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Abstract 

Background  Despite the high suicide rate in South Korea, older adults are reluctant to see a psychiatrist. Recently, 
text mining has gained popularity to detect depression in social media posts, but older adults rarely use social media. 
However, more than 90% of them use smartphones. South Korea has also made a public effort to utilize a mobile 
application to manage chronic health problems. In these situations, this study explores the possibility of screen-
ing the risk of depression through textual data reporting major stressors collected from older adults via a mobile 
application.

Methods  We collected the data regarding stress and depressive symptoms through our mobile application. Pre-
trained Bidirectional Encoder Representations from Transformers (BERT)-based Natural Language Processing (NLP) 
models were utilized, using Python and the Hugging Face Transformers. A total of 1,332 text messages collected 
from 230 participants were analyzed using BERT modeling to detect clinical depression, as screened by the PHQ-9. 
For Korean data, we used KcBERT and KLUE BERT. BERTopic and dynamic BERTopic were used to see what stress topics 
appeared among a high-risk group and how they changed.

Results  The results demonstrate that KcBERT (precision = .89, recall = .86, F1 score = .87) was slightly better than KLUE 
BERT (precision = .81, recall = .78, F1 score = .79), although both performed well in identifying clinical depression. In 
BERTopic results, hierarchical clustering were re-grouped into four categories: financial problems, family-oriented 
stressful situations, physical and mental health problems, and work-related or acutely stressful situations. Dynamic 
BERTopic results show longitudinal changes. While event-related words such as family death or disease diagnosis 
were found more often for the cases when depression risk increased, words related to continued stressful situations 
appeared more often when the risk remained high.
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Conclusion  These results imply that collecting respondents’ reports regarding stressful experiences can be useful 
to screen the risk of clinical depression. Including this function within a smartphone application publicly administered 
by community health care professionals can help monitor mental health in older adults. It can approach a hidden 
high-risk population suffering from depression in the community, providing enriched information about their risk 
factors.
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Introduction
Depression is one of the most prevalent mental health 
problems in the world. For example, 3.8% of the popula-
tion experience depressive disorders in the world. How-
ever, the proportion of those experiencing depressive 
symptoms is 5.7% among older adults over the age of 60 
years [1]. Older adults with mild behavioral impairment 
are more vulnerable to the risk of depression [2]. These 
statistics might even be underestimated because many 
people experiencing depressive symptoms are reluctant 
to visit a doctor and remain undiagnosed. One previ-
ous research conducted in the United States reports 
that 31.45% of adult participants experiencing a level 
of clinical depression when utilizing the Patient Health 
Questionnaire-9 (PHQ-9) were never diagnosed with a 
depressive disorder at a clinic [3]. Untreated depression 
is likely to develop suicidal thoughts longitudinally. In 
South Korea, the suicide rate has been at the top in the 
OECD countries for a decade [4]. Although the national 
Korean statistics reveal that suicide rates by age peak in 
older adults compared to younger age groups [5], older 
Korean adults are much less likely to seek professional 
help for their mental health problems because of a strong 
stigma in their generation.

Traditional depression screening methods, which con-
sist of self-report surveys and in-depth interviews with a 
mental health professional, have been a long-time stand-
ard in the field due to their high validity. However, these 
traditional methods are limited in the fact that they are 
only available when a person visits a clinic and is willing 
to be evaluated by a mental health professional. Although 
people may suffer from depressive symptoms, limita-
tions such as these contribute to a high rate of undi-
anosed depression. To detect a hidden high-risk aged 
population, we need to develop a more accessible way to 
monitor depressive symptoms. Also, the questions used 
in a self-report survey as a traditional screening tool for 
depression reveal obvious intentions to monitor one’s 
depressive symptoms. It is possible that a responder 
intentionally hides or underreports their symptoms when 
answering the questions.

Recently, the growing interest in text mining from social 
media posts has emerged as an academic attempt to find 
an alternative way to identify a hidden population with 

a high risk of clinical depression [6, 7]. Collecting texts 
describing what they thought, felt, or experienced has the 
benefit of revealing their psychological state without the 
pressure of taking a survey and/or being evaluated. This 
method might offer us more opportunities to identify a 
hidden high-risk population suffering from depression. 
Previous studies have consistently demonstrated high 
accuracy rates of sentiment analysis for detecting depres-
sion using supervised machine-learning models on social 
media posts [8–12]. For example, Aliman et al. [8] show 
81% accuracy from the logistic regression model, even 
though their SVM model indicates only 69% accuracy. 
Jain et al. [9] show 77.12% accuracy from the SVM model 
and 79.00% from the logistic regression model. Ghosal 
and Jain [10] show 70% accuracy from logistic regression 
and 71.1% from the XGB model. Sujithra et al. [11] show 
74.22% accuracy from the XGB classifier model, 74.78% 
from the logistic regression model, and 75.12% from the 
random forest model. Obagbuwa et  al. [12] show 95.2% 
accuracy from the random forest model, 96.1% from the 
XGB model, 96.2% from the SVM model, and 96.3% from 
the logistic regression model. Although the best model 
varies among the studies, these results suggest that text 
mining has the potential to be an unintrusive alterna-
tive way to screen for undiagnosed depression without 
triggering significant defensive psychological reactions, 
especially from the high-risk population who were highly 
reluctant to visit psychiatric clinics due to the taboo sur-
rounding depression.

