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Abstract
Background  Rapid population aging in Korea has intensified the need for emotional and health-related support 
among older adults, especially in rural regions facing depopulation and limited care resources. Conversational 
artificial intelligence (AI) call systems have emerged as potential tools for monitoring daily well-being and detecting 
early signs of psychological distress. This study examined the association between conversational patterns in a 
conversational AI call service and risk of depressive symptoms among community-dwelling older adults, integrating 
quantitative and qualitative analyses to evaluate the system’s feasibility and limitations.

Methods  This cross-sectional study included 2,896 adults aged 65 years or older residing in Jeongeup City, who 
used the Naver Clova AI CareCall service and completed a survey between May and August 2024. We linked 37,294 
call records with survey data to compare service utilization patterns between high-risk (Geriatric Depression Scale-
Short Form score ≥ 2) and low-risk groups. Multivariable logistic regression was used to identify predictors of the 
risk of depressive symptoms. We reviewed 73 conversation cases containing depressive cues, categorized into ten 
subthemes based on World Health Organization’s criteria. Three researchers independently assessed AI detection 
accuracy as correct, misinterpreted, or missed.

Results  Among all participants, 42.0% were classified as high-risk for depressive symptoms. They were older, more 
likely to live alone, received social assistance more frequently, and reported poorer health. The high-risk group had 
fewer positive responses, more negative and unasked responses, and longer call durations. After adjustment, average 
negative responses (aOR = 1.18, 95% CI = 1.04–1.35), unasked domains (aOR = 1.12, 95% CI = 1.03–1.21), and longer call 
time (aOR = 1.01, 95% CI = 1.00–1.02) were associated with a higher risk of depressive symptoms. Qualitative findings 
revealed expressions such as appetite loss, fatigue, and hopelessness, though the AI frequently misinterpreted or 
failed to detect them due to contextual or speech-recognition errors.
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Background
Rapid demographic aging is accompanied by a growing 
mental health crisis among older adults. Globally, depres-
sive disorders represent the largest contributor to the 
burden of mental, neurological and substance use disor-
ders, accounting for over 60% of years lived with disabil-
ity (YLDs) in Asia-Pacific countries [1]. Korea exemplifies 
this global pattern, experiencing both rapid population 
aging and a growing burden of mental ill-health among 
older adults. The 1-year prevalence of major depressive 
disorder was also highest among older adults, reach-
ing 1.9% in men in their 60s and 5.4% in women in their 
70s [2]. These figures indicate that older adults repre-
sent the most vulnerable group in Korea’s mental health 
landscape.

Depressive symptoms, as defined by the World Health 
Organization, encompass emotional, cognitive, and 
somatic manifestations such as persistent depressed 
mood, loss of interest, fatigue, and functional impairment 
lasting at least two weeks. While these symptoms do not 
necessarily constitute a clinical diagnosis, they are clini-
cally meaningful and may progress along a continuum 
toward depressive disorders [3]. Evidence from OECD 
countries indicates that depressive symptoms are highly 
prevalent at the population level, with most individuals 
experiencing mild-to-moderate symptoms that do not 
meet clinical diagnostic thresholds. Importantly, these 
milder forms account for nearly 90% of all depressive 
symptom presentations and often remain undiagnosed 
despite their persistence, functional impact, and poten-
tial progression to more severe disorders. These findings 
underscore the substantial public health burden posed 
by depressive symptoms beyond clinically diagnosed 
depression [4].

Older adults living in rural areas, where aging and 
depopulation converge, are particularly vulnerable to 
experiencing depressive symptoms. Persistent outmigra-
tion of younger populations and low fertility have struc-
turally entrenched population decline, weakening local 
economies and social foundations [5]. As a result, access 
to healthcare and welfare infrastructure has diminished. 
Residents of depopulated areas tend to report fewer 
social interactions, greater loneliness, and lower per-
ceived social support, reflecting a decline in overall social 
well-being [6]. The 2024 Community Health Survey 

indicates that depressive symptoms are more prevalent 
among older adults aged 60 years and above in Jeollabuk-
do compared with younger age groups. Notably, munici-
palities with populations under 300,000 reported higher 
levels of depressive symptoms than larger cities, sug-
gesting heightened vulnerability in rural and small-sized 
communities [7]. Jeongeup City in Jeollabuk-do, the focus 
area of this study, exemplifies these challenges as a rural 
community where both depopulation and aging are pro-
gressing rapidly. As of 2024, 31.9% of its residents were 
aged 65 or older, classifying the city as super-aged [8].

