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Abstract
Individuals with serious mental illness experience changes in their clinical states over time
that are difficult to assess and that result in increased disease burden and care utilization. It
is not known if features derived from speech can serve as a transdiagnostic marker of these
clinical states. This study evaluates the feasibility of collecting speech samples from people
with serious mental illness and explores the potential utility for tracking changes in clinical
state over time. Patients (n = 47) were recruited from a community-based mental health
clinic with diagnoses of bipolar disorder, major depressive disorder, schizophrenia or schizoaffective disorder. Patients used an interactive voice response system for at least 4
months to provide speech samples. Clinic providers (n = 13) reviewed responses and provided global assessment ratings. We computed features of speech and used machine learning to create models of outcome measures trained using either population data or an
individual’s own data over time. The system was feasible to use, recording 1101 phone calls
and 117 hours of speech. Most (92%) of the patients agreed that it was easy to use. The
individually-trained models demonstrated the highest correlation with provider ratings (rho =
0.78, p<0.001). Population-level models demonstrated statistically significant correlations
with provider global assessment ratings (rho = 0.44, p<0.001), future provider ratings (rho =
0.33, p<0.05), BASIS-24 summary score, depression sub score, and self-harm sub score
(rho = 0.25,0.25, and 0.28 respectively; p<0.05), and the SF-12 mental health sub score
(rho = 0.25, p<0.05), but not with other BASIS-24 or SF-12 sub scores. This study brings
together longitudinal collection of objective behavioral markers along with a transdiagnostic,
personalized approach for tracking of mental health clinical state in a community-based clinical setting.

Introduction
Serious mental illnesses (SMI) such as schizophrenia, bipolar disorder and major depression
affect nearly 10 million people in the United States [1] and result in significant symptom

PLOS ONE | https://doi.org/10.1371/journal.pone.0225695 January 15, 2020

1 / 17

Clinical state tracking in serious mental illness through computational analysis of speech

Review Boards. Requests can be submitted to:
hss@mednet.ucla.edu
Funding: AA, KW supported by NIMH P30
MH082760-05S1 and California State Center of
Excellence for Behavioral Health SB 852. AA and
DM supported by NIMH R01MH093676-02S1 and
R34MH117200. DM supported by R21/
R33MH097007. DB, NM, VM, SN supported by
NSF CCF 1029373 and NIAA R01AA018673. The
funders had no role in study design, data collection
and analysis, decision to publish, or preparation of
the manuscript.
Competing interests: AA has a financial interest in
Insight Health Systems, Inc., Arevian Technologies
Inc. AA has a family relationship to Memorial
Psychiatric Health Services, a company that
provides psychiatric services for the R.O.A.D.S.
Foundation clinic where participants were
recruited. SN is Chief Scientist at Behavioral Signal
Technologies and Lyssn.io. There are no patents,
products in development or marketed products to
declare. The above interests do not alter our
adherence to PLOS ONE policies on sharing data
and materials. The specific roles of the authors are
articulated in the ‘author contributions’ section.

burden, lower life expectancy [2], and cost to the healthcare system [3]. These illnesses are challenging to treat, in part due to our limited understanding of underlying biological mechanisms
and genetic risk factors [4, 5] as well as their unpredictable relapsing/remitting course [6]. Artificial intelligence methods are increasingly being explored in mental health contexts [7]. In
addition, experimental medicine approaches that identify biologically relevant targets (e.g.
working memory, speech production, visual perception) as opposed to symptoms have been
proposed to help facilitate the translation of basic research findings into interventions [8].
A considerable barrier in achieving the aims of experimental medicine has been identifying
objective markers of disease state and traits, including behavioral-based phenotypes [9], that
may support transdiagnostic dimensional approaches to disease classification [8]. Trait markers represent properties of the biological system that increase risk for the development of a
clinical disorder whereas state markers represent real-time clinical manifestations that may
change over time in concert with changes in symptomatic states [9, 10]. Current approaches to
measurement of clinical state often rely on the use of question-based scales related to specific
symptom domains and functional status. These measures may be subject to recall bias and
often require specialized training. They are also often validated at the population-level, making
early detection of acute decompensation and prevention of acute care utilization at the individual-level challenging. Increasing the resolution of individual, longitudinal clinical trajectories
may support more proactive clinical care and inform our understanding of the biological processes that drive these temporal patterns [10–13].
Novel data sources from mobile devices and sensors, are increasingly being explored to fill
this gap [14]. Recently, there has also been growing interest in the use of language as a biologically-relevant, dimensional phenotype [8, 15, 16]. Language provides contextual information
relating to an individual’s life experiences and is sensitive to underlying neuro-psychiatric
states. For example, increased concrete word use in delirious states and reduced word fluency
after sleep disruption has been observed [17, 18]. In the mental health domain, use of specific
words including negative or positive emotion and first-person singular words have been associated with depressive states and exposure to traumatic events [19, 20]. Acoustic and other
paralinguistic [21] aspects of voice have been associated with depressive symptoms and
response to treatment [22–25]. They have also been used to classify manic and depressive states
of individuals with bipolar disorder [24, 26, 27], affective states [28], and suicide risk [25].
Behavioral signal processing techniques assess empathy by therapists through analysis of their
word choices [29]. In addition, detailed quantification of behavior, including through speech,
may be particularly relevant for the measurement of novel features such as complexity [30]. In
a number of biological [31] and ecological [32] systems, increased complexity is associated
with healthier states. For example, decreased heart rate variability is associated with depression
and increased risk for acute cardiac events [33]. While mobile assessment approaches hold
promise for improving these kinds of longitudinal assessments, a key to feasibility in realworld clinical settings is sustained engagement which continues to be a challenge [34].
In the current pilot study, we longitudinally collected 4–14 months of speech samples in an
outpatient, community-based clinical setting from adults with serious mental illness (primarily
mood and psychotic disorders). This was done by creating a novel mobile intervention called
MyCoachConnect (MCC), consisting of both interactive voice and web applications. We
hypothesized that this assessment method would be feasible and that computed features from
patient speech samples would have utility as objective markers of clinical state as measured by
a provider-rated global assessment score as well as symptom and functional status selfreported measures. While the feature space for language is broad, we focus primarily on the
domains of affective words, complexity and acoustic properties of voice given their prior connection to mental health symptoms [19, 20, 22–24, 26, 27, 35]. Using these features, we tracked
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the temporal patterns of clinical state and implement personalized models for outcome
assessment.

