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Abstract

Objective: Depression is a common mental health disorder and a major public health concern, significantly interfering with
the lives of those affected. The complex clinical presentation of depression complicates symptom assessments. Day-to-day
fluctuations of depression symptoms within an individual bring an additional barrier, since infrequent testing may not reveal
symptom fluctuation. Digital measures such as speech can facilitate daily objective symptom evaluation. Here, we evaluated
the effectiveness of daily speech assessment in characterizing speech fluctuations in the context of depression symptoms,
which can be completed remotely, at a low cost and with relatively low administrative resources.

Methods: Community volunteers (N= 16) completed a daily speech assessment, using the Winterlight Speech App, and
Patient Health Questionnaire-9 (PHQ-9) for 30 consecutive business days. We calculated 230 acoustic and 290 linguistic fea-
tures from individual’s speech and investigated their relationship to depression symptoms at the intra-individual level
through repeated measures analyses.

Results: We observed that depression symptoms were linked to linguistic features, such as less frequent use of dominant and
positive words. Greater depression symptomatology was also significantly correlated with acoustic features: reduced vari-
ability in speech intensity and increased jitter.

Conclusions: Our findings support the feasibility of using acoustic and linguistic features as a measure of depression symp-
toms and propose daily speech assessment as a tool for better characterization of symptom fluctuations.
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Introduction
Depression is a leading cause of disability worldwide and a
major global health concern.1 Approximately 280 million
people in the world suffer from this common but serious
mental health condition.1,2 A person with depression is at
increased risk of experiencing irritability, sadness, loss of
appetite, cognitive or social impairment and suicidal
thoughts.1,2 Clinical diagnosis of depression relies on self
or caregiver reports of symptoms according to Diagnostic
and Statistical Manual of Mental Disorders, Fifth Edition
(DSM-5) or International Classification of Diseases 10th

Revisions (ICD-10).3,4 The subjective and potentially
biased assessment relies on the retrospective recall of epi-
sodes, complicating symptom evaluation even further.
Digital measures can benefit clinical practice as they can
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address these problems through objective assessment of symp-
toms.5,6 Digital tools are more accessible and can be lower
burden as they can be administered remotely and reduce
time and resource investment.7 Moreover, digital tools
enable frequent assessments of symptoms at multiple time
points, creating more detailed data at the individual level.

There have been efforts toward developing objective assess-
ment tools for depression symptoms using innovative techni-
ques from neuroimaging to speech.8,9 Neuroimaging can
reveal brain changes in various medical conditions, and thus
can be effective in understanding heterogeneous symptom pro-
files of patients.9,10 Similarly, speech production recruits many
brain regions for generating linguistic representations from
thoughts, and thus provides a window into cognitive and emo-
tional processing through simple assessments.11 Common
acoustic features of speech (e.g. jitter and shimmer) represent
the sound of the voice through mathematical deconstructions
of the sound wave.12,13 On the other hand, linguistic features
represent sentence generation, vocabulary and syntactic struc-
tures and sentiment, reflecting the content of speech and lan-
guage.13,14 Through cutting edge analysis methods such as
signal processing, computational linguistics, and machine
learning, changes in speech and language patterns can
provide insights into psychiatric disorders.15–18

Speech changes that accompany depression symptoms
have been recognized for many years.17–19 Patients with
depression show reduced fundamental frequency range,
perceived as pitch, which reflects the monotonous speech
often observed clinically.20–22 On the other hand, another
set of acoustic features including the variability in funda-
mental frequency, jitter and shimmer tend to increase with
the severity of depression, which are thought to be related
to motor speech control and laryngeal musculature.21,22 In
addition to the alteration in the way speech is produced,
individuals with depression also exhibit changes in the lin-
guistic content. They tend to use more first-person pronouns
and negative emotional words.23–26 This may be reflective
of a more self-regulatory cycle in which an individual’s
thoughts are focused on themselves.27 As their thoughts
about themselves, world and life become more negative,
they begin using positive words much less frequently.
Interestingly, this has been observed even among those
who are not experiencing depression symptoms.28

