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Abstract

Background: Depression in older adults is a prevalent issue that can lead to severe con-
sequences including a decline in overall health and even suicide. Early detection and
management of depression are crucial for preventing such outcomes. The integration of
technology solutions in healthcare represents a promising ap-proach to support preven-
tion, diagnosis, and continuous monitoring of patients.

Research aim: This pilot study aims to evaluate the feasibility of depression screening in
older adults through interactions facilitated by social robots, focusing on individuals with-
out severe cognitive impair-ments.

Methods: The study involved five older adults with a minimum score of 24 on the Mon-
treal Cognitive As-sessment (MoCA), ensuring no significant cognitive impairment. The
Geriatric Depression Scale (GDS-15) was used as the screening tool. Participants inter-
acted with a social robot and a healthcare professional in alternating sequences for the ad-
ministration of the GDS-15. Additional assessments using the Positive and Negative Affect
Schedule (PANAS) and the Godspeed questionnaire series were conducted to evaluate
emo-tional responses and perceptions towards the social robot. Notably, MoCA, PANAS,
and Godspeed were not administered by the social robot.

Results: Preliminary data showed that all participants fell within the same depression
range when screened by both the social robot and the healthcare professional. The results
indicated no adverse effects on partici-pants’ emotional states post-interaction with the
social robot, as evidenced by PANAS scores. The Godspeed questionnaire revealed that
participants generally had a positive perception of the social robot.

Conclusions: The findings suggest that social robots can effectively perform depression
screening in older adults without severe cognitive impairments. Their use matches the as-
sessment outcomes of healthcare professionals and does not negatively impact emotional
states, indicating their potential as a feasible and positively perceived tool for early depres-
sion diagnosis and continuous monitoring.
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INTRODUCTION

Worldwide, around 5.7% of adults aged 60 years
or older have received a diagnosis of depression,
amounting to a total of 57.7 million individuals,
as per a 2019 report from the Global Health
Data Exchange (IHME, 2019). The rise in the
percentage of older adults relative to the overall
population necessitates a robust response from
public health systems. Nevertheless, the debate
centered on policies aimed at fostering healthy
aging has not been effective, with the extend-
ed lifespan not consistently translating into im-
proved health conditions (WHO, 2015).

Depression is a prevalent concern among the
older adult population worldwide, and unfortu-
nately, it often goes undiagnosed and untreated
(Birrer and Vemuri, 2004; Minallah et al., 2019).
This lack of recognition and care can significantly

worsen the condition (American Psychiatric As-
sociation, 1994; Cuijpers et al., 2004; Wells et al.,
1992). Furthermore, severe depression in older
adults can elevate the risk of suicide (Minallah et
al., 2019), with rates twice as high as in the gen-
eral population (Alexopoulos et al., 2001). These
statistics underscore the importance of finding
more effective methods to screen depression in
older adults at the earliest stages possible.

Recent advancements in gerontechnology, as
outlined by Colnar et al. (2020), emphasize tech-
nology’s potential to aid various facets of older
adults” lives. They emphasize the crucial role of
technology, including smart homes, wireless sen-
sor networks, and data analytics, in promoting
independence and mitigating health-related risks
among older adults. Abdi et al. (2018) spotlight
socially assistive robots as a prominent technol-
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ogy in older adult care, spanning areas such as
affective therapy, cognitive training, social facili-
tation, companionship, and physiological assis-
tance. These robots offer a promising avenue for
enhancing the overall well-being and quality of
life for older adults.

Estimations suggest that the deployment of social
robots has the potential to decrease labor costs
by up to 65% while simultaneously improving
the quality of healthcare services (Eggleston and
Lee, 2020). Moreover, social robots can function
as valuable assistants, alleviating caregivers’ bur-
den level and empowering them to concen-trate
on higher-value tasks beyond the capabilities of
robots, such as the development of a personal-
ized care plan (Ting et al., 2021; Asprino et al.,
2019; Fiorini et al., 2019). These robots are cur-
rently undergoing testing in diverse healthcare
settings (Lewis, 2014). Nevertheless, they face
constraints in terms of their interactive capabili-
ties, which pose a computational challenge in
expanding their functionality to address specific
issues more effec-tively (Pu et al., 2019).

In developing economies such as Brazil, there
is a notable shortage of studies focused on ad-
dressing depression among older adults using
social robots (de Araujo et al., 2022). Specifically,
in the context of Brazil, there is an evident ab-
sence of studies with social robots tailored to the
Brazilian Portuguese language, as highlighted in
the available literature (de Araujo et al., 2022).
Additionally, an important consideration in these
economies is constrained access to costly re-
sources like physical, social robots, which might
promote the adoption of virtual robot-based so-
lutions, such as avatars.