In this context, conversational AI call systems have 
gained attention as an alternative means to support 
mental health in regions with limited healthcare access. 
Chatbots and conversational agents have been used for 
self-management, psychoeducation, and mental health 
screening, demonstrating promising feasibility and user 
acceptance [9]. Recent research has expanded to explore 
cultural or thematic biases in chatbot-generated mes-
sages [10] and to analyze user conversations among 
specific populations, such as individuals with autism 
spectrum disorder, to examine diagnostic experiences 
and emotional expressions [11]. In Korea, an AI-based 
conversational agent, the Naver Clova CareCall, has been 
deployed in community care settings to monitor older 
adults’ daily living and emotional health. A randomized 
controlled trial using this service reported reductions 
in depression and improvements in memory among 
patients with dementia [12], and its potential for prevent-
ing solitary deaths has also been examined [13].

Previous studies have largely focused on the develop-
ment or acceptability of chatbot systems evaluating their 
performance [9, 10, 14]. However, most analyses have 
used text-based chatbots or short-term interventions 
within specific study participants, rather than actual 
older adults in real service environments. Few studies 
have adopted a mixed-methods approach combining 
quantitative analyses of demographic and call-pattern 
data with qualitative exploration of depressive expres-
sions in real conversations. This gap indicates a lack of 
empirical evidence regarding whether conversational AI 
can function as an effective early detection tool for men-
tal health issues in real-world care settings.

Therefore, this study utilized data from the AI Care-
Call service implemented in Jeongeup City, South Korea, 

Conclusions  This study provides real-world evidence that conversational and linguistic features in AI call service 
are associated with the risk of depressive symptoms among older adults in rural communities. AI call service may 
complement mental health monitoring by enabling early detection of emotional distress. However, limited contextual 
understanding and variable user acceptance highlight the need for continued technical refinement and integration 
with professional interpretation.
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to analyze participants’ call responses and conversa-
tional content using both quantitative and qualitative 
methods. Specifically, the study examined associations 
between call response patterns and depressive symptom 
risk and explored conversational content to understand 
how depressive symptoms are manifested in AI-mediated 
interactions. Building on these analyses, the study aimed 
to assess the feasibility and limitations of conversational 
AI calls for early detection of depressive symptoms 
among older adults in rural areas. Findings from this 
study will provide foundational evidence for technology-
based mental health interventions in communities facing 
simultaneous aging and depopulation, with implications 
for other societies undergoing similar demographic 
transitions.

Methods
This study employed a cross-sectional design using both 
quantitative and qualitative methods, with findings inte-
grated at the interpretation stage.

Data source
The data used in this study were derived from a com-
munity-based needs assessment survey and a linked AI 
CareCall service. A face-to-face household survey was 
conducted among adults aged 60 years and older resid-
ing in the 15 town and township areas of Jeongeup City, 
Jeollabuk-do, South Korea, between September and 
November 2023. Eleven trained interviewers adminis-
tered the survey using a standardized protocol and a tab-
let-assisted personal interviewing (TAPI) method, and a 
total of 4,989 older adults participated.

The survey collected information on sociodemographic 
characteristics, physical and mental health, caregiv-
ing status, activities of daily living, digital literacy, and 
emotional health, including depressive symptoms. After 
completion of the survey, participants who provided 
informed consent were enrolled in a telephone-based AI 
care service (Naver Clova CareCall).

The present analysis included participants aged 65 
years and older who received the CareCall service and 
consented to linkage of their survey and service data 
between May and August 2024. Of the 3,097 registered 
CareCall recipients, individuals who did not respond to 
the survey (n = 29), had missing data on the primary out-
come variable—the Geriatric Depression Scale–Short 
Form (GDS-SF) (n = 60), or had missing values in other 
analytic variables (n = 112) were excluded. The final ana-
lytic sample comprised 2,896 participants. A total of 
37,294 CareCall records were linked with survey data for 
quantitative analyses. For the qualitative component, 73 
conversational cases indicating depressive expressions 
were selected from 8,195 call transcripts collected in June 
2024.

The CareCall service was implemented to provide peri-
odic monitoring of older adults’ health and daily living 
status and to offer emotional support. The system auto-
matically made weekly voice calls to registered partici-
pants and guided their responses across five key domains: 
health, sleep, diet, exercise, and outdoor activity. Each 
response was categorized as “normal (Yes)” or “problem 
(No),” while unasked questions were recorded as blank. 
Additional spontaneous remarks or requests from partic-
ipants were logged as “extra requests.” All voice calls were 
transcribed into text and provided with corresponding 
audio files [15].