Speech and language measurements have the additional
benefit of being easily collected remotely, increasing acces-
sibility and lowering administrative burden. With the cor-
onavirus (COVID-19) pandemic, the world entered a
digital era in which more of our day-to-day activities
could be performed remotely. This new shift in our lives
also precipitated a shift to decentralized clinical trials and
research, utilizing remote clinical assessments and requiring
validation of such digital tools.29 Another benefit of remote
assessments is the ability to collect frequent data.
Speech-based assessments are not only easily adaptable to
decentralized, remote methods, but they also allow for

daily administration with minimal instructions or involve-
ment of clinicians.

Sampling speech more than once is necessary for accurate
monitoring of specific speech characteristics related to depres-
sion30,31 as its symptoms exhibit irregular patterns and sto-
chastic fluctuations.32 In this study, our goals were to (a)
evaluate the feasibility of collecting remote speech data, (b)
determine the value in daily speech assessment, using the
Winterlight Speech Assessment App, and (c) investigate
which aspects of speech relate to depression symptoms, in
order to validate the utility of daily speech assessment for
detecting and monitoring symptoms of depression.

Methods

Procedure

This longitudinal, remote study included participants with or
without psychiatric diagnoses. Participants completed daily
speech assessments and mental health surveys remotely for
30 business days. This longitudinal data enabled us to
examine how speech features and symptoms changed over dif-
ferent intervals of time and the reliability of frequent test
administration. The study protocol was reviewed and
approved by the Advarra Research Ethics Board and regis-
tered at clinicaltrials.gov (NCT04851912).

All participants completed three assessment types across
30 days: a practice assessment, followed by daily and
bi-weekly assessments (Figure 1). The first session on
Day 1 was a practice session. It allowed participants to
get familiar with the speech tasks and data collection soft-
ware, the Winterlight Speech App. Bi-weekly assessments
were administered on Days 2 (first study session), 16
(midway through the study) and 30 (last study session).
The remaining 26 days in between the three bi-weekly
assessment days were part of the daily assessments.

Bi-weekly assessments included six speech assessments:
picture description, paragraph reading/recall, semantic fluency,
phonemic fluency and journaling. There were five different
mental health assessments: Patient Health Questionnaire-9
(PHQ-9),33 Generalized Anxiety Disorder (GAD-7),34

Sheehan Disability Scale (SDS),35 a rumination scale, and a
mood questionnaire. These assessments were selected and admi-
nistered to reflect ecological momentary assessments (EMAs),
which allow for repeated assessment of an individual in their nat-
uralistic environment.36,37 On the other hand, daily assessments
only included an open-ended journaling speech task as well as
modified versions of the PHQ-9 and mood assessments. We
only analyzed journaling tasks and PHQ-9 scores from the
bi-weekly assessments to be consistent with the daily data.

Participants

Participants were recruited from the community through
online advertisement. Written consent was obtained from
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each participant prior to their participation in the study. To
be eligible for the study, participants needed to be between
the ages of 18 and 95, fluent English speakers (i.e. either
English as their first language or they can speak with con-
versational proficiency) and own an iOS device (iPhone
or iPad). The exclusion criteria included the following: res-
iding outside of Canada or the United States, having experi-
enced a chronic alcohol or drug dependence within the last
5 years, and being identified with a clinically significant
vision or hearing impairment. After obtaining the written
consent, participants were invited for a conference call
with a member of the study team, M.G. During these ses-
sions, M.G. collected demographic information and
assisted participants with Winterlight Speech App installa-
tion on their devices. If participants preferred to skip the
tutorial session and were comfortable with app installation,
then their demographic information was collected via email.
They all received the tutorial slides via email. Participants
were compensated for $5 per session, earning up to $155
in total for participating in all 30 sessions and the tutorial.

