work is to investigate whether cognitive and/or linguistic functions could predict user performance
in operating an off-the-shelf voice assistant (Google Home).
Methods: A group of users with disabilities (n=16) was invited to a living laboratory and asked to interact with the system.
Besides collecting data on their performance and experience with the system, their cognitive and linguistic skills were assessed
using standardized inventories. The identification of predictors (cognitive and/or linguistic) capable of accounting for an efficient
interaction with the voice assistant was investigated by performing multiple linear regression models. The best model was identified
by adopting a selection strategy based on the Akaike information criterion (AIC).
Results: For users with disabilities, the effectiveness of interacting with a voice assistant is predicted by the Mini-Mental State
Examination (MMSE) and the Robertson Dysarthria Profile (specifically, the ability to repeat sentences), as the best model shows
(AIC=130.11).
Conclusions: Users with motor, linguistic, and cognitive impairments can effectively interact with voice assistants, given
specific levels of residual cognitive and linguistic skills. More specifically, our paper advances practical indicators to predict the
level of accessibility of speech-based interactive systems. Finally, accessibility design guidelines are introduced based on the
performance results observed in users with disabilities.
(J Med Internet Res 2020;22(9):e18431) doi: 10.2196/18431
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Introduction

these findings were confirmed by a following interview-based
study with users with disability [7].

Background

Ballati and colleagues [17] investigated to what extent people
affected by speech impairments could be understood by three
different voice assistants available off the shelf. More
specifically, accuracy in speech processing was tested using
sentences extracted from the TORGO database, which includes
the recordings of 8 English speakers with dysarthria [18]. The
sentences extracted were spoken to the voice assistants, and the
accuracy across systems was compared. Each system processed
the sentences one by one, while the experimenter scored the
system accuracy with respect to the ability of the system to
understand the sentence and consistency of the answer by the
system. Results of this study revealed a general speech
recognition accuracy of 50% to 60%, with all three systems
having similar performance. These findings were partially
confirmed with dysarthric Italian patients [19], where authors
found different performance accuracy across the voice assistants.

Voice-activated technologies are becoming pervasive in our
everyday life [1,2]. In 2017, 46% of Americans reported using
voice-activated technologies [3-5]. One of the most prominent
application domains is the domestic environment, where voice
assistants, a branch of voice-activated technologies, allow the
user to control and interact with several home appliances in a
natural way by uttering voice commands [6,7]. When integrated
into a smart house, voice assistants allow the user to perform
numerous everyday actions without the need to move and reach
the actual object. More specifically, the user can operate all the
devices that are connected, ranging from switching the lights
on and off to opening and closing the doors and windows, for
instance.
Research on voice assistants is focused mainly on the general
population. Indeed, the studies investigating user experience
and usability of voice assistants mainly involved able-bodied
users [3,8-11], thereby neglecting a broad community of users
with disabilities. However, people suffering from motor and
cognitive impairments would significantly benefit from the
possibility of controlling home appliances and personal devices
remotely. Voice assistants hold the potential to enable
individuals with disabilities to govern their houses without the
need to constantly depend on caregivers [3,12].
One of the obvious barriers that some users with disabilities
can encounter by interacting with voice assistants is related to
speech impairments [13] that are a frequent secondary
consequence of motor disorders [14]. Although most voice
assistants exploit machine learning algorithms to adapt to the
user and increase their speech recognition accuracy over time
[15,16], these systems are still designed and developed for
people with clear and intelligible speech. Thus, the difficulty
of clearly utter sentences and speaking with adequate vocal
intensity may represent a relevant accessibility challenge of
voice assistants. The accessibility of voice assistants has not
been thoroughly investigated yet. In this study, we explored
how users with motor, linguistic, and cognitive disabilities
interact with a commercial voice assistant in a natural situation.
More specifically, the aim was to investigate the role of
cognitive and linguistic functions to predict the performance of
individuals affected by physical, linguistic, and cognitive
difficulties in interacting with a voice assistant.

Voice Assistants for Users With Disabilities
Studies investigating the interaction between users with
disabilities and voice assistants are still sparse. However, some
evidence is starting to shed light in this field. Recently, Pradhan
and colleagues [7] investigated the opinions of disabled users
who regularly deploy voice assistants by examining their
reviews. Most comments (about 86%) were positive,
highlighting how the device has made it easier to accomplish
specific tasks autonomously (eg, playing songs). The complaints
were mainly focused on the lack of desired features, yet users
pointed out that the main challenges they have in interacting
with the voice assistant were due to the need to speak aloud and
respect a precise timing for uttering the command. On the whole,
http://www.jmir.org/2020/9/e18431/
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While insightful, the studies reported above have limitations
that might make it challenging to generalize the results. First,
the actual speech abilities of the users were not assessed because
they were either self-reported [7] or not reported at all [17,19].
This approach fails to provide clear indications for the design
of voice assistants, as it does not highlight the users’ needs. In
addition, previous studies focused on speech abilities, neglecting
cognitive skills. Cognitive skills were proven to affect the ability
to operate a voice-controlled device by Weiner and colleagues
[20]. In this study, the voice-controlled system showed a
decrease in accuracy of speech recognition when the speakers
suffered from Alzheimer disease or age-related cognitive
decline. Furthermore, patients with Alzheimer disease
experience difficulties interacting with a voice-controlled robot
because of the timing imposed by the device [21].
Some of the previous research [17,19] did not even involve
humans as participants, as they relied on prerecorded sentences.
While this ensures high reliability in terms of assessing the
robustness of the system, it also fails to account for the
variability of individual performances and motivation behind
the actual use of the device. Likewise, Pradhan and colleagues
[7] found that about a third of the reviews analyzed were written
by caregivers, who may have reported their viewpoint,
misleading the perspective of the person they assisted. Finally,
to the best of the writers’ knowledge, the research available so
far was conducted in laboratory settings, where the background
noise is controlled, if any, and where there are no group
interactions, as is likely to happen in a household.