Variables and instruments
The primary outcome variable in the quantitative analy-
sis was the risk of depressive symptoms, assessed using 
the Geriatric Depression Scale–Short Form (GDS-SF), a 
validated screening tool for older adults. The scale com-
prises five yes/no items, each scored as one point, with 
total scores ranging from 0 to 5. Consistent with prior 
studies, a cut-off score of 2 or higher was used to indicate 
elevated depressive symptom risk, and participants were 
classified into high-risk and low-risk groups accordingly 
[16].

Covariates included sociodemographic and health-
related factors: age, sex, household type, receipt of social 
benefits, prior depression diagnosis, number of chronic 
conditions, disability status, and self-rated health. House-
hold type was categorized as living alone, living with 
spouse only, living with other family members, or living 
with others. Receipt of social benefits was assessed based 
on self-reported eligibility for government-supported 
welfare programs targeting low-income or economically 
vulnerable older adults, including basic livelihood secu-
rity, near-poverty assistance, and the basic pension. This 
variable was dichotomized as receiving benefits versus 
general status.

Health-related variables included prior or current 
diagnosis of depression (yes/no), disability status (yes/
no), number of chronic conditions, and self-rated health. 
Chronic conditions were assessed by asking participants 
to report all past or current physician-diagnosed diseases 
from predefined lists—such as hypertension, diabetes 
and hyperlipidemia—and the total number was calcu-
lated. Self-rated health was measured using a four-point 
Likert scale ranging from very good to very poor.

CareCall-derived variables captured participants’ 
engagement and response patterns during AI-based 
conversational calls. These included average call dura-
tion, number of completed calls, and responses across 
five domains (health, sleep, diet, exercise, and outdoor 
activity), categorized as “Yes” (normal), “No” (problem), 
or “Not asked.” Spontaneous remarks or help-seeking 
comments were recorded as extra requests. Additional 
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summary indicators were calculated at the individ-
ual level, including the number of domains with valid 
responses and the average number of positive and nega-
tive responses.

Quantitative analyses
Participants with missing values in the primary outcome 
or analytic variables were excluded from the analysis, as 
described in the Data source section. Participants were 
classified into high-risk and low-risk groups for depres-
sive symptoms, and differences in sociodemographic 
characteristics and health status between the two groups 
were examined. Continuous variables were analyzed 
using independent sample t-tests, and categorical vari-
ables were compared using chi-square tests. Multivari-
able logistic regression analysis was then performed to 
identify factors associated with high risk of depressive 
symptoms. Adjusted odds ratios (aORs) and 95% con-
fidence intervals (CIs) were reported. Statistical sig-
nificance was defined as p < 0.05. Variables derived from 
overlapping CareCall response domains were examined 
for multicollinearity. Summary indicators that captured 
redundant information across domains were excluded 
from the final regression models to minimize multicol-
linearity. All analyses were conducted using SAS version 
9.4 (SAS Institute Inc., Cary, NC, USA).

Qualitative analyses
The qualitative analysis reviewed CareCall questions 
and participant utterances to identify emotional expres-
sions indicative of depressive symptoms or psychologi-
cal distress (“depressive cues”). Each conversation was 

interpreted in context to examine the meaning of these 
expressions and how they were recognized by the AI 
system, following established approaches in conversa-
tional AI research [11, 17]. A thematic analysis approach 
was used to identify and categorize recurring patterns 
of depressive expressions in the CareCall conversations, 
guided by the WHO framework for depressive symp-
toms [3] and prior emotion classification studies [18, 19]. 
Depressive cues were categorized into ten subthemes: 
loss of appetite, sleep problems, fatigue or lack of energy, 
feelings of worthlessness, social isolation, sense of loss, 
hopelessness or pessimistic thoughts, memory loss, non-
specific depressive cues, and history of depression.

AI responses to these utterances were classified as cor-
rect detection, misinterpretation, or missed cue. Cor-
rect detection indicated appropriate recognition and 
response; misinterpretation referred to non-depressive 
statements misclassified as depressive; and missed cues 
indicated unrecognized depressive expressions. To 
ensure reliability, three researchers independently coded 
all utterances and resolved discrepancies through con-
sensus, with final decisions made by majority agreement.