The problem is that it is not practical to implement fur-
ther medical diagnoses or interventions for the users who 
were identified as high-risk individuals based on their 
posts on a social network. This is mainly because their 
social media posts were uploaded to freely share about 
their daily thoughts and lives, without a specific aim to be 
monitored for their mental health. Furthermore, despite 
older adults’ increased vulnerability to developing clinical 
depression, they do not actively upload on social media 
in most cases. Instead, a mobile application could be a 
more efficient way for older populations to approach 
the general population to monitor their health risks and 
recommend further diagnosis, counseling, or treatment 
[13, 14]. In South Korea, a nationwide public effort has 
steadily attempted to develop a mobile application for 
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monitoring and caring for chronic diseases and gen-
eral health conditions. As a result, a mobile application 
is regarded as a helpful tool for older Korean adults to 
monitor their health conditions. We think a mobile appli-
cation managed by community health professionals can 
be a suitable medium to extend the accessibility of medi-
cal services to the hidden high-risk population with clini-
cal depression, in addition to monitoring the progress of 
severe chronic diseases for a high-risk older population, 
regardless of their residential area.

Older Korean people have fewer psychological barri-
ers to being connected to and cared for by professionals 
in local public health centers through a mobile applica-
tion. Older adults have even become skilled at using 
smartphones to communicate with other people during 
COVID-19. Stress is a significant cause of physical and 
mental health problems. Compared to a  strong stigma 
among older adults to visit a psychiatrist, their psycho-
logical barrier is low to reporting stressful experiences in 
their daily lives [13]. Considering the significant associa-
tion between stress and depressive symptoms, this study 
starts with the question of whether older adults’ open-
ended text responses to our weekly survey asking about 
stress can help to identify people who are at a high risk 
of suffering from clinical depression. If their open-ended 
text messages about weekly stress help to detect who is 
at high risk of suffering from depression, we will also 
explore what word topics are frequently found in older 
Korean adults. This method may shed light on a novel, 
noteworthy approach to identifying a hidden high-risk 
population in an aging society.

Methods
Recruitment and data collection
This research protocol adhered to the Declaration of 
Helsinki Statement. After we explained the information 
about our research project in our recruitment process, 
people who voluntarily agreed to participate individually 
provided us with their written consent before participat-
ing in any data collection process. All procedures involv-
ing human subjects in the research project were approved 
by Yonsei University Mirae Campus Institutional Review 
Board (1,041,849–202010-SB-151–02).

In this study, we recruited the participants from a local 
community, not limiting it to a clinical sample. It was 
mainly because we aim to expand our benefits towards 
the general population instead of focusing solely on spe-
cialized clinical care. Our inclusion criteria were indi-
viduals aged 55 or older, with no alcohol or substance 
use disorders, and with no cognitive impairments. With 
support from the collaboration with Samsung Health, 
we developed a mobile application that connects to 
an Android smartphone and a Galaxy smartwatch to 

gather the data exclusively for research purposes. How-
ever, we did not receive support from Apple, result-
ing in our study utilizing the Android operating system 
as the main platform. Thankfully, according to Gal-
lup Korea, unlike the younger generation, more than 
90% of older Korean adults over the age of 55 years uti-
lize smartphones, and 80% of those individuals choose 
Android phones [15]. Because of this, we thought that 
studying the trends and patterns among Android users 
may apply to the general population over the age of 55 
years. Regarding survey measures, we designed face-to-
face interviews and mobile app survey questionnaires to 
monitor weekly stress and monthly depressive symptoms 
in older adults [16]. Of the participants who completed 
the baseline face-to-face interview during their one-day 
visit from December 2020 to May 2021, 411 older adults 
agreed to participate in our longitudinal data collection 
via this mobile application installed on their Android 
smartphones. All participants provided written informed 
consent before participating in this longitudinal data col-
lection. Mobile survey data were collected from March 
2021 to March 2023 through our mobile application. Our 
research protocol, including the mobile app survey ques-
tions used in this study, was published in Lee et al. [16].

In our mobile application, we asked participants every 
Sunday about stress in their lives over the past 7  days. 
Our weekly survey consisted of three questions. The first 
question asked each participant whether there was a life 
stressor that hindered their everyday lives. The response 
to the first question was coded as a binary variable. If a 
participant said yes to the first question, the next ques-
tion was open to ask the participant to choose one cat-
egory for the most severe stressor during the past week. 
Seven categories were given as categories of the most 
severe stressors: work, relationships, major life events, 
health problems, financial problems, extraordinary acci-
dents, and uncategorized. Finally, an open-ended ques-
tion followed, enabling the participant to freely type in 
the text as much as they wanted to describe their life 
stressors experienced during the past week. During the 
last week of every month, participants were invited to 
complete the monthly survey of PHQ-9 [17] through our 
mobile application.

Data analysis
To investigate whether the open-ended text responses 
about stressors can help to identify clinical depression, 
this research uses the Bidirectional Encoder Represen-
tations from Transformers (BERT) for data analysis. In 
2017, the collaboration among Google Brain, Google 
Research, and the University of Toronto presented an 
innovative approach called"Transformer"in the fields of 
large language models [18]. One year later, Google AI 
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Language developed BERT [19]. While the original trans-
former model has both encoders and decoders, BERT 
uses only encoders, reducing the time and costs of han-
dling the text data. By using only encoder parts, BERT 
focuses on improving the prediction of the words within 
the input sentence. Reading the input sentence bidirec-
tionally (i.e., reading words left to right and vice versa), 
BERT gathers rich information about numeric vector 
representations for each word. This enhances its perfor-
mance in predicting a masked word within the input sen-
tence. BERT is a pre-trained model involving two tasks, 
namely, (1) masked language modeling and (2) next sen-
tence prediction, and it is possible to perform fine-tuning 
for classification tasks [20]. Because of these characteris-
tics, BERT is often used for sentiment analysis. Since our 
data has the issue of class imbalance, over-sampling and 
under-sampling methods under our supervision were 
used for the data preprocessing.