While there is a recognized gap in research on
social robots for depression screening in older
adults, ongoing studies have explored their appli-
cation in assessing other health aspects such as
cognitive and physical abilities, and even symp-
toms of Covid-19. These studies have involved
implementing various health scales and tests on
social robots, ranging from custom-designed
tests to the use and adaptation of established
scales (Rossi et al., 2018; Garcia-Olaya et al.,
2019; Kobayashi et al., 2019; Naranjo-Saucedo
et al., 2019; Varrasi et al., 2019; Cor-mons et al.,
2020; Chen et al., 2021; Do et al., 2021; Muc-
chiani et al., 2021; Ting et al., 2021; Chang et
al., 2022). Among these, only Garcia-Olaya et al.
(2019), Naranjo-Saucedo et al. (2019), and Ting
etal. (2021) pre-cisely implemented the intended
scale—the Barthel scale—which assesses func-
tional abilities in older adults. Moreover, the few
studies that compared results between robot-fa-
cilitated and human-facilitated methods did not
employ the same scale on the social robot as that

used by the human agent, or the implementation
on the social robot was merely based on the hu-
man application but was not identical. Notably,
only Naranjo-Saucedo et al. (2019) administered
the same Barthel scale through both the social
robot and the human agent. However, the au-
thors concluded that the methods—robot and
human—could not be considered equivalent, a
determination made through qualitative analysis.
Conversely, Kobayashi et al. (2019) found both
methods to be equivalent through quantitative
analysis, despite the version implemented on
the robot differing from that used by the human
agent. In the context of emotional assessments,
research is even more limited. Only one study
has focused specifically on evaluating anxiety,
stress, and depression using the DASS-21 scale.
However, it is important to note that this study
did not include older adults in its participant
group (Nandanwar and Dutt, 2023).

This pilot study primarily aimed to verify the fea-
sibility of measuring depression levels in older
adults using a social robot. This feasibility veri-
fication involved comparing the results obtained
from administering the same depression screen-
ing tool by both a social robot and a healthcare
professional five to ten days apart. The Geriat-ric
Depression Scale (GDS-15) was employed as the
depression screening tool. To ensure that par-
ticipants would understand the questions from
the instruments used, our study was restricted
to older adults without severe cognitive impair-
ments, as assessed by the Montreal Cognitive As-
sessment (MoCA) (Nasred dine et al., 2005). We
also investigated whether there were noticeable
changes in the emotional states of older adults
when subjected to each of the two depression
screening administration methods, measured by
the Positive and Negative Affect Schedule (PA-
NAS) (Watson et al., 1988; Carvalho et al., 2013).
Finally, this pilot study sought to gauge the per-
ceptions of older adults regarding a social robot
by the Godspeed questionnaire series (Bartneck
et al, 2009). MoCA, PANAS, and Godspeed
were not administered by the social robot. GDS-
15 was the only task administered by both the
social robot and the healthcare professional,
whereas MoCA, PANAS, and Godspeed were
consistently conducted exclusively by human
agents. Given the exploratory nature of this re-
search, a small sample size was appropriate to
gather preliminary data and identify potential
trends. This approach is typical for pilot studies
aimed at inform-ing the design of larger, more
comprehensive research projects (Thabane et al.,
2010; Pearson et al., 2020).

The remainder of this paper is organized as fol-
lows. Section 2 presents the methods and instru-
ments. Section 3 shows the results obtained from
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this pilot study. Section 4 presents a preliminary
analysis of these results. Finally, Section 5 con-
cludes this paper with future directions based on
the results of this pilot study.

METHODS
This section outlines the methods and instru-
ments employed in conducting the pilot study.

Robot

The social robot selected for this project is the
Robios robot, developed by Human Robotics .
Robios is an autonomous robot produced in Bra-
zil, offered in two versions: (i) a physical embodi-
ment, standing at a height of approximately 1.22
meters, with the capability to move and detect
objects; and (ii) an avatar designed for virtual in-
teraction, mirroring the head design of the physi-
cal model, and functioning on a tablet screen.
Both versions are visible in Figure 1. For this pilot
study, we used the avatar version, to maintain a
simpler environmental setup for the study.

Robios has autonomous and independent inter-
action capabilities, enabling communication in
Brazilian Portuguese. Additionally, it can autono-
mously detect individuals and movements, as well
as initiate interactions proactively. Equipped with
voice recognition capabilities and an interactive

Figure 1. Embodied and avatar versions of the
Robios robot.

screen, it empowers users to input data directly
into the robot. Moreover, Robios is proficient in
object detection, room mapping, and navigation.
In the forthcoming phases following this pilot
study, we plan to introduce an embodied version
to further explore and har-ness body movement,
in addition to the capabilities related to object de-
tection, room mapping, and navigation.

Geriatric depression scale

The Geriatric Depression Scale (GDS) (Yesav-
age, 1988), created in 1982, provides a straight-
forward strategy to screen depression symptoms
through a yes/no questionnaire designed specifi-
cally for older adults. The GDS con-sists of 30
questions, with each response potentially con-
tributing one point to the total score depending
on the provided response (yes/no) and the spe-
cific question. For some questions, the answer
“yes” is scored as a depression symptom, while
for others, the answer “no” is scored as a depres-
sion symptom. After completing the question-
naire, the total score derived from older adults’
responses is categorized based on depression
symptoms into three ranges representing unlikely
depression, possible depression, and likely pre-
sent depression (Yesavage, 1988). This can serve
as a valuable diagnostic support tool for expe-
dited depression screening.