Winterlight Speech Assessment (iOS App)

All speech assessments were conducted using the
Winterlight Lab Speech App. Participants logged into
their accounts to complete the speech assessments using
their individual username and password. Upon login, the
speech assessments associated with that day were available
to them. All 30 days included a journaling task, with the
prompt, “How are you feeling today?.” Participants were
instructed to provide as much detail as they preferred, and
there was no time limit for the task. Once participants

pressed start, the device’s microphone recorded their
speech until they indicated they were finished with the
task. Audio recordings were uploaded to secure servers
for analysis upon connection to wifi or cellular signal.

Speech features

The speech samples recorded by the participants were tran-
scribed by trained transcriptionists who ensured the audio
contained participant speech and flagged samples with
audio issues (e.g. no audible speech, very poor-quality
audio), for removal. Acoustic and linguistic features were
then computed using the Winterlight Labs pipeline (www.
winterlightlabs.com), which uses Python-based acoustic
and natural language processing libraries and custom code
to compute 520 speech features based on each speech
recording and its accompanying transcript. These variables
reflect the acoustic (e.g. properties of the sound wave,
speech rate, number of pauses), lexical (e.g. rates and
types of words used, and their characteristics such as fre-
quency and imageability, which reflect how commonly
words are used and how easy they are to picture, respect-
ively), semantic (relating to the meaning of the words,
e.g. semantic relatedness of subsequent utterances, seman-
tic relatedness of utterances to the items in the picture)
and syntactic (relating to the grammar of the sentences,
e.g. syntactic complexity, use of different syntactic con-
structions) properties of the sample. Open source packages
include SpaCy for parts-of-speech tagging and morpho-
logical features,38 the Stanford NLP parser for syntactic fea-
tures,39 Praat and Parselmouth for acoustic features,40,41

and GloVe and FastText models for semantic features.42,43

Figure 1. Study design integrating Winterlight Speech App. Participants completed 30 sessions in total: a practice, 3 sessions (start,
midway and last day) as part of the bi-weekly assessments, 26 sessions in the daily assessments.
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The pipeline also uses custom code to compute additional
features based on the transcript and audio file, using
lexical norms from previous publications44–47 or previously
published models and features.48 An overview of the fea-
tures categories, definitions, feature numbers, and examples
is provided in Table 1.

Clinical assessments

We only analyzed the PHQ-9 in this paper for consistency
between daily and bi-weekly data. The PHQ-9 was admi-
nistered through a link to an online form. The question-
naires used in this study are presented in Supplementary
Material. All other mental health assessments were com-
bined with the PHQ-9 into one form for the convenience
of the participants. The PHQ-9 is a well-established self-
rated measure for depression symptoms.33 It contains 9
questions which correspond to the core DSM criteria for
depression, with each question ranging from 0 to 3 points
for a total of 27 points. It has been validated against clin-
ician rated measures and cut-off scores are well established.
In bi-weekly assessments, we used the PHQ-9 with a trad-
itional scoring system. For daily assessments, we used a

modified version of the PHQ-9. The questions remained
the same but were modified to refer to the current day
(rather than past 2 weeks) and answers ranged from 1 to
7 points for a total of 63 points, with higher scores indicat-
ing more depression systems. The reason for using modified
PHQ-9 was to adapt it to reflect daily assessments and
increase the answer range due to concerns that the original
scale may not having enough dynamic range to detect small
daily variations. For interpretability of our results, we
downscaled the total scores obtained through modified
PHQ-9, so they reflect the original scale with a total of 27
points.

Statistical analysis

All analyses were completed on R statistical software,
version 4.1.2.49 Repeated measures correlation (rmcorr)50

was used to evaluate within-individual associations
between the speech features and depression/mood symp-
toms across multiple time points. We eliminated acoustic
and linguistic features that had empty values for at least
20% of participants. The empty values were due to most
of these features being specific to other tasks such as

Table 1. Speech feature overview, definitions, numbers, and examples.