Methods
Participants and setting
Participants were recruited from a community-based mental health clinic for adults (age > =
18) with serious mental illness (SMI) and with dual eligibility for Medicare and Medicaid services [36]. Diagnoses were obtained through review of the patient’s medical record. Two types
of participants were recruited: providers and patients. A total of 47 patients were enrolled in
two phases of this pilot study: an initial open-ended phase (n = 6 patients, n = 3 providers) lasting 18 months (mean engagement length 12 months), and the main pilot phase (n = 41 participants, n = 10 providers). Providers in this study were case managers that provided care to
patients as part of the clinic. Case manager roles included keeping in close contact with
patients (often interacting at least weekly), providing supportive functions including crisis
management and evaluation, and care coordination with their psychiatrist and other physicians. Providers identified potential participants who were then consented and provided
instructions on how to access the automated telephone system by study staff over the phone.
To recruit a diverse mix of patients we included anyone enrolled in the mental health program
who spoke English and had access to at least a public telephone (no personal mobile phone or
computer required). Data were collected from 2013 to 2015. Written informed consent was
obtained from all participants. All procedures were approved by the RAND Corporation Institutional Review Board (Approval ID: 2012-0703).

MyCoachConnect telephone tool and mobile app
To facilitate more frequent communication from patients and assessments by providers, we
created the MyCoachConnect (MCC) system (Fig 1A). This included an interactive voice
response app (IVR) used by patients who accessed it by dialing a toll-free number from any
phone and authenticating using their personal ID and pin code. Patients were asked to call 1–2
times per week to provide self-ratings and open-ended voice response samples. For each call to
the MCC system, patients provided free response answers to three open-ended questions: 1)
“How have you been over the past few days?”; 2) “What’s been troubling or challenging over
the past few days?”; and 3) “What’s been particular good or positive?”. Patients were asked to
speak for 2–3 minutes for each question. They were told that they would be reviewed by study
staff and their provider. Patients decided what time of day and day of the week to call based on
their preference. Audio recordings for each response were saved and transcribed by study staff
using the MCC mobile app. Providers used the MCC mobile app to then review audio recordings and transcriptions of patient responses and complete a single-item global assessment of
the patient (see Clinical State Measures below). After completing the study, patients in the
main pilot phase completed an exit-survey about their experience using the tool (n = 24/41,
59% completion rate). This included an open-ended feedback question (“What are your reactions about using this tool? What do you think is good or bad about this approach?”). MCC
was initially run on a Raspberry Pi server (The Raspberry Pi Foundation, Cambridge, UK) and
later migrated to the Chorus mobile application platform hosted at UCLA [37].

Clinical state measures
The primary measure to assess clinical state was a single-item provider global assessment rating. This measure was completed by the participant’s provider at the clinical site who knew the
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Fig 1. Overview of longitudinal assessment and modeling methods. (A) The MyCoachConnect (MCC) system used
to collect speech samples from patients calling into an interactive voice response application. Their providers then used
a web application to review speech samples and submit global assessment ratings for each call (B) Comparison of two
training methods used. The population-based machine learning model was trained using data from all participants in
the study, excluding the test participant. Individualized machine learning model trained on participant’s own data,
excluding the test speech sample.
https://doi.org/10.1371/journal.pone.0225695.g001

patient, delivered services, and had access to their medical information. Providers used the
MCC mobile app to provide a single, global assessment rating at the time of each patient’s call
(“Overall, as this patient’s provider, how do you think this patient was doing around the time
of the call given everything you know about the patient? (1 is the worst and 10 is the best)”).
This measure, similar to the Global Assessment of Functioning (GAF) scale from the DSM-IV,
aims to provide a brief rating of overall health status and does not distinguish between symptom severity and health-related functioning [38]. However, we chose to use this single item as
our primary clinical state measure as it was feasible for providers in clinical settings to rate frequently and could be used for participants across SMI conditions. We also used as secondary
measures the BASIS-24 and SF-12 administered over the phone by study staff in the main pilot
[39]. The BASIS-24 is a broad psychiatric symptom scale including subdomains for depression,
interpersonal problems, self-harm, emotional lability, psychosis and substance use. To measure health-related functioning and well-being, we utilized the SF-12, a global health functioning and well-being scale with both mental health and physical health subdomains (S1 Data).