Speech and Cognitive Factors Accounting for User
Performance
Speech and cognitive skills play a significant role in the ability
to effectively control voice assistants [17,19,22]. To properly
convey a voice command, users must adequately control the
speed and rhythm of speech. As reported in a previous study,
speech disfluency can represent an accessibility barrier to voice
assistants. For instance, long hesitations or pauses can be
misinterpreted by the system as a sentence delimiter [23],
causing an alteration of speech segmentation. Moreover, users
must be able to correctly articulate words, especially
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multisyllable words (eg, temperature) or specific words that
may require more effort to be articulated [24]. A further aspect
to properly interact with these devices is the voice intensity,
which should be sufficiently loud to make voice assistants detect
and segment the sounds [7].
Along with these speech skills, cognitive abilities are required
to utter a command. The user must remember specific keywords
and specific sequences of words to operate the system. These
abilities involve memory functions, specifically long-term
memory and working memory, both crucial when interacting
with voice interfaces [25]. In addition, the user must respect a
specific timing to provide the commands, a capacity that counts
on executive functions, namely a set of functions needed to plan
and control actions [26]. Not least, to properly use a voice
assistant, the user must also monitor the feedback of the system
(which sometimes consists of simple lights) and correctly
interpret it. Such skills rely on underlying attention processes.

Methods
Study Design
This study was meant to assess the accessibility of a commercial
voice assistant. In particular, we investigated whether specific
cognitive and/or linguistic skills were related to the effectiveness
of the interaction. To this end, the study consisted of two phases.
In phase 1, participants were involved in group sessions, in
which they were invited to interact with the voice assistant by
performing several realistic tasks in a living laboratory (eg,
switching on the light). Each group session involved 4
participants. This choice was motivated by our desire to build
a friendly and informal setting that could facilitate interaction
and prevent the feeling of being in a testing situation. Group
sessions were video recorded to allow offline analysis of
participant performances. In phase 2, participants received an
evaluation of their neuropsychological and linguistic functions.
The two phases of the study took place in different settings and
on separate days and required different experimental materials.
The study was approved by the Ethics Committee of the Human
Inspired Technologies Research Center, University of Padova,
Italy (reference number 2019_39).
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Participants
A total of 16 participants (9 males, 7 females) took part in the
study. The mean age of the sample was 38.3 (SD 8.6) years
(range 22 to 51 years). On average, they had 11.8 (SD 2.7) years
of education (range 8 to 18 years). To partake in the study,
participants had to meet the following inclusion criteria: (1)
suffering from ascertained motor impairments and related
language difficulties and (2) needing daily assistance from at
least one caregiver. The sample was characterized by 6
participants affected by congenital disorders, 2 participants with
neurodegenerative disorders, 4 participants affected by traumatic
brain injury, and 4 participants with nontraumatic brain injury
(ie, tumor). The heterogeneity of the sample well represents the
population that can be found in daycare centers. Participants
were indeed recruited from a daycare center for people with
disabilities, with which the research team collaborates. Before
enrollment, all invited participants received an explanation of
the activity. Upon agreement, they were provided written
informed consent (if necessary, the individual’s legal guardian
was informed about the scope and unfolding of the activity and
gave the informed consent for the person they assisted to partake
in the study). In any case, informed consent was given prior to
their enrollment. Participants received no compensation for
taking part in the study.

Phase 1: Interaction With the Voice Assistant
Setting
The first phase took place in a living laboratory. The room was
furnished to resemble a living room with a large table in the
middle. The voice assistant was placed at the center of the table,
around which participants and experimenters were sitting (Figure
1). The laboratory was equipped with several devices that were
connected to the voice assistant and could be controlled by
prompting voice commands. All of the voice-controlled devices
were placed so that users could easily see them. The room was
also equipped with two camcorders to video record the sessions.
One camera was placed above the table and enabled the
observation of users’ interactions with the voice assistant. The
other camera served to record the outcomes of the interaction
(Figure 1).
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Figure 1. Representation of the experimental setting.

Equipment
For this study, a commercial voice assistant was deployed. More
specifically, we chose to use Google Home (Google LLC),
given its growing popularity. Two lamps and a floor fan were
connected to smart plugs, which were in turn connected to the
voice assistant, thereby enabling control of the switch on/off
and light color change (for the lamps only). A 50-inch television
was connected to Chromecast (Google LLC), which was in turn
connected to Google Home. By doing this, it was possible to
operate the TV using voice commands. For the video recordings,
two video cameras were installed, one was a C920 Pro HD

http://www.jmir.org/2020/9/e18431/

XSL• FO
RenderX

(Logitech) and the other one was a Handycam HDR-XR155E
(Sony Europe BV).

