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ABSTRACT

Background: Prior research has associated spoken language use with depression, yet studies often involve small or
non-clinical samples and face challenges in the manual transcription of speech. This paper aimed to automati-
cally identify depression-related topics in speech recordings collected from clinical samples.

Methods: The data included 3919 English free-response speech recordings collected via smartphones from 265
participants with a depression history. We transcribed speech recordings via automatic speech recognition
(Whisper tool, OpenAl) and identified principal topics from transcriptions using a deep learning topic model
(BERTopic). To identify depression risk topics and understand the context, we compared participants’ depression
severity and behavioral (extracted from wearable devices) and linguistic (extracted from transcribed texts)
characteristics across identified topics.

Results: From the 29 topics identified, we identified 6 risk topics for depression: ‘No Expectations’, ‘Sleep’,
‘Mental Therapy’, ‘Haircut’, ‘Studying’, and ‘Coursework’. Participants mentioning depression risk topics
exhibited higher sleep variability, later sleep onset, and fewer daily steps and used fewer words, more negative
language, and fewer leisure-related words in their speech recordings.

Limitations: Our findings were derived from a depressed cohort with a specific speech task, potentially limiting
the generalizability to non-clinical populations or other speech tasks. Additionally, some topics had small sample
sizes, necessitating further validation in larger datasets.
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Conclusion: This study demonstrates that specific speech topics can indicate depression severity. The employed
data-driven workflow provides a practical approach for analyzing large-scale speech data collected from real-

world settings.

1. Introduction

Depression, a prevalent mental health disorder, imposes substantial
economic and societal burdens (Hawton et al., 2013; Lenox-Smith et al.,
2013; Lerner et al., 2004; Lewinsohn et al., 2000). Current clinical
depression diagnostics, relying on subjective recall (questionnaires and
interviews) and the expertise of clinicians (Althubaiti, 2016; Devaux and
Sassi, 2016), often lead to inadequate and delayed treatment (Kessler
et al.,, 2005). Consequently, there is a need for more objective and
effective early-stage depression detection methods (De Angel et al.,
2022b).

Natural language use can reflect an individual’s personality, emo-
tions, and mental health status, including depression (Losada and
Crestani, 2016). Prior research has explored the relationship between
language use and depression (Pennebaker et al., 2003; T¢lbgll, 2019),
analyzing written formats, like essays (Holmes et al., 2007; Rude et al.,
2004), diaries (Baikie et al., 2006; Rodriguez et al., 2010), and un-
structured surveys (Cook et al., 2016), as well as oral formats such as
clinical interview (Li et al., 2023), therapy session speech tasks (Son-
nenschein et al., 2018; Zimmermann et al., 2017), and responses to oral
questions (Fast and Funder, 2010; Zimmermann et al., 2013). These
studies consistently link increased use of negative words and first-person
singular pronouns with worsening depression (T¢lbgll, 2019). However,
the traditional collection of language samples is time-consuming and
expensive, resulting in limited sample sizes (Losada and Crestani, 2016).

To address this limitation, recent studies have applied natural lan-
guage processing (NLP) technologies to analyze a vast volume of social
media posts for depression prediction (Nanomi Arachchige et al., 2021;
Skaik and Inkpen, 2020; Tadesse et al., 2019). Yet, these social media
studies mostly use non-clinical depression labels (e.g., keywords and
tags), overlook non-social media users’ language data, and lack
contextual information, constraining their generalizability and
interpretability.

Recent mobile health studies, incorporating mobile and Internet-of-
Things technologies, can concurrently track individuals’ spoken lan-
guage recordings, depression questionnaires, and wearable-measured
behaviors (Dineley et al., 2021; Matton et al., 2019). This approach
provides a unique opportunity to link spoken language use with
depression in real-world settings, contextualized by behaviors (De Angel
et al., 2022b; Rohani et al., 2018). However, a major challenge in these
studies is the time-consuming and costly manual transcription of speech
recordings. Advances in automatic speech recognition (ASR) systems,
such as OpenAI’s Whisper (Radford et al., 2022), offer near-human-level
accuracy for large-scale transcription of speech-to-text, enabling the
subsequent NLP analysis.