Lexical and acoustic features
We computed features from patient speech samples to capture lexical content, lexical complexity, and vocal expression using methods which show competitive performance across several
speech assessment tasks [40, 41]. As the potential feature space is very broad, we selected specific sets of features informed by clinical considerations (e.g. using features related to mood
and health status) and prior studies. All features were selected a priori without preliminary
analysis to guide feature selection. To quantify language content, we used two overlapping
methods. First, we extracted lexical norms, which quantify language content relative to expectations, including arousal, valence, positivity, negativity, objectivity, concreteness, age of
acquisition, pronounceability, and gender ladenness. Second, we selected features from the
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Linguistic Inquiry and Word Count (LIWC) [42] toolbox which included features related to
affect, religiousness and health-related words. As the degree of complexity has been associated
with the health of biological systems [31] we extracted several features related to complexity.
We measured lexical complexity using conventional readability measures (reading ease and
grade level) [43], readability indices [44–46] including the Subjective Measure of Gobligook
(SMOG) index which is widely used in health literacy assessment [47], and the number of difficult words (defined as having more than six syllables). We also used latent semantic analysis
(LSA) to generate features representing semantic coherence, a measure of similarity between
nearby verbal phrases. LSA uses patterns of words contained in adjacent phrases as a measure
of semantic structure to analyze coherence between these phrases. LSA coherence features
have previously been associated with clinical ratings in schizophrenia [48] and bipolar disorder
[24]. Motivated by prior reports [49], nine acoustic features of voice were computed using
Praat [50] and custom analysis scripts. Acoustic features include measures of pitch, intonation,
vocal formants, fundamental frequency, and inter-word pause length. Audio samples were
rejected if human transcribers could not understand the majority of the content. In total, we
computed 210 features (70 features applied to each of the three voice responses per call) (S1
Table). Correlational feature analysis is commonly used in machine learning research to provide insights into the features that the model may be utilizing in making decisions. We compute the pairwise Spearman’s correlation at the population-level between the 210 features and
the provider ratings for all samples (n = 1101). Given the large number of features, we rely on
a Bonferroni correction. Similarity in feature utility is examined across subjects by computing
the pairwise correlations of feature values with provider ratings for each individual. While
there were three audio prompts per call, features from each prompt were combined to generate
the full set of 210 features per call, which were used in the model to compute the clinical rating
for that call. Therefore, each call and its related features were considered independent of one
another.
Additionally, to quantify the similarity within individuals of the degree each feature was
correlated with provider ratings, we utilized a two-tailed, William’s tests comparing feature
values from the first half to the second half of samples collected within individuals over time.

Clinical state tracking
Support vector machine (SVM) methods were used to create the machine learning models
from the total set of 210 computed features per patient call to assess the three measures of clinical state including the global provider assessment ratings, symptom severity (BASIS-24), and
functional status (SF-12). Support vector regression was performed using the L-2 regularized
optimization from Liblinear [51]. Parameters were tuned using a 2-layer cross-validation
approach operating within the training fold. A grid search was utilized to optimize the cost (c
in {0.01,0.1,1,10}) and epsilon ({p in {0.01, 0.1, 1}).
As the primary aim of the study was to track changes in clinical state over time, we used the
global provider assessment ratings as our primary outcome, which was assessed for each participant call. We compared two different approaches to training the model. First, we implemented population-based training using samples from all participants except the test
participant (leave-one-subject-out cross-validation). This ensures independence between the
training data and the test data. Second, we implemented an individually-trained approach
using data from an individual participant only (leave-one-sample-out cross-validation) (Fig
1B). With the individually trained model, samples from an individual are used to train the
model except the sample used to test the model. Because we are using cross-validation, there is
no concern of inflated performance (e.g., as with inflated R^2 seen with adding additional
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Fig 2. Patient-specific correlation patterns for speech features. Correlation patterns between speech features and
provider global assessment ratings for the top 25 features with the highest average correlation at the population level.
https://doi.org/10.1371/journal.pone.0225695.g002

features to an ordinary least squares model without cross-validation). With cross-validation,
having more features does not guarantee higher performance. For provider global assessment
ratings, we tested two types of assessment: 1) concurrent–using the speech sample to determine the provider rating during the same set of calls, and 2) forecasting–using speech samples
to determine subsequent provider ratings (Fig 2C).
For modeling of the BASIS-24 and SF-12 scores, we trained a population-based model due
to the limited number of surveys obtained. Since the assessments did not directly coincide
with call occurrences, we matched any test to the nearest call occurring within two weeks. For
the population model (n = 47 participants, n = 1101 calls) scenario, the baseline is to assume
no correlation. However, for the individual model, the baseline is the mean of all ratings for an
individual apart from the call that is being assessed. For the individual models, we also
required 35 voice samples per participant, which resulted in 10 participants used in the model
with 514 provider ratings. The threshold of 35 voice samples was chosen based on our preliminary analysis showing that correlation of the model improved with training up to about 35
samples and then plateaued. Given that clinical state is often measured on the timescale of
weeks, we primarily created models using the 4-period moving average of both provider ratings and computed features for both the population (n = 39 participants, n = 215 4-period
samples) and individually-trained (n = 10 participants, n = 116 4-period samples) models. We
used non-overlapping windows for the averaging to ensure sample independence.
Spearman’s correlation coefficient was used to assess the degree of covariance between the
models’ computed values of the clinical ratings and actual clinical ratings. We then assessed
the degree of covariance of the baseline models and the actual clinical ratings. For the population-based model, correlations were averaged across subjects. For the individually-trained
model, correlations were averaged across samples. One-sided statistical tests were used when
an improvement in model correlation over baseline was hypothesized.