In the text preprocessing stage, all the collected open-
ended textual responses underwent human review first. 
Three trained researchers cross-reviewed the data mul-
tiple times to ensure each participant’s responses met 
the minimum quality prior to text mining analysis. The 
collected text data should contain relevant informa-
tion regarding stressors. In addition, we checked that 
all essential parts were included consistently in the 
responses. If something delivering a necessary part for 
analysis (e.g., to whom, when, where, how, why) was 
answered in the previous response but was skipped in 
the following responses in a participant’s description of 
the same stressor while their responding to our stress 
surveys longitudinally, we added it so that each partici-
pant’s responses include required information at mini-
mum level, following a consistent format. After that, the 
Kiwi morphological analyzer [21] was used to segment 
the text data into morphemes and to identify the base 
form of each morpheme. This process includes a text 
cleaning step to remove unnecessary symbols. To predict 
the risk of depression using the text data, we employed 
BERT-based text classification models that have been 
pre-trained using the Hugging Face Transformers library 
in Python, namely, KcBERT and KLUE BERT [22]. Dur-
ing model training, the document length was set to 20 
tokens, as this configuration yielded superior classifica-
tion performance on the test data relative to alternative 
lengths, such as 10 and 30 tokens. Approximately 95% of 
the documents were shorter than or equal to 20 tokens. 
For model training, 80% of the annotated text data was 
used. And the remaining data was used for model test-
ing. In training data, the model’s performance would be 
poor when the data imbalance is severe. To adjust this, 
we used random undersampling to reduce the size of the 
majority class and random oversampling to increase the 

size of the minority class. We also fine-tuned KcBERT 
and KLUE BERT by using TFBertForSequenceClassi-
fication and the Adam optimizer with a learning rate of 
0.00002. To mitigate the possible overfitting problem, we 
employed the early stopping technique with a patience 
of 3. This process utilized 10% of the training data as a 
validation dataset. We set the epoch to 10 and batch size 
to 32. For BERT-based classification models, we used the 
codes presented in Lee [23].

In addition to BERT-based classification models, we 
used BERTopic to visualize what word topics appear in 
the text data identified as high risk. BERTopic utilizes 
BERT embeddings for clustering topics, thereby produc-
ing interpretable information from text analysis. BERT is 
suitable for model evaluation, but BERT itself does not 
produce interpretable information from text analysis. 
However, using BERTopic enables it to visualize which 
words belong to the same topic, the number of topics 
that appear, and which topics can be merged. For BER-
Topic analysis, we use the KcBERT-based Beomi package 
from Hugging Face to handle Korean text data. For BER-
Topic, we used the codes presented in Lee [23]. Overall, 
Fig. 1 illustrates the entire process from data collection to 
data analyses of the present study.

Lastly, dynamic topic modeling with BERTopic was 
implemented for the entire text data used in this study 
(N = 1,332) to explore the longitudinal changes in topics 
found in textual responses. For Dynamic BERTopic mod-
eling, we used the codes presented in Grootendorst [24]. 
Figure 4 illustrates the changes in topics over time. Fur-
thermore, by matching depression scores reported in that 
corresponding month and comparing it to the previous 
depression score, we classified each case into five types: 
(1) constantly no risks (PHQ-9 total score: 0–4), (2) con-
stantly mild risks (PHQ-9 total score: 5–9), (3) decreased 
risk (previous PHQ-9 level > current PHQ-9 level), (4) 
increased risk (previous PHQ-9 level < current PHQ-9 
level), and (5) constantly high risks (PHQ-9 total score: 
10 +). After that, we explored topics by type. The results 
of frequently observed topics, especially for (4) the tex-
tual responses with an increased risk of depression and 
(5) the textual responses with a constantly high risk of 
depression, are presented in Fig. 5.

Results
BERT model results for detecting depression risks 
by textual responses
Of 411 total participants who agreed to install our mobile 
application to collect longitudinal data, 388 participants 
(94.40%) answered weekly stress surveys 20,820 times 
on our mobile application during the overall data collec-
tion period. Out of 20,820 responses from 388 partici-
pants, 19,117 responses (91.82%) from 385 participants 
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reported that they did not experience any severe stress 
that hindered their daily lives. However, 1,703 responses 
(8.18%) from 230 participants indicated that they expe-
rienced at least one major life stressor. These 1,703 
responses also had text responses for describing their 
stressors. Among 1,703 text responses, it was possible 
to match 1,332 responses (78.21%) with monthly PHQ-9 
scores in the corresponding month, but 371 (21.78%) 
failed to complete a monthly PHQ-9 survey.

We ran the sensitivity analysis to see if participants 
who did not complete the PHQ-9 survey systematically 
(for n = 371, 21.78%) differ from those who did (for n = 
1,332, 78.21%). The sensitivity analysis results demon-
strated that missingness in the monthly PHQ-9 surveys 
is more likely to happen when the participant was a 
male (OR = 0.53 p < 0.001), at an older age (OR = 1.07, 
p < 0.001), less educated (OR = 0.83, p < 0.001), and 
having less low mood each participant daily reported 
during that week (OR = 0.71, p < 0.01). Consider-
ing that female, older, less educated older adults, and 
experiencing more depressed mood were more likely 
to have higher scores in PHQ-9 total scores, we were 
not able to see consistent directions in the association 
between our sample characteristics related to miss-
ingness in PHQ-9 surveys and their assuming PHQ-9 
scores. In addition, there was no significant difference 
in the monthly PHQ-9 response missingness by stress 

level (OR = 1.00, p = 0.804), the frequencies of drinking 
alcohol (OR = 0.97, p = 0.694), the status of living with 
a partner (OR = 1.10, p = 0.677), and whether the par-
ticipant had ever experienced a depression episode(s) 
based on the MINI interview in our annual face-to-face 
interviews (OR = 0.88, p = 0.411). These results imply 
that the missingness in monthly PHQ-9 surveys caused 
some loss of text data, but using complete cases did 
not create critical issues in analyzing the association 
between our text data and PHQ-9 scores.