Speech feature
category Definition

Number of
features Examples

Acoustic Variables describing the acoustic properties of the
sound wave

209 Fundamental frequency; Mel-frequency Cepstral
Coefficients (MFCCs); zero crossing rate

Timing Variables relating to the rate of speech and total
speech output

21 Speech rate (words/minute); articulation rate
(syllables/second); number of pauses; pause
duration; total duration of speech

Parts of
speech

Variables enumerating the rate of usage of
different parts of speech

72 Use of nouns, pronouns, verbs, adjectives, etc.

Lexical Variables describing the characteristics of words
used

32 Frequency, familiarity, imageability of words;
measures of vocabulary diversity such as
type-token ratio

Syntactic Variables enumerating the rate of usage of
different syntactic structures and measures of
syntactic complexity

144 Number of clauses per sentence; use of noun
phrases, verb phrases, subordinate phrases, etc.

Discourse Variables using cosine distance and graph
theoretical measures to calculate the
organization and repetition of utterances

18 Average cosine distance between utterances;
graph density, number of nodes and diameter

Coherence Variables using word vector models to calculate
the semantic similarity between utterances

15 Average, minimum and maximum cosine distances
between subsequent utterances in word vector
space

Sentiment Variables describing the sentiment of the words
used

9 Valence, arousal and dominance scores for all
words and word types
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picture description and not relevant to the task of interest
(i.e. journaling). This data cleaning process yielded 262
acoustic and linguistic features in our analyses. We fit sep-
arate rmcorr models to each of these features to investigate
their unique relationship with modified PHQ-9 scores at the
individual level. This linear association was represented
with a correlation coefficient (rrm) and allowed us to inves-
tigate common intra-individual associations without violat-
ing independence assumptions or requiring simple
averaging across sessions. Repeated measure correlation
plots demonstrate the linear fit for each participant, provid-
ing a visual representation of a particular speech-depression
relationship across participants. Statistical significance was
set to an alpha level equal to 0.0002 taking multiple com-
parisons into consideration through the Bonferroni correc-
tion method (0.05/262 features).

Results

Demographics

The study included 16 participants (11 females, 5 males)
with an age range of 21–54 (M= 30.75± 9.28). Four parti-
cipants reported to be on emotional or behavioral medica-
tions and five reported using medications for their

physical health (Table 2). The daily assessments had a com-
pletion rate of 93% for both speech assessments and
surveys with only 1 participant discontinuing participation
in the second half of the study due to personal reasons.
At baseline (on Day 2 as Day 1 was practice), participants
reported a mean depression score of 6.47± 6.24 on PHQ-9
assessment.

Daily speech assessments relate to depression

We examined correlations between speech characteristics and
depression symptoms collected daily for 26 sessions. At the
intra-individual level, we found a significant relationship
between linguistic features such as sentiment scores (i.e. a
measure of the average valence or dominance score of each
word used) and depression scores reported on the PHQ-9.
According to repeated measures correlations, sentiment dom-
inance, rrm (370)=−0.31, 95% CI [−0.40, −0.22], p<0.001,
and sentiment valence, rrm (370)=−0.34, 95% CI [−0.43,
−0.25], p<0.001, were related to depression scores
(Figure 2(a) and 2(b)), with higher scores relating to more
negative and less dominant words used. The sentiment fea-
tures were calculated by taking the average valence scores,
representing the positivity or negativity of each word, and
dominance scores, representing whether a word denotes
being in control or feeling controlled, for all words in the tran-
script that had normative values available.47 These associa-
tions remained significant following a Bonferroni correction
for multiple comparisons at the alpha level of 0.0002.

We also observed significant correlations between
acoustic features and depression scores in the repeated mea-
sures analyses. At the intra-individual level, higher depres-
sion scores were associated with lower vocal intensity range
(i.e. speech volume), rrm (370)=−0.22, 95% CI [−0.32,
−0.12], p < 0.001, but greater jitter, rrm (370)= 0.24, 95%
CI [0.14, 0.34], p< 0.001 (Figure 2(c) and (d)). Intensity
range is the difference between the maximum and
minimum of the intensity curve of the recording, represent-
ing the range of perceived loudness. Jitter is a calculation of
the average absolute difference between consecutive
periods in an acoustic signal, used as a measure of vocal
quality. Significance remained after a Bonferroni correction
for multiple comparisons at the alpha level of 0.0002

Unclear link between speech and depression in
bi-weekly data

Depression scores exhibited daily variability within indivi-
duals over 20+ sessions (Figure 3(a)). We investigated
whether the speech-depression relationships observed in
daily data, discussed above, could be detected from our
bi-weekly assessments alone, whose sessions are spaced 2
weeks apart. We chose this cadence because the commonly
used PHQ-9 asks participants to reflect on their feelings

Table 2. Participant demographics.