Topic modeling, a popular NLP method (Wallach, 2006), can be
utilized to identify specific depression-related topics within transcribed
speech texts and alongside depression questionnaires, thereby revealing
intuitive and interpretive language markers of depression. Notably,
several topics such as feelings of depression, loneliness, hostility, so-
matic complaints, and medical references have been found to be
significantly associated with depression (Eichstaedt et al., 2018). The
present study explored depression risk topics in mobile health speech
recordings and extracted contextual information (behaviors and lin-
guistic characteristics) to enhance the interpretation of the emergence of
these risk topics. Conducting a secondary analysis of free-response
speech recordings gathered from two mobile health studies, this study
aimed to (i) develop a data-driven workflow for topic identification from
speech recordings collected in daily-life settings; (ii) identify and
contextualize risk topics for depression; and (iii) investigate the
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association between topic changes and fluctuations in depression
severity.

2. Methods

2.1. Remote Assessment of Disease and Relapse Major Depressive
Disorder (RADAR-MDD) dataset

The RADAR-MDD study is a large observational investigation
assessing the utility of remote technologies for monitoring depression
(Matcham et al., 2019). The study recruited 623 participants with a
depression history from three sites in the United Kingdom, Spain, and
the Netherlands, and followed them for up to over 2 years (Matcham
et al., 2019). Enrollment began in November 2017, ended in June 2020,
and data collection finished in April 2021 (Matcham et al., 2022). The
study used RADAR-base (Ranjan et al., 2019), an open-source platform,
to remotely gather participants’ active (questionnaires and speech tasks)
and passive (smartphones and Fitbit) data streams.

Speech recordings involved two tasks: (i) a scripted task, reading a
script from Aesop’s fable The North Wind and The Sun (Association,
1999), and (ii) a free-response task, allowing participants to describe
what they were looking forward to in the upcoming week (Cummins
et al., 2015; Mundt et al., 2007). Details of the RADAR-MDD dataset and
speech data collection have been reported in our previous publications
(Cummins et al., 2023; Dineley et al., 2021; Matcham et al., 2019;
Matcham et al., 2022). This study focused only on English free-response
speech recordings from the UK site due to our research aims and the
performance variation of Whisper in language translation.

2.2. Remote Assessment of Treatment Prognosis in Depression (RAPID)
dataset

The RAPID study investigated the feasibility of remote technologies
during the treatment of depression (De Angel et al., 2023; de Angel et al.,
2022a). From June 2020 to June 2021, 66 adults in London, UK seeking
depression treatments were recruited and followed for 7 months (De
Angel et al., 2023; de Angel et al., 2022a). Since the RAPID used the
same speech collection protocol as the RADAR-MDD, the free-response
speech recordings collected in the RAPID were used for validation.

2.3. Ethics considerations

The RADAR-MDD and RAPID studies were both conducted per the
Declaration of Helsinki and Good Clinical Practice, adhering to princi-
ples outlined in the National Health Service (NHS) Research Governance
Framework for Health and Social Care (2nd edition). The ethical
approval of the RADAR-MDD of the UK site had been obtained in London
from the Camberwell St Giles Research Ethics Committee (REC refer-
ence: 17/L0/1154). The RAPID study was reviewed by the London
Westminster Research Ethics Committee and received approval from the
Health Research Authority (reference number 20/L0O/0091). All par-
ticipants of both studies signed informed consent.

2.4. Patient involvement

The RADAR-MDD protocol was co-developed with a patient advisory
board that shared their opinions on several user-facing aspects of the
study including the choice and frequency of survey measures and speech
tasks, the usability of the study app, participant-facing documents, se-
lection of optimal participation incentives, selection, and deployment of
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wearable device as well as the data analysis plan.

2.5. Analytical workflow

Fig. 1 shows the data analytical workflow in this study. We first
utilized Whisper (Radford et al., 2022) to automatically transcribe the
speech recordings into texts. Then, we applied the BERTopic model
(Grootendorst, 2022) to identify primary topics in transcribed texts. To
identify depression risk topics and understand topic contexts, we
compared the depression symptom severity and behavioral/linguistic
characteristics across identified topics.