Results
Participant characteristics
A comparison of sociodemographic characteristics 
between the high-risk (n = 1,217, 42.02%) and low-risk 
(n = 1,679, 57.98%) groups for depressive symptoms 
revealed statistically significant differences across all 
examined characteristics (Table 1). The mean age of the 
high-risk group was 79.76 years, higher than that of the 
low-risk group (76.60 years). The proportion of women 

Table 1  General characteristics of study participants*
Variable Total

(n = 2896)
Low-risk group
(n = 1679)

High-risk group
(n = 1217)

p-value

Age (years), mean ± SD 77.93 ± 7.04 76.60 ± 6.87 79.76 ± 6.85 < 0.0001

Sex, n (%) Male 936 (32.32%) 575 (34.25%) 361 (29.66%) 0.0092

Female 1960 (67.68%) 1104 (65.75%) 856 (70.34%)

Social benefits, n (%) General 353 (12.19%) 242 (14.41%) 111 (9.12%) < 0.0001

Receiving benefits 2543 (87.81%) 1437 (85.59%) 1106 (90.88%)

Household type, n (%) Living alone 1067 (36.84%) 563 (33.53%) 504 (41.41%) < 0.0001

Living with spouse only 1513 (52.24%) 941 (56.05%) 572 (47.00%)

Living with other family 303 (10.46%) 173 (10.30%) 130 (10.68%)

Living with others 13 (0.45%) 2 (0.12%) 11 (0.90%)

Past/current depression, n (%) Yes 47 (1.62%) 17 (1.01%) 30 (2.47%) 0.0023

No 2849 (98.38%) 1662 (98.99%) 1187 (97.53%)

Number of chronic conditions, mean ± SD 2.26 ± 1.34 2.13 ± 1.31 2.45 ± 1.37 < 0.0001

Disability, n (%) Yes 290 (10.01%) 129 (7.68%) 161 (13.23%) < 0.0001

No 2606 (89.99%) 1550 (92.32%) 1056 (86.77%)

Self-rated health status, n (%) Very good 175 (6.04%) 127 (7.56%) 48 (3.94%) < 0.0001

Good 1834 (63.33%) 1196 (71.23%) 638 (52.42%)

Poor 779 (26.90%) 343 (20.43%) 436 (35.83%)

Very poor 108 (3.73%) 13 (0.77%) 95 (7.81%)
*All variables were summarized after listwise deletion of missing values
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was also higher in the high-risk group (70.34%) than in 
the low-risk group (65.75%). Social benefits recipients 
accounted for 90.88% of the high-risk group and 85.59% 
of the low-risk group. In addition, living alone was more 
common among the high-risk participants (41.41%) than 
among those in the low-risk group (33.53%).

In terms of health status, the high-risk group showed 
greater vulnerability. A history of depression diagno-
sis was reported by 2.47% of participants in the high-
risk group—2.5 times higher than in the low-risk group 
(1.01%). The average number of chronic diseases was 
also higher in the high-risk group (2.45). Registered dis-
abilities were observed in 13.23% of the high-risk group 
compared with 7.68% of the low-risk group, representing 
a 1.7-fold difference. Furthermore, 43.64% of the high-
risk participants rated their subjective health as “poor” or 
“very poor,” nearly twice the proportion observed in the 
low-risk group (21.20%).

CareCall response patterns
Table 2 presents the comparison of conversational Care-
Call response characteristics between the high-risk and 
low-risk groups for depressive symptoms. There were no 
significant differences in total call duration between the 
groups. A consistent pattern was observed across the 

health, sleep, diet, and exercise domains. In all domains, 
the proportion of “Yes” responses was lower among the 
high-risk group, suggesting an overall decline in daily 
functioning. Specifically, in the health domain, the posi-
tive response rate was 44.21% in the high-risk group 
compared with 51.34% in the low-risk group, with simi-
lar differences observed in the sleep, diet, and exercise 
domains.

The proportion of “Not asked” responses—cases in 
which questions for a particular domain were not deliv-
ered during the call—was higher in the high-risk group. 
In the exercise domain, the “Not asked” rate was 77.24% 
in the high-risk group compared with 72.25% in the low-
risk group. In contrast, there were no significant differ-
ences between groups in positive response rates within 
the outdoor activity domain. Although the frequency of 
extra requests (e.g., spontaneous remarks or help-seek-
ing comments) was slightly higher among the high-risk 
group, this difference was not statistically significant.

Overall, participants in the high-risk group had fewer 
total domains with valid responses, fewer positive 
responses per person, and significantly higher counts 
of negative responses and unasked domains, indicating 
reduced engagement and functional status during Care-
Call interactions.