In 1986, a shorter version of the GDS with 15
questions was proposed (GDS-15) (Sheikh and
Yesavage, 1986). Its purpose was to reduce the
screening time for the patient by focusing on the
15 questions that best capture depression symp-
toms, as indicated by the original 30-question
validation study. The 15 questions comprising the
GDS-15 are listed in Table 1. In the table, “Scor-
ing criteria” refers to the response option (i.e., yes
or no) that indicates the presence of a respective
depression symptom and hence, if chosen, results
in the accumulation of one point in the total score.
The score ranges and levels of the GDS-15 are pre-
sented in Table 2. The GDS-15 was selected for
this study to be implemented in the social robot.

The use of the GDS and GDS-15 does not supplant
a clinical assessment performed by psychiatrists or
psychologists. However, these tools have emerged
as a commonly employed screening method for
identifying potential cases that should be assessed
by a specialist (Montorio and 1zal, 1996; Stiles
and McGarrahan, 1998). The GDS and GDS-15
are currently in the public domain and have been
translated into various languages, including Brazil-
ian Portuguese (Almeida and Almeida, 1999), the
language selected for this study.

Participants
Individuals aged 60 or older were eligible to
participate in this pilot study. Gender was not a
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Table 1. GDS-15 with the response that scores for the tool (Sheikh and Yesavage, 1986) (‘X’ refers to the answer indicating

a depression symptom)

1D Question Scoring criteria

Yes No

1 Are you basically satisfied with your life? X

2 Have you dropped many of your activities and interests? X

3 Do you feel that your life is empty? X

4 Do you often get bored? X

5 Are you in good spirits most of the time? X

6 Are you afraid that something bad is going to happen to you? X

7 Do you feel happy most of the time? X

8 Do you often feel helpless? X

9 Do you prefer to stay at home, rather than going out and doing new things? X

10 Do you feel you have more problems with memory than most? X

11 Do you think it is wonderful to be alive now? X

12 Do you feel pretty worthless the way you are now? X

13 Do you feel full of energy? X

14 Do you feel that your situation is hopeless? X

15 Do you think that most people are better off than you are? X

factor in the selec-tion process. The older adults
invited to the study should ideally have a prior
diagnosis of at least mild depression to avoid
floor effects on the scale and produce variability
in the responses obtained. This was ascertained
by the question, “Has any doctor told you in the
last six months that you may have depression?”

Individuals with cognitive impairment or demen-
tia who might fail to understand the protocol’s
questions were not included in the study, as this
could lead to inaccurate data capture due to
memory, language, or time and space orienta-
tion difficulties. The Montreal Cognitive Assess-
ment (MoCA) (Nasreddine et al., 2005) was em-
ployed by the healthcare professional to assess
cognitive impairment. Individuals with a MoCA
score of 23 points or lower (out of a maximum
30-point score) were excluded from the study
(Carson et al., 2018).

Participants were recruited from a university
program for older adults at a Brazilian univer-
sity. This study involved five older adults, which
is typical for pilot studies focused on feasibility.
The small sample size was chosen due to the ex-
ploratory nature of the research, resource con-
straints, and the need to ensure participant safety
and comfort (Thabane et al, 2010; Pearson et al.,
2020). They were presented with an Informed
Consent Form, which outlined the minimal risks
inherent to the experiment , such as potential
fatigue and stress due to the nature of the ques-
tions included in the GDS-15 and the MoCA, in
addition to other questionnaires presented in
the next section. To minimize risks of fatigue
and stress, participants were informed that they
could interrupt their participation at any time if
they wished. Furthermore, given the personal
nature of the questions posed during the GDS-15

screening, participants were assured the privacy
and impersonal handling of their information.

Procedure and design

Each participant engaged in two sessions, whose
steps are described below. The sessions and respec-
tive steps are described in more detail as follows.

Health professional-facilitated GDS-15 screening:
1. Administration of the PANAS questionnaire.

2. Administration of a sociodemographic ques-
tionnaire and a questionnaire about the presence
of common diseases in older adults.

3. Administration of the MoCA test.

4. Implementation of the GDS-15 screening
(human-facilitated).

Administration of the PANAS questionnaire.

Social robot-facilitated GDS-15 screening:

1. Administration of the PANAS questionnaire.
2. Familiarization of the participants with the
robot through a gaming app.

3. Implementation of the GDS-15 screening
(robot-facilitated).

4. Administration of the Godspeed question-
naire series.

5. Administration of the PANAS questionnaire.

All participants were required to engage in two
assessment sessions. One session involved the ap-
plication of the GDS-15 by the social robot, while
a healthcare professional facilitated the other ses-
sion, both using the GDS-15 in Portuguese. The
participants were divided into two groups based
on convenience sampling. Three participants en-
gaged with the social robot in the first session and
the healthcare professional in the second session,
while the remaining two participants followed the
reverse sequence, engaging with the healthcare
professional in the first session and with the social
robot in the second session.
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Table 2. GDS-15 score ranges and levels (Sheikh and Yesavage, 1986).

uate potential changes in partici-

Score range Level (or grade)

Interpretation

Oto5 Unlikely depression Not suggestive of depression; a follow-up
comprehensive assessment is not required.