Of 1,332 text responses with PHQ-9 scores, we 
assigned 80% of the data as train data and 20% as test 
data. If a PHQ-9 score in a monthly survey was equal to 
or greater than 10, it was coded as 1 (a high-risk group 
in clinical depression). Otherwise, if a PHQ-9 score in a 
monthly survey was smaller than 10, it was coded as 0 (no 
risk group). As a preliminary analysis, we ran the logistic 
regression. We wanted to see whether the source of the 
most severe stressor is associated with the prevalence of 
depression. The preliminary results demonstrated that 
the cases when the participants experienced a severe 
level of stress due to a financial problem (OR = 3.66, p < 
0.001), an unexpected accident (OR = 3.05, p < 0.01), a 
major life event (OR = 2.80, p < 0.01), or a relationship 
problem (OR = 2.13, p < 0.01) had higher risks of depres-
sion compared to the cases when the most severe stressor 
being uncategorized.

Fig. 1  Data collection and analysis process
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By utilizing BERT models for Korean text data, we have 
investigated how much text responses regarding weekly 
stress predict the risk of depression. Precision, recall, 
and F1-score were used as the model evaluation met-
rics. Table 1 presents the results of depression detection 
from KcBERT and KLUE BERT models. As shown in 

Table 1, the KcBERT model performs slightly better than 
the KLUE BERT model. In the KcBERT model, the pre-
cision for the non-depressed is 0.89 (95% CI: 0.84, 0.94), 
while the precision for the depressed is 0.90 (95% CI: 
0.83, 0.97). However, the recall (0.95; 95% CI: 0.92, 0.98) 
and the f1-score (0.92; 95% CI: 0.92, 0.98) for the non-
depressed were higher than the recall (0.77; 95% CI: 0.69, 
0.86) and the f1-score (0.83; 95% CI: 0.77, 0.89) for the 
depressed. In the KLUE BERT model, the precision (0.84; 
95% CI: 0.78, 0.90), recall (0.91; 95% CI: 0.87, 0.96), and 
f1-score (0.87; 95% CI: 0.83, 0.91) for the non-depressed 
were higher than the precision (0.78; 95% CI: 0.68, 0.89), 
recall (0.64; 95% CI: 0.53, 0.75), and f1-score (0.70; 95% 
CI: 0.63, 0.77) for the depressed (Table 1).

BERTopic results for high‑risk groups
Next, we ran the BERTopic to create word clusters when 
clinical depression was detected. Figure  2 presents the 
bar chart of the 16 overall topic clusters from the BER-
Topic. It shows the list of words for each topic, a good 
tool for visualizing the topics interpretably. The num-
ber of word topics is automatically generated, but some 
highly similar topics can be merged based on shared 
characteristics. Figure  3 illustrates the hierarchical 

Table 1  Results of predicting clinical depression using BERT 
modeling

KcBERT KLUE BERT

Precision

  Normal 0.89 (95% CI: 0.84, 0.94) 0.84 (95% CI: 0.78, 0.90)

  Depressed 0.90 (95% CI: 0.83, 0.97) 0.78 (95% CI: 0.68, 0.89)

  Overall 0.89 (95% CI: 0.85, 0.93) 0.81 (95% CI: 0.75, 0.86)

Recall

  Normal 0.95 (95% CI: 0.92, 0.98) 0.91 (95% CI: 0.87, 0.96)

  Depressed 0.77 (95% CI: 0.69, 0.86) 0.64 (95% CI: 0.53, 0.75)

  Overall 0.86 (95% CI: 0.82, 0.90) 0.78 (95% CI: 0.73, 0.83)

F1 score

  Normal 0.92 (95% CI: 0.92, 0.98) 0.87 (95% CI: 0.83, 0.91)

  Depressed 0.83 (95% CI: 0.77, 0.89) 0.70 (95% CI: 0.63, 0.77)

  Overall 0.87 (95% CI: 0.84, 0.90) 0.79 (95% CI: 0.75, 0.83)

Fig. 2  Bar chart from the BERTopic
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clustering results from BERTopic, indicating which top-
ics can be incorporated. This graph displays the top-
ics with the same colors based on semantic similarity. 
Semantic similarity means how close the two topics are 
in meaning. In addition to the results, we also conducted 
an external validation process with expert reviews. In the 
human validation process, we wanted to ensure whether 
the identified topics are meaningfully incorporated to 
capture distinctions in developing depressive symptoms. 
As a result, we applied a similarity threshold of 0.9 based 
on the colored graph and human validation. As shown 
in Fig.  3, we re-grouped 16 topics into four large cat-
egories. Firstly, we called the group of topics 15, 2, and 
12 ‘financial problems.’ Secondly, topics 6, 9, 13, and 14 
were grouped as ‘family-related stressful situations with 
physical symptoms.’ Thirdly, topics 5, 7, 4, 1, 0, 8, and 11 
were included as the group of ‘physical and mental health 
problems.’ Lastly, topics 10 and 3 belonged to the group 
called ‘work-related or acutely stressful situations.’