2.6. Speech-to-text transcription

Whisper, an OpenAl automatic speech recognition system (ASR)
trained on 680,000 h of web-collected audio data, outperformed the
state-of-the-art speech recognition systems on public speech datasets
covering various domains, tasks, and languages (Radford et al., 2022).
We have previously used Whisper to transcribe smartphone-collected
speech samples (Dineley et al., 2023). In this paper, we utilized the
Whisper Medium model (https://github.com/openai/whisper) to tran-
scribe our free-response speech recordings into texts. After transcription,
we manually reviewed the texts and removed abnormalities that were
caused by technical or operational issues (e.g., empty recordings).

2.7. Topic modeling

BERTopic (Grootendorst, 2022), a deep learning-based topic model,
was chosen to identify principal topics in the transcribed texts due to its
contextual understanding and efficiency with short texts (Baird et al.,
2022). Then, we assigned an appropriate title to represent each of the
identified topics by reviewing keywords generated by BERTopic.

2.8. Comparisons between topics

We summarized and compared depression symptom severity and
behavioral/linguistic features across identified topics. Differences

In the following week, I am
looking forward to ......

i

Step 1:
Speech Data Collection

(:

|
oo
!

Step 2:
Speech-to-Text Transcription

Step 3:
Topic Modeling

Step 4:
Identifying Depression Risk Topics

Fig. 1. The data analytical workflow. It contains 4 steps: (1) free-response
speech recording collection, (2) speech-to-text transcription via Whisper, (3)
topic modeling using BERTopic, (4) comparisons of PHQ8 scores and behav-
ioral/linguistic characteristics across identified topics to identify risk topics
for depression.
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between topics were assessed for significance using Kruskal-Wallis tests
(McKight and Najab, 2010). These are briefly described below.

2.8.1. Depression symptom severity

The participant’s depression symptom severity was measured
biweekly using the 8-item Patient Health Questionnaire (PHQ-8)
(Kroenke et al., 2009) concurrently with the speech task in the RADAR-
MDD study. The PHQ-8 score ranges from 0 to 24, indicating increasing
depression severity. A PHQ-8 score > 10 is the recommended threshold
for depression screening (Kroenke et al., 2009). Therefore, the topics
mentioned by participants with a median PHQ-8 score > 10 were

considered as the risk topics for depression; other topics were regarded
as non-risk topics.

2.8.2. Behavioral features

Participants were instructed to wear a Fitbit Charge 2/3 wristband
during the follow-up period (Matcham et al., 2019). Fitbit’s effective-
ness in identifying sleep periods and measuring steps has been previ-
ously validated (De Zambotti et al., 2018; Feehan et al., 2018;
Haghayegh et al., 2019; Paul et al., 2015). Therefore, to understand the
potential reasons for topic emergence, from 1-week Fitbit data preced-
ing the speech task, we extracted the following three behavioral fea-
tures: Sleep Variability (standard deviation of sleep duration over a
period), Sleep Onset (mean sleep onset time over a period), and Daily
Steps (mean steps per day), as they have been reported to be significantly
associated with depression severity (McKercher et al., 2009; Zhang
et al., 2021).

2.8.3. Linguistic features

The inclusion of linguistic features is to compare the linguistic dif-
ferences between risk and non-risk topics and understand the linguistic
context of topics. We extracted 20 linguistic features commonly used in
previous depression-language studies (Al-Mosaiwi and Johnstone, 2018;
Bernard et al., 2016; Landoni et al., 2023; Rathner et al., 2018) using the
Linguistic Inquiry and Word Count tool (LIWC-22) (Boyd et al., 2022).
These features encompass four perspectives of linguistic characteristics,
including summary variables (e.g., word count), personal pronouns,
emotional words, and lifestyle, detailed in Supplementary Table 4.

2.9. Topic shifts and changes in depression severity over time

This study also aimed to examine potential associations between
speech topic shifts and changes in depression severity. There are four
types of topic shifts between two consecutive speech tasks: Risk to Risk,
Risk to Non-Risk, Non-Risk to Risk, and Non-Risk to Non-Risk. We uti-
lized the Kruskal-Wallis test (McKight and Najab, 2010) to assess
whether differences in PHQ-8 scores between the two speech tasks are
significantly different across these four topic shift patterns.