Results
Patient engagement and speech sample characteristics
Demographic and illness characteristics of the patient population (n = 47) are summarized in
Table 1. Patients had a diagnosis of bipolar disorder (n = 14, 30%), major depressive disorder
(n = 15, 32%), schizophrenia (n = 14, 28%) or schizoaffective disorder (n = 14, 30%). Patients
experienced considerable symptom burden (BASIS-24 summary score of 1.5 compared to 0.54
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Table 1. Sample characteristics.
Participants

Total (n = 47)

Female (%)

21 (45%)

Age (SD)

51.1 (12.5)

Race, Ethnicity
White, Non-Hispanic

24 (51%)

African American

18 (38%)

Hispanic

5 (11%)

Diagnoses

n (%)

Bipolar disorder

14 (30%)

Schizophrenia

13 (28%)

Schizoaffective

14 (30%)

Major depressive disorder

15 (32%)

+substance use disorder

18 (38%)

Clinical characteristics

Mean (SD)

BASIS-24 (n = 42)

1.6 (0.5)

Depression and Functioning

1.7 (0.8)

Interpersonal Problems

2.6 (1.0)

Self-Harm

0.2 (0.7)

Emotional Lability

1.8 (1.1)

Psychosis

1.2 (1.1)

Substance Use

0.3 (0.3)

MCS-12 (n = 39)

42 (11.5)

PCS-12 (n = 39)

39 (6.4)

https://doi.org/10.1371/journal.pone.0225695.t001

general population norm) [33] and decreased functional status (population MCS-12 and PCS12 mean scores were approximately 1 SD below the population mean for this age group).
In the main pilot phase (n = 41 patients), patients were followed for 16 weeks. There were
nine patients who withdrew early from the study including five that were lost to follow- up,
three that indicated it took too much time or were not interested in calling and one who was
admitted to an inpatient psychiatric hospital. During the 16-week pilot, the average engagement length of participants was 14.7 (S.D. 6.5) weeks, who called an average of 19.7 (S.
D = 12.3) times. Patients reported in the exit survey that usability was favorable, with most
agreeing or strongly agreeing that they thought it was easy to use the MCC system (n = 23 of
24 respondents, 96%), felt their provider was better able to help them because of using it (18/
24, 75%) and would use it in the future even if not compensated for their time (n = 21/24,
88%). Feedback descriptions of participant experiences were also positive with 22 patients
reporting positive statements (92%), 1 (4%) reporting a negative statement (“technical issues”)
in addition to positive statements, and 2 (8%) did not provide any statements. Representative
statements were selected from responses, including reports of loneliness that was partially
address through improved sense of connection to their provider: “It surprised me, I got some
good out of it”; “It was great. It gave me a chance to vent”; “Not talking to an actual person
helped organize thoughts”; “An outlet to talk about your feelings if you’re alone or if you don’t
have anyone to listen to you”; “Helped me let my stress out, took a weight off my back of committing suicide or drinking again. Think it helped because I had someone to talk to.”
We collected a total of 1101 voice samples consisting of 117 hours of free speech audio
recordings from 47 patients. The mean global provider rating was 6.1/10 (S.D. = 1.6,
skew = -0.34, kurtosis = 0.19). The average number of words per response was of 117.7
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(S.D. = 115.9) words and the total words per call (three responses per call) was of 337.1 (S.D. =
302.6) words.

Correlation analysis of speech features
Correlations between features and provider rating for the top performing features at the population-level are listed in Table 2. Features related to affect were most informative with higher
provider ratings associated with language having less negative emotion (-0.36) and more positive emotion (0.34) according to LIWC percentages (and similarly for the affective norms of
valence, negativity, and positivity). Higher provider ratings were also associated with more
complex word use, for example more difficult word usage (0.21), a higher readability index
(0.14), and more variability in LSA-based coherence (0.16). Acoustic features were also correlated to provider rating including the F2 harmonic (0.18) and harmonicity (-0.12). The average
absolute value of correlations for all features for the population was 0.23. Interestingly, this
correlation increased when averaging over multiple assessments (for example, 0.44 correlation
of the 8-period moving average values of provider rating to speech features).
While certain features were informative across all subjects (e.g., negative and positive emotion words), there was considerable variation at the individual level in which features were
most correlated with the clinical state of that individual. This variability between individuals is
shown in Fig 1, where the correlation to provider ratings for the top 25 features at the population-level are displayed for the 10 patients used for the personalized training model, each displaying a unique pattern. To quantify the degree of similarity, we calculated the pairwise crosscorrelation of the set of feature correlations to provider ratings. Individuals exhibited an average pairwise correlation with other individuals of only 0.05. Despite this difference between
individuals, we also observed that within individuals, the degree that speech features were correlated with clinical state was largely stable over time. There was no statistically significant
change in the correlation between the first half of samples and the second half within an individual for 93% of features (p<0.05).
An illustration of critical speech features co-varying with associated provider rating for an
individual subject is shown in Fig 3, displaying raw data (Fig 3A) as well as the smoothed,
Table 2. Acoustic and linguistic feature correlations with provider global assessment.
Feature