Dynamic BERTopic to explore longitudinal changes
Furthermore, we illustrated longitudinal changes of BERT 
topics over time using dynamic BERTopic modeling with 
all textual responses (N = 1,332). The results presented 23 
topics in total, and the most frequently appeared 12 top-
ics among them are health problems (T0), stressful inci-
dents (T1), conflicts with a spouse (T2), problems faced 
by children (T3), family’s death or fight with serious ill-
ness (T4), concerns related to a spouse (T5), COVID-19 
or traumatic events (T6), parent’s disease (T7), one’s own 
sickness (T8), job stress (T9), issues with family in law 
(T10), family hospitalization (T11), and arguments with 
family (T12). As anticipated, their frequencies changed 
over time. Figure 4 illustrates the longitudinal changes in 

PHQ-9 total scores and BERT topics. As shown in Fig. 4, 
no single topic was directly matched with the fluctuation 
in the PHQ-9 total scores. However, we observed that 
depression levels reported by participants fluctuated over 
time, and frequently observed topics were also changed 
longitudinally. Among frequently observed topics, those 
related to health problems and stressful incidents (e.g., 
car accidents or the stock market) were more commonly 
reported by older adults.

Lastly, we examined the topics when the risk of depres-
sion increased and the topics when the risk of depression 
was constantly high (Fig. 5). When increasing depression 
risks, the topic of health problems (T0) was the most 
frequently found. Then, the topics related to stressful 
incidents (T1), family’s death or fight with illness (T4), 
parent’s disease (T7), problems faced by children (T3), 
COVID-19 or traumatic events (T6), one’s own sickness 
(T8), conflict with a spouse (T2), concerns with a spouse 
(T5), and job stress (T9) were followed in turn. When 
high depression risks constantly remained, the topic 
related to health problems (T0) was the most frequently 
reported, and the topic related to stressful incidents (T1) 
and the topic related to problems faced by children (T3) 
were followed.

Discussion
This study investigated whether open-ended responses 
describing life stress can help to detect the risk of clini-
cal depression in older Korean adults. Although the risk 
of clinical depression increases with age, it is difficult to 
approach a potential high-risk group for timely treat-
ment of depressive symptoms unless they are willing to 
seek professional help for mental health services. So far, 
social media posts have been investigated, but we think 

Fig. 3  Hierarchical clustering from the BERTopic
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a mobile application managed by community health pro-
fessionals would be a more efficient and accessible way 
to approach a hidden risk group to provide professional 
help and follow-up treatments. In this study, we investi-
gated whether the risk of clinical depression is predicted 
by textual responses in which older adults express their 
stress as if they were confiding in friends via smart-
phones. Our significant results and derived implications 
using BERT modeling are as follows.

First, BERT modeling with text data collected through 
a mobile application in a natural setting has the potential 
to predict clinical depression among older adults. Gener-
ally, older adults tend to pay more attention to the things 
that stir positive emotions but have blunted responses to 
negative stimuli [25]. Also, older adults are likely to think 
of their depressive symptoms as a natural process of aging 
and rarely open up about their mental health problems 
to professionals. In contrast, they are likelier to open up 

Fig. 4  Dynamic BERT topics over time

Fig. 5  Dynamic BERT topics during periods of constantly high or increasing depression risk
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their non-medical problems to others [26]. In this study, 
we saw that only 1,703 out of 20,820 responses reported 
severe stress. This shows the tendency of older adults 
to present themselves as psychologically okay to others. 
However, once they reported that they experienced a 
severe level of stress, there was lower reluctance to type 
in plain text to describe what stress they faced. Compared 
to weekly open-ended surveys regarding stress, monthly 
PHQ-9 surveys had more missing data. For example, in 
our data analysis, only 78.16% (n = 1,331) out of 1,703 
responses were available for PHQ-9 scores. This reveals 
that older adults had a lower burden of describing their 
life stress than completing a PHQ-9 questionnaire. In this 
context, text mining has noticeable potential to screen 
the risk of clinical depression in older adults. A friendly 
mobile application allowing respondents to report their 
stressors would help monitor their mental health risks 
and promptly introduce them to available mental health 
services in the community.

Second, when using text mining analysis for early 
detection to identify the risk group of depression in older 
adults, appropriately handling imbalanced data is the key 
to enhancing the quality of developing a prediction algo-
rithm. According to the National Mental Health Survey 
2021 in South Korea, the 12-month prevalence of clinical 
depression is 1.8% to 3.1% among the Korean population 
aged 50 to 70 [27]. Generally, the expected prevalence 
of clinical depression in older adults is 31.74% world-
wide, and it decreases to 17.05% in developed countries 
[28]. Based on this, text mining for monitoring the risk 
of clinical depression for the general population inher-
ently has the issue of appropriately handling imbalanced 
data. In our data, text mining using the raw imbalanced 
data did not display a good performance in identifying 
the high-risk group of depression. Previous studies dem-
onstrate that Synthetic Minority Oversampling Tech-
nique (SMOTE) or Easy Data Augmentation (EDA) and 
undersampling strategies can improve the performance 
of classification models with imbalanced data [29, 30]. 
However, applying data preprocessing such as auto-
matic over-sampling and under-sampling methods to 
the raw text data did not significantly improve our model 
performance due to the data characteristics. Instead, 
the human review process before data analysis, which 
ensures that the text data includes relevant informa-
tion and fulfills the minimum quality level, significantly 
enhances the classification model’s performance. This 
might be partly because some older male adults tended 
to report only a few words in their answers, and this 
short text message would not have been enough to fig-
ure out the context in which the responding words were 
indicated. This may hinder the classification of at-risk 
and non-risk groups for depression when determining 