Tasks
Participants were invited to individually prompt some commands
to the voice assistant, as indicated by the experimenter. The
tasks comprised turning on/off the fan and the lights, changing
the color of the light, interacting with the TV (activating
YouTube, Spotify, and Netflix), and making specific requests
to the voice assistant (eg, “set an alarm for 1 pm”). The full list
of commands that participants were asked to speak can be seen
in Textbox 1.
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Textbox 1. The list of voice commands that participants were asked to speak during the first phase of the study.
Fans
•

Turning on/off

Lamps
•

Turning on/off

•

Changing colors

•

Changing light intensity

TV (YouTube)
•

Selecting videos

•

Increasing/decreasing volume

TV (Netflix)
•

Selecting movies

•

Pausing movies

•

Playing movies

TV (Spotify)
•

Selecting songs

•

Increasing/decreasing volume

Voice assistant
•

Asking for the latest news

•

Asking for the weather forecast

•

Setting an alarm

Procedure
Participants were first welcomed in the living laboratory and
invited to make themselves comfortable. They were reminded
about the aim and the unfolding of the activity. In addition, they
were shown the camcorders and after they all proved to be aware
of them, the video recording started. At this point, the
experimenter showed how the voice assistant worked by
prompting some example commands and properly explained
the correct sequence of words to convey the command. Next,
participants were allowed to familiarize themselves with the
voice assistant until they felt confident. When they considered
themselves ready, the experimental session started. The
experimenter asked each participant to individually perform the
selected tasks (Textbox 1). The tasks were not proposed in a
strict order across participants. To keep the session lively and
prevent boredom and fatigue, the tasks were alternated across
participants. Should a participant fail to accomplish a requested
task (eg, the voice assistant did not respond in the expected
manner), the experimenter gently encouraged them to try again.
A fixed number of attempts was not set a priori to prevent
participants from feeling frustrated as a consequence of repeated
failed attempts. Participants were allowed to try until they felt
comfortable.
Once the task list was completed by all participants, the
experimenter asked them their impressions about the voice
http://www.jmir.org/2020/9/e18431/
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assistant in a semistructured group interview. The questions
regarded an overall evaluation of the pleasantness of the voice
assistant (from 1 to 10), in which rooms it would be more
helpful, if they would like to have it in their own houses, and
which additional functions they would like to control. Phase 1
took about 2.5 hours.

Phase 2: Neuropsychological and Linguistic Assessment
Data Collection
All of the participants involved in phase 1 received an individual
examination by a trained neuropsychologist and a speech
therapist, who were both blind to the outcomes of the users’
performances with the voice assistant. Several assessment tools
were selected and adopted. More specifically, the
neuropsychological functions were assessed with the
Addenbrooke’s Cognitive Examination–Revised (ACE-R) [27]
and the Frontal Assessment Battery (FAB) [28]. The linguistic
assessment was conducted by collecting several measures,
namely participant vocal intensity, and other speech production
indices gathered using the standardized Italian version of the
Robertson Dysarthria Profile [29]. The evaluation sessions took
place in a quiet room at the daycare center where participants
were recruited and lasted about 1.5 hours for the
neuropsychological evaluation and 2 hours for the linguistic
evaluation.
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Neuropsychological and Linguistic Tests
The ACE-R [27] is a screening test originally proposed as an
extension of the Mini-Mental State Examination (MMSE) [30].
The ACE-R allows the evaluation of 5 cognitive domains,
attention/orientation, memory, verbal/category fluency,
language, and visuospatial ability, in addition to providing the
MMSE score. Attention/orientation is assessed by asking the
participant about the date, season, and current location where
the evaluation is taking place, as well as repeating 3 single words
and doing serial subtractions. Memory consists of items that
evaluate episodic and semantic memory. Verbal and category
fluency require the ability to list in 1 minute as many words as
possible complying with a verbal criterion and a category
criterion. Language includes several subtasks, requiring speech
comprehension, naming figures, repeating words and sentences,
reading regular and irregular words, and writing. Finally,
visuospatial ability consists of copying and drawing specific
pictures.
With respect to the MMSE, it represents a general index of
cognitive functioning ranging from 0 to 30. A score below 24
may indicate the presence of cognitive impairment [30].
Frontal Assessment Battery
The FAB [28] is a brief inventory for the evaluation of executive
functions. It is composed by 6 subscales exploring domains:
conceptualization (similarities test), mental flexibility (verbal
fluency test), motor programming (Luria motor sequences),
sensitivity to interference (conflicting instructions), inhibitory
control (go/no-go test), and environmental autonomy
(prehension behavior). Each domain consists of 3 items and is
scored from 0 (unable to complete the requests) to 3 (fully able
to fulfill the requests). The maximum overall score for the FAB
is 18.
Vocal Intensity
Vocal intensity reflects the loudness of the voice. Physically,
it represents the magnitude of the oscillations of the vocal folds,
and it is measured in decibels (dB). In this study, vocal intensity
was collected by using the PRAAT software [31], a tool for
speech analysis. Participants were invited to repeat aloud a
specific sentence (ie, “Turn off the light, turn on the TV” in
their native language) for 5 minutes at a distance of 1.5 meters
from the recording device.
Speech Production
An expert speech and language therapist assessed participant
speech production. The protocol adopted for the evaluation was
extracted from the Robertson Dysarthria Profile [29]. This test
is divided into 8 subscales (ie, intelligibility, respiration,
phonation, facial muscles, diadochokinesis, oral reflexes,
prosody, articulation), each including several items. The
therapist assigns a score on a 4-point scale (1 = severe, 2 =
moderate, 3 = mild, 4 = normal) for each item of the test. In this
study, the subscales considered were prosody and articulation.
More specifically, for prosody (2 items) the items assessed the
speed and rhythm of speech production. With regard to
articulation (5 items), the items considered the ability to
articulate single letters (consonants and vowels) and clustered
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letters (groups of consonants and multisyllable words), as well
as the capacity to repeat sentences.