6to 10 Possible depression Suggestive of depression; a follow-up com-
prehensive assessment is warranted.

11to 15 Likely present depression  Almost always indicative of depression; a

follow-up comprehensive assessment is war-

ranted.

pants’ emotional states over time,
considering before and after in-
teraction with either the social
robot or the healthcare profes-
sional. Twenty descriptors are
considered for analysis—ten for
positive affects (interested, ex-

The time interval between the two sessions
ranged from five to ten days. This range was
adopted to strike a balance between an interval
that is neither too short (to prevent participants
from recalling the questions and responses from
the first session) nor too long (to prevent partici-
pants’ depression levels from changing due to
factors external to the study). Each session lasted
approximately 30 minutes.

An app was implemented for the administration
of the GDS-15 through the social robot. This app
aims to make the robot simulate the behavior
of a healthcare professional as closely as possi-
ble while administering the same questionnaire.
Figure 2 illustrates the flow of actions followed
by the robot during the interaction with the par-
ticipant. It allows the participant to stop asking
questions and quit the experiment at any time.

A game-style application (app) implemented on
the social robot was used to allow familiariza-
tion of the participants with the robot before
the screening itself. In this game, a segment of
a classic popular song’s music video was first
displayed on the robot’s screen, followed by the
robot asking some questions about the song’s
lyrics. This app was used to help participants
understand how the interaction with the robot
takes place and to reduce any resistance that
participants might have due to potential fear of
the robot. We made a concerted effort to select
songs that were as neutral or cheerful as pos-
sible, understanding that these are well-known,
older songs. To accommodate individual prefer-
ences and avoid any negative associations, we
offered participants a choice of four different
songs: “Garota de Ipanema” (by Tom Jobim,
1962), “Trem das Onze” (by Adoniran Barbosa,
1964), “O Calhambeque” (by Roberto Carlos,
1966), and “A Banda” (by Chico Buarque, 1966).
Consequently, we did not anticipate that this fa-
miliarization activity could potentially affect their
depression scores.

The Positive and Negative Affect Schedule (PA-
NAS) (Watson et al., 1988; Carvalho et al., 2013)
questionnaire was administered by the human
agents both as the first step and as the last step
of each session, whether the GDS-15 facilitated
by the social robot or the healthcare professional
(four applications). The PANAS was used to eval-

cited, strong, enthusiastic, proud,
alert, inspired, determined, attentive, and active)
and ten for negative affects (distressed, upset,
guilty, scared, hostile, irritable, ashamed, nerv-
ous, jittery, and afraid).

The Godspeed questionnaire series (Bartneck et
al., 2009) was administered by the human agent
after the social robot-facilitated GDS-15 screen-
ing. The Godspeed was used to evaluate par-
ticipants’ perceptions of the interaction with the
robotic agent. Twenty-three features are consid-
ered for analysis, categorized into five domains:
anthropomorphism, animacy, likeability, per-
ceived intelligence, and perceived safety.

A questionnaire for collecting sociodemographic
data was administered before the health profes-
sional-facilitated GDS-15 screening. This ques-
tionnaire collected data about age, gender, edu-
cational background, marital status, who the per-
son lives with, and the number of medications
taken in the last three months. A questionnaire
on pre-existing diagnoses of common diseases
in older adults (such as hypertension, stroke,
diabetes, cancer, arthritis, bronchitis, depres-
sion, and osteoporosis) was also administered
before the health professional-facilitated GDS-15
screening. It aimed to identify, among possible
diseases listed through self-reporting, a previous
diagnosis of depression.

As introduced in the previous section, the Montre-
al Cognitive Assessment (MoCA) was employed
to assess cognitive impairment as one of the steps
before the health professional-facilitated GDS-15
screening. A threshold of at least 24 points (out of
a maximum of 30 points) was used to not exclude
the participants (Carson et al., 2018). All question-
naires were administered in Portuguese, including
versions validated for this language.

All sessions occurred in the same setting, spe-
cifically in the social robotics laboratory. Dur-
ing each session, the older adult was accompa-
nied by either the healthcare professional (for
the healthcare professional-facilitated GDS-15
screening) or a researcher specialized in informa-
tion systems (IS) (for the social robot-facilitated
GDS-15 screening). The healthcare professional
managed all questionnaires administered during
their sessions, which included the GDS-15. In
contrast, for the social robot-facilitated GDS-15
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Hello! My name is
— Robson. | would like —»
to talk to you.

What
is your
name?

It is pleasure to
meet you , [name]! |
would like to ask you

a few questions.

J

v

There are only 15
questions, based on
how you feel about
your last week.