Table 2  Comparison of call characteristics and CareCall responses by risk of depressive symptom
Variable Low-risk group

(n = 1679)
High-risk group
(n = 1217)

p-value

Call characteristics Average call time (sec) 29.19 ± 27.57 28.83 ± 27.91 0.7262

Completed calls, mean ± SD 3.39 ± 3.73 3.04 ± 3.47 0.0091

Health domain Yes, n (%) 862 (51.34%) 538 (44.21%) 0.0006

No, n (%) 249 (14.83%) 218 (17.91%)

Not asked*, n (%) 568 (33.83%) 461 (37.88%)

Sleep domain Yes, n (%) 694 (41.33%) 417 (34.26%) < 0.0001

No, n (%) 23 (1.37%) 31 (2.55%)

Not asked*, n (%) 962 (57.30%) 769 (63.19%)

Diet domain Yes, n (%) 996 (59.32%) 665 (54.64%) 0.0173

No, n (%) 15 (0.89%) 19 (1.56%)

Not asked*, n (%) 668 (39.79%) 533 (43.80%)

Exercise domain Yes, n (%) 361 (21.50%) 181 (14.87%) < 0.0001

No, n (%) 105 (6.25%) 96 (7.89%)

Not asked*, n (%) 1213 (72.25%) 940 (77.24%)

Outdoor activity domain Yes, n (%) 396 (23.59%) 258 (21.20%) 0.0784

No, n (%) 144 (8.58%) 130 (10.68%)

Not asked*, n (%) 1139 (67.84%) 829 (68.12%)

Extra request** Yes, n (%) 106 (6.31%) 96 (7.89%) 0.1005

No, n (%) 1573 (93.69%) 1121 (92.11%)

Total number of captured domains, mean ± SD 2.29 ± 1.80 2.10 ± 1.79 0.0045

Average number of positive(“Yes”) responses per person, mean ± SD 1.97 ± 1.71 1.69 ± 1.62 < 0.0001

Average number of negative(“No”) responses per person, mean ± SD 0.32 ± 0.60 0.41 ± 0.72 0.0007

Average number of domains not asked per person, mean ± SD 2.71 ± 1.80 2.90 ± 1.78 0.0045
*Not asked means that the chatbot did not present the domain-related question during the call

**Extra requests include chest pain, high fever, rescue request, vomiting, dizziness, request for help, symptoms of paralysis, fainting symptoms, and breathing 
difficulty
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Associations between CareCall response patterns and risk 
of depressive symptoms
Multivariable logistic regression analysis was conducted 
to examine the associations between CareCall response 
characteristics and classification into the high-risk group 
for depressive symptoms (Table  3). Several response 
indicators showed significant relationships with risk of 
depressive symptoms.

Each additional average negative (“No”) response per 
participant was associated with a higher likelihood of 
being classified as high-risk (aOR = 1.18, 95% CI = 1.04–
1.35). Similarly, an increase in the number of unasked 
domains was associated with greater odds of high-risk 
classification (aOR = 1.12, 95% CI = 1.03–1.21). Longer 
mean call duration was also positively correlated with 
high-risk status (aOR = 1.01, 95% CI = 1.00–1.02). In con-
trast, the number of completed calls showed no signifi-
cant association with the risk of depressive symptoms.

Domain-specific analysis showed significant associa-
tions in the sleep and exercise domains. Participants who 
had “Not asked” responses in the sleep domain were 1.30 
times more likely to be classified as high-risk for depres-
sive symptoms (aOR = 1.30, 95% CI = 1.04–1.63). In the 
exercise domain, those who responded “No” (indicating 
a problem) had 1.47 times higher odds of being in the 

high-risk group (aOR = 1.47, 95% CI = 1.03–2.10). No sig-
nificant associations were observed in the health, diet, 
or outdoor activity domains, nor with the occurrence of 
extra requests.

Qualitative analysis of conversational patterns by 
depressive cues
Analysis of depressive expressions observed during Care-
Call interactions revealed a wide range of emotional cues 
embedded in participants’ utterances, with variations in 
the CareCall’s response patterns depending on the type 
of expression. Representative conversational excerpts 
illustrating these patterns are presented in Table 4.

In most cases, CareCall attempted to provide empa-
thetic responses to depressive cues. For example, expres-
sions of loss or grief were typically met with comforting 
or encouraging messages, while statements indicating 
sleep disturbance or appetite loss elicited brief follow-up 
questions or suggestions to visit a healthcare provider. 
However, in several instances, CareCall’s responses were 
limited or contextually misaligned with the user’s emo-
tional intent. In such cases, the system failed to fully 
interpret nuanced emotions or ambiguous statements, 
resulting in partial or inappropriate responses.