it based on the reported words. However, when sorting 
all the text messages by each participant and monitoring 
the patterns in the text responses longitudinally, human 
professionals could catch what words were abbreviated 
and intuitively distinguish whether the remaining word 
(even if this is just one word) was used positively or nega-
tively. In addition, since the population of older Korean 
adults is more diverse in their education levels and physi-
cal functions (e.g., eyesight weakening in older adults), it 
would be more efficient if we could gather the data not 
only by their typing text but also by recording their voice 
to report their life stressors. Thankfully, current cutting-
edge technology enables translating voice data into text 
data. Linking this function to text-mining would lessen 
the barriers to approaching participants’ stress experi-
ences. By gathering richer information about the context 
from which their life stress originated, we expect to fur-
ther improve the performance of the text mining model. 
Additionally, human review can also be helpful after data 
analysis. In the present study, for instance, we proceeded 
with a human review process after data analysis to think 
about the implications the produced results brought to us 
in more depth. In the BERTopic modeling, human pro-
fessionals monitored the results automatically created by 
algorithms to ensure whether the results make sense and 
the implications are reasonably meaningful.

Third, the significant findings of the present study show 
that KcBERT performs better than KLUE BERT in ana-
lyzing the Korean text data collected in our research pro-
ject. KLUE BERT is a pre-trained model for the Korean 
language based on the BERT model [22]. KLUE BERT was 
trained by five publicly available Korean datasets: Modu 
Corpus including formal articles and dialogues, Korean 
portion from CC-100 using web crawling, Namu-wiki 
encyclopedia written in Korean languages, Newscrawl 
including 12,800,000 news articles, and Petition includ-
ing public petitions posted to the Blue House [22]. While 
formal languages primarily trained KLUE BERT, infor-
mal languages mainly trained KcBERT. The full name 
of KcBERT is “Korean comments BERT.” Based on the 
need to analyze spoken Korean languages, KcBERT was 
developed as a pre-trained Korean BERT model using the 
threads of replies to online news articles [31]. Consider-
ing the significant characteristics of the two models, the 
reason why the KcBERT showed better performance than 
KLUE BERT would come from the fact that our data col-
lected in this research project are close to text messages 
between people, including informal spoken Korean lan-
guages, rather than well-refined formal Korean languages 
found in official articles. More research is recommended 
to see the replicability of this finding with other data.

Fourth, for older Korean adults with a high risk of clini-
cal depression, 16 topics appeared regarding significant 
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life stressors in total. The results of BERTopic can be 
used to prepare the contents regarding what additional 
information would be provided and what community 
organizations would be connected as a follow-up in 
the mobile application. When a high risk of developing 
or suffering from clinical depression is detected in the 
mobile application, these contents can be displayed to 
a high-risk individual so that this hidden high-risk indi-
vidual can navigate possible supports in the community 
proactively. In our results, 16 topics were clustered into 
four groups. Four categories, namely, financial prob-
lems, family problems with physical symptoms, health 
problems, and work-related or acutely stressful situa-
tions. These results align with previous research inves-
tigating the associations between stress and depression 
using traditional research methods. For example, a recent 
systematic review [32] elaborates that financial stress is 
positively associated with depression. The review [32] 
also reports that a subjective psychological burden from 
financial issues is riskier to depression than an objective 
financial burden (e.g., the amount of debt). In our study, 
financial stressors are often related to unexpected trau-
matic events with monetary issues (e.g., experiences of 
monetary fraud from others or financial problems with 
acquaintances borrowing money). Stress from these situ-
ations would have brought more detrimental effects on 
older adults’ mental health because these cases involved 
breaking trust in close relationships, in addition to the 
financial problem itself.

In terms of family-related stressors and depression, 
our findings consistently support the findings of previ-
ous research. For example, a recent systematic review 
and meta-analysis [33] analyzing the association between 
family functionality and depression demonstrates that 
family dysfunction is positively associated with depres-
sion (OR = 3.72). Those who experienced family dysfunc-
tion are more likely to have greater social vulnerability 
(i.e., one’s susceptibility to physical, relational, and envi-
ronmental factors), and this increases the risk of depres-
sion compared to those who did not experience family 
dysfunction [33]. Furthermore, those with family dys-
function are likely to develop chronic diseases, which are 
linked to the heightened risk of depression [33]. Accord-
ing to our data, the word lists for this category (Topics 
6, 9, 13, and 14) reveal stressful situations that occurred 
in family relationships as a chronic stressor. At the same 
time, our findings also show a high level of stress when 
caring for ill family members.

Concerning physical and mental health problems, pre-
vious research demonstrates a bidirectional relationship 
between health problems and depression in older adults. 
On the one hand, the likelihood of experiencing visual or 
audio impairments increases as people age [34]. These 

physical impairments worsen communication with oth-
ers and heighten the risk of social isolation or social with-
drawal, which increases the risk of depression in older 
adults [35]. On the other hand, older adults with depres-
sion have less motivation to manage their health condi-
tions [36]. The feeling of helplessness and hopelessness 
that older adults with depression often experience can 
worsen their physical health conditions as they exhibit 
poor compliance with medical advice [34]. In particu-
lar, depression negatively influences inflammatory func-
tions in the body and increases the risk of cardiovascular 
disease and diabetes mellitus [37]. More severe white 
matter hyperintensities were found in older adults with 
depression compared to those without depression [38, 
39]. White matter hyperintensities indicate the degree of 
damage to the nerve cells. Thus, white matter hyperin-
tensities are related to cerebrovascular diseases and exec-
utive functional deficits [34]. Interestingly, the BERTopic 
results of the present study also reveal that chronic ill-
nesses (e.g., joint problems) as well as severe health prob-
lems (e.g., emergency followed by surgical procedures or 
coronavirus) make older adults psychologically vulner-
able. Words listed in Topics 0 and 8 include depression, 
disappointment, fatigue, or worn-out, which implies 
the bidirectional relationship between depression and 
health problems. These findings reflect that depression 
with feelings of helplessness or hopelessness significantly 
worsens their quality of life.