For each question,
—» Yyou should always
answer YES or NO.

Yes

v_J

\
{ | didn't understand.
Please answer YES or
canl NO.

make you these
questions?

\J

OK! At any time, in case

you feel tired, please say

STOP that I'll stop asking
questions.

After 15
questions

| didn't understand.
Not Yes / No
Please answer YES or
NO.

Done, it's over! Thankyoufor -

Not Yes / No

OK! See you,
[name]!

Thank you for
answering this far!
See you, [name].

:

Stop

participating in the test, [name].
Have a nice day!

Figure 2. Robot action flow (the sentences for the dialogue were translated from the original Portuguese)

screening, the IS researcher was respon-sible for
conducting the PANAS and Godspeed question-
naires and introducing the robot to the partici-
pants through the gaming app. Concerning the
administration of the GDS-15, the IS researcher
prepared the robot for its use and then left the
room, allowing the older adult to complete the
questionnaire exclusively in the robot’s pres-en-
ce. The IS researcher closely monitored the GDS-
15 administration from a separate room, using a
system log to promptly address any technical is-
sues or aid if required. The sessions took place
between May 9th and May 30th, 2023. The fol-
lowing section provides a detailed presentation
of the collected data, as well as an analysis and
discussion of these data.

It is important to note that this pilot study did not
include a longitudinal follow-up due to time and
resource con-straints. The primary aim was to
gather preliminary data on the feasibility of us-
ing social robots for depression screening in older
adults. Future research will address this limitation
by incorporating long-term follow-up to evaluate
the sustained effectiveness of robotic screening.

ResuLts

Table 3 summarizes the most relevant data ob-
tained in this study. First, the table presents the
results from the application of the GDS-15, with
the social robot and the healthcare profession-
al. The asterisk (*) denotes the initial GDS-15

screening type used for each participant. Then,
the key sociodemographic data are listed. Finally,
health-related data are presented, including the
MoCA score and the prior diagnosis of depres-
sion. Two participants had identical GDS-15
scores when applied by the social robot or the
health professional. For three participants, scores
were numerically higher for the application with
the health professional. Yet, even for these three
participants, the score ranges did not differ.

Table 4 summarizes the results obtained from
the administration of the GDS-15 for each of
the five participants for each GDS-15 question.
The symbols ‘’x” and ‘+ mark the GDS-15 ques-
tions whose responses contributed 1.0 point to
the total score of each participant. The last row
shows the cumulative scores for each participant,
con-sidering both the GDS-15 administration
facilitated by a social robot and that facilitated
by a healthcare profes-sional. The ‘X’ symbol
is consistently displayed in pairs, indicating a
consensus in the results obtained through the
social robot and the healthcare professional. In
contrast, the ‘+' symbol denotes a discrepancy
between the two methods, reflecting a result ob-
tained exclusively by either the social robot or
the healthcare professional.

Table 5 summarizes the results of the PANAS
questionnaire administered before and after both
types of GDS-15 screening. The results are sum-
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Table 3. Overall results from the application of the GDS-15, including the GDS-15 results for both social robot and
healthcare professional-facilitated methods, as well as demographic and medical data

ID GDS-15 (score/level) Demographic data Medical data
Social robot Healthcare pro-  Age  Gender Lives  Education MoCA  Depression
fessional alone diagnosis
1 0 (unlikely) 2 (unlikely)* 61 Female No College 30 No
2 2 (unlikely) 3 (unlikely)* 66 Female No Postgraduate 29 No
3 6 (possible) 8 (possible)* 64 Female No Postgraduate 30 Yes
4 6 (possible)* 6 (possible) 75 Female Yes College 29 No
5 0 (unlikely)* 0 (unlikely) 62 Female Yes College 28 No

marized in Table 5, considering both the mean
and standard deviation (p + o) as well as the me-
dian and interquartile range (X7, Q3 — Q1). The
PANAS questionnaire consists of ten positive af-
fect descriptors, each rated on a scale from 1 to 5.
Consequently, participants’ positive affect scores
can range from 10 to 50, with higher scores indi-
cating greater positive affect. Likewise, there are
ten negative affect de-scriptors, also rated from 1
to 5, yielding a potential score range of 10 to 50
for negative affect. Lower scores in this context
reflect reduced levels of negative affect. While
the data is ordinal, the original article’s authors
(Watson et al., 1988) summarize it using both
mean and standard deviation. They additionally
aggregate the scores of the ten positive and ten
negative descriptors. Summing scores is indeed
a common method to simplify and aggregate
ordinal data, particularly when aiming to cre-
ate a composite score representing an underly-
ing con-struct, thereby facilitating interpretation.
This approach is predominantly employed in
cases like this one, where the data approximates
a symmetric and normal distribution without the
presence of outliers. Moreover, the differences
between scale categories are relatively stable or
proportional, revealing a clear order, and the dis-
tances between them are reasonably consistent.
Nevertheless, the median and interquartile range
are also presented for more ro-bust statistical
analyses, though they are based on the sums of
the ten items (positive or negative) for each case.