Data Analysis
The data analysis comprised analysis of the video recordings
to assess the extent to which users were capable to effectively
interacting with the voice assistant. The outcomes of the analysis
were summarized into a performance index. The index was then
associated with the neuropsychological and linguistic measures
collected in the second phase of this study. Since the main
purpose of this study was the identification of predictors
(cognitive and/or linguistic) capable of accounting for an
effective interaction with the voice assistant, multiple linear
regression models were run.

Video Analysis
The two video streams recorded during the sessions were
synchronized into a single video file using a video editing
software. The resulting video was then imported into a dedicated
software for the analysis (The Observer XT 12, Noldus
Information Technology Inc). The analysis was conducted in
two passes. During the first pass, two of the authors watched
the videos and selected the events of interest: the experimenter’s
requests, participants’ actions, and voice assistant’s responses.
The two researchers then agreed on the events to code, defining
the objective triggers detailing the beginning and the end of
each. A trained coder was in charge of rating the videos.
For each participant, the number of attempts they made for each
task request and the resulting outcome were coded. More
specifically, the beginning of an attempt was coded when the
experimenter prompted the participant to try to accomplish a
given task. The attempt ended with either the actual activation
of the intended function (successful outcome) or with a failure
to observe the expected outcome (unsuccessful outcome). In
particular, unsuccessful outcomes were further categorized
based on the type of error made by the participants. Four
categories of errors were identified:
•

•

•

•

Timing errors included all of the unsuccessful outcomes
caused by the participant not respecting the timing imposed
by the system (eg, the participant uttered the waking
command “Hey Google” and did not wait for the system
to reply before prompting the full command)
Phrasing errors comprised all the failed attempts that
followed an incorrect sequence of words to prompt the
command (eg, the participant saying “Hey Google...put the
red the lamp” instead of “Hey Google...make the lamp red”)
Comprehension errors referred to all mistakes participants
made because they could not understand the experimenter’s
request (eg, changing the color of the lamp instead of
turning it off)
Pronunciation errors included all of the failures that
followed a wrong articulation of one or more words within
the sentence (eg, participants struggling to pronounce words
that were not in their native language, such as Netflix)

Participants’ attempts could also be coded as self-corrections
(with successful or unsuccessful outcome) when the participant
realized autonomously that the command was wrong and tried
to amend it.
J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 6
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To understand whether participants were able to prompt
commands to the voice assistant, an overall performance index
was computed expressing the percentage of successful attempts
and the total number of attempts. Importantly, self-corrections
with successful outcomes were considered successful attempts
whereas self-corrections with unsuccessful outcomes were
considered unsuccessful attempts.

Neuropsychological and Linguistic Assessment
Regarding the neuropsychological measures, not all participants
were able to complete all of the subscales of the ACE-R. More
specifically, several participants could not fully complete some
items of the ACE-R (eg, drawing a clock) because of their
physical impairments (eg, dystonia). However, since all
participants could complete at least the items of the MMSE,
only the MMSE score was considered in the multiple linear
regression models, in addition to the FAB score. With regard
to the linguistic assessments, all the collected measures were
considered in the regression models.

Multiple Linear Regression Models
Data were statistically analyzed using RStudio software version
1.2 (RStudio PBC). To investigate which predictors of the
performance index (participant performances during the use of
the voice assistant) are best, multiple linear regression models
were adopted. In order to make accurate predictions, we
considered, among several models, the one that best described
the data. The best model was identified by adopting a selection
strategy based on the Akaike information criterion (AIC). The
AIC value provides an estimation of the quality of a model
given several other candidate models. The AIC considers both
the complexity of a model and its goodness of fit. According
to the AIC, given a set of models, the one characterized by the
lowest AIC is the best [32].
The neuropsychological and linguistic predictors entered in the
models were the MMSE score, FAB score, vocal intensity (dB),
and scores obtained from the 2 items of the prosody subscale
and 5 items of the articulation subscale of the Robertson
Dysarthria Profile. More specifically, the linear regression
models were performed entering the predictors grouped into
four clusters: (1) neuropsychological cluster (ie, MMSE and
FAB), (2) vocal intensity cluster (ie, dB), (3) prosody cluster
(ie, speed and rhythm), and (4) articulation cluster (ie, initial
consonants, vowels, groups of consonants, multisyllable words,
and repetition of sentences). The latter two clusters consisted
of the items in the Robertson Dysarthria Profile. Since the forced
entry method was adopted, the order in which predictors were
entered in the model did not affect the results.

Results
Video Analysis
The performance index extracted from the video analysis shows
that participant accuracy was on average 58.5% (SD 18.6%).
The most frequent type of errors made by participants were
phrasing errors (75/182, 41.2%). Participants mainly had
problems uttering long commands, especially when they were
required to respect a specific syntax. It should be noted that
uttering the right sequences of words was not problematic to
http://www.jmir.org/2020/9/e18431/
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the same extent for all participants, as one participant never
made this type of error, while one made it 21 times.
Timing errors were the second most frequent type of error
(74/182, 40.7%), and they can be clustered into anticipatory
timing errors and delayed timing errors. More specifically, as
for the anticipatory timing errors, participants tended not to wait
for the system to reply to the waking command before prompting
the actual command. For one participant, respecting the timing
seemed particularly difficult, as they made this type of error 30
times. To a lesser extent, with regard to the delayed timing
errors, participants waited too long after the system had replied
to the waking command. In many cases, the actual command
overlapped to the system prompting the error message “Sorry,
I don’t know how to help you.”
Less frequent were the comprehension errors (19/182, 10.4%)
and pronunciation errors (14/182, 7.7%). Regarding the former,
participants mainly tended to misunderstand the most complex
commands (eg, playing a video on YouTube). Regarding the
latter, users had some difficulties with English words, like
Netflix. Nevertheless, the system could successfully respond
even when they had strong dialectal stress.
Overall, all participants enjoyed the interaction with the voice
assistant. Indeed, the general evaluation of the system was
extremely positive, with a mean score of 9.4 (SD 1.2). As for
the rooms in which participants would like to install the voice
assistant, 8 of them suggested the bedroom and 4 the kitchen.
On the whole, all participants would like to have a voice
assistant at their own house. Finally, with regard to the functions
that participants would have liked to implement in their own
house, they mentioned playing music (n=5) and controlling the
home automation (n=5), such as opening/closing windows and
doors.
Interestingly, during the interaction with the voice assistant,
several participants provided their spontaneous opinions
highlighting the benefits and drawbacks of the system. For
instance, P3 stated: “Since my shoulder hurts, it is useful
because it is easier when I have to open doors.” However, P3
claimed as well: “sometimes it does not understand me and I
am afraid to crash the Google program.” Another participant
mentioned some difficulties as well, especially concerning the
general utility of having a voice assistant at home. P9 stated: “I
cannot think as before [the accident], it is not so easy to have
such a device at home, it might not be useful.”