3. Results
3.1. Cohort characteristics

According to our data inclusion criteria, a total of 3919 transcribed
speech texts from 265 participants were analyzed in this study. The
cohort had a median (IQR) age of 46.00 (31.00, 58.00) years and was
predominantly female (78.5 %) and White (88.3 %). Detailed socio-
demographics are provided in Supplementary Table 1.

3.2. Topic modeling results
We identified 29 topics in the transcribed texts using the BERTopic

model (Table 1). For clear and logical presentation, these topics were
manually categorized based on their actual meanings.
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Table 1
A summary of 29 topics identified in the free-response speech tasks of the
RADAR-MDD dataset.

Topic Number of Number of Keywords
Recordings Participants
Nothing to Expect
No Expectations 302 101 nothing to look forward
to
No Expectations 65 39 lockdown, restrictions,
due to Covid nothing to look forward
to
Social Networks and Activities
Family 289 123 daughter, son, parents
Friend 171 94 friends, meeting, seeing
Festival 154 101 Christmas, new year,
Easter
Celebration 123 82 birthday, celebrating,
party
Conversation 26 23 phone, skype, chat
Entertainment and Hobbies
Art Activity 97 56 rehearsal, pantomime,
theatre
Holiday 61 44 holiday, half term, away
Traveling 39 35 scenery, train, trip
Weekend 116 70 weekend, day off,
relaxing
Gardening 86 55 gardening, planting,
plants
Hobby 81 45 yoga, baking, pottery
Study and Work
Coursework 72 38 university, course,
exams
Studying 27 16 book, reading, writing
Online Meeting 63 36 zoom, quiz, meeting
Working 46 37 job, work, project
Sports
Fitness 45 34 gym, exercise, fitness
Walking 63 42 walk, walking, going
Outdoor Activity 37 22 ride, climbing, cycling
Swimming 50 29 swimming, pool, sea
Health
Hospital 98 60 hospital, operation, pain
Mental Therapy 28 17 mental, therapy, NHS
Sleep 36 27 sleep, tired, rest
Other Themes
Pet 73 49 dog, puppy, cat
Weather 86 54 sunshine, rain, warm
House 90 62 house, decorating,
bedroom
Covid-19 132 82 Covid-19, virus, vaccine
Haircut 23 21 haircut, hair, cut

3.2.1. Nothing to expect

This category encompasses two topics, namely ‘No Expectations’ and
‘No Expectations due to Covid’. Both topics revealed participants had
nothing to look forward to in the coming week. Notably, the ‘No Ex-
pectations’ topic accounted for a considerable proportion, encompass-
ing 302 recordings from 101 participants. The latter topic, ‘No
Expectations due to Covid’, showed that the lack of expectations was
attributed to COVID-19 restrictions, as exemplified by “Because of the
lockdown and social isolation, I have nothing to look forward to over the
next seven days.”

3.2.2. Social networks and activities
Some participants’ expectations for the next week were related to
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social networks and activities, including topics of ‘Family’ (keywords:
daughter, son, parents), ‘Friend’ (keywords: friends, meeting, seeing),
‘Festival’ (keywords: Christmas, new year, Easter), ‘Celebration’ (key-
words: birthday, celebrating, party), and ‘Conversation’ (keywords:
phone, skype, chat).

3.2.3. Entertainment and hobbies

The forthcoming entertainment plans of participants were manifest
in topics of ‘Art Activity’ (keywords: rehearsal, pantomime, theatre),
‘Holiday’ (keywords: holiday, half term, away), ‘Traveling’ (keywords:
scenery, train, trip), and ‘Weekend’ (keywords: weekend, day off,
relaxing). Additionally, the topics of ‘Gardening’ (keywords: gardening,
planting, plants) and ‘Hobby’ (keywords: yoga, baking, pottery) re-
flected participants’ desires to engage in hobbies during the next week.