Demographic variable N/Mean± SD

Sample size 16

Age 30.75± 9.28 (21–54)

Sex 11 female (69%)/5 male (31%)

Education 16.00± 1.97

Native language 10 English 2 Chinese 2 Tamil 1 Hindi
1 Gujarati

Ethnicity 6 Brown or South Asian 5 White or
Caucasian 3 Asian or Pacific
Islander 2 Black or African
American

Medications for emotion/
behavior

4 (Vortioxetine, Venlafaxine,
Citalopram, Escitalopram)

Medications for physical
health

5

Daily speech assessment
completion rate

93%

Daily survey completion
rate

93%
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from the past 2 weeks. Thus, a 2-week data collection is
typical. We note that by virtue of being bi-weekly, this ana-
lysis contained fewer observations and therefore had
reduced power compared to the daily assessment analysis.

When we restricted our analyses to bi-weekly time points
(i.e. Days 2, 16, and 30), we found that acoustic and linguistic
features were not significantly associated with depression
scores as reported using the standard PHQ-9. This indicates
the importance of large sample size, especially in the studies
with relatively low number of study sessions. For example,
although nonsignificant, the link between sentiment dominance
and depression scores had a negative trend on Day 2, r2=0.08,
F(1, 13)=2.17, β=−0.02, p=0.16, 95% CI [−0.04, 0.008],
but had a positive trend on Day 30, r2=0.03, F(1, 12)=
1.38, β=0.01, p=0.26, 95% CI [−0.01, 0.03] (Figure 3(b)
and (c)), showing that patterns were inconsistent with
bi-weekly sampling and small sample size. Similarly, we inves-
tigated the relationship between sentiment dominance and
depression in bi-weekly data, using repeatedmeasures analysis.
Three visits were not sufficient to capture the significant nega-
tive association between the sentiment dominance and depres-
sion scores reported within the daily assessments, rrm (28)=
0.01, 95% CI [−0.36, 0.39], p=0.94 (Figure 3(d)).

Bi-weekly data also did not show any significant corre-
lations between acoustic features and depression scores. For
example, jitter in speech and depression had a negative, but
not significant relationship on both Day 2, r2=−0.04, F(1,
13)= 0.47, β=−0.0002, p= 0.50, 95% CI [−0.001,
0.0005], and Day 30, r2=−0.07, F(1, 12)= 0.12, β=
−0.0001, p= 0.74, 95% CI [−0.001, 0.0007] (Figure 3(e)
and (f)). Repeated measure analysis over three time points
was also not sufficient to capture the significant positive
relationship reported between jitter and depression in the
daily data, rrm (28)=−0.05, 95% CI [−0.41, 0.33], p=
0.80 (Figure 3(g)).

Discussion
This study provided evidence for the feasibility of daily
speech assessments in monitoring depression scores and
demonstrated the success of remote, app-based speech
data collection. The Winterlight Speech Assessment app
was easily accessible and required relatively less time and
resources than in-person assessments. It also enabled col-
lection of daily speech recordings, providing extensive
data for each individual over a short study duration. Our
daily assessments captured daily variations in individual
depression scores. Fluctuations in depression symptoms
have been previously reported in the literature.32 Our
results indicated that daily speech assessments could help
characterize individual variability in depression scores as
they capture increased variability in the depressive states
of an individual. For example, those with high depression
scores used more negative, less authoritative words (i.e.
low sentiment and dominance scores), and their speech

intensity range was reduced with increased vocal jitter.
However, these speech-depression relationships were not
detected in the bi-weekly assessments (i.e. over 1–3 ses-
sions). Although the daily and bi-weekly assessments dif-
fered in the amount of data, we hypothesize that larger
sample sizes would be required to detect the speech-
depression associations in bi-weekly data. On the other
hand, daily data even in small studies can more accurately
characterize the relationship between depression, and lin-
guistic and acoustic speech features at the individual
level, capturing daily fluctuations and improving the sensi-
tivity of assessments.