Neuropsychological and Linguistic Assessment
Table 1 shows the raw scores from participants in the
neuropsychological and linguistic assessments made in the
second phase of the study. With regard to the
neuropsychological scores, participants showed a mean MMSE
score of 26.1 and a mean FAB score of 12.6. Concerning the
linguistic assessment, participants had a mean vocal intensity
of 61.6 dB. Finally, the mean scores of the Robertson Dysarthria
Profile indicated speed of speech of 2.7, and rhythm of speech
of 2.6. Overall, these scores indicated mild to moderate prosody
difficulties. Finally, the mean scores of items measuring
articulation abilities showed mild issues regarding the
pronunciation of initial consonants (mean 3.3), vowels (mean
J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 7
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(mean 3.3), and the repetition of sentences (mean 3.1).

Table 1. Summary of participant scores from the neuropsychological and linguistic assessments.
Measure

Mean score (SD)

Mini-Mental State Examination

26.1 (2.9)

Frontal Assessment Battery

12.6 (3.8)

Vocal intensity (dB)

61.6 (4.2)

Prosody
Speed of speech production

2.7 (0.7)

Rhythm of speech production

2.6 (0.7)

Articulation
Initial consonants

3.3 (0.6)

Vowels

3.3 (0.5)

Groups of consonants

3.2 (0.7)

Multisyllable words

3.3 (0.6)

Repetition of sentences

3.1 (0.6)

Multiple Linear Regression Models
In order to identify the best model to predict participant accuracy
(assessed as the performance index), several multiple linear
regression models were considered. Multimedia Appendix 1
shows all estimated models with their respective AIC scores.
Comparing the AICs in all the models, model ad (F6,9=4.91,
P=.02, R2=.77), which included the neuropsychological and
articulation clusters, was the best one (AIC 130.69; Multimedia
Appendix 1).
When checking for the coefficients of this model, 2 predictors
were found to explain a significant amount of the variance of
accuracy. The predictors that significantly accounted for
accuracy were the MMSE (β=6.16, t9=3.88, P=.004) and
repetition of sentences (β=31.14, t9=2.71, P=.02). Of
importance, among the nonsignificant predictors, 3 (ie, initial
consonant, group of consonants, and multisyllable words) had
a variance inflation factor (VIF) >10 (tolerance statistics:
1/VIF<0.1), showing multicollinearity [33,34]. As a
consequence, a new model was performed, removing all the
nonsignificant and collinear predictors by entering only the
MMSE and repetition of sentences. The results confirmed the
previous model, namely that the MMSE and repetition of
sentences were significant predictors of accuracy: MMSE
(β=3.70, t13=3.26, P=.006) and repetition of sentences (β=22.06,
t13=4.16, P=.001). The AIC value of this final model was
130.11, showing that it was the best model compared with the
previous ones (Multimedia Appendix 1).
To test the assumptions of the linear regression model,
diagnostic statistics were performed. The model met the
assumption of independence (Durbin-Watson 2.29, P=.68). The
Q-Q plot of standardized residuals suggested that the residuals
were normally distributed. Tolerance statistics (1/VIF) indicated
that multicollinearity was not a concern (MMSE tolerance .92;
repetition of sentences tolerance .92).
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The standardized values were .57 (MMSE) and .73 (repetition
of sentences). The first value suggests that as the MMSE
increases by 1 standard deviation (2.89 points), the performance
index increases by 1 standard deviation as well (10.6%). This
prediction is true only if the repetition of sentences is constant.
The second standardized value predicts that every time the
repetition of sentences improves by 1 standard deviation (0.6
points), the performance index increases of 1 standard deviation
(13.6%). This interpretation is true only if the MMSE is fixed.