Table 6 lists the results of the Godspeed ques-
tionnaire series administered immediately after
the social robot-facilitated GDS-15 screening.
Twenty-three items were employed in the evalu-
ation, categorized into five do-mains: anthropo-
morphism, animacy, likeability, perceived intel-
ligence, and perceived safety. For each item, par-
ticipants were required to select a rating score in
the range from 1 to 5, where 1 corresponds to
the feature listed in the first column, and 5 cor-
responds to the feature listed in the last column.
The obtained values are pre-sented as percent-
ages in the table. For instance, for the first item
(Fake vs. Natural), 40% of the participants re-
sponded 1 (i.e., consider the robot totally fake),
20% responded 2 (i.e., somewhat fake), 40%
responded 3 (i.e., neither fake nor natural), and

no participant considered the robot somewhat
or totally natural. One of the participants de-
clined to respond to the items in the perceived
intelligence domain as they believed the inter-
action with the robot was too limited to evalu-
ate that aspect.

DiscussioN

Initial findings and insights

As shown in Table 3, the depression levels ac-
cording to the GDS-15 score ranges for each
participant remain con-sistent across the GDS-
15 screenings facilitated by both the social robot
and the healthcare professional. While this study
involved a small sample size of five participants,
this is typical for pilot studies. The primary aim
was to gather preliminary data and assess the
feasibility of using social robots for depression
screening. Despite the small sample, the consist-
ency of the GDS-15 scores between the robot
and healthcare professional screenings suggests
promising initial evidence of the method’s ef-
fectiveness. All participants fell within the same
score range for both methods: participants 1, 2,
and 5 were classified as unlikely depression in
both GDS-15 screenings, while participants 3
and 4 were classified as possible depression in
both cases as well. This consistent pattern sug-
gests that the administration of the GDS-15 by
the social robot yielded similar results to those
obtained by the healthcare professional. Al-
though the overall consistency is apparent, there
is some variability in the GDS-15 scores among
participants. Participants 1, 2, and 3 scored up
to 2 points higher when assisted by the health-
care professional. It is noteworthy that the GDS-
15 screening with the health professional was
the second one for these three cases. This slight
variability might be attributed to individual dif-
ferences in the perception of the interaction with
the social robot or the healthcare professional.
The only previous diagnosis of depression, re-
ferring to Partici-pant 3, was captured by both
GDS-15 screening methods. As the five partici-
pants scored very high on the MoCA test, cogni-
tive impairment would not be a potential issue
for interacting with technology.

The data for each question, as detailed in Table
4, shows variations in participant responses be-
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Table 4. Breakdown of GDS-15 data organized both by participant and by question

ID Participant 1 Participant 2 Participant 3 Participant 4 Participant 5
Social Hlth. Social Hlth. Social Hlth. Social Hlth. Social  Hlth.
robot Profes. robot Profes. robot Profes. robot Profes. robot  Profes.

1 + X X X X

2 +

3 + X X

4 + X X +

5 X X +

6 + X X X X +

7 X X +

8 X X +

9 +

10 +

11

12 X X

13

14 +

15

> 0 2 2 3 6 8 6 6 0 0

tween the social robot and healthcare profes-
sional GDS-15 screenings. Some questions, like
questions 4 and 6, show discrepancies in the
responses of at least two participants between
the two GDS-15 screenings. This suggests that
certain questions might be perceived differently
when administered by a social robot compared
to a human healthcare profes-sional. There
is also participant-specific variability in how
their responses align between the two GDS-15
screen-ing methods. For example, participants 2
and 5 had consistent responses for all or most
questions, while participants 3 and 4 showed
more variations, mainly in questions related to
mood and emotional well-being. This variabil-ity
highlights the importance of understanding the
role of human-robot interaction in depression
screening. While designed to be empathetic and
supportive, social robots may not capture all nu-
ances of human interaction, poten-tially affect-
ing the way participants express their emotions
and feelings. In addition, certain questions in the
GDS-15 may be particularly sensitive to varia-
tions in screening. For example, questions relat-
ed to social engage-ment or mood changes might
elicit different responses depending on whether
the interaction is with a social robot or a human.

Regarding the PANAS results (Table 5), the base-
line scores indicate that participants already had
relatively good emotional well-being before the
GDS-15 screenings, as evidenced by their el-
evated positive affect scores and low negative
affect scores, regardless of the GDS-15 screen-
ing method. Both GDS-15 screening methods
resulted in an improvement in participants’ emo-
tional well-being, which is noteworthy, consid-

ering that GDS-15 was origi-nally designed to
screen depression levels rather than to influence
emotional states. Furthermore, it is interesting
to highlight that the improvements in partici-
pants” emotional well-being were slightly more
pronounced following interactions facilitated by
the social robot compared to those led by the
healthcare professional. This could be attributed
to participants potentially feeling more at ease
and less judged during their interactions with
the social robot. The novelty of engaging with
a robot might have also contributed to these ob-
served differences. These find-ings raise intrigu-
ing questions about the potential advantages of
human-robot interactions within healthcare set-
tings. However, it is essential to acknowledge
that this study consisted of single-session GDS-
15 screenings for each method, and further re-
search is needed to explore the long-term effects
of such interactions.