3.2.4. Study and work

Participants’ expectations regarding academic and work-related ac-
tivities for the upcoming week were reflected in topics of ‘Coursework’
(keywords: university, course, exams), ‘Studying’ (keywords: book,
reading, writing), ‘Online Meeting’ (keywords: zoom, quiz, meeting),
and ‘Working’ (keywords: job, work, project).

3.2.5. Sports

Four distinct topics were associated with participants’ sport-related
plans for the coming week, including ‘Fitness’ (keywords: gym, exer-
cise, fitness), ‘Walking’” (keywords: walk, walking, going), ‘Outdoor
Activity’ (keywords: ride, climbing, cycling), and ‘Swimming’ (key-
words: swimming, pool, sea).

3.2.6. Health

The topics of ‘Hospital’ (keywords: hospital, operation, pain),
‘Mental Therapy’ (keywords: mental, therapy, NHS), and ‘Sleep’ (key-
words: sleep, tired, rest) reflect the health conditions of participants.

3.2.7. Other themes

Additional topics included subjects such as ‘Pet’ (keywords: dog,
puppy, cat), ‘Weather’ (keywords: sunshine, rain, warm), ‘House’
(keywords: room, decorating, bedroom), ‘Covid-19’ (keywords: Covid-
19, virus, vaccine), and ‘Haircut’ (keywords: haircut, hair, cut).

3.3. Comparison between topics

3.3.1. Depression symptom severity

We observed significant variability in depression scores (PHQ-8)
across these 29 topics (Kruskal-Wallis test: P < .001) (displayed in Fig. 2
and Supplementary Table 2). There were six topics with a median PHQ-8
score > 10 (depression screening threshold), including ‘No Expecta-
tions’ (13.00 [8.00, 18.00]), ‘Sleep’ (13.00 [7.75, 15.25]), ‘Mental
Therapy’ (12.50 [5.00, 15.75]), ‘Haircut’ (11.00 [7.50, 15.500),
‘Studying’” (11.00 [7.50, 14.50]), and ‘Coursework’ (10.50 [6.75,
14.00]). These six topics were regarded as risk topics for depression.
Other topics with median PHQ-8 scores ranging from 5 to 9 were
regarded as non-risk topics for depression such as ‘Art Activity’ (6.00
[3.00, 12.00]), ‘Gardening’ (6.00 [3.00, 11.00]), ‘Holiday’ (5.00 [2.00,
9.00]), and ‘Outdoor Activity’ (5.00 [2.00, 8.00]).

3.3.2. Behavioral characteristics

We found that behavioral features, Sleep Variability, Sleep Onset, and
Daily Steps, were significantly different across topics (Kruskal-Wallis
test: P < .001) (Fig. 3 and Supplementary Table 3).

Participants who mentioned risk topics, except for the ‘Studying’
topic, had higher sleep variability over the preceding week compared to
those discussing non-risk topics. Participants discussing the ‘Sleep’ topic
had the highest sleep variability (1.65 [1.33, 1.78] hours), while par-
ticipants who mentioned the ‘Outdoor Activity’ topic had the lowest
sleep variability (0.67 [0.37, 0.80] hours) (Fig. 3a). For sleep onset time,
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No Expectations{ ————— I ——
Sleep| ————— I ——H
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PHQ-8

Fig. 2. Boxplots of PHQ-8 scores for 29 topics identified in RADAR-MDD’s free-
response speech recordings. Note, orange represents risk topics (median PHQ-8
> 10) and blue represents non-risk topics (median PHQ-8 < 10). (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

participants who mentioned ‘Sleep’ (01:16 [23:37, 03:19]), ‘Course-
work’ (00:40 [23:18, 01:54]), and ‘No Expectations’ (00:28 [23:22,
02:03]) topics slept later than participants mentioning the non-risk
topics (23:53 [22:58, 00:59]) (Fig. 3b).

Regarding daily activities, participants mentioning risk topics for
depression (except for the ‘Haircut’ topic) had fewer daily steps than
participants who talked about non-risk topics. Specifically, participants
discussing ‘Coursework’ (3202.57 [1741.29, 6569.86] steps), ‘No Ex-
pectations’ (3923.00 [1156.50, 6589.07] steps), and ‘Sleep’ (3899.71
[3036.14, 6951.71] steps) had relatively low daily step count, whereas
participants mentioning the ‘Holiday’ topic had the most daily steps
(7747.14 [5269.71, 11,147.29] steps) (Fig. 3c).