Table 3  Multivariable logistic regression results for risk of depressive symptoms according to CareCall call characteristics and 
responses*
Variable aOR 95% CI p-value
CareCall interactions**

  Average number of negative(“No”) responses 1.18 1.04–1.35 0.0134

  Average number of domains not asked 1.12 1.03–1.21 0.0075

  Average call time (sec) 1.01 1.00-1.02 0.0361

  Number of completed calls 0.95 0.90–1.01 0.0871

Domain-specific response patterns***

  Health domain Y Reference Reference Reference

N 1.03 0.81–1.31 0.8341

Not asked** 1.19 0.91–1.56 0.1986

  Sleep domain Y Reference Reference Reference

N 1.60 0.87–2.93 0.1278

Not asked** 1.30 1.04–1.63 0.0211

  Diet domain Y Reference Reference Reference

N 1.47 0.71–3.07 0.3032

Not asked** 0.99 0.77–1.29 0.9666

  Exercise domain Y Reference Reference Reference

N 1.47 1.03–2.10 0.0330

Not asked** 1.16 0.91–1.48 0.2348

  Outdoor activity domain Y Reference Reference Reference

N 1.10 0.81–1.50 0.5508

Not asked** 0.99 0.78–1.26 0.9300

  Extra request Y Reference Reference Reference

N 1.10 0.79–1.51 0.5819
*Adjusted for demographics, socio-economic status, chronic disease, disability, and self-rated health

**Each model was estimated independently

***Not asked refers to participants who were not presented with the corresponding CA's question, typically due to branching logic in the conversation flow
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Table  5 summarizes the major error types identified 
during the detection of depressive expressions. The fre-
quency of each expression and detection type is provided 
in Supplementary Table 1. A representative example of 
misinterpretation involved a speech recognition error 
in which the word “implant” was misheard as “divorce,” 
leading to an inappropriate CareCall response. In cases 
of missed cues, depressive expressions were clearly pres-
ent in the user’s speech but went unrecognized, prompt-
ing CareCall to proceed with routine questions. These 
findings highlight the need for system improvement to 

enhance early detection and intervention among high-
risk older adults.

Discussion
This study conducted an integrated quantitative and 
qualitative analysis to examine the association between 
conversational patterns using CareCall and the risk of 
depressive symptoms among community-dwelling older 
adults. During call with CareCall, they exhibited fewer 
positive responses, more negative responses, and longer 
mean call durations—all of which were associated with 

Table 4  Representative conversation examples between CareCall and older adults, categorized by depressive cues
Depressive Cue Conversation Examples
Loss of appetite User: I can’t eat properly these days.

CareCall: Why? Are you feeling unwell?
User: I have no appetite.
CareCall: I see. But try not to skip meals and eat something.

Sleep problems User: I can’t sleep well.
CareCall: I see. Have you been under stress lately?
User: When I wake up, I can’t fall back asleep. It’s just like this at the dorm.
CareCall: I see. That must be uncomfortable.
User: Yes.
CareCall: Have you seen a doctor?

Fatigue/Lack of energy User: I feel so tired.
CareCall: Have you been to the hospital?
User: Yes.
CareCall: Are you taking your medicine?
User: Yes.
CareCall: And eating properly?
User: Yes.

Worthlessness User: That’s why I’m worried. I’d rather just quietly disappear.
CareCall: I hope you live a long and healthy life.
User: I feel like I’m useless.
CareCall: That’s not true. You are capable.

Social isolation CareCall: I see. Would it be possible to ask someone nearby for help?
User: I’m alone.
CareCall: Then maybe you could try reaching out to your family members?
User: No, there’s no one. I’m by myself.
CareCall: I see. In that case, I’m afraid there’s nothing I can do to help. I’m sorry.

Loss User: I feel heavy-hearted after sending my uncle off to heaven.
CareCall: I see. It must have been difficult for you.
User: Yes.
CareCall: Still, cheer up. Better days will come.
User: Do you think so?
CareCall: Yes, I’m sure of it. Stay strong!

Hopelessness/
Pessimistic thoughts

CareCall: How are you feeling today?
User: Just waiting to die as life goes by.
CareCall: Are you worried or concerned about something?
User: Nothing. I just hope I die soon.
CareCall: I see. But don’t worry too much. Better days will come.

Memory loss User: I’m not well.
CareCall: Where are you feeling pain?
User: I keep forgetting things.
CareCall: I see. Have you been to a hospital?

Nonspecific depressive cues User: Life is just hard… It doesn’t feel like living anymore.
CareCall: Don’t worry too much. Things will get better.

History of depression CareCall: By the way, are you taking your depression medication regularly?
User: Yes, I take it every day.
CareCall: Great. Keeping up with it will help you get better.
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an increased risk of depressive symptoms. These asso-
ciations remained significant after adjusting for demo-
graphic and health variables. In particular, unasked 
questions in the sleep domain and negative responses 
in the exercise domain were independently related to 
high risk of depressive symptoms. Qualitative analyses 
revealed various depressive expressions—such as appe-
tite loss, sleep disturbance, and feelings of loss—embed-
ded in everyday conversations. However, CareCall often 
failed to consistently detect these cues, and both misin-
terpretation and missed-cue errors related to speech rec-
ognition were identified.