In the matter of work-related or acute stress and 
depression in older adults, a classical review of work-
related stress and depression reports that acute stressful 
situations at work contribute to depression [40]. Another 
empirical study investigating individuals never diagnosed 
with clinical depression at clinics [41] demonstrates 
that the participants experiencing depressive symptoms 
showed rapid reactivity to stress as well as exaggerated 
recovery from stress in cortisol responses when they 
were exposed to acute stress. These patterns are related 
to heightened risks of HPA axis dysregulation and allo-
static load. Those findings from previous research sup-
port the BERTopic results of the present study that words 
regarding work-related stress and words regarding acute 
stress belong to the same category, and this is one of the 
prevalent categories found in older Korean adults suffer-
ing from depressive symptoms.

When examining longitudinal changes in topic fre-
quencies over time, we observed fluctuations in both the 
depression scores and the frequencies of topics. In our 
data, the average PHQ-9 scores usually fluctuated within 
the level of mild depression (PHQ-9 < 10). Yet, we think it 
is worth monitoring. According to previous research that 
conducted a systematic review and meta-analysis [42], 
individuals with subthreshold depression have a high risk 
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of developing major depression. This result consistently 
appeared over different age groups and sample types (in 
both a community sample and a clinical sample) [42]. In 
the present study, the longitudinal changes in depression 
scores did not appear following a change in a single topic. 
Instead, there was a notable trend: average depression 
scores tended to increase around periods when topics 
regarding health problems, stressful incidents, and argu-
ments with family were reported more frequently. This 
aligns with previous research supporting the dynamic 
longitudinal association between the occurrence of 
stressful life events and the increased risk of depressive 
symptoms [43, 44]. Our results suggest that text min-
ing might have the potential to monitor depression risks 
longitudinally.

We also explored the specific words associated with 
periods when depression risks either increased or 
remained consistently high. In both cases, the topic 
related to health problems (T0) was the most commonly 
reported, followed by the topic regarding stressful inci-
dents (T1). However, distinct patterns emerged beyond 
these. In particular, when the severity of depression 
increased, the topics related to family deaths or fighting 
illness, parents’ disease, or specific events causing acute 
stress were frequently found. In contrast, when depres-
sion risk remained consistently high, the topic words 
were more associated with ongoing and chronic stress-
ors, such as “economy,” “continuance,” and “household,” 
which appeared in this case. These results align with 
previous review studies suggesting that chronic stress-
ors tend to have more detrimental effects on mental and 
physical health than acute stressors. However, events 
causing acute stress are also risky in health conditions 
because of worsening pre-existing diseases [45, 46]. Of 
course, more research is recommended, considering that 
the relationship between stressful life events and depres-
sion is highly complex. Some stressful events can be more 
potent dependently (i.e., affected by their behaviors or 
thoughts) than other events, and the effect of a stressful 
life event on the development of depression can vary by 
individual and/or environmental risk factors [45, 47]. To 
explore more detailed background information, text min-
ing can also be applied to a digital version of a traditional 
structured interview (e.g., the Life Events and Difficul-
ties Schedule [48]) by using a mobile as a digital platform 
to identify key threatening life events that contribute to 
worsening mental health.

This paper focused on the sample that responded to 
our weekly stress and monthly depression surveys. How-
ever, the umbrella research project of our data used here 
primarily aims to collect longitudinal multimodal data 
to develop an algorithm predicting the risk of geriat-
ric depression. The recruitment of the research project 

occurred within the cohort of the Korean Genome and 
Epidemiology Study (KoGES)[16]. In South Korea, the 
prevalence of smartphones is high (> 90%) even among 
older adults. Thus, recruiting smartphone users for our 
research did not restrict the representativeness of our 
sample too much. Our sample includes various educa-
tion levels and socioeconomic statuses (i.e., older adults 
who did not finish elementary school to older adults 
who graduated from graduate school; and older adults 
who worked in agriculture for their whole life to older 
adults who lived in an apartment and enjoyed urban life). 
Health-seeking behaviors also varied in this sample. Of 
course, older adults living in a different culture where 
smartphone use is not as prevalent might have differ-
ent characteristics. Still, we believe that using a mobile 
application to collect older adults’ open-ended reports 
regarding their major stressors would be practical for 
monitoring their mental health worldwide. This is mainly 
because smartphones can be intuitively designed so that 
people from diverse educational, socioeconomic, and 
digital literacy backgrounds easily learn and use a mobile 
application to monitor their health.