Set

Functional

Negative emotion words

LIWC

% words

Correlation
-0.36

Positive emotion words

LIWC

% words

+0.34

Valence

Lexical Norms

Mean

+0.32

Negative

Lexical Norms

Mean

-0.32

Positive

Lexical Norms

Max

+0.26

Difficulty of words

Complexity

Mean

+0.21

Religious words

LIWC

% words

+0.20

Gender ladenness

Lexical Norms

Min

-0.20

Arousal

Lexical Norms

Min

-0.19

2nd vocal formant

Acoustics

Mean

+0.18

Sad words

LIWC

% words

-0.16

Coherence (latent semantic analysis)

Complexity

Stdv.

+0.16

SMOG Index

Complexity

Mean

+0.14

Harmonicity

Acoustics

Median

-0.13

Assent

LIWC

% words

+0.12

LIWC, Linguistic Inquiry of Word Count toolkit; SMOG, Subjective Measure of Gobbligook Index.
https://doi.org/10.1371/journal.pone.0225695.t002
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Fig 3. Covariance of speech features and clinical state over time. (A) An example of clinical state (provider global
assessment rating, black line) transitions within an individual patient over time compared to the individual’s highest
performing linguistic feature (word count per speech sample, dotted grey line) for each call to the MCC system. (B)
Increased correlations between clinical state and speech features over time highlighted through percent of maximal
change of 8-period moving averages for provider rating (black line), word count (dotted grey line), and verbal pause
percent (dotted light grey line) for the same patient and period.
https://doi.org/10.1371/journal.pone.0225695.g003

8-period moving average values of features and provider rating (Fig 3B). In this example, there
was a 0.33 correlation between the top performing feature (speech sample word count) for this
individual and provider ratings. However, using the 8-period moving average of provider rating and computed features identified both a more consistent temporal trend in provider ratings and an increase in correlation of speech features to provider ratings (r = 0.80).

Tracking clinical state
Our primary analyses explored machine learning models to track clinical state over time using
the computed features from patients’ speech samples. In Table 3, we compare the degree of
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Table 3. Clinical state tracking of provider global assessment ratings using speech features.
A. Population model
Concurrent assessment

Correlation a (P-value b)
0.44 (p<0.05)�

Forecasting assessment

0.33 (p<0.05)�

B. Personalized model

Correlation a (P-value b)

Concurrent assessment

0.78 (p<0.05)�

Forecasting assessment

0.62 (p>0.05)

a
b

Correlation assessed using Spearman’s rank-order coefficient
p values calculated using 2-tailed t-test compared to baseline models

Number of observations reported as n.
https://doi.org/10.1371/journal.pone.0225695.t003

correlation with clinical state (assessed by the provider global assessment ratings as well as
symptom and functional status measures) using models trained on the population as well as
personalized models trained within individuals.
For the population model (n = 47 participants, n = 1101 ratings), we used data from all
patients for training the model except the test subject. Computed scores from the model had a
correlation with provider ratings of 0.44 (p<0.05). To explore the ability for the model to forecast future clinical states, we used speech samples from one sampling period as the input to the
model to compute the subsequent sampling period global assessment rating. The computed
results from the model demonstrated statistically significant correlations with actual provider
ratings for these future clinical states (rho = 0.33, p<0.05). For the BASIS-24, correlation was
statistically significant for the summary score (rho = 0.25, p<0.05), as well as for the depression (rho = 0.25, p<0.05) and self-harm (rho = 0.28, p<0.01) sub scores. We achieved a similar
correlation in computing the mental health subscale of the SF-12 (rho = 0.25, p<0.05), but not
for the physical health subscale or the other four out of six BASIS-24 sub scores. The model
was not able to classify patients according to diagnostic group (32.5% unweighted average
recall, p = 0.2).
Given the difference in patterns of correlation between speech features and clinical state
between individuals, we then explored within subject analysis using only data from individuals
to train the model, including subjects with at least 35 voice samples to ensure sufficient data to
train and time to observe within subject variability in clinical state (n = 10 participants,
n = 514 ratings). This personalized model demonstrated statistically significant improvement
in correlation with provider global assessments than the baseline and population-based models
(rho = 0.78, p<0.01). Forecasting future clinical states using the individual model had a correlation of 0.62, although this did not exceed the baseline model correlation (0.66) of the subject’s average assessment ratings.