These findings reflect the limited acceptance and 
engagement of older adults with conversational AI call 
systems. The high-risk group demonstrated signifi-
cantly fewer completed calls and positive responses, and 
a higher number of negative responses and unasked 
domains. Nevertheless, even in the low-risk group, the 
average number of completed calls was only 3.39, despite 
weekly scheduling over a 3-month period, and the pro-
portion of unasked domain questions ranged from 33.8% 
to 72.2%. These results indicate that overall interaction 
completeness and continuity of conversational AI call 
were suboptimal.

The low level of engagement may stem from a combi-
nation of cognitive, sensory, and technological limita-
tions among older adults. Previous research suggests 
that older adults exhibit selective constraints in hearing, 
speech production, turn-taking, and information pro-
cessing [20]. Those with visual, auditory, or cognitive 
impairments often experience repeated difficulties when 
using AI-based services [13]. In the present study, speech 
recognition errors and unnatural system responses were 
also observed, underscoring the need for more explicit 
confirmation mechanisms and lower information density 
through socially cooperative dialogue [20].

Additionally, some older adults perceive conversational 
AI as a “life companion,” which can heighten discrepan-
cies between user expectations and actual experiences 
[21]. Repetitive questioning and the lack of personalized 
interaction may amplify this gap. Jo et al. [22] reported 
that users perceived the AI call as “impersonal and 
robotic” because it failed to recall personal health his-
tories, thereby limiting its capacity to provide emotional 
support. This aligns with the present study’s finding that 

calls were frequently terminated early or failed to con-
tinue over time. Such outcomes may reflect emotional 
disengagement triggered when anticipated human-like 
interaction is not fulfilled. Moreover, qualitative analy-
ses revealed that the limited engagement observed in 
this study may also be attributable to the quality of AI-
generated responses themselves. As illustrated in Table 
4, CareCall responses frequently adopted a formulaic 
structure, often beginning with neutral acknowledg-
ments such as “I see,” followed by practical advice or 
reassurance, rather than emotionally validating the user’s 
expressed distress. For example, when users reported loss 
of appetite, responses tended to emphasize behavioral 
suggestions (e.g., “try not to skip meals”) without explor-
ing underlying emotional or situational causes. Similarly, 
expressions of worthlessness or hopelessness were met 
with generic reassurance (e.g., “you are capable”), which 
may have unintentionally bypassed the user’s emotional 
experience. Such responses suggest that the system pri-
oritizes problem-solving or reassurance over empathic 
reflection, reinforcing perceptions of the AI as mechani-
cal rather than emotionally responsive.

Older adults exhibit diverse attitudes toward technol-
ogy adoption. Their perceptions of technology and AI can 
be situated along a spectrum ranging from adapters, who 
actively integrate the benefits of technology into their 
lives, to wary users, who remain cautious due to learn-
ing burdens or privacy concerns, and resistant users, who 
reject technological dependence for fear of weakening 
human relationships [23]. The observed instances of call 
discontinuation, response refusal, and unasked questions 
in this study may reflect such attitudinal differences. 
These findings suggest the need for personalized inter-
action design that considers the user’s functional level 
and familiarity with technology in future AI-based care 
interventions.

The longer call durations observed among participants 
in the high-risk group for depressive symptoms may also 
be related to the qualitative nature of their speech. As 
shown in Supplementary Table 2, the high-risk group 
did not differ from the low-risk group in the number of 
sentences per call, but produced significantly more words 
and characters per sentence (p < 0.0001), indicating a 
tendency toward longer and more complex sentence 
structures.

Table 5  Representative conversation examples between CareCall and older adults illustrating errors in detecting depressive cues
Detection Error Type Conversation Examples
Misinterpretation (Communication error) User: I’m having a really hard time these days because of a divorce.

*Actual utterance: I’m having a hard time these days because of a dental procedure (implant).
CareCall: I see. That must be difficult.
User: Yes.
CareCall: Still, cheer up. Better days are ahead.