Discussion
Principal Findings
This work aimed to investigate whether cognitive and/or
linguistic functions could predict the user’s performance in
operating an off-the-shelf voice assistant. To this end, a group
of users suffering from motor and cognitive difficulties was
invited to a living laboratory. The lab was purposefully equipped
with a voice assistant connected to several smart devices (ie,
TV, lamps, floor fan), and participants were asked to perform
specific tasks following the experimenter’s instructions. In order
to assess user performances, interactions with the voice assistant
were video recorded. Cognitive and linguistic functions were
assessed with standardized inventories and subsequently related
to the user performances with the voice assistant.
The performance index was found to be predicted by the overall
cognitive abilities, as assessed by the score on the MMSE and
by the ability to repeat sentences. In other words, a minimum
level of residual cognitive functioning (ie, MMSE score above
the cutoff [≥24]) is recommended to effectively operate a voice
assistant. Among the linguistic skills, the ability to repeat
sentences was necessary. These findings contribute to provide
specific indications of the level of inclusion of commercial voice
assistants.
More generally, the average accuracy was around 60%,
extending previous findings that were limited to synthesized
J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 8
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utterances [17]. Different than the previous studies, we arranged
a living lab and involved actual users with disabilities in a
realistic group situation. This approach allowed us to identify
and categorize the most prominent types of errors emerging
during the interaction. The most frequent mistakes were phrasing
errors (41.2%), highlighting the difficulties of participants to
respect the syntax of the voice command, especially when the
command was long. The second most frequent error consisted
of the difficulty in respecting the timing imposed by the device
(40.7%), as already reported by Pradhan and colleagues [7].
Specifically, participants uttered the command too quickly or
too slowly, showing a tendency to ignore the feedback of the
voice assistant. This was probably due to the lack of saliency
of the feedback provided by Google Home after the waking
command [35], which consists only of dim lights moving on
top of the device. Additionally, two other types of errors
emerged, relating to difficulty of comprehension of the request
(10.4%) and pronunciation issues (7.7%). The latter was limited
to English words. These findings suggest significant implications
for the design of universal voice assistants. First, more salient
feedback should be included to make it easier for users with
disabilities to interact with the system. Additionally, the timing
should be adjustable to better respond to the actual abilities of
the user and adapt to their proficiency in using it over time.
Finally, to increase the likelihood of users remembering how
to operate the voice assistant, commands should include familiar
words.
These results are particularly relevant because they provide new
implications for the design of voice assistants using an inclusive
design perspective that also considers users with special needs.
On the other hand, these findings can provide an indication to
caregivers, both family members and health care professionals,
for choosing assistant technologies that are suitable for the
people they assist. More specifically, the ability to interact and
use voice assistants does not depend exclusively on linguistic
skills, as it could seem. In fact, aspects related to cognitive
functions, in particular the global level of cognitive functioning,
seem to play a crucial role. Hence, linguistic and cognitive
abilities predict performance with voice assistants. Users with
severe cognitive impairment (MMSE score <18) [36] may still
be able to use these systems effectively (performance index
>50%) if their level of linguistic skills is normal (Robertson
Dysarthria Profile = 4) [29], which somehow compensates for
the cognitive difficulties. Similarly, a user with severe difficulty
in articulating sentences may successfully use voice assistants
if they have a normal level of cognitive functioning such that
they can invoke compensative strategies. Taken together, these
findings may serve as promising indicators to foresee the degree
of accessibility of voice assistants. Importantly, the predictors
employed in this study are extracted from standardized
inventories that are highly widespread and administered in many
clinical environments.
Finally, despite the mistakes, participants positively received
the system and enjoyed their experience, consistent with the
findings of Pradhan and colleagues [7]. Users found the system
useful and reported that they would like to have it at their own
houses. In addition, they suggested that such a system would
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be helpful in compensating for their difficulties with movements
(eg, opening doors). The positive user opinions about the system
revealed the general acceptance of voice assistants, highlighting
the importance of using these mainstream systems in the field
of assistive technologies in order to help users with disabilities
regain some independence and increase their quality of life.
This study suggests that with specific and targeted adjustments
a commercial voice assistant can be turned into an assistive
technology that can effectively complement the individual’s
skills. Indeed, voice assistants could offer tremendous benefits.
First of all, these systems are widespread and inexpensive
compared with assistive technologies, which are often harder
to find and costly. Furthermore, assistive technologies can be
stigmatizing. The fear of feeling exposed and feelings of
autonomy and dignity loss are significant barriers to the adoption
of assistive technology [37]. On the other hand, the popularity
of voice assistants, as well as their appealing design, may make
them really inclusive technology, being helpful to individuals
with or without disabilities.

Limitations
We acknowledge that this study has some limitations. First, the
sample size was limited to 16 participants. Therefore, further
studies should extend our findings with larger and even more
heterogenous samples. In addition, we have explored a likely
use scenario, where users interact with the voice assistant in a
group situation, as happens in shared living environments.
Nevertheless, future experiments should also investigate a use
scenario in which the user operates the system individually to
examine more closely the interaction between the individual
and the voice assistant.

Conclusions
In this work we report on a group experiment involving users
with motor, linguistic, and cognitive difficulties that was meant
to predict participant performances based on their level of
cognitive and linguistic skills. Previous studies did not involve
actual users or consider their capabilities. For the first time, we
conducted an experiment in a living lab with individuals with
disabilities and provide a detailed report of their performances
and difficulties. More importantly, participant performances
showed they could be predicted by their residual level of
cognitive and linguistic capabilities. In addition, these results
contribute to the field of assistive technology by describing the
different types of errors made by users and providing design
implications.
The enthusiastic reaction of participants highlights the potential
of voice assistants to provide or return some autonomy in basic
activities, like turning the light on/off when they are lying in
bed. Further research effort should be devoted to fine-tuning
voice assistants to better serve users’ needs and evaluating in
the field to what extent the systems are actually helpful. To
conclude, by polishing the existing widespread voice assistants,
there will be the concrete opportunity to increase the quality of
life of people with disabilities by providing them with truly
inclusive technology.

J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 9
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Masina et al

Acknowledgments
This paper was supported by the project “Sistema Domotico IoT Integrato ad elevata Sicurezza Informatica per Smart Building”
(POR FESR 2014-2020).

Conflicts of Interest
None declared.