The results of the Godspeed questionnaire series
(Table 6) indicated that participants had an over-
all positive perception of the social robot used
in the study. The detailed data indicate that par-
ticipants tended to perceive the robot as more
machine-like, artificial, and fake rather than hu-
man-like, lifelike, and natural. This suggests that
the robot’s design and behavior may not have
successfully created a strong anthropomorphic
impression, which could be due to limitations
in its appearance or interactions, although it is
not necessarily an option to want the robot to
get closer to a human. In terms of animacy, par-
ticipants balanced between characteristics such
as apathetic and responsive, as well as inert and
interactive, showing room to improve their inter-
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Table 5. PANAS means and standard deviations plus medians and interquartile ranges for each test administration moment

Types of affect Administration moment  n Healthcare professional Social robot
p=o X, Q3-Q1 p£o X, Q3-Q1
Positive affects Before the GDS-15 screening 5 38.4+4.1 39,3 37.0+2.5 38,5
After the GDS-15 screening 5 39.6+2.0 41,2 40.0+1.5 41,1
Negative affects ~ Before the GDS-15 screening 5 18.8+7.3 16, 4 17.0+4.3 17,6
After the GDS-15 screening 5 17.8+6.3 16, 10 14.2+3.5 13,2

action capacity. Participants had very positive
perceptions of the robot’s likeability, including
friendliness, kindness, pleasantness, and nice-
ness. This indicates that the robot was gener-
ally well-received and elicited positive emotions.
Participants had good positive perceptions of the
robot’s intelligence, mainly in terms of compe-
tence and intelligence itself. This suggests that
the robot was seen as intelligent and capable of
fulfilling its role effectively. Finally, participants
generally felt emotionally stable (relaxed and
calm) towards the robot, indicating they did not
see it as a threat.

Ethical and emotional considerations

The integration of social robots into healthcare,
particularly for sensitive tasks such as depression
screening, ne-cessitates a careful examination of
ethical and emotional considerations. Privacy and
informed consent are para-mount when using ro-
bots for depression screening. Participants must be
fully aware of how their data will be used, stored,
and protected. Ensuring transparency about the
robot’s capabilities and limitations is crucial to
maintain-ing trust (Vitale et al., 2018). The emo-
tional effects of interacting with social robots can
be both positive and negative. On the one hand,
robots can provide a non-judgmental and support-
ive presence, potentially making participants feel
more comfortable and less stigmatized when dis-
cussing sensitive topics. On the other hand, there
is a risk that robots might not fully capture the nu-
ances of human emotions, which could affect the
accuracy of the screening and the emotional expe-
rience of the participants (Garcia et al., 2020). It is
important to consider the design and functionality
of the robot to maximize its empathetic capabili-
ties while being mindful of these limitations.

Social robots can reduce the burden on health-
care professionals, provide consistent and stand-
ardized screening, and offer companionship that
can alleviate feelings of loneliness and isolation
(Sharkey and Sharkey, 2012). These benefits high-
light the potential for robots to enhance health-
care delivery, particularly in settings where hu-
man resources are limited. However, the deploy-
ment of social robots must be approached with
caution. Poten-tial challenges include ensuring
the emotional safety of participants, addressing
any feelings of discomfort or unease, and man-

aging the ethical implications of robotic interac-
tions (Felzmann, 2020). Ongoing evaluation and
adaptation of the technology are necessary to
mitigate these challenges and improve the ef-
fectiveness of social robots in healthcare. By ad-
dressing these ethical and emotional considera-
tions, we aim to provide a more com-prehensive
understanding of the potential challenges and
benefits associated with using social robots for
depression screening in older adults. Future re-
search should continue to explore these aspects
to ensure the responsible and effective use of ro-
botic technologies in healthcare.

While the benefits of human touch in healthcare
are well-documented, providing comfort, reduc-
ing anxiety, and fostering emotional well-being
through the release of oxytocin, it is not with-
out its complexities. Studies, such as those by
Field (2010) and Linden (2015), have highlighted
the positive impacts of human touch. However,
the perception of touch can vary significantly
among individuals, particularly among those
with past traumas or dis-comfort with physical
contact, potentially exacerbating stress and de-
pressive symptoms. Conversely, social robots of-
fer a non-invasive alternative for emotional sup-
port and interaction, which can be particularly
beneficial for individuals uncomfortable with
human touch. Research by Pu et al. (2019) and
Chen et al. (2021) indicates that social robots
can improve emotional well-being and reduce
feelings of loneliness. Pu et al. (2019) provide a
systematic review and meta-analysis, present-
ing a broad overview of the effectiveness of so-
cial robots in enhancing emotional well-being
among older adults, while Chen et al. (2021)
offer insights into the practical applications of
social robots in healthcare settings. Nonetheless,
robots may lack the nuanced empathy inher-
ent in human interactions, which can limit their
effectiveness in fully replicating the benefits of
human touch. Moreover, it is im-portant to ac-
knowledge the possibility that interactions with
robots, if perceived as inadequate or impersonal,
could potentially increase feelings of depression
in some older adults. This presents a complex
issue that requires careful consideration and
analysis. While it is not the primary focus of this
study, a brief exploration of these factors under-
scores the need for further research to balance
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Table 6. Godspeed questionnaire series results

two screening methods suggest that

Rating score 1 2 3 4 5

Rating score

certain aspects of the GDS-15 might

Anthropomorphism

need refinement or further validation

for robot-facilitated administration.