Missed cue User: I feel like there’s no way out. Maybe I should just die.
CareCall: I see. How will you spend the rest of the day?
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Such linguistic patterns may stem from greater emo-
tional openness during AI conversations. The anonymity 
and non-face-to-face nature of conversational agents can 
foster a sense of psychological safety, enabling some users 
to disclose more sensitive information to chatbots than to 
human counselors [9]. At the same time, these patterns 
may also reflect ruminative thinking or reduced linguistic 
organization associated with depression. König et al. [24] 
reported that individuals with mild depression used more 
words in self-reports and social media posts than non-
depressed counterparts, interpreting this as increased 
verbalized thought arising from rumination or mind-
wandering. Accordingly, the longer utterances observed 
among high-risk participants in this study may represent 
a coexistence of emotional expressiveness and rumina-
tive cognition. However, longer call duration may also be 
influenced by factors not captured in this study—such as 
slower speech rate or delayed responses—highlighting 
the need for further phono linguistic and temporal analy-
ses in future research.

This study offers three key contributions. First, it pro-
vides real-world evidence based on conversational data 
between older adults and an AI call system implemented 
in a community care setting. Whereas most previous 
studies on conversational agents have focused on accept-
ability and feasibility [25, 26], this study examined how 
emotional cues were expressed and detected during 
real-life AI–user interactions. Second, by integrating 
quantitative and qualitative analyses, the study eluci-
dated the relationship between conversational patterns 
and risk of depressive symptoms. Notably, emotional 
signals were identified even in conversations centered 
on everyday topics such as health, sleep, and diet—with-
out direct questions about mood. This finding aligns 
with prior research suggesting that open-ended conver-
sations can capture holistic aspects of users’ lives and 
emotions [22]. Third, the study was conducted in a rural 
area with an aging rate exceeding 30%, demonstrating 
the potential of AI-based care to mitigate disparities in 
mental health accessibility. Korea illustrates rapid demo-
graphic aging most distinctly, with life expectancy reach-
ing 83.5 years in 2023—well above the OECD average 
of 81.1—and the proportion aged 65 or older projected 
to exceed 35% by 2050 [27, 28]. As the older population 
grows and care resources remain concentrated in urban 
centers [29], conversational AI may offer an accessible 
means to support emotional well-being among older 
adults in underserved communities. The present find-
ings provide evidence that AI-based care can serve as a 
complementary approach in aging and resource-limited 
settings. These results support earlier work showing that 
personalized, routine care can promote emotional well-
being and reduce loneliness, and that technology can 
serve as an effective adjunct to human care [14]. The 

implications extend to other societies undergoing simi-
lar demographic transitions, where digital solutions may 
help bridge structural gaps in community-based mental 
health care.

However, CareCall still demonstrates limited contex-
tual understanding, leading to recurring instances of 
misinterpretation and missed cues. Based on qualita-
tive analysis, several cases that researchers classified as 
being at high risk of depressive symptoms based on con-
versational context were categorized as low-risk in the 
self-reported GDS-SF survey, and CareCall also failed 
to detect them consistently. This discrepancy reflects 
both the underreporting tendency of older adults in self-
assessed surveys—often due to stigma concerns [30]—
and the current technological limitations of AI detection 
systems. These findings suggest that both survey-based 
and AI-based approaches have inherent constraints, 
underscoring the continued importance of human expert 
interpretation in integrating conversational context. 
Future AI-based care services should therefore com-
bine technological refinement with expert interpretive 
oversight.

This study also has several limitations. It was conducted 
in a single rural area, which may restrict generalizability. 
Nevertheless, Jeongeup represents a typical rural com-
munity with an aging rate exceeding 30% and is classi-
fied as a depopulation-risk region, providing reasonable 
external relevance for communities with similar demo-
graphic characteristics. In addition, the study was based 
on short-term observations from May to August, and the 
qualitative analysis focused solely on conversations col-
lected in June, limiting the ability to capture temporal 
variations in interaction patterns. Future research should 
employ longitudinal and multi-site designs to evaluate 
the sustainability of AI-based care services and the stabil-
ity of emotional cue detection over time.

Conclusion
This study empirically demonstrated the association 
between a telephone-based conversational AI call ser-
vice and risk of depressive symptoms among older adults 
residing in depopulated rural regions. The findings sug-
gest that AI-based call systems may serve as complemen-
tary tools for the early detection of emotional distress 
and prevention of mental health deterioration among 
older adults, particularly in rural areas with limited care 
resources.

However, given the technological constraints and indi-
vidual differences in acceptance, AI call systems should 
be designed to augment rather than replace human 
expertise, integrating professional interpretation and 
support with continuous technological improvement. 
Future policies should institutionalize AI-based call 
services as preventive and supplementary components 
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within community mental health systems and establish 
infrastructure that enables their long-term operation and 
secure data management. Such efforts will contribute to 
building a community-based care model that supports 
personalized interaction and continuous monitoring for 
older adults in aging and depopulating societies.
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