3.3.3. Linguistic characteristics

We observed four notable differences (Kruskal-Wallis test: P < .001)
in Word Count, Negation, Leisure, and Negative Emotion between risk and
non-risk topics for depression (Fig. 4). Further details of comparisons are
provided in Supplementary Table 5.

In the speech tasks, participants discussing ‘Mental Therapy’ (40.00
[28.50, 66.50] words) and ‘Holiday’ (36.00 [16.00, 71.00] words)
topics spoke a greater number of words, while participants mentioning
‘Studying’ (13.00 [10.50, 21.50] words) and ‘No Expectations’ (13.00
[10.00, 23.00] words) topics spoke less (Fig. 4a). Participants expressing
the ‘No Expectations’ topic used the highest percentage of negation
terms in their speech tasks (90.1 %) compared to other participants
(Fig. 4b). Also, participants used more leisure-related words when they
were talking about topics of ‘Art Activity’ (68.0 %), ‘Gardening’ (77.9
%), and ‘Holiday’ (55.7 %), whereas participants who mentioned ‘No
Expectations’ (2.6 %) and ‘Haircut’ (4.3 %) topics used fewer leisure-
related words (Fig. 4c). Furthermore, speech contents of the ‘Sleep’
and ‘Mental Therapy’ topics contained more negative emotion words,
while speech texts of the ‘Studying’ and ‘Art Activity topics’ contained
fewer negative emotion words (Fig. 4d).
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3.4. Topic shifts and changes in depression severity over time

We observed that the PHQ-8 difference of the Risk to Non-Risk shift
was significant (Kruskal-Wallis test: P < .001), indicating if the speech
topic changed from the risk topic to the non-risk topic, the corre-
sponding PHQ-8 score decreased by 1.1 points on average (Fig. 5a). We
also observed that the PHQ-8 scores of two consecutive risk topics (Risk
to Risk) were higher than those with only one risk topic in two
consecutive speech tasks (Fig. 5b). Additionally, after/before a risk
topic, the PHQ-8 was still higher even if the corresponding speech topic
was non-risk, compared to those of two consecutive non-risk topics (7.0
[4.0, 12.0]) (Kruskal-Wallis test: P < .001) (Fig. 5b).

3.5. Validation on the RAPID dataset

A total of 356 transcribed speech texts from 57 participants were
available in the RAPID dataset. We used the established BERTopic model
to classify these speech texts into topics (Supplementary Table 6). Note,
different from the RADAR-MDD, the RAPID study utilized the 9-item
Patient Health Questionnaire (PHQ-9) (Kroenke et al., 2001) for
measuring participants’ depression severity. Due to the small sample
size of the dataset, we only compared PHQ-9 scores across topics
comprising a minimum of 10 transcribed speech texts. We found that
participants who mentioned ‘No Expectations’ and ‘Sleep’ topics had
significantly higher median PHQ-9 scores (17.00 [15.00, 19.00] and
18.00 [15.00, 19.00]) compared to those discussing other topics
(Kruskal-Wallis test: P = .006).

3.6. Results on data before the COVID-19 pandemic

Prior to the first reported COVID-19 case in the UK (31 January
2020), 827 transcribed speech texts from 183 participants were
collected. The PHQ-8 scores of topics on the data before the COVID-19
pandemic are summarized in Supplementary Table 7. We found that
participants who mentioned ‘No Expectations’, ‘Mental Therapy’, and
‘Coursework’ topics had relatively higher PHQ-8 scores (12.00 [5.50,
17.50], 11.00 [4.00, 15.00] and 12.50 [8.25, 14.75]). However, the
sample sizes of transcribed speech texts related to other depression risk
topics, including ‘Sleep’, ‘Haircut’, and ‘Studying’ topics, were insuffi-
cient for comparison.