Individuals with higher depression scores tend to use
less dominant and more negatively valenced words.
Linguistic speech features, specifically sentiment domin-
ance and valence, presented a significant association with
depression scores measured with the PHQ-9. As the partici-
pants reported feeling more depressed, their sentiment dom-
inance and valence scores decreased, meaning the words
they chose to describe their daily feelings were not as posi-
tive and denoted feeling less in control. These findings are
in line with the literature where depressed individuals were
shown to use less positive or emotional words.23,24 More
importantly, our findings revealed this relationship
between the use of less dominant and more negative
words and depression symptoms, in a non-clinical, norma-
tive population. A recent study also showed that subtle
changes in speech can related to depression symptoms in
non-clinical population.51 These relationships may be
stronger in clinical samples with higher depression severity.
The linguistic speech features provide us a potential object-
ive measure to monitor the symptoms of not only depressed
individuals but also those at risk for or more vulnerable to
experiencing depression symptoms. These findings also
overlap with Beck’s cognitive theory of depression: the
negative thoughts are central to depression, which, in fact,
precedes any other physiological or mood symptoms.52,53

In addition to the content of the speech, the way speech
is produced (i.e. acoustic speech features) was also altered
with depression symptoms. Our results revealed that
higher depression scores were correlated with reduced
intensity range and increased jitter (i.e. variability in
speech frequency) in speech, which are consistent with
the literature.17,18 Acoustic features are directly affected
by laryngeal muscles, and the changes in acoustic features
could imply changes to vocal prosody and muscle
tension.54 Depressed patients have previously been
reported to exhibit reduced speaking intensity.55 This
could be one of the factors contributing to monotonous
speech prosody observed in patients with depression.31

Similarly, previous literature reports greater jitter in the
speech of patients with depression which could be the sig-
nature of muscle tension, resulting in more rough or hoarse
speech.56 Observing similar findings in a non-clinical
population suggests that speech has the potential as a
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digital measure for detecting and monitoring even the mild
symptoms of depression.

Longitudinal studies enable detection of speech changes
over time, accounting for symptom fluctuations in psychi-
atric disorders. For example, changes in speech rate over
time were shown to be correlated with depression scores
in patients with major depressive disorder and bipolar dis-
order.57 Similarly, speech articulatory coordination was
reported as a way of detecting depression symptoms in
patients who were receiving treatment.58 Speech was also
investigated in response to antidepressant treatment and
as a biomarker for depression severity. Although patients
with depression initially showed longer speech pauses,

their speech was shortened following treatment.31 These
studies are crucial in assessing speech and symptom fluc-
tuations. However, following up with participants over
time, at multiple time points, requires extensive time,
effort and resources. In this validation study, we propose
that daily speech assessments as an efficient and effective
tool for data collection and tracking individual differences
over time.

One of the limitations of the study was that the data was
collected during the COVID-19 pandemic. The stress
related to work and life adjustments, reduced social interac-
tions, and the resulting anxiety and worry might have
impacted self-reported depression symptoms as well as

Figure 2. Daily assessments, through repeated measure analyses (rmcorr), capture the intra-individual associations between depression
scores on modified PHQ-9, and acoustic and linguistic speech features. Each dot represents the feature value and corresponding PHQ-9
score from each assessment. Each participant is represented with a different color with corresponding lines showing the rmcorr fit for each
participant. Linguistic features including (A) sentiment dominance and (B) valence were negatively correlated with depression scores.
Among the acoustic features, (C) intensity range was negatively associated with depression while (D) jitter showed a positive relationship.
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the content of participants’ speech. Regardless of the source
of the depression-like symptoms, we were able to observe a
relationship between speech features and depression scores
at the individual level. However, future studies should

investigate the differences between clinical and non-clinical
populations using daily speech assessments and evaluate
the robustness of speech-depression relationship over
time. In addition, the scales of questions in daily and