Multimedia Appendix 1
Linear regression models considered in the analyses with their respective values of R2, adjusted R2, and Akaike information
criterion.
[DOCX File , 15 KB-Multimedia Appendix 1]

References
1.

2.

3.

4.
5.

6.
7.

8.

9.
10.
11.
12.

13.
14.
15.
16.
17.
18.

Kocaballi AB, Quiroz JC, Rezazadegan D, Berkovsky S, Magrabi F, Coiera E, et al. Responses of conversational agents
to health and lifestyle prompts: investigation of appropriateness and presentation structures. J Med Internet Res 2020 Feb
09;22(2):e15823 [FREE Full text] [doi: 10.2196/15823] [Medline: 32039810]
Bickmore TW, Trinh H, Olafsson S, O'Leary TK, Asadi R, Rickles NM, et al. Patient and consumer safety risks when using
conversational assistants for medical information: an observational study of Siri, Alexa, and Google Assistant. J Med
Internet Res 2018 Sep 04;20(9):e11510 [FREE Full text] [doi: 10.2196/11510] [Medline: 30181110]
Pyae A, Joelsson TN. Investigating the usability and user experiences of voice user interface. 2018 Presented at: Proc 20th
Int Conf Human-Computer Interact with Mob Devices Serv Adjun—MobileHCI 18; 2018; Barcelona. [doi:
10.1145/3236112.3236130]
Sayago S, Neves B, Cowan B. Voice assistants and older people: some open issues. Proceedings of the 1st International
Conference on Conversational User Interfaces 2019;7:1-3. [doi: 10.1145/3342775.3342803]
Olmstead K. Nearly half of Americans use digital voice assistants, mostly on their smartphones. Washington: Pew Internet
and American Life Project; 2017. URL: https://www.pewresearch.org/fact-tank/2017/12/12/
nearly-half-of-americans-use-digital-voice-assistants-mostly-on-their-smartphones/ [accessed 2020-08-31]
Noda K. Google Home: smart speaker as environmental control unit. Disabil Rehabil Assist Technol 2018 Oct;13(7):674-675.
[doi: 10.1080/17483107.2017.1369589] [Medline: 28830267]
Pradhan A, Mehta K, Findlater L. Accessibility came by accident: use of voice-controlled intelligent personal assistants
by people with disabilities. Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems 2018:1-13.
[doi: 10.1145/3173574.3174033]
Corbett E, Weber A. What can i say? Addressing user experience challenges of a mobile voice user interface for accessibility.
Proceedings of the 18th International Conference on Human-Computer Interaction with Mobile Devices and Services
2016:72-82. [doi: 10.1145/2935334.2935386]
Lopatovska I, Oropeza H. User interactions with “Alexa” in public academic space. Proc. Assoc. Info. Sci. Tech 2019
Feb;55(1):309-318. [doi: 10.1002/pra2.2018.14505501034]
Lopatovska I, Rink K, Knight I, Raines K, Cosenza K, Williams H, et al. Talk to me: exploring user interactions with the
Amazon Alexa. J Librariansh Inf Sci 2018 Mar 07;51(4):984-997. [doi: 10.1177/0961000618759414]
López G, Quesada L, Guerrero L. Alexa vs. Siri vs. Cortana vs. Google Assistant: a comparison of speech-based natural
user interfaces BT. In: Nunes I, editor. Advances in Human Factors and System Interactions. Cham: Springer; 2018.
Branham S, Roy A. Reading between the guidelines: How commercial voice assistant guidelines hinder accessibility for
blind users. 2019 Presented at: ASSETS st Int ACM SIGACCESS Conf Comput Access; 2019; Pittsburgh. [doi:
10.1145/3308561.3353797]
De Russis L, Corno F. On the impact of dysarthric speech on contemporary ASR cloud platforms. J Reliable Intell Environ
2019 Jul 6;5(3):163-172. [doi: 10.1007/s40860-019-00085-y]
Duffy J. Motor speech disorders e-book: substrates, differential diagnosis, and management. Philadelphia: Elsevier Health
Sciences; 2013.
Hirschberg J, Manning CD. Advances in natural language processing. Science 2015 Jul 16;349(6245):261-266. [doi:
10.1126/science.aaa8685]
Hoy MB. Alexa, Siri, Cortana, and more: an introduction to voice assistants. Med Ref Serv Q 2018 Jan 12;37(1):81-88.
[doi: 10.1080/02763869.2018.1404391]
Ballati F, Corno F, De Russis L. Hey Siri, do you understand me: virtual assistants and dysarthria. Intell Environ 2018:1
[FREE Full text]
Rudzicz F, Namasivayam AK, Wolff T. The TORGO database of acoustic and articulatory speech from speakers with
dysarthria. Lang Resour Eval 2011 Mar 26;46(4):523-541. [doi: 10.1007/s10579-011-9145-0]

http://www.jmir.org/2020/9/e18431/

XSL• FO
RenderX

J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 10
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
19.
20.
21.
22.
23.

24.
25.
26.
27.

28.
29.
30.
31.
32.
33.
34.
35.

36.
37.