4. Discussion

Utilizing automatic speech recognition, topic modeling, and mobile
technologies, the present study proposed a data-driven approach for
analyzing large-scale spoken language data. To the best of our knowl-
edge, it is the first study to explore depression-related language topics in
real-world speech recordings collected from clinical populations in their
daily life. Here, we discuss our key findings alongside prior research.

4.1. Risk topics for depression

A notable finding is a considerable proportion of participants with
high depression severity expressed having nothing to look forward to in
the upcoming week in their free-response speech tasks, which is
consistent in both datasets. This could be attributed to hopelessness
being a key facet of depression (Abramson et al., 1989; Marchetti, 2019).
The incapacity to hope is frequently found in first-person reports of
depressed people (Ratcliffe, 2013). Prior literature described such sen-
timents of depression as “all sense of hope had vanished”, “a paralysis of
hope”, and “no words to explain the depths of my despair” (Brampton,
2018; Schoeneman et al., 2004). Moreover, previous quantitative
studies reported a significant correlation between hopelessness
(measured by questionnaires) and depression (Hedayati and Khazaei,
2014; Schrank et al., 2008). Thus, the expression of hopelessness for the
future may serve as an indicative marker of depression.
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Fig. 3. Boxplots of behavioral features for 6 identified risk topics, 4 non-risk topics with the lowest median PHQ-8 scores (‘Art Activity’, ‘Gardening’, ‘Holiday’, and

‘Outdoor Activity’), and other non-risk topics (grouped as a single category).

Participants expressing the expectation of sleep had relatively high
depression severity, which is also consistent in both datasets. The po-
tential reason is that participants looking forward to sleep may have
suffered from poor sleep or been exhausted before their speech tasks. It
is known that sleep disturbances are key manifestations of depression
(Alvaro et al., 2013; Smith-Nielsen et al., 2018). Further, fatigue is also a
somatic symptom of depression (Demyttenaere et al., 2005). Therefore,
mentioning the expectation of sleep may be also an indicator of
depression.

Many of our participants who mentioned studying, reading, exami-
nations, and coursework had relatively high depression symptom
severity. Several studies reported that workload (Erschens et al., 2019;
Kitzrow, 2003; Sprung and Rogers, 2021), exams (Hunt and Eisenberg,
20105 Scholz et al., 2016), and concerns about academic performance
(Ishii et al., 2018; Stallman, 2010) are risk factors for stress, anxiety, and
depression among college students. Since the ‘Mental Therapy’ topic is
directly related to mental disorders, participants who mentioned this
topic were likely experiencing mental health problems. Intriguingly, 21
participants who mentioned the ‘Haircut’ topic also exhibited relatively
high depression severity. Previous research indicates that barbers and
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hairstylists can be trusted and respected conversationalists for in-
dividuals with mental illness to seek help and social support (Cowen
et al., 1979; Mbilishaka, 2018; Shabazz, 2016). Nonetheless, due to the
absence of detailed reasons for mentioning the ‘Haircut’ topic and
limited sample size, this specific link needs future investigation and
validation on large datasets.

4.2. Non-risk topics for depression

Participants discussing topics related to art activities, gardening,
holidays, and outdoor activities had the lowest depression severity in
our cohort. Engaging in art activities, such as dance, singing, and
theatrical performances, has been reported to have beneficial effects on
individuals’ mental health (Curtis et al., 2018; Fujiwara et al., 2014;
Zarobe and Bungay, 2017). Moreover, since exposure to nature can
promote feelings of connectedness and relaxation (Pretty, 2004),
participating in gardening activities has been linked to reduced
depression and anxiety symptoms, as well as increased positive emo-
tions (Adevi and Martensson, 2013; Gonzalez et al., 2010). Similarly,
holiday trips have been found to contribute to lessening loneliness
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(Pagan, 2020), enhancing life satisfaction (Pagan, 2015), and alleviating
depression (Filep and Bereded-Samuel, 2012). Furthermore, engaging in
outdoor activities like walking, running, and cycling, has demonstrated
a notable association with a reduced risk of depression (Matias et al.,
2022).