Limitations
The present study has several limitations. First, due to 
technical issues, our mobile application was initially only 
available for installation on Android phones. Since most 
older Korean adults use Android phones, we could still 
cover a representative portion of the older adult popu-
lation. However, it would be more beneficial if future 
research could cover both Android and iPhone users. 
Second, our mobile application received text messages 
directly typed by the participants. This might have been 
particularly challenging for older adults with impaired 
vision or literacy issues, making it difficult to respond to 
our mobile surveys. Further research is recommended 
to develop a mobile application that enables partici-
pants to report their stressors in either text or voice and 
then converts all their responses into textual data. Third, 
since our sample was a community sample with the pri-
mary research purpose of helping a hidden high-risk 
population, we had small numbers of cases of clinical 
depression. Going forward, a more nuanced classifica-
tion system would help to analyze longitudinal changes 
in finer detail. The current level of longitudinal analysis 
was our best. However, we believe that future research, 
collecting more clinical cases and developing a more 
nuanced classification system, could produce more use-
ful information to analyze changes in topics and depres-
sion severity in greater depth. Fourth, the BERT model is 
an embedding technique based on contextual language 
encoder representations. Compared to other text min-
ing methods, it is more potent at capturing context and 
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nuances in language. Despite its strength over other text 
mining methods, there may be potential limitations in 
providing sufficient contextual information, especially for 
short text responses. To keep meaningful details omit-
ted in the repeated text data collection, we recommend a 
voice-to-text transformation technology in the data col-
lection and a human review process in the data preproc-
essing stage. In addition, machine learning models may 
have possible issues, such as false positives or negatives. 
Also, for older adults in different cultures, the generaliz-
ability of the current study’s findings may be limited by 
environmental factors, such as the extent to which soci-
ety supports digital literacy and/or smartphone access 
among older adults.

Implications
Despite several limitations, the present study contributes 
to providing empirical evidence that collecting open-
ended text messages describing major stressors could be 
valuable for the detection of incidences of clinical depres-
sion among the general community-dwelling older adult 
population. Although the population of older adults is 
known to be more likely to experience clinical depres-
sion, they remain a highly reluctant group to seek profes-
sional help for managing their mental health issues. The 
present study’s findings have discovered that describing 
their stressors is far less burdensome on this population. 
In this situation, a mobile application that utilizes digi-
tal technology to collate real-time data regarding one’s 
stressors can function as a platform for venting negative 
emotions and managing stress. At the same time, this 
technology enables the remote monitoring of depressive 
symptoms beyond their residential areas. Thus, patients 
with mobility issues would have lower burdens to access 
care. In South Korea, a high proportion of the elderly 
population lives in rural areas where medical services are 
more limited or insufficient. However, the availability of 
professional healthcare resources rapidly decreases in 
rural areas, making this population more vulnerable to 
accessing appropriate care in times of need. In this situ-
ation, text mining would be an invaluable tool to expand 
opportunities for early detection and timely interven-
tion, namely, two keys to successfully treating geriatric 
depression.

Using digital technology, text mining enables real-
time screening of mental health in older adults by viv-
idly capturing their living experiences. This has critical 
implications for coping with depression among the 
geriatric community. First, it helps to identify specific 
targets within the community regarding geriatric depres-
sion. Secondly, it provides empirical evidence to develop 
strategic plans to protect high-risk groups. Thirdly, it 
enables an interdisciplinary and integrative approach 

to support people with depression in managing various 
socio-demographic and psychological factors that influ-
ence their depressive symptoms. In particular, highlight-
ing these hidden at-risk groups and understanding their 
specific needs through digital technology would ben-
efit the community-based case management system. In 
South Korea, the community-based case management 
system is the main integrated geriatric support model. To 
provide effective case management for older adults with 
a risk of depression, it is crucial to find out when and 
what they need care. If our approach is integrated into a 
mobile application that older adults can easily access, it 
can provide more integrative care and support from the 
beginning.

Considering the ongoing demographic shift toward 
a more ageing population and the consequent surges in 
health care expenditures, the need for more preventive 
and community-based health care models has gained 
significant attention from scholars and policymakers 
worldwide [48, 49]. These models, which are built on a 
multidisciplinary network including public health agen-
cies, nonprofit social service providers, and residents’ 
associations, are proven effective in dealing with health-
care disparities and strengthening early screening, par-
ticularly through the social prescribing model [48–51]. 
In several European countries, multidisciplinary commu-
nity care models have been adopted not only to address 
physical health needs but also to respond to the growing 
burden of mental health problems in vulnerable popula-
tions [49, 52, 53]. This method is particularly promising 
for improving the effectiveness of mental health interven-
tions for community-dwelling older adults with geriatric 
depression—a prevalent yet often underdiagnosed con-
dition among older adults with limited access to mental 
health services [49, 54]. In this context, digital health 
technologies, primarily through smartphone applications 
integrated with natural language processing and text 
mining, would offer a powerful mechanism for advancing 
mental health care in community settings.

To execute this approach, we recommend that poli-
cymakers prioritize developing and deploying smart-
phone-based mental health screening tools at the 
community level. These tools should be carefully 
designed with several features in consideration of the 
challenges older adults may face in using digital inter-
faces. Key features such as voice-to-text input, large 
and intuitive interfaces, and culturally responsive 
design elements would substantially improve usability 
and user friendliness. Public health care providers can 
also play a central role in implementing these tools by 
collaborating in the development of service maps, facil-
itating connections with nearby mental health profes-
sionals, and effectively coordinating referrals. In turn, 
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public health institutions can serve as administrators 
of digital platforms, integrating these applications into 
existing health surveillance systems. By enabling the 
collection of real-time and open-ended data on current 
stressors and mood changes in users’ natural settings, 
these digital tools support community healthcare work-
ers in identifying at-risk individuals early and providing 
timely interventions. Furthermore, these models can 
significantly transform public health interventions for 
mental health issues with appropriate policy support 
and infrastructure. Developing a smartphone-based 
screening tool for mental health issues could be applied 
in much wider contexts, incorporating a broader range 
of age groups, SES, and different sociocultural back-
grounds in the digital era.
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