Discussion
This study demonstrates that self-reported speech samples are feasible to collect longitudinally
in a community-based clinical setting from patients with serious mental illness. It also shows
that computed lexical and acoustic features from those samples can be used to track withinindividual changes in mental health states over time. Using an individually-trained algorithm,
prediction models resulted in a high correlation (up to 0.78) between predicted and actual clinical states, the latter based on providers’ global assessment ratings. Correlation with secondary
clinical measures provided mixed support for our hypotheses. Using a population model, we
demonstrated statistically significant correlations between the model and actual scores only
with the summary, depression and self-harm sub scores of the BASIS-24 as well as the mental
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health sub score of the SF-12. However, there were no statistically significant correlations
between the model and four of the six BASIS-24 sub scores or the physical health sub score of
the SF-12. Finally, the population model demonstrated statically significant correlation
between computed and future provider global assessment ratings using speech samples from
previous calls. These prospective findings hold promise for creating clinical interventions that
forecast patient needs and proactively address them.
These results may have important clinical implications. First, computed scores from individually-trained model achieved the highest correlation of 0.78, indicated a considered a strong
correlation. This is similar to the interrater reliability of instruments used to measure mental
health status in practice [52]. Because the personalized model requires a period of individuallevel training to achieve this degree of correlation, it may also inform how care is delivered. For
example, health organizations may recommend more frequent assessments for individuals with
SMI early in their care to set this baseline and to train their personalized model. This could then
be followed by routine in-person assessments paired with remote interactive voice response
engagement and monitoring. The population model demonstrated moderate correlation (0.44)
with provider ratings. While prediction using the population model could be improved through
subsequent studies, it may be useful as a screening approach to identify patients that may have
clinical needs and then follow-up with more sensitive measures.
We used the strength of the correlation between computed ratings and clinical outcome ratings as the measure of the model’s ability to assess clinical state. This represents the degree of
covariance between computed and actual ratings, allowing us to track relative changes over
time, but it is not a direct measure of its accuracy in predicting a specific score. This method is
consistent with our goal of piloting an assessment approach that would be feasible in community-based clinical settings and useful for clinical state tracking over time. Additionally, this
approach uses dimensional clinical outcome ratings, which are notably different from classification tasks involving discrete states (for example euthymic vs. manic states in bipolar disorder). Using classification of discrete states, one can utilize additional methods to assess the
predictive ability of the model (e.g., determining the sensitivity, specificity and area under the
curve). With larger datasets, hierarchical linear modeling could be used to explore potential
clustering of individuals and to model non-linear changes over discontinuous time periods.
This improved temporal modeling could be of particular importance in improving the ability
of the model to forecast future clinical states.
Interestingly, despite a high degree of stability in speech features within individuals over
time, there was little correlation between individuals regarding which speech features were
most correlated with their clinical state. This suggests that the pattern of word choice as it
relates to mental illness/wellness may be specific to individuals. The importance of taking individual variability into account was demonstrated by the personalized model’s improved correlation with provider global assessments when utilizing an individual’s own data to learn which
features are most related to their clinical states. This suggests that both population-based
approaches, along with augmentation from learning at the individual level, may have advantages in informing computational methods that utilize behavioral markers. Future studies may
explore if certain features are common across individuals (possibly within diagnostic groups
or associated with other dimensional constructs). Of note, complexity of language, reflected in
features such as age of acquisition and readability of words, were also correlated with clinical
state. Prior studies have shown that complexity is reduced and temporal patterns more deterministic in individuals with mental illness, including bipolar disorder [53], depression [30],
and psychosis [54, 55].
Voice samples were collected actively, with patients choosing to call an interactive voice
response system rather than passive sensor mechanisms. Because of this, a smartphone was
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also not required for participation in this study, reducing the technical barriers for participation,
which may be particularly important for engagement within community-based clinical settings.
However, this also requires more active involvement of the participant. It will be important to
explore how these methods generalize to other populations. While this preliminary pilot study
had a broad, transdiagnostic population across serious mental illness diagnoses, future studies
may investigate these methods and factors that affect adherence with healthy volunteers, those
with mild or moderate mental health symptoms, or with chronic physical conditions.
This study only examined a subset of potential acoustic features of speech. Acoustic features
have been used in prior studies to classify hypomanic (AUC 0.81) versus depressive (AUC
0.67) states in bipolar disorder [24, 26]. In addition, acoustic pitch variability as well as changes
in pause time between words have been shown to be significantly correlated with depression
scores [35], and multiple acoustic features have been used to predict response to treatment in
depression [23]. The second vocal formant, F2, was observed in our study to be higher for
patients with better clinical states, which is consistent with previous findings that the vowel
space (comprised of F1 and F2) is higher for less-depressed patients [48]. However, the quality
of audio features could also have been reduced from the telephone-grade audio recordings
which have less spectral resolution than high quality audio recordings. It is possible that using
additional acoustic and other paralinguistic features [23, 25, 56], along with higher quality
audio samples, may be more informative. There are also a number of emerging projects that
explore mobile sensing approaches in individuals, especially related to bipolar disorder. Examples include the use of textiles with embedded sensors to collect motion and physiological data
[57], typing dynamics from mobile phone keyboard use to predict affective states [58], and
acoustic features from passively collected voice samples [59]. An exciting future direction will
be to work towards integrative computational models including a more complete set of linguistic, paralinguistic, behavioral, sensing, and neural features.
There were several challenges highlighted in the assessment of individuals in clinical settings. First, our primary clinical outcome measure was a global assessment rating as it provided
a practical method to quickly assess global clinical state given time constraints of clinical staff.
While it is adapted from the widely used Global Assessment of Functioning scale used in
DSM-IV, it was not previously evaluated for measure constructs such as validity and reliability
[37]. Because the rating was based on a clinician’s assessment, there could be variability in the
rating, similar to that observed with the GAF scale [52]. However, we chose it because it is
commonly used in community care settings and enables assessment across multiple diagnoses,
important factors for this study. It also represents a broad integration of symptoms and functional status. While this aligned with the goal of the study to assess the global clinical state of
an individual, this single-item measure is not able to differentiate between specific psychiatric
symptoms such as depression, mania or psychosis. This is a general challenge in psychiatry
where measuring the “ground truth” of true clinical state can be difficult [60]. However, this
global measure is consistent with our transdiagnostic approach as it does not rely on disease
specific conditions. There are also precedents in other settings for using single-item, global
measures of health status including the overall health status question from the SF-12 that has
shown validity across physical and mental health conditions as a single-item measure [61].
The distribution of our provider ratings was not evenly distributed across all possible scores.
This skew should not affect our results since we use a correlation-based metric. Future studies
can analyze whether this distribution is an accurate representation of the target test population. If needed, any imbalance can be addressed through oversampling of patients in relevant
parts of the scale.
This study did not have the participant sample size to explore the variability in model performance between participant characteristics such as specific diagnostic categories, native
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language spoken, educational level, and race. In addition, we cannot determine the strengths
or weaknesses of the features and algorithms with regards to symptom-specific states (e.g.
euthymic vs. depressed states) or differences compared to healthy volunteers. Future studies
may also explore additional modeling approaches such as the use of neural networks and
recent word embedding techniques [28, 62, 63]. Longer observation periods would enable capturing acute clinical events (such as hospitalizations) and additional clinical state transitions
within individuals (e.g. from stable to decompensated states).
The predictive models were also not able to significantly predict the physical health subscale
of the SF-12 or the subscales of the BASIS-24 other than the depression and self-harm subscales. This may be related to the use of mostly affective features that would relate more to
affective states (and therefore the BASIS-24 sub scales of depression and self-harm). It may
also be due to the general symptom measure used (BASIS-24), and correlation may improve
with symptom-specific measures. The performance may also be related to the relatively limited
number of assessments that were able to be collected in this study for the BASIS-24 and SF-12
as compared to the primary provider global rating, which was collected for each phone call.
However, we cannot rule out the possibility that this approach may be more effective for
depressive states than other mental health states.
This study brings together longitudinal collection of objective behavioral features derived
from speech (lexical and acoustic) along with a global, transdiagnostic and personalized
approach to prediction of clinical state in a community-based clinical setting. Language
encodes a rich and contextual feature space that holds promise as an objective behavioral
marker of clinical outcomes across mental health diagnoses at both the population and individual level. This study supports the importance of considering approaches that pair objective
behavioral data with clinical care to support personalized, and pragmatic approaches to
improving care and our understanding of an individual’s clinical state. Ultimately, these objective markers may support translational efforts to better understand the underlying genetic,
neurobiological and external factors driving changes in these states.
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Muaremi A, Gravenhorst F, Grünerbl A, Arnrich B, Tröster G, editors. Assessing bipolar episodes using
speech cues derived from phone calls. International Symposium on Pervasive Computing Paradigms
for Mental Health; 2014: Springer.