Fake 40% 20% 40% Natural
Machine-like 40%  40%  20% Humanlike ~ The observed discrepancies highlight
Unconscious 40% 20% 40% Conscious the influence of human-robot interac-
Artificial 20%  40%  40% Lifelike tion on the perception of depression
Animacy sKmptorTs, sygggst|ngha neeg Ifor'fu|i—
S o a0 a0 Alve E er exploration into the psychologica
, actors driving these differences.

Stagnant 40% 40% 20% Lively
Mechanical 80% 20% Organic Despite the promising findings, it ‘is
Artificial 20% 40% 20% 20% L|fe||k-e important to acknowledge that these
Inert - 20% 60% 20% Interactl}/e were derived from a small sample
Apathetic 20% 60% 20% Responsive size of only five participants. A |arg_
Likeability er study is planned to validate these
Dislike 20% 20%  60% Like results comprehensively before pro-
Unfriendly 80% 20% Friendly gressing to broader research applica-
Unkind 20% 40% 40% Kind tions. Moreover, the Positive and Neg-
Unpleasant 20% 20% 60% Pleasant ative Affect Schedule (PANAS) data
Awful 20%  20%  60% Nice suggests that screenings facilitated by
Perceived intelligence social robots had a more pronounced
Incompetent 25% 50% 25% Competent positive. impact On the emotional
Ignorant 25% 50% 25% Knowledgeable Well-bemg of participants Compared
Irresponsible 75% 25%  Responsible to tho.se conducted by healthcare
Unintelligent 75%  25% Intelligent proqusxonals. A]though the GDS,_15
Foolish 25% 50% 25% Sensible is primarily designed for depression
berceived safety screening, the observed changes in

: affect scores point to an improvement
Anxious 20% - 20%  60% Relaxed in emotional well-being, particularly
Agitated 20% 20%  60% Calm with the aid of social robots.
Surprised 20% 20% 20% 40% Quiescent

the emotional needs and comfort levels of pa-
tients in depression screening and management.

CoNCLUSION

This pilot study provides preliminary evidence
that social robots may be viable for adminis-
tering the GDS-15 for depression screening in
older adults. The alignment of scores between
screenings conducted by the social robot and
healthcare professionals suggests that social
robots have the potential to automate the pro-
cess of depression screening. However, vari-
ations in GDS-15 scores among participants
suggest that responses to robot-facilitated
screenings may differ from those conducted
by human professionals. Further research with
larger samples is nec-essary to understand the
factors influencing these variations, which
could optimize the deployment of social ro-
bots in depression screening.

These results underscore the utility of social ro-
bots as tools for depression screening in older
adults, demonstrating that they can potentially
enhance the accessibility and efficiency of health-
care services. Additionally, variations in partici-
pant responses at the question level between the

The Godspeed questionnaire series
offered insights into the participants’ percep-
tions of the social robot. Although only the
avatar version was used, participants typically
perceived the robot as machine-like, artificial,
and fake, yet friendly, kind, pleasant, intelligent,
responsible, and non-threatening. This dual
perception indicates that while the robot lacks
pronounced human-like qualities—which may
not be entirely desirable—it was nonetheless
well-received and seen as capable and emo-
tionally supportive. Improvements in anthro-
pomorphism and a reduction in machine-like
qualities could further enhance the robot’s ef-
fectiveness in future healthcare applications.

Ultimately, these preliminary findings are insight-
ful for understanding how social robots could
be further integrat-ed into mental health assess-
ments, requiring additional research to establish
the consistency of these results across multiple
sessions and to explore the long-term effects of
human-robot interactions on the emotional well-
being of older adults.

Future research will focus on expanding the sam-
ple size to include a more diverse population of
older adults, incorporating longitudinal follow-
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up to assess the long-term effectiveness of social
robots in depression screening, and conducting
comparative studies with traditional screening
methods. These steps will build on the initial fea-
sibility demonstrated in this pilot study and con-
tribute to a better understanding of the role of so-
cial robots in supporting the mental health and
well-being of older adults. Moreover, while this
pilot study focused on quantitative assessments,

future research will incorporate qualitative meth-
ods, such as interviews and focus groups, to
provide a more comprehensive understanding
of participants’ emotional responses and expe-
riences. Combining qualitative and quantitative
data will enhance the depth of our findings and
offer richer insights into the use of social robots
for depression screening in older adults.
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