Figure 3. Daily fluctuations of individual depression scores are not captured with bi-weekly assessments. (A) Participants’ PHQ-9 scores in
daily assessments (20+ days) are plotted separately, depicting daily symptom fluctuations within individuals. Each color represents a
different participant in the study, with boxplots depicting median PHQ-9 scores and their variation. Regarding linguistic features, the linear
relationship between sentiment dominance and depression is negative on Day 2 (B) but positive on Day 30 (C), both of which are not
significant. Assessments over three sessions (D) are not capturing the negative association between sentiment scores and depression
observed in daily assessments in repeated measures analyses through rmcorr. For the acoustic features, the linear relationship between
jitter and depression is negative on both Days 2 (E) and 30 (F), both of which are also not significant. Repeated measure analysis over three
sessions (G) through rmcorr is also not capturing the positive relationship between jitter and depression that we have seen in the daily
analyses. (B), (C), (E) and (F) show simple regressions: each dot represents an independent observation on specific time points. The purple
line is the simple regression fit. In (D) and (G), rmcorr: each participant is represented with different colors with corresponding lines
showing the rmcorr fit for each participant.
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bi-weekly assessments were not ideally matched. We
implemented the original PHQ-9 in the bi-weekly assess-
ments such that each question ranged between 0 and 3,
referring to the frequency of a symptom occurring within
the last 2 weeks. In daily assessments, the PHQ-9 was
modified so that each question remained the same, but the
question referred to the current day and ranged between 1
and 7. The larger scale was implemented to better capture
the daily fluctuations, which was later rescaled for compari-
son with the bi-weekly assessments. Future research should
implement assessments with similar scales to control for
any potential influences of scale differences on individuals’
choice of scores.

Although our sample size was relatively small, we
assessed daily speech and depression scores of each partici-
pant, sampling them at multiple time points. This study was
conducted as an exploratory study to test the effectiveness
of daily speech assessments. Repeated measures analyses
with 20+ time points allowed us to focus on intra-individual
variability, and thus, enabled us to use a smaller sample.
The power of repeated measures analyses through rmcorr,
increases exponentially by either the sample size or the
number of observations. Although repeated measure ana-
lyses on daily assessments had a relatively high power, it
is necessary to investigate the findings from bi-weekly
assessments in more than three time points. These findings
should be replicated in larger samples as well as in more
sophisticated analyses such as deep learning. Our focus
on this paper was to validate that daily speech assessments
provide a feasible, objective digital tool, and to identify can-
didate speech features that track fluctuations in symptoms.
Future research should build on this work, and others, to
implement deep learning or classification models to poten-
tially develop speech biomarkers based on daily assess-
ments and investigate how speech can potentially inform
symptom changes in remission and relapse.

Conclusion
The present study tested the potential of using daily speech
assessment as a digital tool for monitoring depression
symptoms. Here, we demonstrated that daily speech assess-
ments can capture signals relating to the daily depression
symptom fluctuations, providing a replication of the
speech-depression associations reported in the literature.
Our findings highlight that this speech-depression relation-
ship is not only specific to high severity clinical populations
and suggests that speech has the potential to be used as a
digital measure for detecting those at risk of or more vulner-
able to depression. Speech, as a promising digital measure,
not only provides an opportunity to objectively assess
depression symptoms, but also allows for remote data col-
lection. While many other techniques are costly and
require in-person administration, speech assessments are
accessible and allow for frequent administration, which

can complement more in-depth clinical assessments and
help make tools for monitoring symptoms more accessible.
Daily speech assessment holds the potential to be used as a
digital measure for monitoring symptoms in depression and
many other psychiatric diseases.
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