28.

Ringeval F, Schuller B, Valstar M, Cowie R, Kaya H, Schmitt M, et al., editors. AVEC 2018 workshop
and challenge: Bipolar disorder and cross-cultural affect recognition. Proceedings of the 2018 on Audio/
Visual Emotion Challenge and Workshop; 2018: ACM.

29.

Xiao B, Imel ZE, Georgiou PG, Atkins DC, Narayanan SS. " Rate My Therapist": Automated Detection
of Empathy in Drug and Alcohol Counseling via Speech and Language Processing. PloS one. 2015; 10
(12):e0143055. https://doi.org/10.1371/journal.pone.0143055 PMID: 26630392

30.

van de Leemput IA, Wichers M, Cramer AO, Borsboom D, Tuerlinckx F, Kuppens P, et al. Critical slowing down as early warning for the onset and termination of depression. Proceedings of the National
Academy of Sciences. 2014; 111(1):87–92.

31.

Holt TA. Complexity for clinicians: Radcliffe Publishing; 2004.

32.

Pimm SL. The complexity and stability of ecosystems. Nature. 1984; 307(5949):321.

33.

Carney RM, Blumenthal JA, Stein PK, Watkins L, Catellier D, Berkman LF, et al. Depression, heart rate
variability, and acute myocardial infarction. Circulation. 2001; 104(17):2024–8. https://doi.org/10.1161/
hc4201.097834 PMID: 11673340

34.

Zhao J, Freeman B, Li M. Can mobile phone apps influence people’s health behavior change? An evidence review. Journal of medical Internet research. 2016; 18(11).

35.

Mundt JC, Snyder PJ, Cannizzaro MS, Chappie K, Geralts DS. Voice acoustic measures of depression
severity and treatment response collected via interactive voice response (IVR) technology. Journal of
neurolinguistics. 2007; 20(1):50–64. https://doi.org/10.1016/j.jneuroling.2006.04.001 PMID: 21253440

PLOS ONE | https://doi.org/10.1371/journal.pone.0225695 January 15, 2020

15 / 17

Clinical state tracking in serious mental illness through computational analysis of speech

36.

Medicare Cf, Services M. Dual Eligible Beneficiaries under Medicare and Medicaid. Baltimore, MD:
Available from: https://www.cms.gov/Outreach-and-Education . . .; 2019.

37.

Arevian AC, O’hora J, Jones F, Mango JD, Jones L, Williams P, Booker-Vuaghns J, Pulido E, Banner
D, Wells K (2018) Participatory Technology Development to Enhance Community Resilience. Ethnicity
& Disease. Volume 24, Special Issue.

38.