4.2. Topics and behavioral characteristics

To the best of our knowledge, this study is the first to link spoken
language topics with matching behavioral information as measured by
wearable devices. Passive behavioral features extracted from Fitbit re-
cordings could help understand the potential emergence reason for some
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topics and the depressive status of participants when conducting speech
tasks. Using this information, we were able to observe that participants
expressing the ‘Sleep’ topic had the highest sleep variability and the
latest sleep onset time during the week before their speech tasks, indi-
cating that they were more likely to be experiencing unstable sleep or
insomnia (Zhang et al., 2021). Also, participants who mentioned
‘Coursework’ had late and disrupted sleep during the past week, likely
due to academic workload and study pressure. In contrast, participants
who expressed non-risk topics slept relatively better, indicating that
their mental health was likely in better status. Regarding daily activities,
participants expressing ‘No Expectations’, ‘Sleep’, and ‘Coursework’
topics had fewer daily step counts than those mentioning other topics
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which may be caused by a lack of motivation, fatigue, and pressure of
academic workload, respectively. The low activity levels of these par-
ticipants indicated that they may have had relatively high severity of
depression symptoms before speech tasks (McKercher et al., 2009).

4.4. Topics and linguistic characteristics

The linguistic characteristics of the transcribed speech texts could
provide additional insights into the participants’ mental status (e.g.,
emotion) during the speech task. We observed several significant dif-
ferences in linguistic features across topics, which provide support to our
findings. In one of our previous studies, we found participants with
higher depression severity tended to speak less in their speech tasks
(Cummins et al., 2023). This may explain why the speech texts of some
risk topics (‘No Expectations’, ‘Sleep’, and ‘Studying’) contain fewer
words than those of non-risk topics. Furthermore, prior research shows
that engagement in leisure activities can be a protective factor against
depression (Bone et al., 2022; Ponde and Santana, 2000). This aligns
with our observation that participants discussing non-risk topics used
more leisure-related words than those mentioning risk topics. Addi-
tionally, previous studies have linked elevated use of negative emotion
words with higher depression severity (Al-Mosaiwi and Johnstone,
2018; Landoni et al., 2023; Yang et al., 2023). In our data, participants
who mentioned ‘Sleep’ and ‘Mental Therapy’ topics used more negative
emotional words than other topics, potentially indicating their
depressed states. Moreover, participants who mentioned the ‘No Ex-
pectations’ topic were more likely to use negated words (such as
nothing, don’t, and can’t) when expressing that they had nothing to look
forward to in the next week.

4.5. Topic shifts and changes in depression severity over time

To the best of our knowledge, there is currently a lack of longitudinal
research tracking how the changes in spoken language topics relate to
fluctuations in depression severity over time. Our findings indicate that
risk topics may reflect the depressive status of a long period and
frequently discussing them may reflect severe depression severity,
which highlights the importance of longitudinally monitoring language.

4.6. Limitations

Our findings should be interpreted in the context of certain limita-
tions. First, our participants had a history of major depression (RADAR-
MDD) or were undergoing depression treatment (RAPID), along with a
predominantly white and female demographic, which may limit the
generalizability of our findings to non-depressed or more diverse pop-
ulations. Second, our findings were based on a specific speech task,
describing one’s expectations for the upcoming week, which may limit
our generalizability to other free-response speech tasks. Third, some
topics’ sample sizes were small and required validation in larger
corpora. Fourth, although we obtained some consistent results on the
pre-COVID data, the majority of speech recordings were collected during
the COVID-19 pandemic, which could have influenced the findings.
Therefore, our findings need to be validated on post-COVID datasets.
Fifth, the transcription of spoken language was performed with a pre-
trained deep learning model that may contain errors. Depression can
affect the acoustic properties of speech (Cummins et al., 2015), poten-
tially impacting the accuracy of the transcripts, which needs further
investigation. Sixth, the co-occurrence of depression with anxiety may
have influenced some identified risk topics (such as ‘Studying’ and
‘Coursework’ topics). Future research should concurrently collect anxi-
ety questionnaires for controlling participants’ anxiety levels to obtain
more specific depression-related risk topics.
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5. Conclusions

Our findings demonstrate specific speech topics may indicate
depression severity, though further validation is needed. The presented
data-driven workflow provides a practical approach for analyzing large-
scale speech data collected from real-world settings for digital health
research.
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