Masina et al

Ballati F, Corno F, De Russis L. Assessing virtual assistant capabilities with Italian dysarthric speech. 2018 Presented at:
ASSETS - Proc 20th Int ACM SIGACCESS Conf Comput Access; 2018; Galway. [doi: 10.1145/3234695.3236354]
Weiner J, Engelbart M, Schultz T. Manual and automatic transcriptions in dementia detection from speech. 2017 Presented
at: Proc Annu Conf Int Speech Commun Assoc INTERSPEECH; 2017; Stockholm. [doi: 10.21437/interspeech.2017-112]
Rudzicz F, Wang R, Begum M, Mihailidis A. Speech interaction with personal assistive robots supporting aging at home
for individuals with Alzheimer’s disease. ACM Trans Access Comput 2015 Jul 20;7(2):1-22. [doi: 10.1145/2744206]
Malapaschas A. Accessibility and acceptability of voice assistants for people with acquired brain injury. SIGACCESS
Access Comput 2020 Mar 03:1. [doi: 10.1145/3386402.3386406]
Kobayashi M, Kosugi A, Takagi H, Nemoto M, Nemoto K, Arai T, et al. Effects of age-related cognitive decline on elderly
user interactions with voice-based dialogue systems. Lect Notes Comput Sci (including Subser Lect Notes Artif Intell Lect
Notes Bioinformatics) 2019:1. [doi: 10.1007/978-3-030-29390-1_4]
Balasuriya S, Sitbon L, Bayor A, Hoogstrate M, Brereton M. Use of voice activated interfaces by people with intellectual
disability. 2018 Presented at: ACM Int Conf Proceeding Ser; 2018; Chengdu. [doi: 10.1145/3292147.3292161]
Wolters M, Georgila K, Moore JD, Logie RH, MacPherson SE, Watson M. Reducing working memory load in spoken
dialogue systems. Interact Comput 2009 Aug;21(4):276-287. [doi: 10.1016/j.intcom.2009.05.009]
Anderson P. Towards a developmental model of executive function. Exec Funct Front Lobes A Lifesp Perspect 2011:1.
[doi: 10.4324/9780203837863]
Mioshi E, Dawson K, Mitchell J, Arnold R, Hodges JR. The Addenbrooke's Cognitive Examination Revised (ACE-R): a
brief cognitive test battery for dementia screening. Int J Geriat Psychiatry 2006 Nov;21(11):1078-1085. [doi:
10.1002/gps.1610]
Dubois B, Slachevsky A, Litvan I, Pillon B. The FAB: A frontal assessment battery at bedside. Neurology 2000 Dec
12;55(11):1621-1626. [doi: 10.1212/wnl.55.11.1621]
Fussi F, Cantagallo A, Bertozzini L. Profilo di valutazione della disartria: adattamento italiano del test di Robertson, raccolta
di dati normativi e linee di trattamento. Turin: Omega; 1999.
Folstein MF, Folstein SE, McHugh PR. “Mini-mental state:” A practical method for grading the cognitive state of patients
for the clinician. J Psychiatr Res 1975 Nov;12(3):189-198. [doi: 10.1016/0022-3956(75)90026-6]
Boersma P, van Heuven V. Speak and unspeak with Praat. Glot Int 2001;5:341-347.
Akaike H. Information theory and the maximum likelihood principle. 1973 Presented at: 2nd Int Symp Inf Theory; 1973;
Tsahkadsor. [doi: 10.1007/978-1-4612-1694-0_15]
Miles J. Tolerance and variance inflation factor. In: Wiley StatsRef: Statistics Reference Online, 2014. Hoboken: John
Wiley & Sons; 2014.
Myers R. Classical and Modern Regression With Applications, 2nd Edition. Boston: Duxbury; 1990.
Kowalski J, Skorupska K, Kope W, Jaskulska A, Abramczuk K, Biele C, et al. Older adults and voice interaction: a pilot
study with google home. 2019 Presented at: Conf Hum Factors Comput Syst—Proc; 2019; Glasgow. [doi:
10.1145/3290607.3312973]
Tombaugh TN, McIntyre NJ. The mini-mental state examination: a comprehensive review. J Am Geriatr Soc 1992
Oct;40(9):922-935. [doi: 10.1111/j.1532-5415.1992.tb01992.x] [Medline: 1512391]
Yusif S, Soar J, Hafeez-Baig A. Older people, assistive technologies, and the barriers to adoption: a systematic review. Int
J Med Inform 2016 Dec;94:112-116. [doi: 10.1016/j.ijmedinf.2016.07.004] [Medline: 27573318]

Abbreviations
ACE-R: Addenbrooke’s Cognitive Examination–Revised
AIC: Akaike information criterion
dB: decibel
FAB: Frontal Assessment Battery
MMSE: Mini-Mental State Examination
VIF: variance inflation factor

Edited by G Eysenbach; submitted 26.02.20; peer-reviewed by W Wilkowska, C Simons; comments to author 10.04.20; revised version
received 05.06.20; accepted 26.07.20; published 25.09.20
Please cite as:
Masina F, Orso V, Pluchino P, Dainese G, Volpato S, Nelini C, Mapelli D, Spagnolli A, Gamberini L
Investigating the Accessibility of Voice Assistants With Impaired Users: Mixed Methods Study
J Med Internet Res 2020;22(9):e18431
URL: http://www.jmir.org/2020/9/e18431/
doi: 10.2196/18431
PMID: 32975525
http://www.jmir.org/2020/9/e18431/

XSL• FO
RenderX

J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 11
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Masina et al

©Fabio Masina, Valeria Orso, Patrik Pluchino, Giulia Dainese, Stefania Volpato, Cristian Nelini, Daniela Mapelli, Anna Spagnolli,
Luciano Gamberini. Originally published in the Journal of Medical Internet Research (http://www.jmir.org), 25.09.2020. This is
an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on http://www.jmir.org/, as well as this copyright and license information must be
included.

http://www.jmir.org/2020/9/e18431/

XSL• FO
RenderX

J Med Internet Res 2020 | vol. 22 | iss. 9 | e18431 | p. 12
(page number not for citation purposes)