Smith GN, Ehmann TS, Flynn SW, MacEwan GW, Tee K, Kopala LC, et al. The assessment of symptom severity and functional impairment with DSM-IV Axis V. Psychiatric Services. 2011; 62(4):411–7.
https://doi.org/10.1176/ps.62.4.pss6204_0411 PMID: 21459993

39.

Eisen SV, Gerena M, Ranganathan G, Esch D, Idiculla T. Reliability and validity of the BASIS-24© mental health survey for whites, African-Americans, and Latinos. The journal of behavioral health services &
research. 2006; 33(3):304.

40.

Bone D, Lee C-C, Black MP, Williams ME, Lee S, Levitt P, et al. The psychologist as an interlocutor in
autism spectrum disorder assessment: Insights from a study of spontaneous prosody. Journal of
Speech, Language, and Hearing Research. 2014; 57(4):1162–77.

41.

Malandrakis N, Narayanan SS, editors. Therapy language analysis using automatically generated psycholinguistic norms. Sixteenth Annual Conference of the International Speech Communication Association; 2015.

42.

Tausczik YR, Pennebaker JW. The psychological meaning of words: LIWC and computerized text analysis methods. Journal of language and social psychology. 2010; 29(1):24–54.

43.

Kincaid JP, Fishburne RP Jr, Rogers RL, Chissom BS. Derivation of new readability formulas (automated readability index, fog count and flesch reading ease formula) for navy enlisted personnel. Naval
Technical Training Command Millington TN Research Branch; 1975.

44.

Gunning R. The technique of clear writing. 1952.

45.

Mc Laughlin GH. SMOG grading-a new readability formula. Journal of reading. 1969; 12(8):639–46.

46.

Senter R, Smith EA. Automated readability index. CINCINNATI UNIV OH; 1967.

47.

Mcinnes N, Haglund BJ. Readability of online health information: implications for health literacy. Informatics for health and social care. 2011; 36(4):173–89. https://doi.org/10.3109/17538157.2010.542529
PMID: 21332302

48.

Elvevåg B, Foltz PW, Weinberger DR, Goldberg TE. Quantifying incoherence in speech: An automated
methodology and novel application to schizophrenia. Schizophrenia research. 2007; 93(1):304–16.

49.

Cummins N, Sethu V, Epps J, Schnieder S, Krajewski J. Analysis of acoustic space variability in speech
affected by depression. Speech Communication. 2015; 75:27–49.

50.

Boersma P. Praat: doing phonetics by computer. http://www.praat.org/. 2006.

51.

Fan R-E, Chang K-W, Hsieh C-J, Wang X-R, Lin C-J. LIBLINEAR: A library for large linear classification.
Journal of machine learning research. 2008; 9(Aug):1871–4.

52.

Lanata A, Valenza G, Nardelli M, Gentili C, Scilingo EP. Complexity index from a personalized wearable
monitoring system for assessing remission in mental health. IEEE Journal of Biomedical and health
Informatics. 2015; 19(1):132–9. https://doi.org/10.1109/JBHI.2014.2360711 PMID: 25291802

53.

Stange JP, Zulueta J, Langenecker SA, Ryan KA, Piscitello A, Duffecy J, et al. Let your fingers do the
talking: Passive typing instability predicts future mood outcomes. Bipolar disorders. 2018; 20(3):285–8.

54.

Prechter HCBRP. PRIORI—Longitudinal Voice Patterns in Bipolar Disorder: University of Michigan
Medicine; [Available from: https://medicine.umich.edu/dept/prechter-program/bipolar-research/bipolardisorder-research-projects/priori-longitudinal-voice-patterns-bipolar-disorder.

55.

Cummins N, Epps J, Breakspear M, Goecke R, editors. An investigation of depressed speech detection: Features and normalization. Twelfth Annual Conference of the International Speech Communication Association; 2011.

56.

Gottschalk A, Bauer MS, Whybrow PC. Evidence of chaotic mood variation in bipolar disorder. Archives
of general psychiatry. 1995; 52(11):947–59. https://doi.org/10.1001/archpsyc.1995.03950230061009
PMID: 7487343

57.

Paulus MP, Braff DL. Chaos and schizophrenia: does the method fit the madness? Biological Psychiatry. 2003; 53(1):3–11. https://doi.org/10.1016/s0006-3223(02)01701-8 PMID: 12513940

58.

Bedi G, Carrillo F, Cecchi GA, Slezak DF, Sigman M, Mota NB, et al. Automated analysis of free speech
predicts psychosis onset in high-risk youths. npj Schizophrenia. 2015; 1:15030. https://doi.org/10.1038/
npjschz.2015.30 PMID: 27336038

59.

Insel TR. Blog Posts by Thomas Insel [Internet]. National Institute of Mental Health Website: National
Institute of Mental Health. 2015. [cited 2017]. Available from: https://www.nimh.nih.gov/about/directors/
thomas-insel/blog/2015/precision-medicine-for-mental-disorders.shtml.

PLOS ONE | https://doi.org/10.1371/journal.pone.0225695 January 15, 2020

16 / 17

Clinical state tracking in serious mental illness through computational analysis of speech

60.

Sugar C, Sturm R, Lee TT, Sherbourne CD, Olshen RA, Wells KB, et al. Empirically defined health
states for depression from the SF-12. Health Services Research. 1998; 33(4 Pt 1):911.

61.
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